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Abstract
Everyday a huge amount of visual information enters the human brain through the eyes;

meanwhile, a considerable amount of information is revealed by the eyes. The unique yet
complex combination of the various roles of the eyes offer valuable opportunities to under-
stand human perception, cognitive processing (e.g. visual search, recognition, and decision
making), as well as mental states, and to apply this knowledge in practical applications.

This thesis studies the role of eye movements in both, the inward and outward path of
the information flow. More specifically, we focus on how people look at 3D objects during
perception and how people move their eyes while looking at nothing. We also investigate
how eye movements could be exploited in practical scenarios. This thesis makes contribu-
tions in the intersection of fields of psychology, computer graphics and human-computer
interactions, and provides the building blocks for future studies.

Part I includes developments of 3D gaze tracking system and a study focused on bias in
vergence related computations. Part II presents the studies of measuring visual saliency on
3D printed objects. More precisely, it describes the data collection method which uses the
system developed in Part I for 3D gaze tracking, and presents several experimental results on
where people look at on 3D printed objects. Part III describes the development of compu-
tational methods to reveal information contained in eye movements while looking in front
of an empty space following the well-established looking-at-nothing phenomenon in psy-
chology. Chapter 7 describes computational methods of image retrieval based on looking-at-
nothing eyemovements andChapter 8 studies the prioritization of scene elements in episodic
memory by examining the recalled content during looking at nothing. The proposed com-
putational methods allow us to explore the information revealed by eye movements during
recall and provide new insights into the looking-at-nothing phenomenon.
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Zusammenfassung
Einerseits strömt eine großeMenge visueller Information durch die Augen in das Gehirn.

Andererseits, verratendieAugen auch einebeträchtlicheMenge an Informationen. Die einzi-
gartige aber auch sehr komplexe Kombination der verschiedenen Aufgaben der Augen bi-
etet wertvolleMöglichkeiten sowohlmenschliche visuelleWahrnehmung, kognitive Prozesse
(z.B. visuelle Suche, Erkennungs- und Entscheidungsprozesse) undmentale Zustände zu ver-
stehen, als auch dieses Wissen in praktischen Anwendungen zu nutzen.

Diese Arbeit untersucht die Rolle von Augenbewegungen während dem nach innen als
auch dem nach außen gerichteten Informationsfluss. Insbesondere fokussiert die Arbeit da-
rauf wie Menschen 3D Objekte während aktiver Wahrnehmung betrachten und wie sie ihre
Augen bewegen während sich nichts betrachten. Des Weiteren untersucht diese Arbeit wie
Augenbewegungen in praktischen Anwendungen genutzt werden können. Diese Arbeit
liefertBeiträge ander Schnittstelle zwischenPsychologie, ComputergrafikundMensch-Masc-
hine-Interaktion und stellt entsprechende Bausteine für zukünftige Studien zur Verfügung.

Teil I beschreibt die Entwicklung eines Systems zur Blickverfolgung in 3D und beinhal-
tet eine Studie zum Bias bei vergenz-bezogenen Berechnungen. Teil II präsentiert Studien
bezüglich der Messung visueller Markantheit gedruckter 3D Objekte. Dieser Teil beschreibt
dieMethode derDatenaufnahme, welche das System ausTeil I zur 3DBlickverfolgung nutzt,
und präsentiert mehrere experimentelle Ergebnisse welche Teile von gedruckten 3D Objek-
ten Menschen am häufigsten betrachten. Teil III beschreibt die Entwicklung von Berech-
nungsmethoden, mit denen Informationen aufgedeckt werden, die in den Augenbewegun-
gen enthalten sind welche ausgeführt werden wenn ein leerer Raum betrachtet wird (nach
demgut bekannten “looking-at-nothing Phänomen in der Psychologie). Kapitel 7 beschreibt
Berechnungsmethoden zur Bildsuche aufbauend auf looking-at-nothingAugenbewegungen
und Kapitel 8 untersucht die Priorisierung von Szenenelementen im episodischen Gedächt-
nis durch die Analyse des während looking-at-nothing ins Gedächtnis gerufenen Szenenin-
halts. Die vorgeschlagenenBerechnungsmethoden erlaubendie Informationen zu erforschen
welche durch Augenbewegungen während des Erinnerns zugänglich sind und bieten neue
Einsichten in das looking-at-nothing Phänomen.
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The ey only see what the mind prepared to comprehend.
Henri Bergson

1
Introduction

A tremendous amount of visual content is consumed humans every single day and all its
processing replies on the input from the eyes–the sensory organ of the visual system. Visual
information is gathered through eyes movements and then transformed to the brain for fur-
ther processing. For example in reading information and stories are extracted from looking
through lines of words. While driving on the streets, we keep looking around and focus the
attention on the surroundings, so that in case of accidents, we can react in time. Sensory
inputs gathered through eye movements provide information for many cognitive processes.
There is a longhistory of studying eyemovements, and extensive researchhas been carried out
to investigate eyemovements during reading 174,203,219, scene perception 51,202, visual search96,154

and decision making 39,237.
At the same time, eye movements also act as an output device, following the center com-

mander in the brain. Like many other human motor systems, the brain controls the move-
ments of the eyes, makes prediction and adjustment on the fly and determines where to look
next. Back to the driving example, when getting closer to a cross, our eyes are directed up-
wards to look for the signals of the traffic lamps. Even in situations where no traffic lamp is
available, wemight still look upwards. As summarized by Land andHayhoe 162,253, the role of
eye movements consists of localization, direction, guidance and checking, which are all con-
trolled by top-down influence. In addition, studies on pupillometry 185,209 show that pupil
responses are linked to high-level cognition and correspond to changes in cognitive states.
For instance, increased mental effort or cognition load leads to dilated pupil. Many people
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believe there are more to tell when looking into the eyes. Just as the old saying: Eyes are the
window to the soul.

With the ever-increased accessibility of hardware devices, eye movement recording has be-
come feasible in many scenarios. These advancements open new possibilities to study eye
movements in natural settings and further apply in practical applications. However, the two
roles simultaneously played by our eyes are tightly coupled. It presents a fundamental chal-
lenge when we attempt to separate the input utility from its output functionality in order to
understand the whole information processing better.

In this thesis, we study eye movements in both inward and outward directions of the in-
formation flow. More specifically, we study how people look at 3D printed objects in space
(Part II), which focuses on the role of information intake. Genuine physical stimuli are re-
alised by 3D printing and the methods described in Part I allow us to accurately estimate
gaze positions on the printed objects. Unlike most previous studies which only consider flat
images as stimuli, the use of genuine physical objects brings us one step further towards un-
derstanding of natural viewing behaviour. We explore the possibility of reading information
from the eyes through the looking-at-nothing (LAN) paradigm in Part III, which reveals the
close link between eyemovements andmental imagery. Eyemovements are first used as a new
modality in an image retrieval task (Chapter 7). In Chapter 8, we propose a computational
method to experimentally probe what has been prioritized in episodic memory based on eye
movements.

Each of these two distinct paths provides an unique view and offers the possibility to gain
insights on the roles of eye movements from different perspectives. We have explored the
potential of using eye movements in practical applications and these studies should provide
good baselines and guidance for further research.

1.1 Eye Movements and Visual Saliency

Human viewing behavior is defined by three major systems making up the oculomotor sys-
tem: the fixation-saccade system, the vestibulocular system (VOR) and the smooth pursuit
system. During fixations the eyes remain relatively stationary to allow for the intake of visual
information 182. Saccades are rapid ballistic eyemovements occurring between fixations 2. The
VOR stabilizes gaze during head movements. Smooth pursuit occurs when the eyes follow
a smoothly moving object 226, a fact that has been exploited for interaction and to enhance
eye-tracking262, for example.

The perception of a stable visual world is achieved during fixation and a tight link between
attention and eye movements has been established over the years. Concerning with human
viewing behavior on static objects in a controlled environment, especially in the sense of ex-
tracting salient features, the analysis of fixations, which tells us where are the attended areas,
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has been used extensively. Saccades involve no information uptake. The VOR is inactive
because participants keep their heads still in most controlled experiments on visual saliency,
and smooth pursuit only happens when there is a moving object.

Our visual system prioritizes visual information projected onto a small central region on
the retina, the fovea. The area of the fovea corresponds to about 2◦ in the visual field or less
than0.03%of thewhole visual field 105, yet 25%of theneurons inprimary visual cortexprocess
that foveal information. The remaining 99.9% of the visual field is used by the brain for
selection of the next fixation point, and for planning bodymovements. The fixation-saccade
system is constantly redirecting our gaze towards task-relevant and salient positions in our
environment. Numerous experiments in psychology suggest that the process of selecting the
peripheral elements to be looked at next is neither random nor idiosyncratic96,224. Humans
have a common strategy which elements to fixate, and these elements must be identified in
the peripheral vision. Such elements in the scene are commonly called salient features20,219.

A salient visual feature is characterized by the fact thatmany humans direct their attention
to it. Salient features have been investigated in many eye tracking experiments with images
as stimuli 144,277. While the findings are not entirely consistent, it is generally assumed that
both low-level features (e.g., contrast and edges), high-level features (e. g., faces, text), and
task-related features exist 33,93,114,172. In particular, there are low-level features, which arise from
the image function alone. A common setup in such an experiment includes an eye-tracker,
a display which presents the stimuli as well as a chin-rest, which is required by most desktop
eye trackers. The gaze position on screen is normally estimated through the built-in calibra-
tion of eye trackers. Both natural photographs and specially designed simple patterns (e.g.,
checkerboard) have been used as visual stimuli. Viewing time varied but is often in the order
of 5 seconds and observers are mostly asked to freely explore the images. Before each trial,
observers are instructed to look at a fixation cross placed at the center of a display so that the
influence caused by different initial fixating points is limited.

Many saliency experiments in graphics have been conducted with 3D content being pre-
sented on screen. Besides tracking eye movements 146,165, mouse-clicking has been employed
as another alternative of interacting with human observers 38,164. Recent work has studied
where people look at in virtual reality 243 or images presented on stereoscopic displays 10,268.
Both technologies have an improved 3D perception by presenting two different images to
the eyes.

Questions have been arisen concerning whether models of eye movements for complex
scene viewing can be generalized to behaviour in natural environments. To bridge this gap,
we step towards this direction and study how people look at physical objects that are realized
by 3D printing (Part II), which could potentially be used in applications of fabrication.
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1.2 The Mind’s Eye

In visual saliency studies, fixation is used to tell where people look, which is further taken as
an indicators of what has drawn people’s attention. We know that eye movements during
perception are at least partially influenced by tasks and goals. But less is know about whether
eye movements can be used to tell the intention or goal one has inmind. Such interpretation
of the mind based on the engagement of eye movements has been formulated as part of the
theory of mind 11,272.

A closely related visual experience is visual imagery, which is a conscious procedure that
(re)generates visual features in a form ofmental representation. Visual perception and visual
imagery both rely on top-down controls. However, there are critical distinctions between
them. For instance, visual imagery is less concerned about bottom-up features. Neuroimag-
ing studies have shown that visual perception and imagery share large brain areas which are
associated to high-level visual areas 55,169. The activation of low-level visual areas duringmental
imagery rather depends on the level of detail and vividness of imagery content 5,47.

Visual imagery is involved inmany cognitive processes, such as information retrieval,mem-
ory recall, and problem solving. Episodic memory can be considered as the storage of daily
experience259, which has autobiographical reference. To certain extends, visual imagery con-
tains the recollection of past experience. Indeed, previous findings show thatmental imagery
retrieval is linked to greater activity in brain regions that are related to episodic memory 14,92.

In order to understand the role of eye movements as the mind’s eye, in Part III we study
the eye movements while looking in front of an empty space, following the well-established
LAN paradigm. As no visual feature is presented as visual distractor during mental imagery,
the influence of memory on eye movements is potentially largely amplified, offering an op-
portunity to read the mind’s eye.

1.3 Dissertation Overview

The three complementary topics of this thesis are: (i) how to estimate gaze positions in 3D
space, (ii) studying where people look at 3d printed objects and (iii) how people move their
eyes while looking in front of nothing.

Part I Video-based Eye Tracking in 3D Chapter 2 describes the approach we developed
for monocular gaze estimation in 3D and chapter 3 presents the study on 3D gaze estimation
using binocular gaze data where we show that the estimatedmean point of vergence is biased
under projection.

Part II Comparing Eye Movements on Screen to Eye Movements in 3D Chapter 4 first
shows that saliency features do exist on 3D printed objects and the famous computational
model of mesh saliency does not predict real human fixations well. Using an improved ap-
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paratus, we further collect a large data set considering variations of viewing directions and
printing materials. Details and analytical results are presented in Chapter 5.

Part III Comparing Eye Movements during Encoding to Eye Movements during Recall
Chapter 6 provides the background related to the LAN phenomena and describes the details
of the data acquisition. Chapter 7 describes the computational model we developed for eye-
movement-based image retrieval system and Chapter 8 presents an computational method
which allows us to experimentally probe what has been encoded in episodic memory.

1.4 Papers Included in this Work and Contributions

This section lists the published and unpublished papers and their correspondences to the
chapters in this thesis, with a note of contributions.

Chapter 2 is based on published work by: X. Wang, D. Lindlbauer, C. Lessig, and M.
Alexa. “Accuracy of Monocular Gaze Tracking on 3D Geometry”. Burch, Michael; Chuang,
Lewis; Fisher, Brian; Schmidt, Albrecht; Weiskopf, Daniel (Ed.): Eye Tracking and Visual-
ization, Chapter 10, Springer, 2017. My contribution includes participation in the method
development, implementation of the algorithm, collection of human data and numerical ex-
periments.

Chapter 3 is based on published work by: X. Wang, K. Holmqvist and M. Alexa, ”The
mean point of vergence biased under projection”, in Journal of Eye Movement Research,
2019. My contribution includes the collection of human data and numerical analysis.

Chapter 4 is based on publishedwork by: X.Wang,D. Lindlbauer, C. Lessig,M.Maertens
and M. Alexa, ”Measuring the Visual Salience of 3D Printed Objects”, in IEEE Computer
Graphics and Applications, 2016. My contribution includes the participation in the study
design, data collection, implementation of the algorithm and numerical experiments.

Chapter 5 is based on published work by: X. Wang, S. Koch, K. Holmqvist and M. Alexa,
”Tracking the gaze on objects in 3D: how do people really look at the bunny?”, ACM Trans-
actions on Graphics, 2018. My contribution includes the participation in the study design,
collection of human data, implementation of the algorithm and numerical analysis.

Chapter 7 is based on published work by: X. Wang, A. Ley, S. Koch, D. Lindlbauer, J.
Hays, K. Holmqvist and M. Alexa, ”The Mental Image Revealed by Gaze Tracking”, in Pro-
ceedings of the 2019 CHI Conference on Human Factors in Computing Systems (CHI ’19),
2019; and unpublished work by: X. Wang, A. Ley, S. Koch, J. Hays, K. Holmqvist and M.
Alexa, ”Computational discrimination between natural imag based on gaze during mental
imagery” . My contribution includes the participation of the study design, collection of the
human data, implementation of the algorithm and numerical analysis.

Chapter 8 is based on unpublished work by: X. Wang, K. Holmqvist and M. Alexa, ”A
method to investigate which fixated content spontaneously prioritized when recalled from
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visual episodic memory”. My contribution includes the participation of the study design,
collection of the human data, implementation of the algorithm and numerical analysis.
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Part I

Video-based Eye Tracking in 3D

15



16



2
Accuracy of Monocular Gaze Tracking on

3D Geometry

Manyapplications such as data visualizationorobject recognitionbenefit fromaccurate knowl-
edge of where a person is looking at. This chapter presents a system for accurately tracking
gaze positions on a three dimensional object using amonocular headmounted eye tracker. It
is accomplished by 1) using digital manufacturing to create stimuli whose geometry is known
to high accuracy, 2) embedding fiducial markers into the manufactured objects to reliably es-
timate the rigid transformation of the object, and, 3) using a perspectivemodel to relate pupil
positions to 3D locations. This combination enables the efficient and accurate computation
of gaze position on an object from measured pupil positions.

2.1 Introduction

Understanding the viewing behavior of humanswhen they look at objects plays an important
role in applications such as data visualization, scene analysis, object recognition, and image
generation 256. The viewing behavior can be analyzed by measuring fixations using eye track-
ing. In the past, such experiments, especially for object exploration tasks, were performed
with flat 2D stimuli presented on a screen 107. However, since the human visual attention
mechanism has been developed in 3D environments, depth may have an important effect on
viewing behavior 151. To understand the role of depth information, some studies 88,122,163 re-
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virtual model digital fabrication 3D calibration 3D gaze estimation gaze locations

Figure 2.1: We accurately es mate 3D gaze posi ons by combining digital manufacturing, marker tracking and
monocular eye tracking. With a simple calibra on procedure we a ain an angular accuracy of 0.8◦.

cently combined eye tracking with stereoscopic displays. However, these displays fail to pro-
vide natural depth cues; for example they suffer from stereoscopic decoupling, the mismatch
of accommodation and vergence for the displayed depth 110. Since our research objective is to
investigate the viewing behavior of humans for stimuli that are genuinely three-dimensional,
we need to be able to track 3D gaze positions with high accuracy.

Standard eye tracking setups only determine human’s viewing direction. The most com-
mon approach for determining viewing depth is to employ a binocular eye tracker and mea-
sure eye vergence, that is the orientation difference between the left and the right eye that en-
sures both are focused on the same point in space. However, as exemplified in Figure 2.2, ex-
perimentally determining depth from binocular vergence is inherently ill-conditioned. Even
for an object at a modest distance the eyes and the object form a highly acute triangle so
that the inevitable inaccuracies in measuring pupil positions 107 lead to large errors in the
estimated depth values. Although nonlinear mappings can be employed to reduce the er-
ror 1,67,102,142,168,175,213, these require complex calibration and expensive optimization of themap-
ping while still leading to relatively large inaccuracies.

We base our approach on amapping between viewing directions gathered by an eye tracker
and the physical world. This is done similar to EyeSee3D 214 by tracking fiducial markers in
physical space with a camera mounted on the eye tracker. We extend their approach by not
only establishing which object is looked at but also determining the exact 3D gaze position
on the particular object. The main components to achieve such accurate tracking are:

1. 3D stimuli are generated by digital manufacturing so that their geometry is known to
high accuracy and also available in digital form without imposing restrictions on the
geometry that is represented.

2. Fiducial markers are integrated into the 3D stimuli in order to reliably and accurately
estimate the stimuli’s 3D position relative to the head.
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Figure 2.2: Inherent error of vergence-based depth es ma on for an object at a distance of 500 mm away from
the eyes. The red crosses mark es mated 3D posi ons for normally distributed gaze direc ons with mean equal
to the correct angle for the object (black dot) and a variance of 0.5◦. The highly acute triangle that leads to the ill-
condi oning of the depth calcula on is shown as dashed lines. The worst case rela ve error is almost 50%.

3. A simple calibration procedure that allows for an accurate computation of the perspec-
tive mapping from 3D positions to monocular pupil positions.

4. An error model for the mapping enables the computation of plausible positions on
the 3D stimulus.

Our results demonstrate that for typical geometries we are able to obtain 0.8◦ angular reso-
lution and reliable depth values within 1.5% of the true value, including around silhouettes
where the geometry has a large slope and depth estimation is hence particularly difficult. We
accomplish this with only a monocular eye tracker and an 11-point calibration procedure.

In the next section, we discuss related work on 3D gaze tracking. Subsequently, we detail
our setup and explain how 3D positions can be related to pupil coordinates in Section 2.3.
This is followed by a discussion of how 3D viewing positions can be obtained from pupil
positions in Section 2.4. Experimental results verifying the accuracy of our approach are pre-
sented in Section 2.5. We conclude this chapter in Section 2.6 with a discussion and possible
directions for future work.
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2.2 Related Work

The viewing behavior of humans is typically analyzed using eye tracking bymeasuring a sub-
ject’s fixations. However, usually only flat 2D stimuli on a screen are employed e. g. 26,132,184,217,
even when one is interested in 3D objects. Only recently the first studies considering the ef-
fect of depth were performed. Lang et al. 163 collected a large eye fixation database for still
images with depth information presented on a stereoscopic display. Their results show that
depth can have a significant influence on a subject’s fixations. Jansen et al. 122 also employed
a stereoscopic display to analyze the effect of depth, demonstrating that depth information
leads to an overall increase in spatial distribution of gaze positions for visual exploration tasks.
Both Lang et al. 163 and Jansen et al. 122 report that visual attention shifts over time fromobjects
closer to the viewer to those farther away. Differences in fixations between 2D and 3D stimuli
were recently also investigated for stereoscopic video 88,90,112,218. Discrepancies weremainly ob-
served for scenes that lack on obvious (high-level) center of attention, with fixations having a
larger spatial distribution when depth information is present.

Existingwork investigating the role of depth informationon fixation locationshencedemon-
strates that, at least under certain circumstances, depth has a significant effect on a subject’s
viewing behavior. However, so far only stereoscopic displays were employed, which do not
provide all depth cues and suffer from stereoscopic decoupling 110. Moreover, Duchowski
et al.61 showed that for stereoscopic displays the gaze depth of subjects does not fully corre-
spond to the presented depth. Therefore, we believe that to understand viewing behavior for
3D objects, one should study stimuli that are genuinely three-dimensional. This provides the
principal motivation for our work.

With 3D stimuli, also the depth values of fixation points have to be determined. Themost
common approach for obtaining fixation depth is to measure the vergence using a binocu-
lar eye tracker. However, computing depth values from binocular vergence is ill-conditioned
since already for modest distances minuscule measurement errors in the pupil positions lead
to large depth errors, cf. Figure 2.2. To improve the accuracy, Essig et al.67 trained a neural
network that maps from eye vergence to depth values. Maggia et al. 175 proposed a some-
what simpler but also nonlinear model for the mapping from measured disparity to depth.
Building on these works, current techniques 1,102,142,168,213 that employ binocular vergence to
determine fixation depth obtain an error that is within 10% of the correct depth value.

Our workwas inspired by existing approaches relating view directions to known geometry,
e. g. in applications of virtual reality44,248. Pfeiffer and Renner used fiducial markers to align
the physical world to camera space 214. They achieved an angular accuracy of 2.25◦, which
correctly classifies fixation targets on the scale of whole objects. However, for investigating
human viewing behavior on the surface of 3Dobjects,more accurate gaze tracking is required.
Consequently, we create a setup with the goal of tracking visual attention on 3D objects.
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Figure 2.3: The main idea of our approach is to establish a mapping between points in 3D space (i.e. world coordinate
system) and pupil coordinates in the image coordinate system of the eye camera. We consider all 3D posi ons rel-
a ve to the coordinate system of the world camera (i.e. camera coordinate system). (b) A point in world coordinate
system is first transformed into the camera coordinate system. (c) We model the mapping between pupil posi on in
the eye camera image and a loca on in world camera space as projec on. (d) From the es mated projec ve transfor-
ma on, we can es mate a corresponding eye ray for each pupil posi on.

2.3 From 3D Positions to Pupil Coordinates

In this sectionwedescribe our setup andhow it enables to accurately determine gaze positions
on an object. Weuse amonocular headmounted eye tracking devicewith a front facingworld
camera capturing the environment and an eye facing camera capturing the pupil movement.

Theworld camera yields the position andorientation of fiducialmarkers, for example fixed
to objects, relative to the subject’s head relative to its reference frame. A projective mapping
then relates these 3D coordinates to pupil positions relative to the camera tracking the eye.
This establishes a mapping between points in 3D space and pupil coordinates (this basic idea
is illustrated in Figure 2.3).

The mapping is calibrated by having a subject focus on markers at different locations, in-
cluding varying depths. Once the mapping is established, 2D pupil positions can be turned
into rays corresponding to gaze directions in 3D space. The gaze directions then determine
the 3D positions on the object a subject is looking at, by intersecting the rays with the known
3D geometry.

In the following we will describe these steps in more detail.
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2.3.1 From Local 3D Positions to World-Camera Coordinates

Weemploy fiducialmarkers todetermine the 3Dcoordinates of locations in space in theworld
camera coordinate system. The mapping of a position x ∈ R3, for example a point on a
marker, to its projectionm ∈ R2 in the world camera image is given by(

m
1

)
= K(Rx+ t), RTR = I (2.1)

where K : R3 → R2 is the intrinsic world camera matrix, modelling the perspective map-
ping, andR and t are the rotation and translation of the camera, forming the rigid transfor-
mation. The mapping of x to its representation w ∈ R3 in the world camera coordinate
system is hence

w = Rx+ t. (2.2)

Wedetermine the intrinsicworld cameramatrixK, which includes both radial and tangen-
tial distortion, in a preprocessing step using the approach of Heng et al. 101. To determine the
rigid transformation givenbyR and twe exploit that detectedmarker corner pointsmi ∈ R2

in the camera image have known 3D locations xi ∈ R3 in the marker’s local coordinate sys-
tem. Given at least three such pointsmi in the camera image, we can determineR and t by
minimizing the reprojection error.

OnceR and t have been estimated, we can employ Eq. (2.2) to determine the position of
the center of the marker in the world camera coordinate system, as required for calibration,
or to map an object with a fixed relative position to a marker into the space, as is needed to
determine gaze positions.

2.3.2 From World Camera Coordinates to Pupil Positions

Given positionsw ∈ R3 in the world camera coordinate system, obtained as described in the
last section, we have to relate these to a person’s gaze direction, described by pupil positionsp
in the eye camera image. We model the mapping as a projective transformation, because the
cameras and the system of the eye (i.e. the head) are in fixed relative orientation and position.
In homogeneous coordinates the transformation is given by

s
(
p
1

)
= Q

(
w
1

)
(2.3)

whereQ ∈ R3×4 is a projection matrix that is unique up to scale. Given a set of correspon-
dences {(wi,pi)} between 3D points wi in the world camera coordinate system and pupil
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positions pi describing the gaze direction towardswi, we can determineQ by minimizing

E(Q) =
∑

i

∥∥∥∥si (pi
1

)
−Q

(
wi
1

)∥∥∥∥2

2
. (2.4)

Fixing one coefficient of Q to eliminate the freedom on scale (we choose Q3,4 = 1), this is
a standard linear least squares problem. In practice, we solve this problem using correspon-
dences {(wi,pi)} obtained during calibration, as described in Section 2.5.

Since Q is a projective transformation we can factor it into an upper triangular intrinsic
camera matrix AQ and a rigid transformation matrix TQ = (RQ, tQ). The factorization is
given by

Q = AQTQ = (AQRQ,AQtQ) (2.5)

and hence can be determined from the RQ decomposition of the left 3 × 3 block AQRQ of
Q. It can be computed using the QR decomposition as

J(AQRQ)
TJ = (JAT

QJ)(JR
T
QJ) (2.6)

where J is the exchange matrix, which in our case is the column inversed version of the iden-
tity matrix.

2.3.3 From Pupil Positions to View Cones

So far we have related 3D locations to pupil positions. To determine a gaze point on an object
we also have to relate pupil positions to a cone of positions in space. This also corresponds
to the angular accuracy of our setup.

With the intrinsic eye camera matrixAQ, as determined in the last section, we can relate a
homogeneous pupil position p̂ = (p, 1)T to an associated ray r in 3D world camera space:

p̂ = AQr. (2.7)

The depth along r is indeterminate sinceAQ is a projection matrix. The angle between two
rays ri, rj, represented by pupil coordinates pi,pj, is hence given by

cos ηij =
rTi rj

∥ri∥∥rj∥
=

p̂T
i A

−T
Q A−1

Q p̂j

∥A−1
Q p̂i∥∥A−1

Q p̂j∥
. (2.8)

This suggests to interpret thematrixA−T
Q A−1

Q as an induced innerproductMQ = (AQA
T
Q)

−1
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Figure 2.4: Pupil posi ons provide by the eye tracker correspond to cones in 3D space. The fiducial marker on the
3D printed marker allows tracking the geometry in 3D space. Intersec ng the cone against the geometry yields gaze
points on the object.

on homogeneous pupil coordinates. The angle ηij then becomes

cos ηij =
p̂T

i MQp̂j

(p̂T
i MQp̂i)1/2(p̂T

j MQp̂j)1/2
. (2.9)

For multiple pairs pi, pj, Eq. (2.9) can be solved efficiently when the involved matrices are
precomputed.

2.4 From Pupil Coordinates to Locations on an Object

Our objective is to determine a gaze position w̄ ∈ R3 in space from a pupil position p̄ de-
scribing a gaze direction. Central to our approach for determining w̄ is that the geometry of
the observed object is known to high accuracy. This is ensured by 3D printing the objectM
from its digital representation as a triangulated surfaceM. The printed object also includes a
fiducial marker, which allows us to determine the rigid transformation of the object in space
as described in Section 2.3.1.

As explained before, in view of inaccuracies, the pupil position p̄ describes a cone in 3D
space. Consequently, wewish to identify the vertices on the object that intersect the cone and
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are visible. We could then potentially identify the vertex closest to the center of the cone as
the desired gaze location. The approach is illustrated in Figure 2.4.

Let
p̂i = Q(Rvi + t) (2.10)

be the homogeneous pupil position pi = (pi1 , pi2 , pi3)T corresponding to vertex vi. Then we
find the set of vertices

Γc(p̄) =

{
vi ∈M

∣∣∣∣ ˆ̄pTMQp̂i

(ˆ̄pTMQ ˆ̄p)1/2(p̂T
i MQp̂i)1/2

> cos c
}
; (2.11)

that is, we are determining which vertices vi on the object lie within the cone of angular size
c centered around the eye ray corresponding to p̄. From these vertices, we consider the one
closest to the eye as the intersection point. This point can be determined efficiently solely
using pi3 . Note that since themetricMQ has a natural relation to eye ray angle, we can choose
c based on the accuracy of our measurements.

2.4.1 Spatial Partitioning Tree

For finely tessellated meshes, testing all vertices based on Eq. (2.11) above results in high com-
putational costs. Spatial partitioning can be used to speed up the computation, by avoiding
to test vertices that are far away from the cone. Through experimentation we have found
sphere trees to outperform other common choices of spatial data structures (such as kd-trees,
which appear as a natural choice) for the necessary intersection against cones.

Each fixation on the object is the intersection of the eye ray cone with the object surface,
which is represented by a triangulated surfaceM. Therefore, in the first step we perform an
in-cone search to find all intersected vertices. This intersection result contains both front side
and back side vertices. We are, however, only interested in visible vertices that are unoccluded
with respect to the eye.

A popular space-partitioning structure for organizing 3D data is K-d tree, which divides
space using splitting hyperplanes, and octree, where each cell is divided into eight children of
equal size. For our application, such axis-aligned space partitionings would require a cone-
plane or cone-box intersection, which potentially incurs considerable computational costs.
In order to avoid this, we build a space-partitioning data structure based on a sphere tree.

Sphere Tree Construction Our sphere tree is a binary tree whose construction pro-
ceeds top-down, recursively dividing the current sphere node into two child nodes. To de-
termine the children of a node, we first apply principle component analysis and use the first
principle vector, which corresponds to the largest eigenvalue of the covariance matrix, as the
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splitting direction. A partitioning hyperplane orthogonal to the splitting direction is then
generated so that the elements in the node are subdivided into two sets of equal cardinality.
Triangle faces intersecting with the splitting hyperplane are assigned to both sets. The child
nodes are finally formed as the bounding spheres of the two sets and computed as proposed
in 225.

We calculate the sphere-cone intersection following themethod proposed in 234. The prob-
lem is equivalent to checking whether the sphere center is inside an extended region, which is
obtained by offsetting the cone boundary by the sphere radius. Note that the extended region
differs from the extend cone, and its bottom is a sector of the sphere. For each intersected leaf
node, we perform the following in-cone test to find the intersected vertices.

In-cone Test A view cone is defined by an eye point a (i. e. the virtual eye position), a
unit length view direction r , and opening angle δ. The in-cone test allows us to determine if
a given point vi lies inside this cone. Given the matrixM ∈ R4×4

M =

(
S, −Sa
−aTS, aTSa

)
, (2.12)

whereS = rrT−d2Iwithd = cosδ, the pointvi lies inside the cone only when v̂TMv̂ > 0
where

v̂ = v̂i − â =

(
vi
1

)
−
(
a
1

)
. (2.13)

Visibility Test The visibility of each intersected vertex is computed by intersecting the
ray from eye point to the vertex with the triangle mesh. The vertex is visible if no other in-
tersection is closer to the eye point. We use the Möller-Trumbore ray-triangle intersection
algorithm 140 for triangles in intersected bounding spheres. In our implementation, the max-
imum tree depth is set to 11, which allows for fast traversal and real-time performance.

2.4.2 Implementation

Our software implementation usesOpenCV 24, whichwas in particular employed to solve for
the rigid transformations R,t as described in Section 2.3.1. We determine Q using Eq. (2.4)
with the Ceres Solver 3. The optimization is sensitive to the initial estimate, which can re-
sult in the optimization converging to a local minimum, yielding unsatisfactory results. To
overcome this problem, we use a RANSAC approach for the initial estimate, with the error
being calculated following Eq. (2.14) and 1000 iterations. The result of this procedure serves
as input for the later optimization using the Ceres solver.
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Figure 2.5: Physical setup used in our experiments.

2.5 Experiments

In the following, we will report on preliminary experimental results that validate the accu-
racy of our setup for tracking 3D gaze points and that demonstrate that a small number of
correspondences suffices for calibration. These results were obtained using two exploratory
experiments with a small number of subjects (n = 6).

ParticipantsandApparatus Werecruited6unpaidparticipants (allmale), all ofwhich
were students or staff from a university. Their age ranged from 26 to 39 years and all had
normal or corrected-to-normal vision, based on self-reports. Four of them had previous ex-
perience with eye tracking.

The physical setup of our experiment is shown in Figure 2.5. For measuring fixations we
employed the Pupil eye tracker 137 and the software pipeline described in the previous sections.

2.5.1 Accuracy of Calibration and Gaze Direction Estimation

In Section 2.3.2 we explained how the projective mappingQ fromworld camera coordinates
to pupil positions can be determined by solving a linear least squares problem. As input
to the problem one requires correspondences {(wi,pi)} between world camera coordinates
wi and pupil positions pi. The correspondences have to be determined experimentally, and
hence will be noisy. The accuracy with which Q is determined therefore depends on the
number of correspondences that is used. In our first experiment we investigated how many
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correspondences are needed to obtain a robust estimate forQ. The same data also allows us
to determine the angular error of our setup.

Procedure We obtained correspondences {(wi,pi)} by asking a subject to focus on the
center of a single fiducial marker (size 4 cm× 4 cm) while it is presented at various locations
in the desired view volume (see Figure 2.1, third image). We have augmented the center of
the marker with a red dot to make this task as unambiguous as possible. At each position of
themarker, we estimate a single correspondence (wi,pi) based on the estimation of the rigid
transformation for the marker, cf. Section 2.3.1. For each participant, we recorded 100 corre-
spondences {(wi,pi)} for two different conditions, resulting in a total of 200measurements
per participant. In the first condition the head was fixed on a chin rest while in the second
condition participants were only asked to keep facing towards the marker. For both condi-
tions themarkerwasmoved in a volume of 0.37 m (width)×0.4 m (height)×0.25 m (depth)
at a distance of 0.75 m from the subject (see Figure 2.5).

Data Processing For each dataset we perform 10 trials of 2-fold cross validation and es-
timate the projection matrix using 7 to 49 point pairs. In each trial, the 100 correspondences
are randomly divide into 2 bins of 50 point pairs each. One bin is used as training set and the
other as testing set. Point pair correspondences from the training set are used to compute the
projectionmatrixQwhich is then employed to compute the error between the gaze direction
given by the pupil position pi and the true direction given by the marker center wi for the
points in the test data set. From Eq. (2.9) this error can be calculated as

ηi = cos−1 pT
i MQQwi

(pT
i MQpi)1/2(wT

i Q
TMQQwi)1/2

. (2.14)

Analysis and Results In order to analyze the influence of the number of calibration
points aswell as the usage of the chin rest on the estimation accuracy, weperformed a repeated
measures ANOVA (α = .05) on the independent variableChin rest with 2 levels (with, with-
out) andCalibrationwith 43 levels (the corresponding number of calibration points, i.e., 7 to
49). The dependent variable was the calculated angular error in degree. We used 10 rounds
of cross validation for our repeated measures, with each data point being the average angular
error per round. This resulted in an overall of 860 data points per participant (2 Chin reset
× 43 Calibration× 10 cross validation).

Results showed a main effect for Calibration (F42,210 = 19.296, p < .001). The difference
between20points (M = 0.75, SE = 0.02) and42, 44, 45, 46, 47 and48points (allM = 0.71,
SE = 0.02)was significantly different, aswell as 22 points (M = 0.74, SE = 0.02) compared
to 45 points (all p < .05). No other combinations were statistically significantly different,
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Figure 2.6: Mean values and standard errors for angular error as a func on of the number of calibra on points rang-
ing from 7 to 49. No significant changes in angular error occur when using 11 or more calibra on points.

arguably due to high standard deviation for lower number of calibration points. Mean values
and standard errors are depicted in Figure 2.6.

When using 11 to 49 calibrations points, the angular error averages at around 0.73◦ (SD =
0.02), which is within the range of human visual accuracy and goes in line with the specifi-
cations of the pupil eye tracker for 2D gaze estimation 12,137. The results furthermore demon-
strate that even for a relatively low number of calibration points, comparable to the 9 points
typically used for calibration for 2D gaze estimation 107,137, ourmethod is sufficiently accurate.

No significant effect for Chin rest (F1,5 = 0.408, p = .551; with chin restM = 0.73, SE =
0.05; without chin rest M = 0.78, SE = 0.04) was present, suggesting that the usage of a
chin rest has negligible influence on the angular accuracy and ourmethod is hence insensitive
to minor head motion. This goes in line with the observation that light head motion has no
effect on the relative orientation and position of eye, eye camera, andworld camera. It should
be noted, however, that participants, although not explicitly instructed, were mostly trying
to keep their head steady, most likely due to the general setup of the experiment.

Giving participants the ability tomove their head freely is an important feature for explor-
ing objects in a natural, unconstrainedmanner. However, quantifying the effect of large scale
motion on accuracy should be subject to further investigations.

2.5.2 Accuracy of 3D Gaze Position

Inour second experimentwe explored the accuracyof our approachwhenviewing 3Dstimuli.
As model we employed the Stanford bunny andmarked a set of pre-defined target points on
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Figure 2.7: Le : physical bunny model with target markers (numbers indicate order); right: heat map of obtained gaze
direc ons.

the 3Dprinted bunny as shown in Figure 2.7, left. After a calibrationwith 11 correspondences,
as described in the last section, the test subjects were asked to focus on the individual targets
(between 1 and 2 seconds). A heat map of the obtained gaze positions is shown in Figure 2.7,
right. Fixations are calculated based on Eq. (2.11) where the angular size c is set to be 0.6◦.
Table 2.1 shows the angular error of each target in degrees as well as the depth error in mm.

The angular error depends mostly on the tracking setup. However, since the intersection
computation with eye ray cones is restricted to points on the surface (vertices in our case), we
get smaller angular errors on silhouettes.

Depth accuracy, on the other hand, depends on the slope of the geometry. In particular, at
grazing angles, that is when the normal of the geometry is orthogonal or almost orthogonal
to the viewing direction, it could become arbitrarily large. For the situations of interest to us
where we have some control over the model, the normal is orthogonal or almost orthogonal
to the viewing directionmainly only around the silhouettes. Sincewe determine the point on
the object that best corresponds to the gaze direction, we obtain accurate results also around
silhouettes. This is reflected in the preliminary experimental results where we obtain an aver-
age depth error of 7.71 mm at a distance of 553.97 mm, which corresponds to a relative error
of less than 2%, despite three of five targets being very close to a silhouette.

2.6 Discussion

The proposed method for estimating fixations on 3D objects is simple yet accurate. It is en-
abled by:
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Table 2.1: Errors of individual markers on bunny.

Marker index 1 2 3 4 5

Angular error (deg.) 0.578 1.128 0.763 0.846 0.729
Depth error (mm) 7.998 8.441 10.686 3.036 8.381

• generating stimuli using digitalmanufacturing to obtain precisely known 3Dgeometry
without restricting its shape;

• utilizing fiducial markers in a known relative position to the geometry to reliably de-
termine its position relative to a subject’s head;

• using a projective mapping to relate 3D positions to 2D pupil coordinates.

Weexperimentally verifiedour approachusing twoexplorativeuser studies. The results demon-
strate that 11 correspondences suffice to reliably calibrate themapping frompupil coordinates
to 3D gaze locations with an angular accuracy of 0.8 degree. This matches the accuracy of 2D
gaze tracking. We achieve a depth accuracy of 7.7mm at a distance of 550mm, corresponding
to a relative error of less than 1.5%.

With the popularization of 3D printing, our approach can be easily applied to a large va-
riety of stimuli, and thus usage scenarios. At the same time, it is not restricted to 3D printed
artifacts and can be employed as long as the geometry of an object is known, for example
whenmanual measurement or 3D scanning has been performed. Our approach also general-
izes to simultaneously tracking gaze withmultiple objects, as long as the objects’ position and
orientation are unambiguously identified, e. g. by including fiducial markers. The tracking
accuracy in such situations will be subject to future investigation.
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3
TheMean Point of Vergence is Biased under

Projection

The previous chapter introduces a system for three-dimensional gaze estimation based on
monocular eye tracking data. However, the computation requires a digital representation of
the scene. Theoretically, the point of interest in space can also be computed based on inter-
secting the two lines of sight and finding the point closest to them. This chapter studies the
3Dgaze estimationbasedonbinocular vergence. We first start by theoretical analysiswith syn-
thetic simulations. We show that the mean point of vergence is generally biased for centrally
symmetric errors and that the bias depends on the horizontal vs. vertical noise distribution
of the tracked eye positions. Our analysis continues with an evaluation on real experimental
data. The estimatedmean vergence points seem to contain different errors among individuals
but they generally show the same bias towards the observer. The bias tends to be larger with
an increased viewing distance. We also provide a recipe tominimize the bias, which applies to
general computations of gaze estimation under projection. These findings not only have im-
plications for choosing the calibration method in eye tracking experiments and interpreting
the observed eye movements data; but also suggest that we shall consider the mathematical
models of calibration as part of the experiment.
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3.1 Introduction

Humans tend todirect bothof their eyes at roughly the samepoint in 3D space. Binocular sac-
cades and smooth pursuit between objects in a 3D scene often exhibit vergence, which means
that two eyes move in opposite directions 31 for fixation to coincide with the intended object.
In other words, vergence is the movement of both eyes towards or away from each other, de-
pending on the relative change from the previous to the current target. It is often assumed
that the fixationpoints of the two eyes are perfectly alignedbut it has been shown that the eyes
first diverge before they converge at the gaze point during fixations41,42. Studies on binocular
coordination of eye movements during reading show that fixation points of two eyes vary
during reading and disparity in both horizontal and vertical directions were observed 174,203.
There is considerable variation among participants ability to fixate the same point in depth,
depending on their eye dominance and squinting, or even strabismus (when the weak eye
is off-target). In addition, measurements of vergence with video-based eye-trackers are very
sensitive to variations in pupil dilation 108, which leads to uncertainty over measurements of
vergence.

Many approaches have beenproposed to estimate the direction of gaze for each eye in phys-
ical space, based on recordedpupil positions by eye-tracking devices. Using these gaze vectors,
it is possible to reconstruct the gaze point on real three-dimensional stimuli by intersecting
one or both rays with the fixated object in space, assuming its geometry is known 89,188,269. Al-
ternatively, we can attempt to find the point where the two vectors intersect with each other
in space 87,102,175,214,215, but in 3D space two gaze vectors typically do not intersect.

However, even if the observer experiences looking at a point in space with both eyes, the
eye rays provided by the eye-tracker contain error, for a variety of reasons:

• Data from eye-trackers have an inaccuracy (systematic error) and introduce impreci-
sion (variable error or noise) onto the signal 107,199,265.

• The inaccuracy is not constant, but varies with pupil size 58 and quantization of the
corneal reflection (CR) in the eye camera 106.

• Ideally, human gaze direction is controlled only to bring the object into the fovea cen-
trals 8, which has a non-negligible extent of 1.5− 2◦.

• It is well-known that in binocular vision, many observers have a dominant eye which
is more accurately directed towards the target (in about 70% of the cases, the right eye)
and a weaker eye, which may be considerably off-target41,42,66, which in extreme cases,
we call strabismus.
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• The resulting unknown and likely non-linear function mapping from tracked pupil
and CR centers in the eye video to lines of sight is approximated using low order poly-
nomials 34,67,107.

For these reasons, the two projected eye rays produced by eye-trackers are generally skewed
and have no common intersection point in space. In order to calculate a point that approxi-
mates the expected intersection of the rays, the most natural and commonly employed solu-
tion is to compute the point that has the smallest distance to both rays in 3D.Herewe call this
point the vergence point. We derive the necessary equations for this computation next and
then use it for simulating the reconstruction of vergence points in the presence of systematic
(accuracy) and variable (precision) errors. We then develop the mathematical description of
inaccuracy and imprecision of gaze vectors, that are used to simulate the effect on estimated
intersection point of inaccuracy (offsets) and imprecision (noise). Hooge et al. 108 present hu-
man data of vergence error as an effect of inaccuracy from changes in pupil dilation. In this
chapter, we focus on the effect of imprecision and present recorded human vergence data that
validate the simulation on noise. Finally, we present amethod to better estimate the intersec-
tion of eye rays and reconstruct the position of the fixated object in 3D, given noisy vergence
data. Note that the whole analysis applies to eye tracking not only in space but also on flat
surface, as long as the underling projective mapping is used in the model.

3.2 Part 1: Mathematical Model and Simulation

X

Y

Z

z

pl pr

el
er

Figure 3.1: Geometric setup. pl and
pr are the centers of the le and right
eyes, and el and er are gaze vectors of
unit length, i.e. the eye rays. We want
to calculate the point z with the minimal
distance to both rays.

When recording binocular gaze in 3D, the two gaze vectors
can be thought of as originating in the centers of the two
eyes of the observer. Two vectors in three- dimensional space
are generally skew, i.e. they have no common (intersection)
point. For the reasons mentioned in the introduction, the
two gaze vectors are commonly far from intersecting. In or-
der to assign a point of interest given two gaze vectors that
have no intersection point, the dominant strategy is to com-
pute the point in 3D space that has the smallest sum of
squared distances to the two gaze lines. Herewe showhow to
compute distances of a point to a line by using the formula-
tion of projector, and then how to find the point of interest.

We choose the coordinate system such that centers of the
eyes are displaced symmetrically from the origin along the
first coordinate direction. The up direction defines the sec-
ond coordinate direction and the target is placed on the third direction pointing away from
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the observer. This means the centers of the left and right eyes are−a0
0

 = pl,

a
0
0

 = pr. (3.1)

Here, and in the following, boldface lower-case characters denote column vectors in Eu-
clidean space. Define an up direction as u = (0, 1, 0)T. We refer to the first coordinate axis
as horizontal and the second one (i. e. along the up direction) as vertical. Objects of inter-
est located at z ∈ R3 displaced from the eyes mostly along the third coordinate axis, i. e.
z = (≈ 0,≈ 0, z). Then the normalized (unit-length) vectors from eye to interest point are

el =
z− pl

∥z− pl∥
, er =

z− pr

∥z− pr∥
, (3.2)

where the subscripts l and r refer to the left and right eye. Normalization ensures that the
vectors have unit length:

1 = ∥el,r∥ = ∥el,r∥2 = ⟨el,r, el,r⟩ = eTl,rel,r. (3.3)

Note that latter notation for the inner product follows from el,r being a column vector
and the usual conventions for matrix multiplication; we use this notation in what follows.

Given only the positions of the eyes and unit gaze vectors, we want to compute the point
closest to both eye rays. One way to do so is measuring the squared distances to the rays and
finding the point thatminimizes them. Let’s first consider a ray through the origin. Wedefine
it by specifying a unit direction vector v ∈ R3, ∥v∥ = vTv = 1. Then the points on the ray
in the direction v are given by λv, where λ ∈ R is a scalar parameterizing the ray.

Consider the (symmetric)matrixV = I−vvT Here Idenotes the 3×3 identitymatrix (we
generally use uppercase bold-face letter for matrices) and vvT is an outer product, following
directly from the common rules for matrix multiplication:

V = I−

v0
v1
v2

 (v0, v1, v2) =

1− v20 −v0v1 −v0v2
−v0v1 1− v21 −v1v2
−v0v2 −v1v2 1− v22

 . (3.4)

Multiplication of this matrix with any point λv on the ray yields

Vλv =
(
I− vvT

)
λv = λ

(
v − v vTv

)
= λ (v − v) = 0, (3.5)

whilemultiplyingwith a vectorw ∈ R3 of arbitrary length but orthogonal tov (vTw = 0),
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yields
Vw = (I− vvT)w = w − v vTw = w. (3.6)

v x

d

Figure 3.2: Distance vector d from point x to vector
v lies in the plane that is perpendicular to v.

So the matrix V annihilates components in di-
rection v and leaves directions orthogonal to v un-
changed. It is commonly called a projector for the
direction v. Similarly define the projectors for the
gaze vectorsEl,Er.

Multiplying a pointx ∈ R3 from the left and the
right, i. e.xTVx, results in taking the inner product
of the component orthogonal to the vector or, in
other words, measuring the squared distance of x
to the line along v through the origin. If the line
is not through the origin, all we need to know is a
pointpon the line. Thenwe translate everything so
that p is in the origin, meaning we get the squared
distance of x to the line along v through p as

(x− p)TV(x− p). (3.7)

With this way of measuring the distance to a ray, the sum of the squared distances to the
eye rays for any point x in space can be written as:

d2(x) = (x− pl)
TEl(x− pl) + (x− pr)

TEr(x− pr) (3.8)

To find the point in space thatminimizes this sumof squared distances compute the gradient
of this function (with respect to x)

∇d2 = 2El(x− pl) + 2Er(x− pr) (3.9)

and set it to zero:

(El + Er)x = Elpl + Erpr = (Er − El)pr. (3.10)

In this way the point of interest x is defined as the solution of a 3 × 3 linear system. The
system has a unique solution as long as the sum El + Er is non-singular. Each of the two
matrices El,r has a one-dimensional kernel: the ray direction el,r is an eigenvector with zero
eigenvalue. If the two gaze vectors are parallel, then the projectors are identical andEl+Er =
2El = 2Er is singular. This is quite intuitive, as there is no unique point with smallest
distance to two parallel lines.
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If the eye rays are not parallel, however, the sum El + Er is non-singular. This is also
geometrically intuitive as there is a unique point minimizing the squared distances to the
two lines; and this fact can be proven rigorously 255 Corollary 2.5. Thus, the point of interest
is defined as

el ̸= λer, λ ∈ R =⇒ x = (El + Er)
−1(Er − El)pr. (3.11)

3.2.1 Ray Errors

Firstly, we introduce variable error (imprecision, noise) l, r into the eye rays, with separate
horizontal (η) and vertical (ν) noise as well as separate noise for left and right eyes:

εl =

ηl
νl
0

 , εr =

ηr
νr
0

 . (3.12)

While errors are usually represented in terms of angular deviation (i. e. radians), for small
enough values the linear approximation sin φ ≈ φ is very good and adding the error vectors
to the eye ray vectors has the same effect as rotating the eye rays. Including renormalization
this yields:

e′l =
el + εl
∥el + εl∥

, e′r =
er + εr
∥er + εr∥

. (3.13)

With thismodelwe simulate hownoise affects the computation of the vergence point. Fol-
lowing the results in 200 (which show that noise in eye trackers ismostlyGaussian distributed),
we use a zero-mean Gaussian distribution, i. e.

p(εl,r) = |2πΣl,r|−1/2
+ exp

(
− 1

2
εTl,rΣ−1

l,r εl,r
)
. (3.14)

with the horizontal and vertical deviations being uncorrelated (meaning noise distribution
in each direction varies independently)

Σl,r =

σ2ηl,r 0 0
0 σ2νl,r 0
0 0 0

 . (3.15)

In this setup, error vectors can be generated by simply drawing the components ηl,r, νl,r in-
dependently from univariate normal (Gaussian) distributions with zero mean and standard
deviation σηl,r, σνl,r.
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Figure 3.3: Vergence points from eye rays distorted with zero-mean normally distributed errors (i.e. noise). Distance
between two eyes is 6 cm and the object is at the distance of 50cm. Top row: the noise distribu on has standard
devia on of 1.5 degrees in both horizontal and ver cal direc on. Despite the rela vely small error, the varia on
in depth is quite large. Middle row: standard devia on in ver cal direc on is only 0.16, but in horizontal direc on
it is 1.5. The noise in horizontal direc on gets larger and the mean es mated point of vergence is shi ed towards
larger depths. Bo om row: standard devia on is 1.5 degrees in ver cal direc on and 0.16 in horizontal direc on.
Horizontal noise is small, but the mean es mated point of vergence shi s significantly towards the viewer. Same
number of samples is drawn in each simula on. 10,000 points are current shown in the figure.

A point of interest z defines the unbiased eye rays el,r, which align with the lines of sight.
To generate points of vergence in the presence of precision error, we draw error vectors εl,r,
modify the eye rays accordingly and reconstruct the vergence point using the linear system
above. It outputs themean vergence point andoffers graphical output, such as the one shown
in Figure 3.3. We chose two standard deviations of 0.16◦ and 1.5◦ for the Gaussian distribu-
tions (which are motivated by experimental data described later). 0.16◦ corresponds to the
average precision of fixations and 1.5◦ corresponds to difficult eye tracking situations for ex-
ample when observers wear glasses. The simulation shows a large error in direction of depth
– this is quite intuitive given the short base line relative to the distance to the object.

More severely, the mean vergence point appears to be biased systematically towards or away
from the observer. This is clearly visible when the noise distribution has different variance in
horizontal and vertical directions as shown in Figure 3: if variance is larger in the horizontal
direction, the mean vergence points shifts away from the viewer; if variance is larger in the
vertical direction, themean vergence point shifts towards the viewer. Table 3.1 shows detailed
simulation results when the distance between observer and the fixation target is considered
as another variable. We perform the simulation when the fixation target is placed at three
different distances, namely 50 cm, 70 cm and 110 cm. The further away the target is, the larger
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distance σx σy p̄z ¯error ¯std ¯errorx ¯errory ¯errorz ¯stdx ¯stdy ¯stdz

50 1.5 1.5 38.6 14.0 8.1 0.6 0.6 13.9 0.5 0.5 8.2
50 1.5 0.16 41.3 12.8 8.6 0.6 0.6 12.8 0.5 0.6 8.7
50 0.16 1.5 36.8 13.2 2.5 0.06 0.5 13.2 0.04 0.4 2.6
70 1.5 1.5 49.5 25.4 17.1 0.7 0.7 25.4 07 0.7 17.1
70 1.5 0.16 56.1 23.9 28.6 0.8 0.09 23.9 0.9 0.1 28.7
70 0.16 1.5 45.8 24.2 4.7 0.1 0.7 24.2 0.05 0.5 4.7
110 1.5 1.5 63.5 54.7 44.8 1.0 1.0 54.6 1.1 1.1 44.8
110 1.5 0.16 82.9 58.4 101.4 1.3 0.1 58.4 2.1 0.2 101.4
110 0.16 1.5 59.0 51.0 9.1 0.09 0.9 51.0 0.07 0.7 9.1

Table 3.1: Simula on errors with target placed at three different distance 50 cm, 70 cm and 110 cm. σx and σy rep-
resents the standard devia on in horizontal and ver cal direc ons measured in radians. p̄z is the mean posi on of
es mated vergence points in depth. Averaged distance errors and standard devia ons are reported in cm with x
represents the horizontal direc on, y the ver cal direc on, and z in depth. No ce that the small baseline of distance
between the eyes leads to large errors when the target point is further away. On average, the errors of the es ma-
ons are 27% (50 cm), 35% (70 cm), and 49% (110 cm) in percentage of the corresponding distances.

the bias is. Note that this bias is non-linear due to the underlining projective relation. Within
each condition, the bias is mainly in depth but large variation in horizontal direction leads to
large biaswhile the same amount of variation in vertical direction corresponds to smaller bias.

Secondly, although it is not the focus of this chapter, our noise formulation could also be
used to investigate the effect of systematic errors (inaccuracy, offset) by introducing constant
offset for the eye positions in (3.12). As shown in the simulation results in Figure 3.4, unsur-
prisingly, the resulting errors, i.e. the distances between the estimated mean vergence point
and the true target point, are larger when inaccuracy is introduced compared to when only
noise is added to data. Furthermore, systematic offsets in the horizontal direction shift the
mean of the estimation no matter whether the offsets in the two eyes converge or diverge.
Meanwhile, vertical systematic offsets in the same direction lead to larger estimation errors
without shifting the distribution mean much. Again, the estimated mean is biased towards
the observer when systematic offsets in opposite vertical directions are introduced, similar
to the bias we observed when only noise was introduced where the estimation of the mean
vergence point is always closer to the observer than the true target point.

3.2.2 Qualitative Analytical Analysis of Bias

In the section above (and examples shown in Figure 3.3), we use a simple numerical simula-
tion to visualize the distribution of computed points of interest given an assumption on the
probability distributionof the noise. This simulation suggested that themean vergence point
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Figure 3.4: Effects of systema c offsets (inaccuracy) on the distribu on of the vergence es ma ons. The distance
between the two eyes is 6 cm and the object is at a distance of 50 cm. Each eye ray is distorted with zero-mean
Gaussian noise with standard devia on of 0.16 degree. In the plots, we see the effects when a systema c offset
(inaccuracy) of 1 degree is applied, not an uncommon effect size from a small change in pupil dila on. (a) Le eye
is horizontally rotated by one degree outwards. (b) Le eye is horizontally rotated towards the right eye direc on
by one degree. Symmetrical distribu ons are obtained when we apply a systema c offset to the right eye only. (c)
Both le and right eyes are rotated in the same direc on by one degree. Figures (d) and (e) show the distribu on of
vergence points when both eyes are systema cally rotated inwards and outwards by one degree respec vely. Sys-
tema c offsets in ver cal direc on lead to larger es ma on errors without obvious shi s of the distribu on mean,
except when the offsets in opposite ver cal direc ons are applied as shown in (f). Similar to the previous simula on
of variable error (noise), ver cal offsets lead to a bias towards the observer, i.e. the es mated mean vergence point is
closer to the observer than the target.

is biased, depending on the standard deviation of the noise distribution in horizontal vs. ver-
tical directions. Wewish to analyze this behavior analytically. For this we attempt to compute
themean (or expected) vergence point for a given probability distribution. As wewill see, the
general problem is difficult to approach. Yet, by assuming the geometric situation exhibits
symmetry (see App. A for details) we are able to show that the trend we have observed in the
numerical simulation holds qualitatively for wide classes of practically relevant scenarios.

The expected value for a discrete error distribution would be the sum of values multiplied
with the respective probabilities for the input parameters. In the continuous case, this sum
turns into an integral over the product of the computed value and the probability density
distribution for the input parameters.

The projectorsE′
l,r(εl,r) are generated from the noisy eye rays e′l,r. Assuming a probability

distribution pl,r(εl,r) the expected intersection point is:

x =

∫∫
(E′

l(εl) + E′
r(εr))−1(E′

l(εl)pl + E′
r(εr)pr)

pl(εl)pr(εr) dεl dεr
(3.16)

This integral, in general, cannot be treated analytically. However, note that the resulting
mean is a linear function of the individual points of vergence. This means we can generate
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Figure 3.5: Illustra on of two intersec on points with inverted pair of errors α, β. Inverted pair of errors leads to an
intersec on point in the opposite direc ons; however, the mean vergence point is biased to be further away from
the target point z. In this illustra on, α = 5◦ and β = −3◦, where posi ve angle corresponds to the clockwise
direc on.

the mean of several instances of the distribution and then integrate over these local means.
We will make use of this property in the following.

From the perspective of applications, we are mostly interested in understanding the bias
with respect to different distances in depth. This allows us to concentrate on geometric con-
figurations that exhibit symmetry. First, we assume the fixated object is on the symmetry
line and at unit distance, i. e. z = (0, 0, 1)T. Note that by setting the interocular distance
pr − pl = 2a still considers arbitrary distances because geometrically it makes no difference
if we change the distance of the target or the distance between the eyes. Second, we assume
the probability distributions for left and right eyes are identical. We denote this by dropping
the subscript: p = pl = pr. Third, we may additionally assume the probability distributions
are symmetric around the origin. Point symmetry of the distributionmeans the probabilities
of the variable errors +ε and−ε are the same:p(+ε) = p(−ε). This would allow us to con-
sider pairs of points based on the error vectors εl, εr and−εr,−εl, which are symmetric around
the line (0, 0, 1)T (i. e. one error vector is the reflection of the other by the line). Since their
probabilities are the same, their mean is on this line. Pairing all instances of variable errors in
this way shows that the mean would be on the symmetry line, for all probability distributions
with point symmetry.

Consider the pair of error vectors εl, εr and the reversed pair εr, εl. By our assumptions,
these instances have the same probability. The two pairs give rise to two points of interest.
Figure 3.5 illustrates the case of horizontal error only. In this case, one of the two intersec-
tion points is closer to the observer then the target, while the other one further away. Their
mean will never be closer then the real target, indicating that the mean over all instances with
horizontal noise only will be biased to be further away than the target – as observed in the
numerical simulations. We now prove that this intuitive reasoning is correct.

To compute the expected depth value, we start by analytically solving the least squares es-
timation (LSE) in equation (3.10) for the last component. This can be done by elementary
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computations. In this way we can express the depth for a certain pair of error vectors εl, εr as
well as for the reversed pair εr, εl. Thenwe take themean of the two depth values. All compu-
tations can be carried out by a computer algebra system such as Maple or Mathematica. The
resulting expression is lengthy and unsuitable for direct inspection. However, considering
the case of horizontal noise only leads to the following simple expression:

z′
z =

4a2

4a2 − (ηl − ηr)
2 (3.17)

As defined in equation (3.1) and equation (3.12), 2a equals to the interocular distance and
ηl/r represents the horizontal component of variable error epsilonl/r. Itmakes sense to assume
that the distance between the displacements ηl/r is smaller than the interocular distance 2a
(otherwise the intersection of the eye rays would be behind the observer). In this case the
denominator is positive but never larger than the numerator, so the depth is larger. Because
this is true for anypair of instances (seemore inApp.A), this is also true for themean resulting
from an arbitrary probability distribution (as long as they are they same for both eyes). This
confirms our intuitive geometric conclusion from Figure 3.5.

Next we consider only vertical error νl/r. In this case it is convenient to consider the pair of
error vectors εl, εr and−εr,−εl. Note that compared to the former case we now also reverse
the signs, which is admissible if the probability distribution is symmetric. Using computer
algebra as before, we find that the relative mean depth for the two intersection points is

z′
z =

4a2 + a2(νl + νr)2
(νl − νr)2 + 4a2 + a2(νl + νr)2

(3.18)

Comparing numerator and denominator reveals that z′ ≤ z with equality only for νl = νr
regardless of the probability distribution and without any restrictions on the vertical errors.

Together, these two results confirm our observations that errors in horizontal direction
bias the mean depth towards larger values, while errors in vertical direction bias it towards
the observer. This result holds for all probability distributions, as long as they are identical
for both eyes (and exhibit symmetry in the vertical direction).

In any realistic scenario, however, noise errors have horizontal and vertical components.
The resulting bias will depend on the relative magnitude of these errors. If the magnitude of
horizontal and vertical noise error is equal, then the bias is toward smaller depth and themag-
nitude of this effect is dominated by the squared difference (νl− νr)2. In general, however, the
variance along the horizontal versus vertical axes in the probability distribution determines
the bias in depth. If the variance is higher in horizontal direction, the depth will be biased to-
wards greater values; if the variance is higher in vertical direction, depth will be biased closer
to the viewer. As before, this result holds for probability distributions as long as they are
identical for both eyes and the point closest to any two eye rays in the distributions is in front
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of the viewer (not behind).

3.3 Part 2: Human Data

The numerical simulations above show that variable and systematic errors in eye rays have
a significant influence on the estimated mean point of vergence under projection. In this
section, we collect human vergence data to study the real noise distributions when using a
video- based eye-tracker. Eye-trackers primarily output mapped gaze positions, which in 2D
are points on a screen, described in pixel coordinates. This mapping is established using a
calibration routine, where participants are asked to look at several targets on the screen while
features of their eyes are tracked in the camera image. These pre-calibrated features - the pupil
centre and the centre of the reflection in the cornea - are mapped to gaze positions on the
monitor during calibration. With an established mapping, any eye positions can be mapped
into the target space, which corresponds to the gaze point.

Several sources of errors are known to interfere in this procedure, in particular when both
eyes are being calibrated. Despite existing research on vergence eye movements41,42,66, there
is no established consensus on how to calibrate binocularly. Nuthmann & Kliegl 203 have
brought up the questionwhether binocular calibration (i. e. calibrating both eyes at the same
time) or monocular calibration (i. e. calibrate one eye at one time while the view of the other
eye is occluded) is better suited for binocular eyemovements study. Besides the intrinsic prop-
erties of eyemovements in binocular viewing, the estimatedmapping function in calibration
also introduces errors in the estimated point of interest. The estimation of parameters in the
mapping function is a minimization procedure. In practice, low order polynomials are often
used tomap pupil and corneal reflection positions onto screen coordinates, and themapping
parameters are approximated through an optimization procedure (e. g. least squares), which
inevitably contains modeling errors.

Therefore, we designed a data collection including both binocular and monocular view-
ing conditions and analyzed the detected raw pupil and corneal reflection positions without
mapping them to the target space. Two depth variations were included and we used sym-
metric presentation of stimuli to counterbalance any potential behavioral differences due to
spatial dependency.

3.3.1 Participants

25 participants from TU Berlin (students and staff) joined our experiment (mean age = 27,
SD=7, 4 females). They all had normal or corrected to normal vision and provided informed
consent. Five of themhad previous experiencewith eye tracking experiments. Their timewas
compensated. Additionally we performed a monocular eye examination for each participant
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and the averaged acuity is 0.93 (SD=0.26)measured in the decimal system. We alsomeasured
the eye dominance of observers following the standard sighting eye dominance test, as our
experimentdoes not involve any interocular conflict. Observerswere asked to look at a distant
point though a small hole placed at arm length, and then to close their eye one after another.
Only the dominant eye supposes to see the point while viewing monocularly. Among all 25
observers, only 7 of them have a left dominant eye while 18 of them reported to have a right
dominant eye. We discuss on the eye dominance test in the discussion section.

3.3.2 Apparatus and Recording Setup

The data collection was conducted in a quiet and dark room.
We used an EyeLink 1000 desktop mount system in the ex-
periment and binocular eye movements were tracked at a
sampling rate of 1000 Hz. A chin- forehead rest was used to
stabilize observers’ head positions. A 24-inch display (0.52 m
×0.32 m, 1920 × 1200 pixels) was placed at two distances of
0.7 m and 1.1 m from the eyes. Stimulus presentation was
controlled using PyLink provided by SR Research. Note
that any eye trackers can be used for the recordings as our
analysis is based on detected eye positions in the camera
frames.

Two custom-built eye covers fabricated by 3D printing
were mounted on the chin-forehead rest (see Figure above).
Each of them canbe rotated by 180◦ to openor block the view
of one eye.

3.3.3 Design and Procedure

In order to familiarize observers with fixational eye move-
ments, and to verify the setup that observers’ eyes were clearly tracked, we ran a default 9-
point calibration routine before the data collection started. A calibration is followed by a
validation to verify its accuracy. The experiment was continued only when the achieved val-
idation accuracy is on average smaller than 1.0◦ of visual angle. Otherwise we repeated the
calibration and validation routine either immediately or after a short break. However, the
resulting gaze data are not used. All further analyses are purely based on the pre-calibrated
pupil minus CR (corneal reflection) data, to minimize influence from the calibration math-
ematics of the EyeLink.

The data collection consisted of two distances and each distance had five repetitions. In
each repetition, we presented three viewing conditions, namely monocular viewing with left
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Figure 3.6: An exemplary trial. The center was always presented at the beginning of each trial. A randomly selected
marker on the ring was then presented for 1.5s followed by the presenta on of the center marker for another 1.5s.
Then another random selected marker on the ring was presented. The presenta on con nues in such way un l all
markers on the ring were presented once. Gray markers are drawn here for illustra on purpose and were invisible
during experiment.

eye, monocular viewingwith right eye, and binocular viewing. Eye covers were rotated by the
instructor to occlude/reveal the eyes in different viewing conditions. Meanwhile, the EyeLink
was continuously tracking in binocular mode throughout.

For each distance, repetition and condition, the participant was asked to fixate each one
out of 12 targets in the form of a ring with an addition central point (Figure 3.6). Participants
were instructed to follow the marker and fixate the white dot at the center as accurately as
possible. Black circles with their center marked by a white dot were used as the target. The
radius of the ring corresponded to 7◦ of visual angle. Each marker was presented for 1.5 s and
a beep sound was used to signal the start. Between each fixation trial, participants refixated
the center point. In total, there were 12 targets fixations on the periphery targets and 12 at the
center target.

Each block of five repetitions for a distance took about 20 minutes and participants were
asked to take a break before the second block. In total it lasted about one hour including a
simple trial run at the beginning.

3.3.4 Analysis Methods and Results

Our analysis was based on raw samples of detected eye positions, i. e., the pupil minus CR
positions, represented as pixel coordinates in the eye camera. The only use of calibrated gaze
was our use of the built-in velocity- based algorithm of the EyeLink software to detect fix-
ations. In order to find fixations on targets, we filtered out all short fixations that are less
than 100ms in a preprocessing step as short fixations very often are the result of undershoots
(Holmqvist&Andersson 105, p.222-223) and are quickly followedby a correction saccade onto
targets. Conservatively, among fixations on the same target, we considered those that are two
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standard deviations away from the cluster center as outliers. The remaining fixations were
from then on only processed as uncalibrated pupil minus CR.

For each dataset of one observer, we aggregated all fixations (pupil-CR) in the five repe-
titions for each target in the same viewing condition. On average there are 56 fixations in
each such block (SD = 20), and each target has 2.3 fixations as we have 24 fixation targets in
each repetition. Here fixations from individual eye are considered independently. The aver-
aged duration of fixations is 821ms (SD = 494ms). There is no significant difference among
different viewing conditions at two distances.

3.3.5 Comparing Sets of Covariance Matrices

In the previous simulation (see Section “Ray Errors”), fixation positions have independent
zero-mean Gaussian distributions for variable errors in horizontal and vertical directions,
which can be represented by a 2 × 2 diagonal covariance matrix Σ. Diagonal elements in
Σ describe the variances in horizontal and vertical directions separately and off-diagonal ele-
ments show the correlation between them. Therefore, Σ is a positive semi-definite symmetric
matrix, and it can be visualized as an error ellipse with its axes pointing into the directions of
its eigenvectors. The lengths of the semi-axes are proportional to the square roots of the
corresponding eigenvalues λi. We used √5.991

√
λi as the semi-axis length (derived from a

Chi-Square distribution), which gave us the ellipse that covers a 95% confidence interval. We
continued using covariance matrices to analyze the error distributions and visualized them
as ellipses in the following. Essentially a 2D covariance matrix measures the precision in two
dimensions, as we are interested in its spatial distribution.

In our data collection, we had a set of markers on screen and a covariance matrix repre-
sented fixation distribution at each marker position. To model the variability among differ-
ent covariancematrices and to compare the differences among sets of covariancematrices, we
computed distances between all pairs of covariance matrices in a set and then compared the
resulting distributions. Despite the raising amount of applications of analyzing the variance
among covariancematrices, there is still no consensus on how to analyze the covariance struc-
tures 221. We settled on a logarithm-based distance estimator72, a Riemannian metric, defined
as

d(Σ1,Σ2) =
∥∥∥log (Σ− 1

21 Σ2Σ
− 1

21 )
∥∥∥ , (3.19)

where the logarithm is given by log Σ = U log (S)V andU,S,V can be factorized from
singular-value decomposition (SVD) as Σ = USV. S is a diagonal matrix of singular val-
ues of Σ. ∥X∥ is the Euclidean norm (also called Frobenius norm) and it can be computed
by the matrix trace ∥X∥ =

√
Tr(XTX). In case of covariance matrix, the trace measures

the total variation in each dimension without considering the correlations among variables.
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As shown in72, this distance measure is symmetric and non-negative, and it is invariant un-
der affine transformation and inversion. Intuitively speaking, by multiplying with Σ− 1

21 in
bilinear form, we transform Σ2 into a new basis and Σ− 1

2ΣΣ− 1
2 is a perfect circle. The dis-

tance measures the relative ratio of eigenvalues in the new basis and the largest eigenvalue
of Σ− 1

21 Σ2Σ
− 1

21 corresponds to the ratio of maximum variance between two groups 221. To ag-
gregate a set of covariance matrices, we used the arithmetic average as the mean covariance
matrix. Dryden et al. 59 compared many covariance distance measures especially in the con-
text of shape interpolation; however, it is not clear which one suits best in our case. Here we
only want to be able to compare sets of covariance matrices.

In the next step, the distance distributions of two sets of covariance matrices were com-
pared using the Kolmogorov-Smirnov test (KS-test) 228 and a p-value was computed to deter-
mine whether the two distributions differ significantly. The KS-test computes the vertical
distance between two cumulative fraction functions that are used to represent two distri-
butions and takes the largest distance as the statistic. Therefore, it is robust with respect to
variance types of distributions.

3.3.6 Results

Below, we examined whether the bias was present also in the human data. We first compared
the distributions of variable errors among all individual observers. Then we aggregated all
datasets to examine whether the distributions has any spatial dependency. In the last step, we
used the averaged variable error distribution to sample eye positions following the procedure
in the previous simulation (see Section Ray Error) to investigate whether there is a bias in the
direction of the observer in human data as there was in simulated data.

Eye Dominance and Acuity do not Seem to Matter

Each dataset (of one observer) had five repetitions of each viewing condition. Each eye had
two viewing conditions, namely monocular viewing and binocular viewing. Targets were
presented at two different distances. We first aligned the five repetitions in the same con-
dition and computed the covariance matrix of fixations at each marker position. Following
equation (3.19), each covariance matrix was compared to the other eleven covariance matri-
ces. Note that we discarded all fixations at the center marker. One exemplar dataset is shown
in Figure 3.7. Covariance matrices are visualized as ellipses and distributions of all pair-wise
distances are plotted as histograms.

Using theKS-test, we comparedhistograms of the distance distributions of each individual
dataset to the others and results are shown in Figure 3.8. Red line marks the significance level
of 0.05. Note that any statistic value larger than the level (i. e. above the line) corresponds
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Left eye in binocular Right eye in binocularLeft eye in monocular Right eye in monocular

Figure 3.7: Example of one-dataset samples at the distance of 70 cm. In the first row, fixa ons at each marker posi-
on collected over five repeats are sca ered and corresponding covariance matrices are visualized as ellipses. Sec-

ond row shows the histograms of distances between all pairs of ellipses in each condi on (summed over five repeats).
Observer of this dataset has right dominant eye and eye acuity is 0.9 for le eye and 1.0 for right eye.

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25
0.0

0.1

0.2

0.3

0.4

0.5

0.6

D 
st

at
ist

ic

ML
MR
BL
BR

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25
0.0

0.1

0.2

0.3

0.4

0.5

0.6

D 
st

at
ist

ic

ML
MR
BL
BR

Figure 3.8: Sta s cs of KS-test on individual differences. Upper plot shows the sta s cs of data with a display
placed at a distance of 70 cm and the lower one shows the result when the display was at a distance of 110 cm. Red
lines mark the 0.05 significance level. ML stands for the condi on of monocular viewing of le eye, MR monocular
viewing of right eye, BL binocular viewing of le eye and BR binocular viewing of right eye.
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to a significantly different distribution. Considering each eye separately, we had four viewing
conditions in one dataset, namelymonocular viewing of left eye (ML),monocular viewing of
right eye (MR), binocular viewing of left eye (BL) and binocular viewing of right eye (BR).At
the distance of 70 cm, 13 out of 25 datasets have significantly different fixation distributions
in ML, 4 in MR, 5 in BL and 1 in BR. According to the categorization of eye dominance,
we have 8 significantly different distributions of dominant eye in monocular viewing and 12
significantly different distributions of non-dominant eye. In binocular viewing condition, 2
distributions of dominant eye significantly differ from the others and 6 of non-dominant eye.
At the distance of 110 cm, the numbers of datasets, which are significantly different from the
others, are 10 (ML), 1 (MR), 6 (BL), and 7 (BR). In monocular viewing, 3 and 9 datasets are
significantly different for distributions of dominant eye and non-dominant eye respectively.
In binocular viewing condition, the number of different datasets is 9 for dominant eye and 6
for non- dominant eye. Note that this counting is based on the mean statistic value. And we
do observe large variances in each dataset as shown in Figure 3.8.

In conclusion, the differences between dominant and non-dominant eye are so small and
varied that we cannot conclude that eye dominance matters. Neither did we observe any
correlationbetween thedistributiondifferences and eye acuity,which indicates that eye acuity
does not contribute to the differences in distributions. It is likely that other factors, such as
eye colour, may explain part of the noise.

Noise does not Vary Depending on Where Participants Look

It is known thatnoise varies across themeasurement space (Holmqvist&Andersson 105, p.182).
To test whether there is any such spatial dependency of noise distributions of fixations, we
computed the distance distribution at each marker position by comparing each pair of co-
variance matrices from 25 datasets. Similarly, we applied the KS-test to compare the distance
distributions. Only one distribution frommonocular viewing of right eyewhen screenwas at
a distance of 70 cm is significantly different. To visualize the variance at eachmarker position,
we computed the mean of 25 covariance matrices for each marker in one viewing condition
and plotted corresponding ellipses in Figure 3.9. Note that comparing the two dataset from
two different distances, covariance ellipses are similar in both sizes and orientations. But el-
lipses in binocular viewing condition have smaller sizes but still similar orientations. In con-
clusion, the amount of noise does not seem to differ between the conditions, nor between
positions. There is however a tendency that vertical noise is larger than horizontal noise.

But There Is a Bias in the Human Data

After we have established that noise does not vary across eye dominance, acuity and fixation
position, we can now aggregate the covariance matrices at all marker positions, which gives
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Binocular left Binocular rightMonocular left Monocular right

70 cm

110 cm

Figure 3.9: Visualiza on of mean covariance matrices at each marker posi on. First row shows error distribu ons of
data collected at a distance of 70 cm and second row shows data collected at a distance of 110 cm. In each viewing
condi on at one distance, data from all observers were aggregated together and covariances at each marker posi on
are visualized as ellipses. For instance, a le - lted ellipse means that ver cal noise is larger than horizontal noise.
The size of the ellipse thus corresponds to the total varia on while orienta on indicates the correla on between
horizontal and ver cal direc ons.

us an overall representation of noise distribution of fixations in each condition. Using the
distributions – a covariance matrix for each of the 12 fixation point in each condition - rather
than the data themselves introduces no bias, but is computationally easier, since it allows
us to calculate the mean easily without being biased by unevenly taken data (i. e. uneven
contribution of individual observers because of fixations of differing lengths).

We used the arithmetic mean of the 12 covariance matrices (of 12 targets) to represent the
fixation distribution in each viewing condition and obtained two covariance matrices, one
for each eye in either monocular or binocular viewing condition at one distance. As shown
in Figure 3.10, an ellipse is used to represent a covariance matrix. Errors seem to be larger
when targets move from 70 cm to 110 cm with increased sizes of ellipses. Noise in binocular
viewing condition is smaller comparing to that in monocular viewing condition, evidenced
by smaller ellipses inmost positions in all conditions. The radius of the ring corresponds to 7◦
of visual angle and opposite sample positions span a visual angle of 14◦. Following this ratio,
we converted sample units (measured in pixel) into degrees of visual angle and applied the
analysis framework used in the simulation above. Variances of error distributions shown in
Figure 3.10 approximate to 1◦ of visual angle, which is commonly used as a calibration thresh-
old in 2D eye tracking experiment. Additionally we also experiment with 2◦ of visual angle,
which is equivalent to the start-of-art eye tracking accuracy in 3D space 87,214,269. Simulated
results based on sampling from real error distributions are plotted in Figure 3.10. On the
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Binocular distribution at 110 cm

Monocular distribution at 110 cm

Binocular distribution at 70 cm

Monocular distribution at 70 cm

Figure 3.10: Es ma on of mean vergence point based on distribu ons formed from real human data. Le column
shows the mean covariance matrices of le eye (l) and right eye (r) in monocular viewing (m) and binocular viewing
(b). First two rows show results when target is placed at a distance of 70 cm and last two rows show results at a
distance of 110 cm. Right column shows the distribu on of es mated vergence points in space where variance (vi-
sualized in the le column) was converted to 1◦ and 2◦ of visual angle respec vely. See Table 3.2 for more detailed
sta s cs.

left side we have spatial distributions of vergence points when variance was converted to 1◦
of visual angle and on the right side we see the results after converting to 2◦ of visual angle.
Detailed statistic results are given in Table 3.2. The error in estimated mean vergence point is
acceptable when everything is perfect within 1◦ of visual angle, however, achieving such accu-
racy in 3D is rather challenging. Even with an acceptable 2◦ accuracy, the bias towards viewer
in the estimated mean point of vergence is already obvious.

3.4 Minimizing the Uncertainty in Vergence Point Estimation

When researching vergence using a video-based pupil and corneal reflection eye-tracker such
as the Eyelink, what can you do to minimize biases and errors? We assume that the human
participant has a negligible difference in gaze directions between left and right eye, that lu-
minance conditions are fixed and no other effects on pupil dilation are present, and that the
only remaining issue is to minimize the bias from the noise in the signal.

As this bias is an effect of the projective mapping, the non-linear mapping that is com-
monly used to estimate the vergence point in space, there is not much you can do if you
use the calibration routine shipped with the eye-tracker. The single fixation per calibration
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distance σ condition p̄z ¯error ¯std ¯errorx ¯errory ¯errorz ¯stdx ¯stdy ¯stdz

70
1.0 monocular 69.1 22.4 32.0 0.88 0.86 22.3 0.88 0.90 32.0

binocular 70.4 18.9 27.8 0.76 0.74 18.8 0.79 0.77 27.8

2.0 monocular 60.0 35.1 82.6 1.2 1.2 34.9 2.8 2.1 82.6
binocular 64.3 28.6 53.7 1.1 1.0 28.5 1.3 1.3 53.8

110
1.0 monocular 98.5 49.9 102.3 1.2 1.1 49.8 1.5 1.7 102.3

binocular 104.4 41.6 88.8 9.9 9.5 41.5 1.4 1.2 88.8

2.0 monocular 73.3 70.1 141.2 1.5 1.3 70.0 2.5 2.8 141.2
binocular 86.7 60.2 171.7 1.3 1.3 60.1 2.3 2.7 171.7

Table 3.2: Vergence errors sampled from real noise distribu ons. σ represents converted standard devia on in degree
of visual angle. p̄z represents the mean point of vergence in depth measured in cm. Averaged errors and standard
devia ons are reported in cm with x represents the horizontal direc on, y the ver cal direc on, and z in depth. On
average, the errors in percentage of the corresponding distance are 30% (σ = 1) and 46% (σ = 2) when target
distance is 70 cm, and 41% (σ = 1) and 50% (σ = 2)when target distance is 110 cm.

x

x

x

x

x

x

Figure 3.11: More fixa ons per target leads to be er es ma on of mean vergence point. At the top of the figure,
offset error is plo ed as a func on of number of fixa ons per calibra on point. Three color-coded crosses mark the
offset errors when number of fixa ons equal to 2, 5, and 10. These three offsets are visualized in a top view plot at
the bo om. We used standard devia on of 1.5 in horizontal direc on and 0.16 in ver cal direc on.
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point will have an inaccuracy and noise that increases the bias. However, it is possible to in-
stead recordmultiple fixations on each point in your own set of calibration targets. Then take
the average of the data samples in the several fixations per fixation target and use that aver-
age to calibrate the eye-tracker. The key is to use many fixations per calibration point. The
same principle applies to real experiment after calibration: collect many fixations if possible.
For each point of interest, taking the average of fixation samples in the camera space leads to
better estimation in space. In practice, this couldmean a repetition of the same experimental
condition, for example, where observers are asked to refixate on the same targets in a vergence
study.

The reason this method works is that for geometrical reasons, it is better to average in
the calibration data than in the depth data of the intersection points. Assume that noise in
the eye samples are Gaussian distributed, taking the average in the calibration data leads to
better approximation to the noise-free eye samples. However, due to the non-linearity of the
mapping, averaging in the depth data only leads to a bias as we see before. Figure 3.11 shows
for simulated data how the offset in depth decreases with an increasing number of fixations
per calibration point.

This solution works on the DPI, the EyeLink and the SMI eye-trackers, which all provide
access to the center point of the corneal reflection and the pupil (for EyeLink and SMI) or the
4th Purkinje (for the DPI) in the data. Note that the recipe works with raw positions of the
eyes and does not depend on specific calibration model given by any eye trackers.

3.5 Discussion

The major finding in this chapter is that vergence data from eye-trackers exhibit a bias, de-
pending on the noise level in horizontal vs. vertical directions. Using a mathematical sim-
ulation, we show that noise in gaze vectors leads to a bias in the estimated vergence point
under projection. In particular noise in the vertical direction bias the estimated mean point
of vergence towards the participant. We further collected humandata using a high-end video-
based eye-tracker and studied the noise distributions in these real data. We showed that the
estimated mean point of vergence is biased also in the human data, and that the bias in-
creases with an increased viewing distance. This applies to the estimation of point of ver-
gence in three-dimensional space, as well as to the vergence estimation on planar surface in
two-dimensional space. As long as projective model is used in the mapping, the estimated
mean vergence point will be biased.
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3.5.1 Reading Research and Calibration Algorithms

The bias we have found is in line with Nuthmann & Kliegl 203 , who reported that the fix-
ations during reading were almost always crossed, peaking 2.6 cm in front of the plane of
text, which is very much in line with the error reported in Table 3.2. However, instead of
resulting in a discussion about potential biases from the measurement technology itself, the
subsequent papers instead investigated whether monocular vs. binocular calibration could
cause the crossing of fixations.

Liversedge et al. 174 had found that “When the points of fixation were disparate, the lines
of gaze were generally diverged (uncrossed) relative to the text (93% of fixations),..., but occa-
sionally converged (crossed) (7% of fixations).” using a monocular calibration. Later study
by Kirkby et al. 149 replicated the finding that - after monocular calibration - the majority of
fixations are uncrossed, both with the EyeLink and the DPI.

Our results using the collected human data show a significant bias towards observers for
bothmonocular andbinocular calibration, corresponding to crossed fixations in reading, and
we could show that the bias is a result of the geometry of the recording situation and the noise
in the data. This bias must have existed also for the studies by Liversedge et al. 174 and Kirkby
et al. 149 , so it is surprising that they found crossing result in the opposite direction of the bias.

Švede et al. 250 argued thatmonocular calibration is the only physiologically correct form in
the sense that it preserves the difference in gaze direction between the two eyes. It could be the
case that the average gaze differences between left and right eye after monocular calibration
are so large that they consume the whole bias and nevertheless can remain uncrossed.

Despite the fact that the bias in the estimated gaze positions in binocular viewing is smaller
than the bias inmonocular viewing condition, the ratio in depth between target position and
the estimated mean vergence point is around 1.2.

3.5.2 Eye Dominance, Interpupillary Distance and Fixation Disparity

The collected human data show a large variance among individual observers, especially the
fixation distributions of left eye in monocular viewing condition tend to differ from each
other. However, neither eye dominance nor acuity leads to significantly different noise dis-
tribution and where participants look also does not seem to matter. Nevertheless we should
be aware that eye dominance information is based on observer’s self-report. Moreover, the
eye dominance is determined by the so-called sighting eye dominance test. A recent study 56

brought up the question whether only one type of eye dominance exists and their results
indicate disagreements among different eye dominance test methods, especially the differ-
ence between sighting eye dominance test and binocular rivalry based test. Even though our
experiment does not involve any interocular conflict, the actual dominant eye during the ex-
periment might still be different from the measured one, which might further explain the
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observed no-impact findings.
It is not clear so far how fixation disparity may contribute to our observations. Liversedge

et al. 174 reported that fixation disparity decreased over time during reading, and it is tightly
linked to vergence eye movements 124,229,249 as well as binocular vision 123. Additionally, vision
training may improve stereo perception and eliminate fixation disparity49. We neither per-
formed any fixation disparity test nor measured the binocular version in our study, although
how to accurately measure fixation disparity seems to be an on-going effort 52. Future studies
should include measurements such as the near point of convergence, positive and negative
fusional range, dissociated phoria at near and far, stereopsis and amplitude of accommoda-
tion. It would also be interesting to test whether there exists a correlation between fixation
disparity and the bias in individual’s dataset.

3.5.3 Limitations of Our Study

Independent Gaussian distributions were used for each dimension. It would be interesting
to study the dependency between noise in horizontal and vertical directions and to see how
a multivariate distribution influences the bias.

In our experiment targets were displayed on a flat plane without the need of focus change.
But noise distribution might be different due to the dynamic changes of focus in 3D. For
examplewemight need to take into account the changes of pupil size. How to collect enough
fixation data in 3D while maintaining the same precision is another practical but challenging
problem.

To minimize the bias from the signal noise, we suggest to collect many fixations per cali-
bration target, and then use the mean fixation point to calculate the mapping. Future work
should validate this proposal with real human data. Note that this proposed recipe does not
account for fixation disparity, i.e. the alignment difference between the dominant eye and
the weak eye.

3.5.4 Suggestion for Future Experiments

There seems to be no good reason to prefer one viewing condition to the other in calibra-
tion. In monocular calibration, each individual eye is forced to fixate on targets without the
interference of binocular fusion and eye dominance. However, visual acuity is also limited
in monocular viewing and possibly decreases over distances. Precision of eye movements in
binocular viewing condition seems to be higher.

We believe it is important to be aware that the propagation of noise may lead to a bias in
the estimatedmean vergence point in space. Such bias can easily influence the observed data.
It is also very important for future eye movement studies, especially for vergence studies, to
provide the validation error of calibration not just as a single scalar, but also in the form of a
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spatial distribution (i. e. an error ellipse). It provides a confidence level of the observed data
and puts their interpretation into perspective. There is very little information on this in the
literature. It is not even clear if the error distributionwould be roughly similar for all types of
trackingdevices and experiments, or if the distribution changedwith the type of experimental
task. If so, resulting mean vergence depth would vary with experimental setup.

Moreover, our results suggest that, for researchers using eye-tracking devices, it is good to
think about the procedure, instead of being only concerned about the data after calibration.
Themathematical models behind calibrationmight provide additional information as being
part of the experiment.
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Part II

Comparing Eye Movements on Screen to
Eye Movements in 3D
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I shut my ey and all the world drops dead; I lift my ey and
all born again

Sylvia Plath

4
Measuring Visual Saliency of 3D Printed

Objects

This chapter introduces our first study towards measuring visual saliency of 3D printed ob-
jects, as an effort to validate the assumption that the saliency found in flat stimuli can be
related to a 3D scene. We set up an experiment that examines if visually salient features exist
for genuine 3D stimuli. Using the method described in Chapter 2, we gather fixations on the
presented stimuli. This data is used to validate assumptions regarding visual saliency that so
far have experimentally only been analyzed for flat stimuli. We provide a way to compare
fixation sequences from different subjects as well as a model for generating test sequences of
fixations unrelated to the stimuli. This enables us to provide statistics suggesting that human
observers agree in their fixations for the same object under similar viewing conditions – as
expected based on similar results for flat stimuli. We then validate computational models for
the visual saliency of 3D objects and our results indicate that popularmodels ofmesh saliency
based on center surround patterns fail to predict fixations.

4.1 Introduction

Visual saliency describes the idea that certain features in a visual stimulus stand outmore than
others and aremore likely to attract an observer’s attention. For flat stimuli such as 2D images,
numerous experiments have shown that human observers are more likely to shift their gaze
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to such visually salient features23. A common assumption in the literature is that the saliency
found in flat stimuli can be related to the underlying 3D scene. Although this assumption
might seem intuitive, it has not been validated experimentally.

To evaluate this assumption, we set up an experiment that examines if visually salient fea-
tures exist for genuine 3D stimuli. In this chapter, we describe that experiment and its analysis.
Specifically, we askedwhether different human observers consistently fixate on similar points
on the surface of a given physical object under constant surface reflectance and fixed illumina-
tion. We used 3D printed objects as stimuli and tracked the observers’ gazes while they were
inspecting the objects’ surfaces.

From the pupil position data, we then extracted the fixations during the first few seconds
of the visual inspection. Because we know the object’s geometry, we can relate the observers’
fixations to gaze positions on the objects. Next, we analyzed the fixation data to address two
questions. First, we tested whether human observers show consistency in their fixation pat-
terns for the same object. Such consistency would be expected if visual salient features exist
for physical objects and if these features guide fixation behavior. Second, we tested whether
an algorithmic model of visual saliency, known as mesh saliency, can accurately predict hu-
man fixations.

To test the consistency between different human observers, we propose an analysis in
which the observed fixation patterns on an object are tested against sequences of fixations
that are unrelated to the geometry, yet are psychophysically plausible. These test sequences
were generated from fixation sequences recorded for the same subject but using a different
object. The resulting fixation sequences are realistic because they share the underlying ocu-
lomotor characteristics, but they are unrelated to the geometry of the object for which they
serve as test sequences. To compare the generated and real fixation sequences, we quantified
their similarity by computing the difference in eye-ray space.

Our results show a higher amount of agreement for fixations on the same object between
observers compared with generated test sequences. This indicates the existence of visually
salient features on 3D objects. The result also suggests that gaze directions systematically and
meaningfully vary with the external stimulus, which is a necessary precondition for further
analyses of human viewing behavior for 3D stimuli.

Because the data appears to bemeaningful, we used it to investigate the predictive power of
mesh saliency 167,244,276, which is the onlymodel with a psychophysical experiment supporting
it. Mesh saliency extracts a measure of visual saliency from the local geometry of an object’s
mesh representation, not taking surface scattering and view-dependent phenomena into ac-
count. Themethodhas been validated against human fixations on flat stimuli of synthetically
generated images of objects 146 and against points manually selected by human subjects62. As
pointed out in earlier work 38, the latter definition of feature points should not be mistaken
for visually salient points in the sense of features that would trigger low-level human vision.
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Figure 4.1: Experimental setup. Par cipant viewing one test object (le ). The calibra on rig (right) was used to estab-
lish a mapping between gaze posi on and the object space.

Lastly, to validatemesh saliency using fixation data for genuinely 3D stimuli, we compared
the algorithmic predictions against permutations of the values across the mesh’s vertices. If
mesh saliency was indeed a good predictor of the fixation positions, then it would perform
better than the permutations of itself. Our results show that this is not the case.

We believe that our experiment is an important first test of the assumption that theoretical
concepts of human perception derived from experiments with 2D images also hold for the
perception of 3D objects.

4.2 Experimental Method

For our experiment, we recruited 30 unpaid participants (eight female and 22 male), all of
whom were students. Their ages ranged from 19 to 31 years (median = 25), and all had nor-
mal or corrected-to-normal vision (based on self-reports). Four participants had previously
participated in experiments involving eye tracking.

Stimuli and Apparatus The experiment was conducted in a quiet room. The stimuli
were presented inside a 1 m× 1 m× 1 m box that was placed on a table and covered in white
fabric (see Figure 4.1). The box was evenly illuminated and illumination was kept constant
across all objects and participants.

The participants were seated in front of the box, and their heads were placed on a chin rest
70 cm away from the stimuli. To measure gaze position, participants were equipped with
the monocular eye tracker from Pupil Labs 137. The eye tracker and software were calibrated
to establish the subject-dependent correspondence between the raw gaze data and 3D object
space using a custom procedure, similar to the one described in Chapter 2.
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The 3D objects used in the experiments were 3D printed to ensure we had highly accurate
realizations of their geometries (approximately 0.1 mm) and the input mesh used for print-
ing was readily available digitally. We used a ContexDESIGNmate Cx SLS 3D printer, which
produces homogeneous and highly diffused surfaces. Our experiment included 15 different
objects to cover a range of different stimuli, from abstract to humanoid. Each object was pre-
sented inoneof threepredefined viewingdirections. Orientationswere randomlydistributed
among participants and the different objects and were ensured through a custom-built base
with a dent for each orientation.

Null Hypothesis and Design The goal of our experiment was to study human ob-
servers’ fixation patterns while they were visually exploring 3D objects. In particular, we de-
signed the experiment to test the following hypothesis, stated as null hypothesis:

Fixations on a 3D object are distributed randomly across the object’s surface.

Experimentally, the hypothesis claims that observers produce their own idiosyncratic fix-
ation patterns. A similar null hypothesis for visual saliency 117,150 has been repeatedly refuted
when imag were used as stimuli 23. Not being able to refute this hypothesis for objectswould
be worrisome and would seriously call into question the validity of images as experimental
stimuli 152.

Task The participants were instructed to look at and visually explore each object. The
objects were grouped into blocks consisting of the successive presentation of three different
objects. After each block, participants were asked one question about one of the objects. An
examplemock question is “Was the dragon’smouth open?”We introduced this task to reduce
the variability in the viewing patterns between observers, who might otherwise invent their
own tasks 107 Ch. 3.2.3.

On average, the participants answered 79 percent of the questions correctly, with a stan-
dard deviation (SD) of 18 percent. Participants respondedwith “I amnot sure” in nine out of
150 questions. We did not observe any systematic inability to answer questions for individual
participants.

Procedure At the beginning of the experiment, each observer completed a demographic
questionnaire. Thereafter, participantswere introduced to the experimental setup and equipped
with the eye tracker. The experimenter explained the calibration routine and the sequence of
events during the experiment, which was as follows.

The objects were presented one at a time for a duration of approximately five seconds in
blocks of three objects, with short breaks between subsequent blocks. Each participant com-
pleted five blocks, resulting in the presentation of 15 objects per participant.
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Prior to each block, we calibrated the experimental setup. The calibration procedure con-
sisted of two subsequent sequences of looking at the calibration targets (see Figure 4.1, right)
with the first one being the actual calibration and the second one a verification. If the error
exceeded a threshold of 1.5 degrees, the calibration was deemed too inaccurate and was re-
peated. To prevent participants from seeing the objects prior to data collection, we blocked
their view with a movable screen after the calibration and in between the presentations.

The objectswere presented in randomorder. Each observerwas presentedwith each object
only once to avoid potentially confounding effects of habituation or boredom for repeated
presentations of the same object. We familiarized participants with the procedure by having
them complete a brief training session with one sample object (a teapot) prior to the first
block.

Gaze position was recorded for the first few seconds after the onset of the stimulus. The
exact time is a parameter in the data-processing pipeline.

Data Collection and Representation We collected both video data from the eye
tracker’s scene camera (30 fps) and gaze data (120fps). The raw gaze data is in the form of esti-
mated pupil center positions in the pupil camera’s coordinate system at discrete time values.

Eye camera
World camera

3D printed 
stimulus

70cm

In this chapter, we refer to data according to the fol-
lowing scheme. Superscripts starting with a lowercase i
indicate the object, and subscripts starting with n indi-
cate the subject. This conforms to a top view of the ex-
perimental setup,with theobserver beingon thebottom
of the image and the object on the top (see Figure above).
Hence, pupil data for object i collected from subject n at
time sample tk is gi

n(tk) : N 7→ R2.

4.3 From Pupil Positions to 3D Gaze Loca-
tions

Our procedure that relates measured pupil positions to
3D gaze locations on an object relies on an eye tracker
with a world and eye camera, as already described, and a
fiducial marker in a fixed relative position to the object
(see Figure 4.1). We analyzed measured pupil positions
in the eye camera image and extracted fixations as posi-
tions that remainwithin a fixed radius ρ for a sufficiently
long period of time τ (the minimum fixation duration). The fiducial marker’s image in the
eye tracker’s world camera is used to determine the mapping from the object space to the
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Figure 4.2: Fixa on classifica on for two values of ρ. Red dots indicate classified fixa ons, and green dots show raw
data points. On the le a good clustering of fixa ons is obtained for ρ = 0.5◦ degrees, whereas ρ = 1.0◦ results in
merged groups that visually do not belong together shown on the right. The data here is a subset of fixa ons on one
object from one par cipant.

world camera coordinate system. Themapping parameters from the world to the eye camera
coordinates are determined in the calibration phase. Together with the known geometry, this
setup lets us determine highly accurate gaze positions on the object.

Here, we provide an overview of the mapping from measured pupil positions to gaze lo-
cations on an object. For a detailed discussion, see Chapter 2.

From Pupil Positions to Fixations Using this parameter setting resulted in an aver-
age fixation duration of 315 ms (SD = 41 ms) for t = 100 ms and 346 ms (SD = 41 ms) for
t = 150 ms. Additionally, we chose t = 1.5 seconds. On average, these parameter settings
result in 3.75 fixations (SD = 0.31) per object and participant.

To determine a fixation position f in ∈ R2 for object i and subject n in the eye camera image,
we consider a sequence of measured pupil positions gi

n(tk) : N 7→ R2 at consecutive sam-
pling times. If gi

n(tk) remain in a small region of radius ρ for a duration of at least τmillisec-
onds, then these are considered a fixation f in at the mean location of the gi

n(tk). We consider
only the first t seconds after stimuli onset for fixations because we are interested in sponta-
neous visual reactions. Together, the parameters ρ, τ and t hence control the mapping from
measured pupil positions gi

n(t) to fixations f in. For our analysis, we chose ρ = 0.5◦, which
gave us a good balance between fixation length and data stability (illustrated in Figure 4.2).
Using this parameter setting resulted in an average fixation duration of 315 ms (SD = 41 ms)
for τ = 100 ms and 346 ms (SD = 41 ms) for τ = 150 ms. Additionally, we chose t = 1.5
seconds. On average, these parameter settings result in 3.75 fixations (SD = 0.31) per object
and participant.
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From Fixations to 3D Gaze Positions We employ the fiducial marker’s image in the
world camera and its known relative position to the object to estimate the position tin and
orientationRi

n of object i relative to subject n. This provides amapping frompointsxi ∈ R3

in object space to pointswi
n ∈ R3 in the world camera co- ordinate system of subject n:

wi
n = Ri

nxi + tin. (4.1)

To relate a fixation f in to the corresponding gaze location on object i, we use the inverse of
themapping from 3Dpointswn ∈ R3 in theworld camera coordinates to 2Dpupil positions
pn in the eye camera image. This mapping is independent of the object because the world
camera coordinate system serves as a reference, with the object dependence being described
by equation (4.1). The mapping is projective and in homogeneous coordinates and hence is
given by

s
(

pn
1

)
= Qn

(
wn
1

)
, Qn ∈ R3×4, (4.2)

where s is a scaling factor. We determine Qn from a set of correspondences {pi,wi} ob-
tained during calibration, where subjects are asked to fixate on fiducial markers on a custom
build 3D rig (see Figure 4.1). BecauseQn is a projective transformation, it can be factored into
an intrinsic cameramatrixAQ

n and a rigid transformationTQ
n = (R

Q
n , t

Q
n ) ∈ R3×4 consisting

of a rotation R
Q
n and a translation t

Q
n . This allows us to associate with each fixation f in a ray

rin in world camera space whose direction is defined by

f in = AQ
nR

Q
nr

i
n. (4.3)

The ray origin on is tQn , and the depth along it is indeterminate becauseAQ
n is a projection.

Pupil positions have limited accuracy for determining viewing direction 107 and eye tracking
introduces additional measurement errors, so each fixation is in fact associated with a cone of
possible gaze positions. The opening angle can be determined experimentally269, and wewill
denote it by c.

To find a subject’s gaze location vi
n on object i for a fixation f in, we determine the vertex va

of the object’s mesh representationMwhose mapping

p̂a = Qn
(
Ri

nva + tin
)

(4.4)
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to pupil coordinates is closest to the fixation f in. For this, we first consider the set

Γc(f
i
n) =

{
va ∈M

∣∣∣∣∣ (f̂ in)
TM

Q
n p̂a

((f̂ in)
TM

Q
n f̂ in)

1/2(p̂T
aM

Q
n p̂a)1/2

> cos c
}

of all vertices va in the cone with the opening angle c, where f̂ in = (f in, 1) is the fixation in
homogeneous coordinates. The sought-after gaze location vi

n corresponding to fixation f in is
then the vertex in Γc(f

i
n) closest to the eye, which is given byMQ

n = (A
Q
nA

Q
n )−1 (see Chapter 2

for a derivation).

4.4 Analysis

We tested the processed data against the null hypothesis (fixations are randomly distributed)
in three steps: First, we defined a measure of agreement between two fixation sequences on
the sameobject. Second,we generated test fixation sequences that are unrelated to aparticular
object in the experiment. And third, we test whether there is more agreement between real
fixations than between real and test fixations.

Comparing Fixation Sequencesonthe SameObject Our analysis is based on fixa-
tion sequences. A fixation sequence vin is given as a set of vertex indices of themesh represent-
ing object i. With vin, vim being two such sets, we want to measure the amount of agreement
between the two sequences. We denote this similarity as s(vin, vim).

It is generally difficult to measure the distance of geometric sets. We therefore accept that
the measure is asymmetric–that is, in general s(vin, vim) ̸= s(vim, vin). Now, recall that the ver-
tices that are computed from measured data are known to be inaccurate. This means that
the computed vertices are unlikely to be exactly identical for identical fixations, and small dis-
tances between two fixations in either image space or on the object’s surface are unlikely to be
meaningful. Consequently, it is most meaningful to consider two fixations identical when
they are closer than some threshold.

This threshold is well defined in terms of angular deviation between eye rays, which we
have experimentally determined to be 0.8◦ on average. Therefore, we will relate two vertices
to the angle between the rays from the eye to each of the vertices.

The rays from eye to vertex depend on the eye’s position relative to the object coordinate
system, and different subjects have different eye positions. Fortunately, given the geometry of
our setup, a slight change in eye position has only a negligible effect on the angle between two
eye rays. This is because the distance between eye and object is much larger than the distance
between the two vertices on the object (at least for vertices potentially considered as the same
fixation). We exploit this observation and measure the angle between eye rays from one of
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the two eye positions connected to the two data sets. With on as the center of rays for subject
n, we can generate the eye ray for any point x in world coordinates based on the eye center as

rn(x) =
on − x

∥on − x∥
. (4.5)

To compare two vertices in the sequences vin, vim, we consider the rays from the eye of sub-
ject n for a vertex v ∈ vin in the fixation sequence for object i as well as a vertexw ∈ vim in the
fixation sequence of subjectm, whose eye center is different.

The cosine of the angle between the view rays is

rj(v)
Trj(w). (4.6)

For vertices with associated eye rays that differ by an angle smaller than the defined threshold
δ, we consider the corresponding fixations identical.

Becausewe used a free viewing paradigm,we do not assume fixations to occur in an orderly
sequence. We therefore compare each fixation in sequence vin to all fixations in sequence vim
within the same time window τ regardless of their actual temporal position in their own
sequence.

Our similarity measure is therefore

s(vin, vim) =
∑∣∣{v ∈ vin,w ∈ vim

∣∣ rj(v)Tri(w) > cos(δ)
}∣∣ . (4.7)

As with other parameters, we varied δ to verify the stability of our result with respect to
the particular choicemade. Unless otherwisementioned, we use δ = 1◦. We generally suggest
to choose δ to be slightly larger than the measured angular deviation (δ = 0.8◦ in our case).
The number of fixationsmight vary with changes in δ, but for the similaritymeasure, the test
and real sequences must have the same number of fixations. Each sequence pair is compared
twice in both directions due to the measurement asymmetry.

Generation of Test Sequences To analyze viewing behaviour, we compare the fix-
ation sequence f in from subject n for object i against a mock fixation sequence. The mock
fixation sequences are generated by projecting the observed sequence f in onto another object
j. We denote vi→j

n the test sequence for object j generated by intersecting the eye rays computed
from the fixation sequences fjn with object j.

When projecting onto the true object, we ignore fixations that have no intersection with
the object. This provides us with a set of fixated vertices that is unrelated to the visual stimu-
lus created by j (assuming that objects i and j are sufficiently different from each other). The
mock sequences exhibit all properties of fixation sequences that arise from normal oculomo-
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Figure 4.3: Sample fixa ons for par cipants n = 8 andm = 13. The right image shows a sequence generated by
taking a fixa on sequence gathered while a different object j was presented to subjectm and projec ng this data on
the current object i.

tor functioning, such as characteristic dwell times and velocities, and hence are more realistic
than randomly generated sequences. In particular, because the physiological processes un-
derlying the generation of eye movements are not well understood, it would be difficult to
generate fair random sequences.

Agreement of Fixations for the Same Visual Stimulus To test whether differ-
ent human observers tend to generate similar fixations for the same visual stimulus, we com-
pare the fixation sequences of two observers n andm for a fixed object i. Specifically, we ask
whether the real sequence vin is more similar to the real sequence vim or to a test sequence vj→i

m
generated for observerm from an object j ̸= i. This is illustrated in Figure 4.3, where the real
sequence of subject n is compared to the real and test sequences of subjectm.

The comparisonwas insensitive to the number of fixations becauseweusedonly sequences
vj→i
m that had the same number of fixations as the real sequence vim. Summarizing, a single trial

evaluates

sgn(s(vin, vim)− s(vin, vj→i
m )), s.t. |vim| = |vj→i

m |. (4.8)

Note that this expressionmay evaluate to zero because ties are possible. According to the null
hypothesis, there should be no difference between the test and real data, implying that there
is no preference for the sign value in the trial.

In the experiment, each participant viewed each of the 15 objects only once. This results in
90 = P10

2 trials per object (all pairwise permutations because the comparisons are asymmet-
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Figure 4.4: Results of the trials between the measured data from one subject and measured or generated data for
subjectm (over all par cipants). The green bars represent the trials in which measured data agreed more with mea-
sured data, the red bars show higher agreement between measured data and test data, and gray represents es.
For all but three objects, we find very significant agreement across subjects for nearly iden cal s muli. For nearly
featureless objects, the results are less significant or inconclusive.

ric). For each trial, we randomly selected a test sequence that satisfied the condition that the
number of fixations is equal. Discounting the ties, we compared all remaining trial results to
a cumulated binomial distribution to estimate the chance probability of that result.

We deliberately designed our similarity measure so that repeated fixations would result
in a higher score. One reason for this is that repeated fixations of the same position might
indicate a higher visual saliency of that object part. It is also possible that, because of our
accuracy limits, two close features might not be properly resolved. In other words, spatially
close features can result in the same measurement. We therefore repeated the experiment for
all objects varying the parameters ρ, τ, t, and δ. In general, the results are stable with respect
to these parameters. Figure 4.4 illustrates the resulting p values.

For most of the objects, fixation patterns agree between observers. This is in particular
the case for the more complex shapes with distinctive features. Only a few cases were less
conclusive. We suspect that smoother or simpler shapes have fewer features that stand out
so that fixations might be attracted by the occluding contours of the objects, and thus the
agreement between observers drops to chance levels.

4.5 Validating Computational Saliency Models

Our results indicate that the fixations we gathered in our experiment agree across subjects for
similar stimuli. This means that the data is suitable for testing the validity of computational
models of saliency.
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The main tool we suggest for such an analysis is permutation of the values generated by
the computational model. If a computational model has predictive power for fixations on
the object it will provide significantly higher saliency values for our data than its own permu-
tations. Permutation tests are generally considered as strong tests for significance 170, and they
directly yield p values as the normalized rank of the original data relative to the permutations.

Unbiased Permutations of Saliency Values Computational saliency models pro-
vide, in one way or another, a scalar value for each point on an object’s surface that describes
the point’s visual saliency. Our goal is to provide another scalar function over the surface such
that the expected value for a sample drawn under the same conditions, as in the experiment,
is unchanged. There seem to be (at least) two possible assumptions on how mesh saliency
values are sampled:

• Samples are drawn uniformly from the surface. This assumption reflects that saliency
models are object-based, and permutations could be interpreted as alternative view-
independent, global, object-based saliency models (such as mesh saliency 167).

• Samples are drawn uniformly from the visible part of the surface. This assumption
reflects that fixations are based on a single view (that is, the probability of fixating on
vertices on the backside of the object is zero).

We derive unbiased permutations for these two assumptions.
We assume here that the object is represented by a triangle meshM = (V, T ) ⊂ R3.

Quantities defined on a mesh are commonly given for each vertex or for each triangle. Al-
though often not explicitly specified, these values can be extended to every point on the sur-
face using basis functions bl(z), z ∈ M, where l is the index of the mesh element–that is,
a vertex or a triangle. To make this concrete, consider values given in vertices, which are lin-
early interpolated over triangles (more complex basis functions are possible and canbe treated
similarly).

The basis functions, togetherwith the saliency values sl per vertex l, define the saliency over
the piecewise linear surface as

s(z) =
∑

l
slbl(z), z ∈M. (4.9)

The expected value for a sample drawn uniformly from the surfaceM is then

EM =

∫
M

∑
l
slbl(z) dz =

∑
l
sl
∫
M

bl(z) dz. (4.10)
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To compute the expectation in the projection, we need the surface normals n(z), the eye
ray r(z) (see (4.5)), and the binary information v(z) ∈ {0, 1} on whether the surface point
z is visible. Then we can adjust (4.10) for projection and visibility and get

EP(z) =
∑

l
sl
∫
M

n(z)Tr(z) v(z)bl(z) dz. (4.11)

To make this concrete for linear interpolation, consider the area vector to vertex l:

al =
1
2

∑
(l,l′,l′′)∈T

(vl − vl′)× (vl − vl′′) (4.12)

encoding both vertex normal and associated area6. The area vector lets us succinctly write the
integrals in these expectations for the case of piecewise linear basis functions. We have

Bl =

∫
M

bl(z) dz =
1
3
∥al∥ (4.13)

and we approximate the case for projections under the assumption that directional variation
of the ray from the origin to the surface is small for a single triangle (and considering only
visible vertices) as

Bl =

∫
M

n(z)Tr(z) bl(z) dz =
1
3
aT
l r(vl). (4.14)

Note how equation (4.13) and equation (4.14) differ only in the projection of the area vec-
tor.

We can easily keep the expected saliency value constant by taking permutations of the ex-
pected values {slBl} for the individual elements. Let {π[l]} be a permutation of mesh ele-
ments. Then we assign permuted saliency values as

s′l = sΠ[l]
BΠ[l]

Bl
. (4.15)

Testing Mesh Saliency We compute mesh saliency values following the original ap-
proach of ChangHa Lee and his colleagues 167 and obtain saliency values over the entire mesh
using piecewise linear basis functions. Given a set of fixations vij, we need to compute a
saliency score. Although it is clear that we want to sum over the contributions v ∈ vin of
individual fixations, there is no single correct way for considering each fixation 146.

We opt for simply taking the saliency values s(v) and summing them up over the set of
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low saliency value high saliency value

Saliency based on fixations

Computed mesh saliency

Figure 4.5: Mesh saliency test. We compared the heat maps generated from the collected fixa on data (top) to the
computed mesh saliency values (bo om) on a representa ve set of objects used in the experiment.

fixations vin. The reason is that the permutations we compute should yield the same expected
value for point-wise sampl , yet not necessarily for other means of collecting values. In par-
ticular, integrating over a small area on the surface (such as within a cone related to the mea-
surement error) has different characteristics for mesh saliency compared to its permutations:
mesh saliency provides smoothly varying values (see Figure 4.5, bottom), so all saliency values
are rather similar, while the permutations generate high-frequency noise. Area integrals for
the permutations tend to be the same everywhere, whereas area integrals for the true mesh
saliency do depend on the fixation. This would introduce bias.

Based on summing up the saliency values of the closest vertices for all fixation sequences
on an object, we calculate the score for mesh saliency values and 100, 000 of its permuta-
tions. The rank of the mesh saliency score among all of its permutations yields the p value.
We perform this experiment for permutations adjusted to the object’s surface as well as its
projections.

As a sanity check, we created heatmaps from the fixation data (see Figure 4.5, top) and veri-
fied that they perform significantly better than their permutations. The results of this test for
mesh saliency show that it generally fails to outperform its own permutations in a statistically
significant way. As an example, Figure 4.6 shows the result for our preferred value for disper-
sion ρ = 0.5◦ and permutations adjusted for area. We considered objects in different viewing
directions individually. Permutations adjusted for the visible projected area lead to compa-
rable results, but they contained higher variations because of the large influence of the small
projected area of fixations close to occluding contours. Results from using permutations of
mesh saliency on the whole object yielded similar results.
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4.6 Discussion

The process of gathering fixations on 3D objects is more complex than for flat stimuli. We
believe that the (expected) result of agreement between subjects for the fixations for most
objects indicates that our experimental setup is meaningful and avoids excessive noise.

The data is already useful in its current form, but we believe that varying experimental
conditions further is important to learning about the invariant properties of visual saliency.
In particular, our future work will look into varying the illumination conditions and the
material properties of the stimuli. Whether fixations would still agree across such changes is
still an open question.

From this perspective, one might expect that similar parameters are varied in the gener-
ation of flat stimuli based on rendering. Compared with 3D printing or setting up lights
physically, it appears more convenient to change material properties or lights in rendering.
Yet, to our knowledge, this is not usually done. We suspect that such parameters might also
affect the results of on-screen eye tracking experiments. Such differences in the choice of the
experimental setupmight explain why our results differ from those of previous research with
respect to the predictive power of mesh saliency 146.

Quite generally, we believe that predicting visual saliency independent of viewing con-
ditions will be ill-posed; we probably need at least the orientation of the object toward the
observer. These considerations are themain reasonwhywe resisted the temptation to simply
fit a saliency model to our data.
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5
Tracking the Gaze on Objects in 3D: How

do People Really Look at the Bunny?

The previous chapter shows results that suggest the existence of salient features on genuine
3D objects and provides evidence that traditional geometry-based computational methods
fail to capture where people look at on 3D objects. But the study is limited to a single viewing
direction. In this chapter we aim to study the influence of viewing directions on eye move-
ments. We collect the first large dataset of human fixations on physical 3D objects presented
in varying viewing conditions and made of different materials. Our experimental setup is
carefully designed to allow for accurate calibration and measurement. We estimate a map-
ping from the pair of pupil positions to 3D coordinates in space and register the presented
shapewith the eye tracking setup. Bymodeling the fixated positions on 3D shapes as a proba-
bility distribution, we analyse the similarities among different conditions. The resulting data
indicates that salient features depend on the viewing direction. Stable features across differ-
ent viewing directions seem to be connected to semantically meaningful parts. We also show
that it is possible to estimate the gaze density maps from view dependent data. The dataset
provides the necessary ground truth data for computational models of human perception in
3D.
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Figure 5.1: Schema c of the experimental setup. Shapes are placed approximated 100 mm below the eyes.

5.1 Introduction

A large part of geometry processing in computer graphics is based on perceptually-based met-
rics 166 and visually salient shape featur 167,244. Salient features are usually defined as objects or
regions that draw attention of human observers. Interestingly, most approaches are based en-
tirely on geometric or information theoretic measures. Those that are based on experiments
almost exclusively use renderings of the shapes presented on a screen for evaluation 27,63,70,146.
We find that data derived from human observers inspecting physical manifestations of 3D
shapes would provide a firmer ground for computational models of human perception. In
this chapter we present an experimental setup for this task and gather data from over 70 par-
ticipants on 16 shapes presented in 14 conditions.

The original notion of salient visual features derives from eye tracking experiments using
images presented on a screen as visual stimuli. Themain idea is that humans tend to attend to
themost important parts of a scene first. Computationalmodels of saliency 117 were developed
only after some consensus had been reached on the local image characteristics that seemed to
evoke attention.

Presenting the stimulus on a screen leads to a simple experimental setup. It has been ar-
gued 154 that only the visual percept on the retina matters, so restricting stimuli to images
might suffice to learn about saliency of features. This point of view is questioned more and
more96,115,253. If 3D shapes are restricted to virtual environments, such as being only presented
on screens, then screen-based experiments naturally provide the necessary insight. While it
may be true that computer graphics researchers rather deal with teapots and bunnies on-
screen, 3D computer graphics and, more specifically, geometry processing derive their im-
portance from the fact 3D shapes describe the “real world”. The recent trend of direct digi-
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tal manufacturing (aka. 3D printing) should remind us that a purely virtual existence of 3D
shapes is the exception rather than the rule. It also provides an ample number of reasons for
basing visual saliency on experiments with real 3D data.

Collecting points on real 3D shapes from human viewing behavior is significantlymore in-
volved than experiments using a screen for presentation. The experiments we are aware of 270
are limited in the variation of viewing conditions. We believe an important question is if low-
level geometric saliency exists at all. This would mean that a region on a shape is attended to
across different human observers, different surface reflection properties and different viewing
directions. For this reason we have put effort into varying viewing directions (7 directions 15◦
degrees apart) and material (diffuse powder and comparatively glossy plastic) for a number
of different shapes (see Section 5.2 for details). Illumination is restricted to one diffuse light
source at a fixed location. The datawill be generally useful to evaluate existing computational
models for geometric saliency 167,241,244,251 and, if possible, directly generate such models from
the data similar to recent approaches for images 125,156,157.

Eye tracking on 3D requires establishing a mapping between the pupil positions and posi-
tions on the shape. We do this using a setup (see Figure 5.1) that allows estimating a mapping
from pairs of pupil positions to points in 3D and then intersecting registered 3D shapes in
this environment. The mapping allows us to create gaze density maps, a probability repre-
sentation of eye tracking data over the surfaces of the shapes for further analysis.

Data collected in this setup from over 70 human observers seems to suggest that salient
features depend on the viewing direction, but not on the two different materials we used.
Visual inspection of regions that are fixated in all viewing directions appear to be connected
to semantically meaningful parts. These observations indicate that visual saliency is diffi-
cult to predict from geometric features alone. Based on these observations we build a small
convolutional network that is able to predict the gaze density maps generated from our ex-
periments for a given shape. Consistent with our experimental findings, it fails to generalize
across shapes, yet is still better in predicting saliency than geometric approaches such as mesh
saliency 167.

In summary, we make the following contributions:

• We develop a setup for eye tracking experiments on real 3D shapes, including an ac-
curate registration, calibration procedure and automatic mapping from binocular eye
tracking data to the surface of 3D shapes.

• We provide the first large data set with fixations on 3D shapes. The data set will be
useful for assessing perceptual metrics and saliency measures.

• We develop a novel method to analyze distributions of fixations on 3D shapes.

• We show that stability of features depends on distance in viewing angle.
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• We develop a machine learning approach that allows predicting human visual saliency
on objects based on view-dependent geometry information.

5.2 Design and Setup of the Experiment

Our experiment follows the establishedprotocol of eye tracking experiments for detect salient
regions in image stimuli 21,131: in a first step, calibration targets with known positions are pre-
sented to the observer, allowing to establish a mapping from pupil positions to the coordi-
nate space of the calibration targets. Then, stimuli are presented for a short amount of time
in the same coordinate frame and observer’s eye movements are recorded. Fixations are de-
tected from eyemovement sequences and can bemapped to the stimulus for further analysis.
The fixations shortly after the onset of the stimulus are indicative of salient regions in visual
scenes.

The main idea of our experiment is to present physical 3D shapes as stimuli. Besides care-
fully adapting the standard setup, this comeswith a few challenges, such as accurately aligning
the coordinate spaces of the calibration targets and shapes as well as presenting the shapes at
once. Moreover, the experiment should reflect our main question, namely if geometric fea-
tures of the shape may be salient, i. e., attract attention regardless of viewing conditions.

Setup For eye tracking, we use an EyeLink 1000 table top device, which is routinely used in
a variety of eye tracking experiments. The eye tracker consists of a camera and an integrated
IR illumination (as shown in Figure 5.2). The camera and the light source need to have free
view on the eyes, with the angle to the line of sight being limited. As eye tracking has lim-
ited angular accuracy, the spatial accuracy decreases with the distance to the observer. This
motivates us to bring the shape in the experiment close to the observer such that the error in
relating the gaze to the shape is small, while still keeping the eye tracker in its working range
with distinct corneal reflections.

We accomplish the requirements of the eye tracking device and our goal to place the shape
close to the observer by placing the shapes onto a fixture that allows placing the eye tracker
under it (see Figure 5.2). The fixture is placed with its front edge at a distance of 320 mm to
the observer, allowing the presentation of objects at an average distance of about 430mm (see
Figure 5.1 for a schematic illustration of related distances). The fixture is made of aluminum.
The base is a block with dimensions 300mm × 300mm × 12mm. It is mounted onto four
cylindrical legs with a diameter of 20 mm, which fit into sockets permanently mounted to
the table. There are two copies of the fixture. One base plate contains a raster of 9× 9 screw
mounts with grid constant 40 mm. The screw mounts serve to hold the legs as well as 20
tubes with calibration targets as shown in Figure 5.2. The other base plate only has the four
cornermounts for the legs and 4 holes to hold a connector for the base of the shapes as shown
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Switchable visor
Calibration rig

Eye tracker

Head support

Figure 5.2: Calibra on setup. EyeLink 1000 is used to track the eye movements and a chin-forehead rest is used for
stabiliza on. Coordinates space of the calibra on targets and shapes are aligned with sockets permanently mounted
on the table. A switchable visor is used to control the on-site of s muli. A custom-built calibra on rig is used with 20
LEDs mounted as calibra on targets.

in Figure 5.4. Machining precision for these parts is reportedly on the order of 2/10mm. This
allowspresenting the shapes in a coordinate frame that is verywell alignedwith the coordinate
frame of the calibration targets.

The calibration targets are LEDs. Each LED is mounted onto the top of an aluminum
tube, wired through the tube and the screw hole. The tubes have different lengths and the
LEDs cover a volume of 150mm3 (consistent with the size of the shapes, see below). LEDs are
arranged in space as evenly as possible while not being occluded. They are controlled by an
Arduino board, so that the active time of each of the LEDs can be recorded and aligned with
the data from the eye tracker. While the accuracy of the positions of the tubes on the base
plate is high, the exact heights of the LEDs relative to the top of the tubes vary slightly, and
the angular deviation of the screwmounts potentially translates into significant displacement
at the top of the tube. To compensate for this, we measure the positions of the LEDs using a
recent structure frommotion tool 238. We took 10 photographs with constant camera param-
eters of the calibration rig while all LEDs are illuminated. In each image, we identify the four
corners of the base plate by fitting lines to the edges of the base and intersecting them. The
front left corner serves as the origin of the coordinate system. We fit a quadratic function to
the smoothly varying brightness of the LEDs in the photographs. This yields the LED cen-
ters with sub-pixel accuracy. The resulting reconstruction has a reported average accuracy of
0.6 mm in the positions of the LEDs. The reconstructed positions are consistent with the
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Figure 5.3: The whole s muli set of 16 shapes printed in sandstone.

design of the fixture.
The whole setup is enclosed by a box with diffuse white walls to avoid presenting visually

interesting features apart from the stimulus. The front side of the box is open, leaving space
for a head and chin rest.

Selectionof Stimuli It is well known that both low-level features, such as contrast and
edges, and high-level features, such as faces, consistently attract visual attention 81,98,253. In
order to best investigate how low-level features generated by the geometry of a region and
high-level features embedded in the shapes contribute to the visual saliency, we try to select
a set of models that represent a broad generalization. We include shapes with both smooth
surface and sharp corners. Symmetrical shapes, including those with repetitive geometric fea-
tures, are also selected, although we suspect that repetitive features could make it difficult to
find a consistency among observers. Even if such features draw attention, the number of fixa-
tions on each of them could still be small. Inspired by 164, we also include man-made artifacts
(e. g., teapot and spanner), which might have task-related affordances (e. g., grabbing) that
attract attention. Shapes with discernible semantic features like the BUNNY-object are also
included in the set to have a generalized representation. Based on these principles, we selected
16 shapes (shown in Figure 5.3). The number 16 is a compromise between providing enough
variation and the duration required for each experiment session.

Using direct digital manufacturing for creating the physical stimulus has several important
advantages (cf. Wang et al. 269,270):

1. Because we start from the digital version and manufacturing devices are reported to
have high geometric accuracy, the geometry of the physical artifact is known.

2. Digital modeling allows us to add geometry to the bottom of the shape, enabling a
connection to the experimental setup in a controllable way.

3. The material is homogeneous.
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Object base

Socket

Figure 5.4: During viewing, 3D printed s muli are placed in front on a fixture, which is mounted into the sockets on
the table. The coordinate frame of shapes is aligned with the calibrated space by moun ng the two iden cal fixtures
in the sockets that are permanently mounted onto the table.

The only potential problems result from some manufacturing techniques being limited in
terms of the minimal thickness of parts in the shape as well as the largest dimensions because
of limited build volume. The size of the shapes results from covering a large visual angle
without being uncomfortable for humans to inspect the object while not moving their head.
Other experiments suggest that an acceptable visual angle is 20◦, resulting in an average size
of 150 mm along the largest dimension. This size is still compatible with mass-market 3D
printing.

For evaluating constancy of features against change inmaterial, we choose tomanufacture
each shape in twomaterials, using two different manufacturing devices. One set is generated
using the Stratasys Uprint SE Plus fused depositionmodeling device available in our lab with
ABS* as filament, resulting in a slightly shiny and smooth appearance. Another set is manu-
factured commercially using 3D ink-based printing with a diffuse material†. Figure 5.5 shows
a visual comparison of the BUNNY-object printed in two materials.

To test the variation in viewing behavior, we present each shape in several orientations.
For each shape we decide on an up-direction. The different orientations result from rotating
around the up-axis. Rotation by very large angles would lead to occlusion or disocclusion of
features. We feel a total range of 90◦ is sufficient. One may expect that for very small angles

*ABSplus P430XL
†We printed at Shapeways using sandstone.
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Figure 5.5: Experimental condi ons of one s mulus. Each shape is printed in two materials and presented in 7 view-
ing direc ons. Here we see an example of the Stanford BUNNY printed in ABS shown in the first row. The second
row shows the shape printed in sandstone. From le to right we see all seven viewing direc ons presented in the
experiment.

of rotation, the resulting visual stimulus in the experiment hardly changes, so this would add
little information. We split the 90◦ into steps of 15◦ (see Figure 5.5 for example). To facilitate
an accurate presentation at different angles, we add a flat 24-gon to the base of the shape.
Adding this 24-gon to the shape before manufacturing has the advantage that the angle of
the vertices of the polygon relative to the geometry is well-defined.

The set of 7 orientations together with the two different materials leads to 14 different
experimental conditions for each of the 16 shapes.

Presentation We believe a lighting situation that is common for humans leads to the
most meaningful results. Consequently, a single light source is placed above and slightly to
the left (see illustration in Figure 5.4) of the shapes. This leads to different surface scatter-
ing properties of shapes printed in ABS comparing to shapes printed in sandstone. We
use a luminance meter to measure the amount of light reflected from the surface and for
shapes printed in ABS (acrylonitrile butadiene styrene) it is 74 cd/m2 and for shapes printed
in sandstone it is 42 cd/m2. In futurework, itwouldbe interesting to includemore lighting
conditions by varying the number of light sources, directions and intensities. Determining a
good set of conditions to study variations for human perception is an interesting question.

It is important that each visual stimulus is presented at once. The underlying idea of ana-
lyzing saliency by eye tracking is that an unknown stimulus is explored, and the first millisec-
onds after the stimulus became present are indicative for the most important features. This
can only be achieved by blocking the observers viewwhile setting up the shape on the fixture.
Wewish to avoid anymoving objects in front of the observer, as moving objects tend to draw
attention. Wewould also like to avoid any evasivemotionof the observer’s head,whichwould
invalidate the calibration. For this reasonswemount a sheet of polymer-dispersed liquid crys-
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Figure 5.6: View of an observer during s muli presenta on. An occluded view when the switchable diffuser is
opaque is shown in the bo om corner.

tal (PDLC) switchable diffuser on the chin-forehead rest and the diffuser is controlled by an
Arduino circuit. In its transparent condition, PDLC switchable diffuser is reported to have
90% transmission. In opaque state, the material exhibits approximately 80% haze (i. e. scat-
ters incoming visible light), making it virtually impossible for participants to see through 173.
Arduino control allows us to record the time of the onset of the stimulus and to synchronize
with the recorded eye positions. Figure 5.6 shows the view of an observer when the BUNNY-
object is presented and the occluded view is shown in the right corner. No significant change
of pupil size is observed when the diffuser is switched between its two conditions.

5.3 Data Collection

Observers We recruited n = 78 participants (mean age = 24, SD= 4.5, 32 females) for the
experiment. They had normal or corrected-to-normal visual acuity and no (known) color de-
ficiencies. 8 observers failed to calibrate the eye-tracker with the required accuracy, which left
us with a dataset of 70 observers viewing 16 shapes. Importantly, all participants were naive
with respect to the purpose of the experiment. Consent was given before the experiment and
participants were compensated for their time.

EyeMovementRecording The experimentwas conducted in a quiet room and shapes
were presented on the fixture 430mm in front of the observer. The largest visual span is 20◦,
resulting from 150 mm being the largest dimension of all shapes. Binocular eye movements
were tracked with an EyeLink 1000 in remote mode and calibration was performed with our
custom-built calibration fixture.
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In calibration 20 LEDs were lit up one after another in random order with the first one
being repeated once at the end, resulting in 21 targets in total. Recorded eye movements for
the first LED is discarded and we only use the more reliable data from the second repeat.

Task Observers read thewritten taskbeforehand andwere instructed to look at and inspect
the shapes. The exact task is written as “Look at each object. See if anything is unusual or odd
about the object. At the end of the experiment we will ask you to point out any observations
youmade. Wewill show the objects again, so you do not have tomemorize them.”. We do so
to encourage observers actively viewing each shape without introducing an additional task.
As an experimental task in eye trackingbasedperception studies is oftendesigned as a trade-off
betweenmotivating observers to actively perceive the stimuli without introducing systematic
bias and reducing the influence of noise and fatigue, we introduced such visual search task in
the experiment. Observers might interpret the task differently but we do not observe any
bias in the collected data, which coincides with the visual search literature as well 80,193. Most
observers reported that nothing is unusual except there are several objects which they were
unable to identify. All of them could describe details of the viewed shapes and report their
perceived aspects.

Procedure After reading the task, observers were introduced to the experimental setup
and the detailed experimental routine. 16 objects were divided in two blocks with each being
viewed for 5 seconds. Each observer only views one object in one condition and viewing or-
der is randomized for each observer. Calibration and validation were conducted before each
viewing block while validation is essentially a repeated procedure of calibration. We verify
the calibration accuracy in validation and it took approximately 6 minutes for each block on
average. As each configuration of one object is viewed for 5 seconds, we can easily take any
subset for analysis. Although viewing order is only randomized without guaranteeing that
the space of all possible viewing orders are sampled evenly, such simple randomization ismore
than sufficient to investigate whether viewing behavior changes over time.

One practice block was conducted at the beginning, which consists of calibration, valida-
tion and one shape (a horse) for viewing. Through the practice block, observers are familiar-
ized with the experimental procedure as well as the tasks they need to perform.

Weuse the velocity-based fixationdetection algorithmprovidedbyEyeLink andon average
there are 15 fixations in each trail of viewing one shape. Material, viewing direction and shapes
all have no significant influence on the amount of fixations.
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5.4 Mapping

An appealing feature of the 2D to 2D mapping approach is that it can be developed from
minimal assumptions: identical pupil positions identify identical positions on the stimulus;
and small displacements of stimuli induce small displacements of pupil positions. Mathe-
matically, this means the mapping can be approximated by a smooth function, and practice
shows that low order polynomials are sufficient. In particular, while somemodels are derived
from additional assumptions on the geometry or physiology of the problem, their success is
independent of the validity of the assumptions. This is important, because in many cases
such assumptions are difficult to test experimentally.

Our goal is to relate pairs of pupil positions to the attended points in space. We believe this
is possible because of vergence. We wish to also base our approach onminimal assumptions.
In particular we want to avoid identifying individual pupil positions with eye rays and then
intersecting these rays, because in this approach calibration is usually not directly optimized
for the resulting positions in 3D but rather for the directions of the rays. In the following we
develop a model that allows directly optimizing for the positions of the calibration targets.

Based on the established mapping between pairs of pupil positions and calibration tar-
gets, we analyze the error and model it as a Gaussian distribution. We can then estimate the
probability distribution of a fixation on the provided three-dimensional object, simply as the
restriction of the Gaussian distribution of the fixation in space to the object’s surface.

5.4.1 Mapping Function

We consider a pair of pupil positions

p =

(
pl
pr

)
∈ R4, (5.1)

where the subscripts l and r refer to the left eye and the right eye, respectively. Our goal is
to establish a mapping f : R4 7→ R3 that identifies pairs of pupil positions with fixated
points in space directly. The parameters governing f should be estimated directly from the
known positions of the calibration coordinatesxi ∈ R3 and the corresponding pairs of pupil
positions pi measured in the calibration phase.

We develop a parametric model for f based on geometric reasoning. Asmentioned before,
as long as the mapping provides sufficient accuracy, it is irrelevant whether our geometric
assumptions are valid. Still, it makes sense to provide at least the precision of an idealized
situation.

First, we assume that lines of sight have a common center for each eye and denote them
by el, er ∈ R3. The pupil positions are mapped to affine planes in R3 using homogeneous
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pupil positions (pl, 1)T, (pr, 1)T and transformations Tl,Tr ∈ R3×3. Then the two half-
lines emanating from the centers are defined as the lines passing through the eye centers and
the pupil position mapped to the affine plane:

hl(λl) = el + λlTlpl, λl > 0
hr(λr) = er + λrTrpr, λl > 0.

(5.2)

Wemay ask that the two affine planes for mapping the pupil positions coincide, and that the
recovered geometry for the eye centers and the affine planes are consistent with the desired
world coordinate system. Because the planes coincide, for any point x in space we find

x = hl(λl) = hr(λr) =⇒ λl = λr = λ, (5.3)

and the parameter λ is a linear function of the distance of the point x to the eyes. When
solving for λ we have

er − el + λ (Trpr −Tlpl) , (5.4)

and this is a rational function with constant nominator and a denominator that is linear in
the pair of pupil positions. Plugging this expression back into the equations for the half lines
to find the point in space x, which is a function that is linear in λ, leads to rational linear
function in the pair of pupil positions. This means we can write the mapping as

f : R4 7→ R3, f(p) =

A

(
p
1

)
b

(
p
1

) , A ∈ R3×5,b ∈ R5. (5.5)

There are 20 parameters in A and b, however, they share a common scale factor, leaving us
with 19 degrees of freedom. Since each point in space provides 3 constraints, this means we
need at least 7 calibration targets to estimate themapping – usually we usemore. To estimate
the parameters with more constraints than unknowns we consider the residuals

ri = xi −
A

(
pi
1

)
b

(
pi
1

) . (5.6)

A common optimization goal is to minimize the sum of the squared lengths of the residu-
als. Based on our geometric motivation, however, we really want the residuals to have non-
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uniform lengths: the error in pupil positions is measured on a plane; it is proportional to the
error in space, however, by a factor that depends on the distance to the center of projection.
In other words, we want the error to be proportional to the distance to the observer.

One way of solving this problem is to weigh the residuals with the inverse of the known
distance of the calibration targets xi to the observer and then solve the resulting non-linear
least squares problem using an appropriate solver (e. g., Ceres Solver 3). Another solution
arises from the observation that the parameter λ is proportional to the distance from the
observer. Recall that λ is a constant function divided by b(p, 1)T. This means we introduce
a weighted residual by multiplying with b(p, 1)T to get

r′i = b

(
pi
1

)
ri = b

(
pi
1

)
xi −A

(
pi
1

)
. (5.7)

These residuals are a pure linear function in the unknown coefficients ofA and b, so mini-
mizing the squares leads to a homogeneo linear system. We compute the parameters using
the singular-value decomposition (SVD) of the resulting system by taking the singular vector
corresponding to the smallest singular value.

Based on validation we have found that the best results are achieved by optimizing the
non-linear function, however, using the values computed with the SVD for initialization.

5.4.2 Selecting the Fixations from Calibration

During calibration, observers are asked to direct their gaze at the illuminated calibration
markers. This usually leads tomore than one fixation per calibration target. A common strat-
egy amongmanufacturers of eye tracking devices is to select the fixations that lead to smallest
residual in the estimated mapping function. We believe this approach is questionable, as it is
based on the unfounded assumption that the mathematical mapping is an accurate model of
the real world behavior.

We base our selection on the idea that in repeated presentation of the same calibration tar-
get, accurate fixation should likely reappear, while fixations that are slightly off-target should
be independently distributed and are unlikely to be repeated. Our protocol consists of re-
peating the calibration procedure, with themain idea of having data to validate the estimated
mapping. We use the validation cycle to compute distance between fixations for correspond-
ing calibration targets and select the pair with the smallest euclidean distance. Formally, let
p

j
i, j ∈ {0, 1, . . .} be the pupil positions for calibration target with index i in the calibration

phase, and qk
i , k ∈ {0, 1, . . .} the data from the validation phase. Then we select the pair

argmin
j,k
∥pj

i − qk
i ∥ (5.8)
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The reported precision of EyeLink 1000 is 0.1◦ root mean square (RMS)‡ but there is no
measured precision in the camera coordinates. In our implementation, we use four times the
standard deviation of raw eye samples within a fixation as the threshold.

5.4.3 Error

We estimate a mapping from the pupil positions in calibration, selected as explained above,
and the corresponding locations of the calibration targets. We then estimate an error for
this mapping by taking the fixation data for the validation session. Again, this is based on
the above selection. The mapped pupil position and the known calibration target yield a
sequence of error vectors vi. We use this set of vectors to generate a first order model of the
error for this mapping.

Our assumption is that the error should really grow linearly with the distance to the ob-
server. Based on this idea we suggest to consider the error per unit distance (from the ob-
server). For this we divide the error vectors by the distance of the corresponding target:

v′
i =

1
zi

xi −
A

(
pi
1

)
b

(
pi
1

)
 . (5.9)

Here, zi is the depth value of xi. Letm be the number of scaled error vectors (this number is
20 in most cases). Then compute the mean = m−1 ∑

i v
′
i and covariance matrix

C =
1
m

∑
i
(v′

i − )(v′
i − )T (5.10)

for themapping. The eigendecomposition of thismatrix allows us to define an error ellipsoid:

C = QΛQT = QΛ1/2 Λ1/2QT = MMT (5.11)

where the matrixM contains the semi-axes of the error ellipsoid.
Both, themean and the error ellipsoidneed tobeunderstood as functions of thedistance to

the observer, since we have defined thembased on first dividing by depth. Putting everything
together, the mean and error ellipsoid are defined as

zμ, σzM. (5.12)
‡EyeLink 1000 User manual http://sr-research.jp/support/EyeLink%201000%20User%20Manual%201.5.

0.pdf
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Figure 5.7: Mapping accuracy. Averaged errors measured inmm together with the mean absolute errors in x, y,
z direc on are plo ed on the le . X is the horizontal direc on, Y the ver cal direc on and Z points to the depth
direc on. Error ellipsoids are visualized on the right in a top view of the experimental setup when bunny is used as
the s mulus.

The depth z can be taken either from the calibration targets when we want to evaluate the
quality of the estimatedmapping, or from the estimated viewing point by applying themap-
ping to the pupil positions. With σ we can adjust the size of the ellipsoid to account for a
desired confidence that the ellipse contains the observed points in the validation. It is com-
mon to assume a chi-squared distribution, so we can compute the confidence interval using
the cumulative chi-squared distribution for three dimensions applied to σ2. We choose σ = 2,
corresponding to an approximately 75% confidence interval.

5.4.4 Accuracy of the Mapping

Weuse the smallest singular vector of the systemof linear equationsdescribed in equation (5.7)
as the initialization and further optimize the solution with Ceres solver. Applying our data
to themapping procedure reveals results that are on a par with or better than other results re-
ported in the literature. The averaged distance between estimated positions and target points
is 16.02 mm (SD = 5.42), with the largest inaccuracy in depth. The mean absolute residu-
als in horizontal, vertical, and depth direction are 5.31 mm, 19.88 mm, 6.42 mm respectively
(corresponding SDs are 3.41, 5.92, 2.67). The mean absolute residual per mm distance over
all participants is 0.050 (SD = 0.016). This translates to a mean absolute error of 15.03 mm
at 300 mm distance and 25.05 mm at 500 mm distance (see Figure 5.7 for a comparison with
bunny). The error ellipsoid for the 75% confidence interval has a mean semi-axes length of
0.106, 0.027, 0.037 per mm distance (corresponding SDs are 0.076, 0.021, 0.031).

Accuracy in the planes orthogonal to the dominant view direction is comparable to accu-
racy reported for eye tracking experiments on displays, only that the mapping we compute
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for 3D needs to accommodate the potential variation of this mapping along the depth axis.
Our numbers are consistent with video-based eye tracking experiments – where we would
stress that numbers provided by manufacturers of eye tracking devices are usually based on
the residuals from the fitting procedure and not from independently collected data. Thisway
of reporting the data is highly dependent on the degrees of freedom in the model and fails to
account for the inaccuracy of repeat fixations for the same target.

The error in depth is significantly larger. This is to be expected because of the small inter-
ocular base line relative to the distance of the stimulus. It is difficult to findmeaningful points
of comparison, because the majority of 3D eye tracking experiments are done either using
some type of 3D display (e. g. red-green glasses67 or stereoscopic displays267) or they operate
on a single plane 178. This may lead to slightly different results for relating vergence to posi-
tions in 3Dbecause vergence is controlled not just by binocular disparity but also other depth
cues 264,274. Gutierrez Mlot et al. 87 appear to fit a series of mappings for stimuli presented at
varying depth and then report the error in depth for each of them. This would mean, their
mappings are conditioned on estimating depth around a fixed value, while the mapping we
generate applies generally to all depths at once. Nonetheless our numbers are comparable.

We believe using the error ellipsoid is the correct approach from a statistical point of view
(see below) for counting the number of valid fixations. One may argue that very small and
very large errors lead to unintuitive results: for an observer with a calibration that turned
out to be highly accurate on the validation, the error ellipses are small. This means that the
fixations of highly accurate observers are counted as being on the surface only when they are
very close to the surface, which is implausible given the sources of error influencing the abso-
lute positional accuracy of our setup. Conversely, observers with a large deviation between
calibration and validation get assigned to very large ellipses, which tend to intersect the sur-
face almost regardless of their position in space. Out of that perspective, one might want to
also check how ellipses of constant size intersect the surface. For this, we adjust the longest
semi-axis of the unit-distance ellipsoid to a fixed value in the interval [.01, .15]. These values
translate to the longest semi-axes of 4 mm - 60 mm at the target distance of 400 mm. Keep
in mind that the longest axis is usually along the depth direction and that errors on the order
of 10 mm - 50 mm have to be accepted based on the accuracy of the eye tracker.

As we provide all the data to the public, we are certain the inevitable minor problems that
still remain will soon be discovered and the data adjusted accordingly.

5.5 Analysis

We base the analysis on gaze density maps, generated from fixations on the surface of the ob-
ject. For thiswe interpret theGaussian error distribution of an individual fixation as a density
and restrict it to the surface, and then sumover the fixations. We consider different sets of fix-
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Figure 5.8: Gaze density maps for the individual condi ons resul ng by assigning Gaussian probability density func-
ons over the volume to each fixa on and then combining them using the rela ve dura ons as probabili es. The

volumetric func ons are sampled on the surface and then used to assigned color values. Columns correspond to the
7 viewing direc ons, upper row shows the results for ABS (slightly glossy), lower row for sandstone (diffuse).

ations to account for different assumptions. The resulting density maps are compared using
Bhattacharyya distance. We perform several analyses on a per-object basis: first, we compare
pairs of observers to find out if the variability of per-observer gaze densities is smaller within
conditions than across conditions. Then, we analyze the dependence of gaze density maps
on the conditions (viewing direction and material), i. e., does gaze behavior change for dif-
ferent viewing directions or materials? Lastly, we provide a visualization of regions that are
attended across conditions.

5.5.1 Generating Gaze Density Maps on Objects

It is common to aggregate fixations into gaze densitymaps. For this, each fixation is associated
with a density function, and the density functions are summed up over the relevant fixations,
weighted by the duration of the fixations 21,131.

Based on the error analysis in the preceding section, we model the distribution of an in-
dividual fixation as a Gaussian in space: given the unit distance mean μ and error ellipsoid
M for an observer and fixation position x with duration t computed from the eye tracking
sequence, we define the distribution as

t
|M|

exp
(
−σ2(x− x2)TMTM(x− x2)

)
(5.13)

The normalization factor t/|M| accounts for the fixation duration and volume of the ellip-
soid, such that the resulting distribution integrates to a fixed constant proportional to t. Note
that the volume of the ellipsoid is proportional to the determinant ofM and that it exhibits
the error of the mapping. Larger error, i. e., larger volume, should not result in more weight
being given to a fixation.
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To map this distribution overR3 onto the surface we take the restriction: we consider the
values of the distribution in space only in the positions of the surface. Since the surface is
given as a mesh in our case, we sample the values in the vertices. Vertices are only considered
if they are within the 75% confidence interval. This interval defines an ellipsoid in space.
To effectively collect the vertices in this ellipsoid we use an axis-aligned-bounding-box-tree 82

and filter vertices in the axis aligned bounding box around the ellipsoid 234. The density map
resulting from the fixations is stored as a vector f ∈ RV , whereV is the number of vertices in
the mesh representing the stimulus object.

Several fixations are combined into one gaze density map on the surface simply by adding
the values in the vertices, i. e., the gaze density representation results from fixations fi as

∑
i fi.

The density function on the surface is modeled as piecewise constant. This means, we need a
measure of area that is associated to each vertex. We take the barycentric area measure 191, and
denote the diagonal matrix of vertex areas asA. The aggregated gaze density representation
is normalized, so that the density integrates to one over the surface. Based on our model
assumption, the integrated gazed density is the result of multiplying with the area matrixA
and then summing up the vertex values. So the normalized gaze density map resulting from
a set of fixations fi is

g =
A (

∑
i fi)

∥A (
∑

i fi) ∥1
, (5.14)

where the 1-norm ∥ · ∥1 implements the summation over vertices.
Naturally we combine fixation data of the same condition, i. e., the same view on the same

stimulus made out of the same material. Figure 5.8 provides a color coded visualization of
the gaze density maps for the 14 conditions of the Bunny-object used as stimulus. For color
coding we use a perceptually uniform heat map from the color maps provided by Kovesi 153.

5.5.2 Measuring and Visualizing the Distance of Gaze Distributions

In order to analyze the dependence on the conditions we need a way to compare different
gaze distribution functions. We suggest to use the Bhattacharyya distance4. Let g, g′ be two
continuous densities, then distance is defined as− log

∫ √
gg′. This means the densities are

multiplied in each point in the domain, then the square root is taken in each point, end the
resulting function is integrated over the domain. For the discrete model we define the simi-
larity vector of two (normalized) gaze density maps g,g′ as

s(g,g′) =
(√

g0g′0,
√

g1g′1, . . .
)T

∈ RV , (5.15)
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Figure 5.9: Distribu ons of the distance between pairs of gaze density maps (computed as Bha acharyya distance)
per s mulus object. The blue distribu on contains all possible pairs. The gray distribu ons are the subsets of pairs
that belong to the same condi on, where we dis nguish between same material, same direc on, and same mate-
rial and direc on. The distribu ons appear to be rather similar, sugges ng that the inter-observer varia on of gaze
density maps is generally high.

encoding the point-wise similarity in each vertex. This representation allows us to write the
distance as

d(g,g′) = − log ∥s(g,g′)∥1, (5.16)

where the 1-norm ∥ · ∥1 is a discrete version of integrating the piecewise constant function
defined in the vertices over the surface.

We prefer the Bhattacharyya distance as a measure over other possible ways for comparing
gaze distribution functions because it results in large distance if fixations are disjoint from
each other. What is particularly nice is that s(g,g′) in itself nicely visualizes why two func-
tions are similar, if they are. Only regions where both gaze densities are likely to contain fixa-
tions will have non-zero values.

The concept of similarity can be extended to more than two gaze densities: Matusita 187

introduced a measure of affinity that is based on the geometric mean of the densities (see
also Toussaint 257). In our context this means we extend the similarity representation to a set
ofm gaze density maps g0, . . . ,gm−1 as

s(g0, . . . ,gm−1) =

(g00 · . . . · gm−1
0 )

1/m

(g01 · . . . · gm−1
1 )

1/m

...

 . (5.17)

In analogy to s(g,g′), this extension can be used to visualize the regions that have been at-
tended to in all gaze patterns, i. e., it highlights stable surface features. The sum of the values
in the vector representation provides a measure of similarity among the gaze distributions.

5.5.3 Inter-observer Variation

Wang et al. 270 have provided evidence indicating that the variation across observers is smaller
for the same object as stimulus than for different objects. Here we refine this question to
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the variation for the same object as stimulus, but different viewing conditions. Specifically
we ask: Is the difference among different observers looking at the same object in the same
condition smaller than looking at the same object in different conditions?

1 2 3
0

0.2

0.4
To do this we compute all pairwise differences of two observers on

the same stimulus. There are 70 observers, resulting in
(70

2

)
= 2415

pairs for each object. For each object, we distinguish the 7 viewing
directions and 2 materials. We consider three classes: 1) the 14 differ-
ent conditions resulting from directions and materials, 2) the 7 condi-
tions differentiating the viewing direction, but ignoring the difference
in material, and 3) the 2 material conditions, ignoring the viewing di-
rection. Figure 5.9 shows the resulting distributions for a subset of
the stimulus objects. The distribution in blue shows all pairs, inde-
pendent of condition. The three distributions in gray are pairs that are limited so that both
observers are within the same class, corresponding to the classes mentioned above. Visual in-
spection suggests that thedistributions are similar,meaning thedistancebetweengazedensity
maps of two observers is not smaller for the same condition.

To test this claim statistically we apply the Kolmogorov-Smirnov test on the pairs within
one of the conditions defined by the three classes vs. the distribution of all pairs. The inset
to the right shows the resulting KS test statistic for the same material (1), same direction (2),
and same material and direction (3). The red lines illustrate the threshold for significance
at the p = 0.05-level. None of the within class distributions differ significantly from the
distribution of all pairs.

5.5.4 Dependence on view direction

As the inter-observer variation is high,we analyze the dependence ondirectionby considering
all fixations for one condition, both with and without considering the difference in material.
This means we are generating three different sets of gaze density maps g(φ),ga(φ),gs(φ),
where the subscripts a and s identify the materials ABS and sandstone, and the parameter
φ takes on discrete values for the seven viewing directions.

The following analysis applies identically to the three sets–we describe it only for the set
g(φ). We compute all

(7
2

)
= 21 differences between pairs g(φ),g(ψ), φ ̸= ψ. The result-

ing values are illustrated in Figure 5.10, in the form of a triangular matrix. We are asking: is
the difference of the gaze density maps dependent on the pair or, more specifically, is the dis-
tance smaller for small differences |φ − ψ| in viewing direction and growing for larger such
differences? In order to answer this question we perform linear regression on the data points
(φ,ψ, d(g(φ),g(ψ)). The null hypothesis is that linear regressor is flat, i.e., that the fitted
plane has normal (0, 0, 1). The plane normal is found by generating the co-variancematrix of
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Figure 5.10: The distances between two gaze density maps for different viewing direc ons form a symmetric matrix.
We consider the upper half of the matrix and fit a linear model to the distance. We then ask if the linear model has
a significant lt away from the diagonal, meaning that larger angular distances result in large distances between the
gaze density maps. The two materials are considered separately (upper and lower illustra on), as well as combined
(not shown here). The distance of the gaze densi es is color coded, ranging from blue for small distance to red for
large distance. Note the similar trend in the data, but different variance.
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Figure 5.11: The red line shows the p-value of the linear regressor exhibi ng a gradient in the direc on of increasing
angular difference. Blue bars indicate the result for combining the fixa ons from the two material condi ons, the
lighter bars depict restric ons to one material.
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the 21 points and then taking the eigenvector corresponding to the smallest eigenvalue. The
eigenvalue provides the variance σ, and the standard error is then σ/√n, where n = 21.

We wish to understand if the resulting normal (with standard error) is significantly dif-
ferent from (0, 0, 1). For this we need to compute how likely it is to observe a tilted normal
by chance – we need a probability distribution for the plane normals. This probability dis-
tribution is likely not available analytically, so we sample it: we take the same set of fixations
from the 70 observers (35 in case we restrict to one of the twomaterials), and split it randomly
into 7 groups of 10 (5) observers each. We combine the fixations and consider them as set of
7 ‘directions’ (only now they are independent of the directions used in the experiment). We
perform the linear regression on the distances of the 21 pairs of ‘directions’. This process is
done to generate 10,000 samples of random distance matrices similar to the ones illustrated
in Figure 5.10, emanating from the same distribution underlying the distances among the 7
directions. We find that, as expected, the mean normal of this distribution is numerically
close to (0, 0, 1).

Based on the sampled distribution of normals and standard errors, we can then provide
a significance level for the data generated from g(φ). For this we consider the direction and
magnitude of the component of the normal orthogonal to (0, 0, 1)T 64. We derive a one-
dimensional probability distribution from the random sample for the magnitude of these
vectors. In this way we can test if the tilt of the plane is significant, meaning it is unlikely
the result of a chance event. In addition we check that the direction is consistent with our
assumption that larger difference in viewing angle results in larger distances. This test could
be interpreted as first performing a two-tailed test and then restricting to one of the tails, so
it is more conservative.

Figure 5.11 shows the results. We find that for 11 out of 16 objects there is a statistically signif-
icant dependence of distance on difference in angle at the p = 0.05-level. When we consider
the material, fewer objects reach the significance level. Inspecting the linear regression results
reveals that the planes are quite similar for the three different cases, only the smaller amount
of data leads to larger standard errors for the individual materials (see, for example, the illus-
tration for the Bunny in Figure 5.10 and the corresponding significance levels in Figure 5.11).
Interestingly, some objects show a significantly flat fit, suggesting that their independence of
difference in viewing direction is not just coincidence and that observers attend to the same
features in different views.

5.5.5 Material Dependence

In the same way that we analyzed dependence on viewing direction, we now examine depen-
dence on material. We ask if the difference in viewing behavior for different materials is in
any way significantly different. For this test, we generate 7 different sets of gaze density maps
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Figure 5.12: Significance test of whether a split along the material condi on leads to large difference in the gaze
density maps than an arbitrary split. The small bars show the results for the individual viewing direc ons and the
large bar shows the results combining all views.

g0(m),g1(m), . . . ,g6(m), where m takes on only two different values, and we consider all
viewing directions combined or each separately. For each of the 7 sets there is only one differ-
ence that can be computed. Without considering viewing direction this is the difference of
two sets stemming from 35 observers each, and in the other case it is the sets from 5 observers.
As above, we are generating a random distribution for the difference values, by either con-
sidering all data of different directions and randomly splitting it into two sets of 35 observers
each, or considering the data from one viewing direction and randomly splitting into 5 each.
Then we can directly compute the rank of true value in the distribution of randomly gener-
ated ones to provide the significance.

Figure 5.12 shows the result of this test. We find that 4models exhibit a significant difference
between gaze density maps for the different materials when the viewing direction is ignored.
In all other cases the dependence on material is not statistically significant.

5.5.6 Stable Features

We wonder whether any surface features are consistently attended to by the observers across
the different conditions. Based on our analysis so far, we drop the dependence onmaterial as
a condition and only consider viewing direction. This means, for each object we consider the
7 gaze density maps g(φ) consisting of the data from 10 observers each.

We may consider a region on the surface and ask whether it has been attended from 3 or
more viewing directions. This can be estimated using the Matusita affinity ∥s(g(φ), . . .)∥1
for the set of gaze densitymaps of the different viewing conditions, restricted to the region of
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Figure 5.13: The geometric mean of all condi ons combined, illustra ng regions on the surface a ended to in all
views and for both materials. The selected shapes have the highest similarity measure in our data set.

Figure 5.14: Visualizing features that are stable across a varia on in viewing direc on. Top row shows the combina-
on of heat maps that result from considering the geometric means of 3 adjacent viewing direc ons, i. e., features

that have been a ended to consistently within 30◦. Results in the lower row are based on requiring that features
appear consistently across 60◦ viewing angle. Note how features retained for the larger insensi vity to viewing
direc on are exclusively of seman c nature.

interest. Note that the vector s contains large values exactly for those regions that have high
affinity. So we might as well inspect the affinity vector over all of the surface.

First, we compute the affinity for the set of all viewing directions, showing which surface
regions are attended to from all directions. The 4 objects with overall largest affinity are de-
picted in Figure 5.13, formost objects the resulting affinity is zero. The range of views covering
90 degrees is apparently too wide for features to be consistently attended to.

Consequently, we reduce the desired range of views to either 30 or 60 degrees. This means
we compute the affinity vector for sets of 3 or 5 views. For visualization purposes we com-
bine the resulting affinity vectors. The result is depicted in Figure 5.14, showing that stability
across 30 degrees works quite well, yet stability for 60 degrees leaves only very few regions
consistently attended. From a visual inspection of the visualization we would speculate that
stable features contain more semantic information, such as the eyes of the Bunny, the Face,
and the windows for the watchtower, or the points of symmetry for the ring and the starfish.
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5.6 Computational Model of Gaze Density

The idea of geometric saliency has beenused in applications probably because of the existence
of computational models, i. e., the possibility to guess the gaze density map for a given 3D
shape based on the geometry alone. Here we try to develop such a computational model
based on the data we have collected and using the currently popular convolutional neural
networks (CNN). This computational model can then be used in applications.

The dependence of salient features on viewing direction suggests to predict saliency based
on view-dependent information unlike common geometric saliency models, which are inde-
pendent of viewing conditions 167,244.

In particular, the prediction of saliency is based on the surface normals (relative to the
view coordinate system) as well as the depth information of objects. With this information
as input, we train two different models for gaze density estimation.

1. All shapes in different viewing directions are used to predict the gaze density of a shape
for a new viewing direction.

2. Shapes in different viewing directions are used to predict the gaze density of a new
shape.

In the first model the computational model only needs to predict a new viewing direction,
having informationon the viewingbehavior for the shape fromother viewingdirections. The
second model analyzes generalization towards unknown shapes.

5.6.1 CNN Model and Training

For both models we train a simple 5-layer CNN consisting of three convolutional layers fol-
lowed by a fully connected and upsampling layer. The network layout and further details are
given in Figure 5.15.

The training input images contain the normals and depthmap of the sample objects. The
first three channels of the input image represent the surface normals at each (visible) point of
the object, the last channel represents the depth value of the underlying surface points. The
output of the network is the predicted gaze density map for different viewing directions of
an object.

As a loss function we use themean squared error (MSE) on the predicted gaze density. We
employ adropout layer and early stopping toprevent overfitting. Theoverall validation loss is
decreasing during the first 50 training epochs due to the rather small amount of training data.
The complete datasetwith 224 samples (of 16 objectswith 14 viewdirections each) is evaluated
with 4-fold cross-validation. For the first trainedmodel, the dataset was split according to the
view directions. In each cross validation run, 3 view directions were used as the test set (48
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Figure 5.15: Saliency predic on network architecture. The input to the network is an image of size 128 × 128 × 4.
The network consists of 3 convolu onal layers with filter kernels of size 5 × 5 with stride 2 and padding 2 and ReLU
as ac va on func ons. This follows a fully connected layer and a subsequent upsampling layer to produce a resul ng
saliency map of size 128× 128× 1.

samples in total). The remaining samples were used as the training set (176 samples). For the
secondmodel, the dataset was split according to object categories. In this case, the samples of
4 objects were used as the test set (56 samples in total) in each cross validation run. This left a
total of 168 samples as the training set.

5.6.2 Gaze Density Map Prediction

The first predictionmodel is able to predict gaze density maps for previously unseen viewing
directions. However, given the small amount of available data, it is difficult to prevent the
model from overfitting. Even though we employ multiple measures to prevent overfitting,
it remains unclear how well the model generalizes to completely different unseen viewing
directions. Some exemplary test input images and the resulting predicted gaze density maps
are depicted in Figure 5.16.

The second prediction model is trained only on a subset of the objects (12 out of 16) and is
able to predict gaze densitymaps for the 4 unseen objects (of each cross-validation fold). This
situation is similar to other generic computational models for the prediction of gaze density,
such as mesh saliency 167. We wish to compare the trained CNN to mesh saliency, however,
comparing the MSE would be unfair, as our model is specifically trained to minimize this
error, while mesh saliency only promises to provide qualitative results. Consequently, we
base the comparison only on the relative ordering of the values. Specifically, we use Kendall’s
rank correlation coefficient 139, which measures the correlation between two variables in the
range −1 ≤ τ ≤ 1. We rank the estimated gaze density maps with the ground truth gaze
density maps and compare them to the rank of the calculated saliency maps with respect to
the ground truth.

Themeanτ coefficient for theCNN-predicted gaze density is 0.40 (with all p-values below
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Figure 5.16: CNN predic on results for different objects (from top to bo om): normal and depth channels of the
input image, ground truth gaze density map, predicted gaze density map from the trained model for unseen viewing
direc on predic on, predicted gaze density map for unseen objects, calculated saliency map.

0.01), while mesh saliency yields a mean τ coefficient of 0.13 (with all but 4 p-values below
0.01). These results indicate that both computational models are positively correlated with
the ground truth gaze density maps in a significant way, yet the correlation for our CNN-
model is much higher.

The resulting MSE (averaged over the cross-validation) for the first model (unseen view
direction prediction) is 189.5. For the second model the training results in an averaged MSE
score of 249.5.

The fact that using the shape to train the model for new views improves the prediction
suggests that certain shape features cannot be learned from the geometry alone–they are likely
higher level features of the shapes. We expect that more refined neural networks would result
in better computational models for gaze density prediction.

5.7 Discussion

Our analysis as well as the computational model suggest some characteristics of salient fea-
tures on 3D shapes, at least for a majority of object stimuli:

• There is no significant dependence of fixations on the twomaterials used for the stim-
uli.
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• Salient features exhibit a tendency to be view-dependent and the ones that are stable
across a wide range of views appear to be features with semantic meaning.

Both observations have consequences and deserve some discussion. The independence of
fixation on themoderate gloss of the surfacemay seemnatural, but it contradicts the idea that
local contrast is the strongest low-level feature in the image function. It rather suggests that
saccade targets on geometry are independent of contrast, either governed by the occulomotor
system alone, or dependent on other features of the scene. On the other hand, the materials
used in our experiment only differ slightly, and it would be interesting to understand the
extent to which the fixations are stable across different materials and under various lighting
conditions.

The dependence of salient features on viewing angle is also intuitive. The better perfor-
mance of our simpleCNN-model compared tomesh saliency could be due to the dependence
of salient features on viewdirection. Not using informationon the viewdirection should lead
to reduced predictive power. We would speculate that the success of computational models
is based on a bias in the commonly used shapes: relevant features almost always have larger
curvature variation and thus appear as part of the salient features predicted by the model.
It would be interesting to modify features with semantic meaning such that computational
models fail to predict them and then see if they are still dominant in a human subject experi-
ment. Yet how to quantify semantics still remains a topic for future study.

Note that our analysis is based on the whole viewing sequences without considering tem-
poral changes. It would be interesting to see whether saliency of objects changes over time.

While we have made a significant effort in our experiment, involving more than 70 partic-
ipants and using custom-built hardware, the data would still benefit from being based on a
larger corpus. To this end, we believe that automation would help to avoid errors in setting
up the individual conditions for each observer and may also increase the geometric accuracy
of the presented stimulus.

We have decided to use a mapping from the 4D space of pairs of pupil positions directly
to 3D. While this has led to data with few significant outliers, it did create a tendency for the
fixations tohave depth values that are too small. In the specific setup,we couldhave also inter-
sected eye rays computed for each eye individually against the geometry of the shape. This,
however, makes it more difficult to estimate which of several possible intersections along a
silhouette region are the right match. It would be interesting to combine all available in-
formation, yet, we are unsure how to do this. Further studies about characteristics of eye
movements in space would offer useful guidelines in this regard.
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Part III

Comparing Eye Movements during
Encoding to Eye Movements during Recall
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Where words are restrained, the ey often talk a great deal.
Samuel Richardson

6
The Looking-at-nothing Phenomenon and

Data Acquisition

This chapter introduces thewell-established looking-at-nothing (LAN) phenomenon in psy-
chology, which studies the eye movements while looking at an empty space. It describes the
phenomenon that humansusuallymove their eyes spontaneously as if the imagewere in front
of them, when retrieving images from memory. Studies show that such eye movements cor-
relate strongly with the spatial layout of the recalled content and function as memory cues
facilitating the retrieval procedure. In order to study this phenomenon and explore the in-
formation contained in the eye movements, we collect a dataset and record eye movements
while a photo is immediately recalled from memory. Here we briefly review the background
on eye movements during mental imagery and provide the details on data acquisition. Basic
statistics of the dataset are reported at the end.

6.1 The Looking-at-nothing Phenomenon

Research on eye movements during visual imagery has a long history. Early work 121,194,212 at
the beginning of the twentieth century have linked eye movements during visual imagery
to the corresponding mental images, as indicated by the intense activity of eye movements.
Neisser 197 argued that eyemovements are actively associated with the construction of a visual
image, and Hebb94 suggested that eye movements during imagery and memory retrieval are
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necessary to assemble and organize “part images” into a whole visualized image.
A large amount of recent studies 25,127,128,129,159,160,223,236,247 have shown that humans sponta-

neously move their eyes when recalling a scene from memory and that such eye movement
patterns closely resemble the spatial arrangement of the elements of the recalled scene. This
effect has been demonstrated for participants who encode visual scenes and later recall those
scenes while looking at an empty screen 25,126,127,129,159,247 as well as for participants who encode
verbal information in association with a spatial cue and later recall such information while
looking at an empty screen 223,236. Moreover, it has been shown that participants who listen
to scene descriptions also make eye movements which correspond to spatial positions from
the described scene 126,127,247. When recalling text information, imagery eye movements are as-
sociated with the situation model of the described scene and not with fixated text locations
during a preceding reading phase 130.

Previous studies aimed to evaluate the functionality of eye movements to blank space, in
particular whether they play any functional role during memory retrieval. Results suggest
that eyemovements while looking at nothing act as “spatial indices”7,94,159,197,223 that may pro-
vide assistance in remembering the spacial layout of a scene 25,94,159,197, but whether such eye
movements can facilitate memory retrieval as additional cues is still arguable71,222. In support
of such a functional role, impaired episodic memory performance has been reported in ex-
periments where participants are restricted to look at a fixation cross during recall 126,129,159,160.
Moreover, participants’ gazedirectionwasmanipulated towardspositions on an empty screen
that either overlapped or not with the original locations of the to-be-retrieved visuospatial
information in 129. Results demonstrated that the likelihood of successfully remembering in-
creasedwhen therewas an encoding-retrieval overlap in gaze locations. Corresponding results
were reported in a follow-up study, where similar gaze manipulations were used for partici-
pants who recalled verbal information that had previously been encoded in association with
a particular space 236.

Imagery movements have been reported for other muscles beyond the ocular ones, and a
consistent finding is that muscle activation during imagery is but a fraction of what it is dur-
ing action-related activation 121,196. Eye movements are the only muscular activity that during
imagery largely replicate activity during actual perception or action.

6.2 Data Collection

We adopted the encoding-recall experimental paradigm from 129,159. We instructed observers
to encode and then to recall a set of 100 images in front of an empty screen. Fig. 6.1a shows
an exemplary structure of one trial. Using a video-based eye tracker, we recorded observers’
eye movements during both encoding and recall.
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Participants Twenty-eight naive participants took part in the study (9 females, mean
age 26±4). All participants had normal or corrected-to-normal vision and none of them had
colour deficiencies. They gave their written informed consent before the experiment and
their time was compensated.

Apparatus The experiment was conducted in a dark and quiet room. Participants were
seated in front of a 24-inch display (resolution: 1920 × 1200 pixels; physical size: 0.52m ×
0.32m; distance: 0.7m) on which image stimuli were presented. Each participant viewed and
recalled 100 images binocularly, however, only the dominant eye movement was recorded
with an EyeLink 1000 in remote mode at 1000Hz. Gaze point on the screen was calibrated
using a standard 9-point calibration and a chin and forehead restwas used to help participants
stabilize their positions.

Visual Stimuli We randomly selected 100 images from the MIT data set 132, including
both indoor and outdoor scenes. In practice, an eye-tracking experiment sessionmust have a
limited amount of time. Therefore, wedecided touse only 100 images (a subset of the original
data set) in this study considering our experimental design. All images were presented at the
center of display in their original size and the largest dimension has 1024 pixels.

Experimental Procedure We followed the standard LANparadigm 129,159 to collect eye
movements during both encoding and recall as shown in Figure 6.1a.

Observers were instructed to look closely at each image and try to remember its content.
The instruction for recall was to think about the image and generate a visual representation
of the content which you find interesting. Each observer had an initial round of 10 practice
trials. We assumed that they had then learned the task, and after that there were no further
instructions regarding the task.

The total 100 trials were divided into five blocks and for each participant, images were
presented in a randomized order. At the beginning of each block of 20 trials, we calibrated
the eye tracker on the display. We repeated the calibration procedure unless it achieved a good
accuracy (below 0.5◦) in the following validation. We had 200 eyemovement sequences from
each participant viewing and recall 100 images.

Memory Task At the end of the experiment, we randomly selected five from the viewed
100 images and presented them together with five new unseen images to the participants in a
randomized order. We asked participants to report whether one image has been seen before.
All participants could easily determine which image had been seen before, except for one
single mistake made by one participant. This indicates that participants still had the image
contents in their memory.
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Figure 6.1: Experimental paradigm and eye movements sta s cs. (a) Paradigm of one single trial in the experiment.
A er an ini al fixa on (of 500ms) at the center of the display, one image s mulus was presented for 5s, followed by a
noise mask. Briefly a er that, observers were asked to recall the image they had just seen for another 5s. (b) Average
of fixa on dura on in encoding (blue) and recall (orange). X-axis indicates the me and y-axis corresponds to the
dura on of each fixa on. The black curves in the middle of each plot correspond to the average dura on within the
five seconds and the light coloured areas indicate the center intervals of 50 percent. (c) Main sequence diagrams
during encoding (le ) and recalling (right) where peak velocity is plo ed as a func on of the amplitude of saccades.
(d) The spacial coverage of all fixa ons over the 100 s muli. For each image, one bounding box of all fixa ons during
encoding is drawn in the le and one for fixa ons during recall in the right. Outermost box indicates the screen size.
The black box visualizes the averaged size of regions covered in each condi on and the light orange areas depict one
standard devia on of all coverage areas.

6.3 Eye Movement Statistics

6.3.1 Data Analysis

Each eyemovement sequence, either during encoding or during recall, consisted of raw pupil
positions on the screen. Collected at a sampling rate of 1000 Hz, we had slightly less than
5000 raw data in each sequence, very often with missing data due to blink. Saccades and
fixations were detected from the raw data using the velocity based algorithm provided by SR
Research (the velocity threshold = 30◦/s and the acceleration threshold = 8000◦/s2). Only
95% fixations from eye movements during thinking about an image were located inside of
the stimuli domain (SD=8%), while 99%(SD = 1.9%) fixations during looking at the images
were within the stimuli boundaries.
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6.3.2 Characteristics of Eye Movements on Real and Mental Images

Three measurements were used to analyze the eye movement sequences: the main sequence
graphs of saccades, the fixation count and duration, and the overall spatial coverage. Fig-
ure 6.1c shows the main sequence graphs of saccades during encoding (left) and recall (right),
where peak velocity is plotted as a function of amplitude. Imagery saccades are shorter and
slower. Fixation duration is plotted over time in Figure 6.1b. On average each eye move-
ment sequence during encoding has 16 (SD=2.8) fixations, which has an averaged duration
of 278.0ms (SD=73.4 ms), and each sequence during recall has 11 (SD=3.6) fixations with an
averaged duration of 452.2ms (SD=308.0 ms). Recall sequences have less fixations than en-
coding sequences (t(5.6e3) = 62.77, p < .001, Welch’s t-test) and recall fixations are longer
than encoding fixations (t(6.7e4) = −57.29, p < .001, Welch’s t-test). As indicated in previ-
ous studies 127,129, information retrieval frommemory might account for the longer durations
of fixations during mental imagery.

Similar to previous findings77,126,127, we also observed a shrinkage of eye movements on
mental images, as shown in Fig. 6.1d. This goes in line with the observation that eye move-
ments during LAN are distorted due to the lack of reference frame. Unlike fixations during
encoding, which are perfectly aligned with the corresponding visual content, fixations dur-
ing recall very often do not coincide with the intended elements in the original image. Con-
sequently, this makes it difficult to estimate the intended locations from the recall fixations
alone.
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7
The Mental Image Revealed by Gaze

Tracking

Based on the “looking-at-nothing” phenomenon, we know that humans involuntarily move
their eyes when retrieving an image from memory. This motion is often similar to actually
observing the image. In this chapter, we suggest to exploit this behavior as a new modality
in human computer interaction, using the motion of the eyes as a descriptor of the image.
Interaction requires the user’s eyes to be tracked, but no voluntary physical activity. Using
the collected dataset from the controlled experiment, we develop matching techniques us-
ing machine learning to investigate if images can be discriminated based on the gaze patterns
recorded while users merely recall an image. Our results indicate that image retrieval is pos-
sible with an accuracy significantly above chance. We also find that such a retrieval approach
can be generalized to unseen images. Furthermore, we show that these results generalize to
images not used during training of the classifier and extends to uncontrolled settings in a
realistic scenario.

7.1 Introduction

Imagine that you are thinking about your vacation photos from last summer. After 5 seconds
a photo appears in front of you, from that vacation, very similar to the moment you just
recalled.
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We believe such a seemingly magical task is possible through the use of eye movements
during mental imagery. The close similarity between eye movements during perception and
those during imagery appear to open up the possibility to use imagery eye movements for
computational image retrieval: Pick the image where the similarity between perceptual eye
movements and imagery eye movements is the largest. In view of the very robust findings on
imagery eye movements, computational image retrieval based on those eye movements may
at first seem like a trivial task, but there are four reported issues that comprise challenges.

• Even though eye movements when recalling an image play a functional role, they do
not reinstate the eye movements made during encoding of the image 128,236.

• It has been shown that eye movements during imagery might be potentially driven by
covert attention, whichmay explain the functionality of eyemovements while looking
at nothing 235.

• What is also known is that recalling an image with closed eyes might be preferable for
someof us. This effect has not been fully understood 183,263, and it has posted a challenge
in practice to record eye movements using available video-based eye trackers.

• Manyprevious studies consistently reported that eyemovementswhile looking atnoth-
ing contain a large variation due to the lack of reference frame. In particular, the area
spanned by eyemovements during recall is scaled down comparing to the area spanned
by eye movements during encoding while the visual image is onsite 25,77,126,127,128. A clue
to why some people scale down their images was given by 126,128, in which all partici-
pants were tested for working memory capacity and the Object-Spatial Imagery and
Verbal Questionnaire (OSIVQ) 18 was used as an assessment for individual differences
in object imagery, spatial imagery and verbal cognitive style. Scaling down imagery eye
movements was most pronounced with participants who had high scores on spatial
imagery. Eyemovements during visual imagery tasks are employed to reduce cognitive
resources associated with the processing of spatial information, and a weaker spatial
imagery ability increases the need for those eye movements.

This image retrieval technique would only work if there is a strong similarity between
the eye-movements on real versus imagined images across different viewers. Previous studies
mainly used simple grid-based stimuli 129,159,236, where eye movements were discretized unnat-
urally in low resolution. A single picture of more complex scene was used in 126,127 but no
other visual stimuli were included. It remains unclear what the degree of similarity is when
encoding and recall a large amount of natural imag . In view of the fact that such a similarity
exists but its strength was not quantified, we evaluate different retrieval scenarios. In all cases

114



we essentially ask: howwell can images be computationally discriminated from other images
based on only gaze data.

The scenarios differ based on what gaze data is used as a query and what gaze data is used
for matching. We consider different combinations which can be generally divided into two
scenarios: in Scenario 1, we follow the idea of exploring available information contained in the
data; in Scenario 2, we test a realistic setting in applications, which allows for the possibility
of extension to new users.

We develop two types of retrieval algorithms for these scenarios. Restricting ourselves to
using spatial histograms of the data, we consider an extended version of earthmovers distance
(EMD) and, at least for the scenarios that provide enough data, we also use deep neural nets.
In general, we find that retrieval is feasible, albeit the data from LAN is challenging, and the
resulting performance varies significantly across scenarios and observers.

Basedon thepromising results in a lab settingwemake a first step towards a real application
(see Section 7.5): we sent several participants with a mobile eye tracker to a staged ‘museum’
exhibiting paintings. After their tour, we ask them to recall some of the images while looking
at a blank whiteboard. We find that the median rank in a classification approach is small,
showing that the idea is promising for practical use.

Despite the encouraging results, our proposed new modality still faces challenges that re-
quire further investigations.

7.2 Background & Related Work

Gaze Interaction The well-known ‘Midas Touch’ problem 120 describes the difficulty
of distinguishing between attentive gaze during exploration and communicative gaze that is
used for instance for selection. Even so, gaze still offers an attractive option as input, since
it is comparatively fast and accurate. Especially in hand-free interaction systems, gaze data
provides an additional input modality. As an input method, gaze is used to indicate users’
intention 119,158, and to type words 177 and passwords 28. Other types of applications are based
on the characteristic of eye movements captured by dwell time 195 or smooth pursuit68. For a
more comprehensive review of eye-based interaction, we refer readers to work by Majaranta
and Bulling 176.

Most similar to our endeavor are attempts at learning something about the image or the
observer by simply processing the gaze in a free viewing task. Fixations have been used to
select images from a collection to indicate the desired attributes of a search target 231; or gaze
data is exploited to identify fine-grained differences between object classes 135. Comparing to
previous work, where users are mostly required to consciouslymove their eyes, the proposed
interaction system relies more on unconscio eye movements.
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Brain-computer Interfaces The idea of using brain activity for direct communica-
tion with the computer is intriguing. Early attempts based on electroencephalogram (EEG)
go back to 1970s 261, and first consolidations of various research efforts 275 argue that reading
the mind will be difficult and the focus of attention should be on individuals training to steer
the EEG for providing certain commands. Today EEG is used in applications such as identity
authentication 190 and studies about brain responses78. Despite the bandwidth of communi-
cationusing EEG still seems to be very limited, the trend appears to be combining continuous
EEG data with other modalities 161,279.

Likewise, there have been attempts at reading a person’smental state using functionalmag-
netic resonance imaging (fMRI)91,133. The task of reconstructingmental images has generated
much interest and shows promising results60,138,198,201,240. These results are similar to what we
want to achieve: guess the image one is recalling from memory.

Many of EEG based applications are restricted to binary classification. Participants are in-
structed to imagine moving their left or right hand 17, which needs to be repeated many times
to give a sufficient signal-to-noise ratio 192. Yet it opens up a possibility of communication for
patients with aggravating conditions 161,279. Participants in studies using fMRI are required to
keep still so that acquired images can be aligned. Such restriction ofmovements during fMRI
scanning poses another challenge (besides costs) in terms of practical usage. This chapter is
based on tracking the gaze patterns during mental imagery, which is more feasible for practi-
cal purposes.

Photo Management and Retrieval Managing photos and image collections can be
difficult for users (cf. Kirk et al. 148), oftentimes requiring context-based organization and
sorting. Especially retrieval of individual images can pose a significant challenge and requires
advanced interfaces and interactions (cf. e.g. Kim et al. 145 , Shneiderman et al. 242). Sketches
are probably the oldest way to communicate mental images. Unlike in image recall, gaze pat-
terns are significantly distorted and incomplete compared to the real visual appearance of an
object. Information in a sketch is much richer and more coherent than the data we have to
deal with. Nevertheless sketches have been shown to work well for retrieving images65,230,278.
In contrast to sketching, we explore how users can retrieve an image without explicit interac-
tion, which can be beneficial in situations where sketching is not available (e.g. because the
hands are occupied).

7.3 Retrieval

Retrieval is based on two steps: first the raw eye tracking data is turned into a more compact
representation; then, we try to assign a query representation to one of the 100 image classes.
For the second part, we consider different approaches, eithermeasuring the distance between
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pairs of data representations using an appropriate distance metric, or using deep neural nets.
Depending on what gaze data is used for query and matching, we have different retrieval
scenarios. In particular, we consider the following combinations:

1. Within the same condition: the query gaze data and the gaze data used for matching
are both taken from the observers while

(a) looking at the images or
(b) looking at nothing.

In these situations we always consider matching across different observers. This means
that when querying with data from a specific observer, his/her data is not included for
matching.

2. Across conditions: the query data is taken from an observer looking at nothing and it
ismatched against gaze data from looking at the images. Herewe differentiate between
matching the query data

(a) against the gaze data from all other observers or
(b) against the gaze data from the same observer.

Scenario 1 is meant to establish an idea about the available information contained in the data.
Scenario 2, we believe, is a realistic setting in applications, where we want to use gaze data
from imagining an image for retrieval while collecting viewing data from other users.

7.3.1 Data Representation

We have experimented with a number of different representations and were unable to iden-
tify a representation that clearly outperforms others in terms of retrieval performance. For
reasons of a clear exposition we use spatial histograms, as they consistently performed well,
are simple to explain, and are a natural input for neural nets.

A spatial histogram is defined on a regular lattice with k = m × n cells. We denote the
centers of the gird cells as {ci}, 0 ≤ i < k. To each cell we associate a weightwi. The weights
are computed based on the number of raw gaze samples (returned from the eye tracker) that
fall into each cell, i.e., that are closer to ci than to any other center cj, j ̸= i. Because of the
grid structure, we may consider the set of weights w as intensities of a discrete image. This
image is sometimes called heat map in the literature on eye tracking.

We are aware that it is common to first extract fixations from the raw gaze data before
further processing. We have opted not to do this, as (1) fixations are not defined in a way
that could be universally accepted, (2) the spatial histogram is dominated by the fixations
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anyways, and (3) saccade datamay ormaynot be useful in classification. In an initial test using
MultiMatch 54, a tool developed in the eye tracking community for comparing gaze sequences
based on fixation data, we found that the retrieval tasks we are interested in performed only
at chance level.

It has been observed that the sequence information could be useful 135 but we could not
reproduce this observation. This makes sense, as it has been observed that the order of where
people look during imagery is not identical to the order during looking at the image 126.

7.3.2 Distance Measure

The nature of the data suggests that simple measures of distance are unable to capture the
desired correspondences. Indeed, we found that simple Euclidean distances on the weight
vectors of spatial histograms, i.e. d(w,w′) = ∥w − w′∥ are not promising. The reasons
for this are that the fixations in one gaze sequence are commonly a subset of the fixations in
the other sequence. Moreover, the data for mental images is spatially distorted and contains
elements that are unrelated to the original stimulus.

Research on fixations and image saliency has investigated various ways to measure the
agreement (or disagreement) of real fixations with computational predictions 131. Bylinskii et
al. 30 observe that the Earth Mover’s Distance (EMD) 227 tolerates some positional inaccuracy.
More generally, EMD is well known to be robust to deformation and outliers for comparing
images.

In our context the weights w and w′ are representative for the gaze data. The flows F =
{fij} describe how much of the weight wi is matched to w′

j. Based on the idea that w′ is po-
tentially a subset ofw we scale the weight vectors so that

1 = ∥w∥1 ≥ ∥w′∥1 = σ (7.1)

The flow is constrained to relate all of the weights inw′, but not more than wi, to i:∑
i
fij = w′

j,
∑

j
fij ≤ wi. (7.2)

This implies
∑

ij fij = ∥w′∥. Among the flows satisfying these constraints (i.e., the flows
that completelymatchw′ to a part ofw) one wants tominimize the flow. Therefore we need
to specify how far apart the elements i and j are by a distance metric {dij}. The resulting
minimization is:

argmin
F

∑
i

∑
j
fijdij. (7.3)

In many cases it is natural to use Euclidean or squared Euclidean distance between the cell
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centers ci and cj to define dij. On the other hand, we cannot be sure that the space in which
the recall sequences ‘live’ is aligned with other such spaces, or the fixed reference frame of
the images. In line of this, learning has been used to optimize themetric {dij} for EMD48,266.
Our idea in this context is to restrict the potentialmapping to be affine. Thismeanswe define
the distances to be

dij = ∥ci −Tcj∥22 (7.4)

where T is an arbitrary affine transformation. We optimize for the flows F and the trans-
formationT in alternating fashion. With fixed transformationT this is the standard EMD
problem and can be efficiently computed for the size of data we have to deal with. To opti-
mize T we consider the matching pairs of viewing and recall sequences. Based on the given
flows, computing an affine transformation for the squared distances is a linear problem. This
procedure typically converges to a local minimum close to the starting point40, which is de-
sirable in our application, as we expect the transformation to be close to identity. In any case,
the minimization indirectly defines the resulting distance as

d(w,w′) =
1
σ
∑

i

∑
j
fijdij (7.5)

7.3.3 KNN Classification.

In order to have a baseline for comparison, we used a simple k-nearest neighbor (kNN) classi-
fier based on euclidean distance. The basic idea of kNN classifier is each query is exhaustively
compared to all training samples and classified as the class of the k-closest ones. k was set to
27 in our experiment and the class label was determined as the distance weighted labels of the
nearest 27 samples. The overall accuracy was determined by leave-one-out cross validation.
Each time we dropped out one dataset for testing and used all remaining datasets for train-
ing. This method was used for image retrieval based on eyemovements during encoding and
during recall separately.

7.3.4 Distance-based Retrieval

Based on a distancemeasure d between spatial histograms represented by their weight vectors
w,w′, we can perform retrieval, assumingw′ represents the query data.

The simplest case is scenario 2b (described in Section 7.3), where retrieval is restricted to a
single observer. So we have 100 spatial histogramswi representing the gaze sequences while
looking at the images, and a single histogram w′ representing a recall sequence as a query.
Computing the 100 distances d(wi,w

′) allows ranking the images.
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Figure 7.1: (a) CNN architectures employed for histogram based matching. Numbers around layers indicate width
and height, as well as the number of channels (wri en below). (b) Descriptor learning setup with two triplet losses.
For two different images, encoding and recall histograms were fed through their respec ve networks (truncated
pyramids) to produce 16-dimensional descriptors. Two triplet losses were used to force matching descriptors to be
closer to each other (based on Euclidean distance) than non-matching descriptors.

In the other three scenarios query data from a single observer is matched to the gaze data
from other observers. In these scenarios we base our approach on leave-one-out cross valida-
tion, meaning we always use all the data from the remaining 27 observers for matching. Let
wk

i be the spatial histogram for image i provided by observer k. For each image we compute
the smallest distance of the queryw′ to each image across all observers:

di(w
′) = min

k
d(wk

i ,w
′). (7.6)

Then the ranking is based on di(w
′). Note that the first rank in this case is the same as using

the nearest neighbor in the space of spatial histograms with the distance measure defined
above.

7.3.5 Convolutional Neural Networks

The data we have collected encompasses 2700 gaze data histograms–we felt this number jus-
tifies trying to learn a classifier using the currently popular Convolutional Neural Networks
(CNN).We design the architectures to have few parameters to reduce overfitting on the data,
which is still rather small comparing to the typical number of parameters in CNNs.

Network Layout The basic setup for the CNN is similar to the ones used for image
classification and visualized in Figure 7.1a. Each encoding (or, respectively, recall) sequence
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of eyemovements was accumulated into a histogramwhich served as a one channel input im-
age to the CNN. Each convolution filters the previous layer with learned 3 × 3 filter kernels
and produces a new image with asmany channels as filter kernels are used. As is common, we
combine each convolution with Batch Normalization (BN) and ReLU non-linearity. After
two blocks of convolution, we performMax Pooling to reduce spatial size. After two blocks
ofmax pooling, the spatial size is down to 3×3 elements atwhich pointwe flatten and employ
regular fully connected layers. The first of these two fully connected layers is again using BN
and ReLU. The last one, however, directly feeds into a softmax layer to produce a probabil-
ity distribution over the 100 image classes. We designed our network in such an architecture
(Figure 7.1a) that it only had few parameters so that overfitting on the small dataset was re-
duced. To improve generalization, we employ dropout layers throughout the networkwith a
dropout probability of 30% in the convolutional layers and 20% in the fully connected layer.

ApplicationtoScenario 1 Thenetwork canbedirectlyused toperformretrievalwithin
the same condition (scenarios 1a and 1b, described in Section 7.3), as the query data is of the
same type as the data used for generating the network. All weights were initialized using
Xavier initialization79 and, where applicable, initial filters were orthogonal to each other. We
trained the networks using Cross Entropy Loss for 50 epochs using the Adam parameter up-
date scheme 147 with β1,2 = 0.95 and a batch size of 100. We started with a base learning
rate of 0.02 and annealed it over time by halving it every 10 epochs. The individual layers
had their learning rate scaled based on the number of inputs, analog to the scaling in Xavier
initialization. The intermediate layers had no weight decay as they were followed by batch
normalization layers. The output layer had a mild L2 weight decay of 1e-8.

To test classification accuracy (in the first two cases), we performed leave one (subject) out
cross validation. That is, we trained the network 28 times, each time withholding the data
from one of the 28 subjects from the training pool. Testing was then performed only on
the data of the withheld subject, thus testing how the network generalizes to new subjects.
Overall accuracy was reported as the average over all tests.

Extension for Scenario 2 For working with histograms coming from different pro-
cesses, it seems better to learn independent encodings. Instead of mapping the histograms
directly to their respective image index, and thus casting image retrieval as a classification
task, we rather perform image retrieval by learning proper encodings and then comparing
them based on distance. In other words, we train an embedding of the histograms from the
two conditions into a low dimensional descriptor space such that matching pairs are close
together, and non-matching pairs are far apart.

The network architecture (see Figure 7.1b) is similar to the classification architecture de-
tailed above. The difference is in the lack of BN layers, as they could not be used in this
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training setup, the removal of the softmax output, and the reduction from 100 outputs to
just 16. We simultaneously train two instances of this architecture, one for each condition.
Both map histograms to 16 dimensional descriptors. These descriptors were then used to
match a query histogram to a set of previously recorded reference histograms and, by exten-
sion, find the closest encoding histogram for a given recall histogram. The difference to the
previous network was in the smaller output layer (16 outputs instead of 100) and the removal
of the batch normalization layers. Initialization of weights and scaling of the learning rate
was handled as in the previous network.

The Triplet Loss 239, employed during training, forces the networks to produce descrip-
tors which, for matching pairs, are more similar (based on Euclidean distance) than for non-
matching pairs. We used two triplet losses in tandem with four descriptor computations to
balance the training (see Figure 7.1c). We trained each fold for 1000 epochs with an initial
base learning rate of 0.001 that we scaled by 0.75 every 100 epochs. We used the same Adam
optimizer with β1,2 = 0.95 and a batch size of 20. All layers had a small L2 weight decay of
1e-8. We also experimented with hinge loss, which simply forced matching descriptors to be
close and non-matching descriptors apart, but found that triplet loss, while training more
slowly, generalized better.

A ranking for a query histogram can be computed by generating its representation in the
low dimensional descriptor space and then using Euclidean distance. The procedure for se-
lecting thebestmatch is identical to the one explained above for the distances computedbased
on EMD.

Extension to Unseen Images. Following the previous formulation of matching his-
tograms. We tested howwell the learned descriptors can be generalized to unseen images. To
this end, we performed 10 fold cross validation to show that the matching network general-
izes to new images. The 100 images were split into 10 groups of 10 images each. Training was
performed 10 times, each time withholding one group of images from the training data and
using it for testing. Reported numbers were the average over the 10 folds.

7.4 Results

Using the two retrieval methods we now present results for different scenarios. They are
described based on the rank of the queried image among all images. Based on the ranks we
form a curve that describes the percentage of the 100 different queries (one for each image) to
bematched if we consider the first x ranks (x ≤ 100). This is essentially a Receiver Operating
Characteristic (ROC) curve. The leave-one-out cross validation generates one curve for each
observer, so 28 curves in total. We consider the mean curve as the overall retrieval result and
also provide the 50% interval in the visualization (see Figure 7.2, Figure 7.3, and Figure 7.4).
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For a good retrieval algorithm, the ROC curve climbs up steeply at the beginning and
quickly reaches the highest point. This would mean that for most queries the correct im-
age match is among the top ranked retrieval results. The overall retrieval accuracy is then
measured by the standard area under the curve (AUC). If retrieval was based on chance, the
expected rank for retrieval would be 50 among the 100 images. The chance for being ranked
first would be 1%, the chance to be among the first 5 would be 5%, and so on. This means the
ROC curve for chance retrieval would be the bisector line with AUC = 0.5.

Bothmethods depend on the size of the histogram, and the distance measure provides the
additional parameter σ. We also checked how enabling the affine transformation influences
the results. In general, the results in terms of the AUC are not varying much with these
parameters and we make the following recommendations:

• Choosing k too small slightly degrades the results and we suggest using histograms of
size k ≥ 16× 16.

• Allowing a partial match improves the result, i.e. choosing σ = 1 is suboptimal. We
have settled for σ = 0.5.

• Allowing a global affine transformation shows improvements in retrieval rate for some
of the scenarios. This means learning a global transformationmatrix could potentially
adjust the deformed recall sequences.

7.4.1 Scenario 1

The tentatively easiest case is retrieving an image based on the gaze data while looking at the
image, matched against similarly obtained gaze data. Indeed, we find that the AUC for kNN
is 94.5% (Figure 7.2, U = 9.6e3, n1 = n2 = 100, p < .001 two-tailed, Mann-Whitney rank
test) and the distancemeasure is 96.3% (Figure 7.2, U=9.73e3, n1=n2=100, p<.001 two-tailed,
Mann-Whitney rank test). In particular, using kNN the top ranked images are correct in
60.6% of the cases, and the correct match is among the top 3 in 77.9%, and 52.2% and 72.4%
using the distancemeasure. These results are largely independent of the choice of parameters
and the use of the affine transformation.

TheCNNperformsonly slightlybetterwithAUC=97.5% (Figure 7.2,U=9.86e3,n1=n2=100,
p<.001 two-tailed,Mann-Whitney rank test), and achieved top-1 and top-3 ranks of 61.3% and
79.1%.

This demonstrates that visual images can be easily discriminated based on eye movements
from observers exposed to those images, at least for a database of 100 images. Even a simple
classifier can correctly identify the visual stimulus more than 60% of the time.

If recall gaze data is matched against recall gaze data, the results are significantly worse.
The performance for the kNN classifier dropped down to chance level (Figure 7.2, AUC =
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Figure 7.2: Retrieval performance using kNN(le ), EMD(middle) and CNN(right). The 50 percent center intervals of all
ROC curves over all observers are depicted in light colors, viewing based retrieval in blue and recall based retrieval in
orange.

54.3%, U = 5.5e3, n1 = n2 = 100, p = 0.245 two-tailed, Mann-Whitney rank test). This
failure reflects the repeated finding that eye movements during mental imagery suffer from
spatial distortion 25,126,240, so we should not use the Euclidean distance measures on imagery
data, unless we could somehow remap the distorted gaze data onto the (unknown) correct
positions.

Usingmatchingbasedon thedistancemeasurewe findAUC=65.1% (U=7.08e3,n1=n2=100,
p<.001 two-tailed, Mann-Whitney rank test). The top-1 and top-3 ranks are 3.4% and 8.2%
respectively. For the CNN we get AUC = 69.8% (Figure 7.2, U=7.08e3, n1=n2=100, p<.001
two-tailed, Mann-Whitney rank test). In 5.9% of the cases the system could correctly iden-
tify the image, and the top-3 rank dropped to 13.8% (chance would have been 1% and 3%).
Notably, the variance of all ROC curves of retrieval based on recall gaze data is higher (SD =
7.13%, compared to SD = 2.42% for retrieval based on viewing gaze data). We interpret this
poor performance to reflect the previously noted variation amongobservers’ recall behaviour.

7.4.2 Scenario 2

Weperform cross-conditionmatching in scenario 2 bymatching a recall query to viewing gaze
data. When matching is performed against all other observers’ gaze data, the performance
drops to AUC = 68.4% as shown in Figure 7.3 on the left (U=6.937e3, n1=n2=100, P<10−5

two-tailed,Mann-Whitney rank test), with top-1 of 5.8% and top-3 of 12.8%. Whenmatching
is against the gaze data from the same observer, we achieved an AUC of 73.7% (U=7.47e3,
n1=n2=100, p<.001 two-tailed,Mann-Whitney rank test) based on EMDdistances (right plot
in Figure 7.3). Top-1 and top-3 matches are 10.0% and 19.6% respectively.

Surprisingly, in this scenario the performance using CNN is not better than using EMD.
Matching against data from all other observers gives AUC = 68.1% (U=6.91e3, n1=n2=100,
p<.001 two-tailed, Mann-Whitney rank test). Similar to the results based on EMD distance,
the retrieval performance improves for matching against the data of the observer: AUC =
73.4% (U=7.44e3, n1=n2=100, p<.001 two-tailed, Mann-Whitney rank test). We suspect this
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Figure 7.3: Retrieval performance in scenario 2. The le plot is matching result against viewing from all other ob-
servers and the right plot shows matching against data from the same observer. The 50 percent center intervals of all
ROC curves over all observers are depicted in light colors.
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Figure 7.4: Retrieval performance in scenario 2 using CNN. The le plot is matching result against viewing from
all other observers and the right plot shows matching against data from the same observer. The 50 percent center
intervals of all ROC curves over all observers are depicted in light colors.

is due to the difficulty of the data in general and, in particular, due to thewell knownproblem
of CNN when dealing with global affine transformations. If there was a way to compensate
for such global transformations in CNN, the results might be better. It would be interesting
to continue with this idea in future work.

7.4.3 Extension to Unseen Images

The matching networks allowed us to see whether retrieval based on eye movements during
mental imagery can generalize to new image content that is not in the training dataset used
by the networks. In other words, whether the system can generalize to unseen images (with
eye movement data). Matching was restricted to the pairs for each observer and a 10-fold
cross validation over the images was used to determine the retrieval accuracy, e.g., for each
fold training on 90 images and testing on the remaining 10. An average AUC of 66.4% was
achieved over the 10 folds (U = 78.5, n1 = n2 = 10, p = 0.250 two-tailed, Mann-Whitney
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Figure 7.5: Generaliza on to unknown s muli. ROC curve of retrieval based on matched eye movements during
recalling. Blue area depicts the 50 percent intervals of all ROC curves of each subject.

rank test) (Figure 7.5). The top-1 and top-3 ranks were 23.5% and 40.2% respectively. These
results indicate that the learned space canbeused todescribe eyemovements related tounseen
images, and allows the generalization about new stimuli with a reasonable retrieval accuracy.

7.4.4 Dependence on Individual Participants’ Behavior

Here we examined the variation of the retrieval accuracy among individual testing set. We
looked at the achieved AUCs from previous leave-one-out cross validation using CNN (Fig-
ure 7.6 (a)). We noticed that imagery vs imagery retrieval worked better for some observers
who actively move their eyes during mental imagery. Our intuition is that the current neural
network design works well when observers resemble their perceptional eye movements dur-
ing recall but performs poorly when it comes to severe distortion, i.e. when eye movements
during recall are largely shifted, scaled or translated, or when observers don’t move their eyes
much during recall. On average, recall-based retrieval had a larger variation (SD=0.07) then
encoding-based retrieval (SD=0.02) as depicted in Figure 7.6 (b).

7.4.5 Dependence on Stimuli Content

Images used in the experiment had 1024 pixels in the largest dimension and histograms of
24 × 24 are essentially the downsampled representations. This poses a natural limitation
on the total number of images that could be computationally discriminated. As histograms
encode information of where we look and how long we look, two distinct images inevitably
lead to two similar histograms. To further investigate this aspect, we visually inspected the
most and least misclassified image pairs when CNN was used as the retrieval method.

For encoding-based retrieval, the most confusing image pairs (Figure 7.7 (a)) had notice-
ably higher similarities especially in the image layout, whereas the least confusing pairs (Fig-
ure 7.7 (b)) shared less similarity. Interestingly, similar results were observed in recall-based
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Figure 7.6: Area under the curve of each leave-one-out test using CNN. (a) AUC when data of each subject is used
for tes ng. Classifica on based on encoding eye movements are shown in blue and classifica on based on recall eye
movements are shown in orange. The mean values and standard errors (one standard devia ons) of the AUCs are
shown in (b).
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Figure 7.7: Top-5 image pairs that are most o en confused (a) and never confused (b) in encoding eye movements
based retrieval using CNN. (a) Image pairs are sorted by the number of confusions from le to right: the first column
shows the two images for which the eye movements during encoding are confused most o en. In each pair, the im-
age in first row is classified as the image in the second row. Overlaid histograms aggregated over all eye movements
of the complete dataset are shown in the third row. Histograms of images in the first row are show in red and his-
tograms of the images in the second row in green. (b) Examples of the most dis nct pairs of images, i.e., images in the
first row are never classified as images in the second row. Similar to (a), overlaid histograms are plo ed in the third
row.

retrieval and Figure 7.8 shows the most confusing image pairs. Despite the inaccuracy of eye
movements during mental imagery, the similarity of image content still seems to be a source
of confusion for the classification.
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Figure 7.8: Top-5 most confused image pairs (in each column) in recall-based retrieval. Image in the first row is most
o en misclassified as the image below. The frequency of each pair’s confusion goes down from le to right. Notably
that images of each pair have very similar content. For example, the two images in the second column have dominant
features in the right half: the boy in the top image and the text and display in the bo om one. In the third pair, a dog
and a house are placed similarly to the posi ons where the boy and the adults are in the bo om image.

7.4.6 Discussion

Identifying an image based on gaze data during looking at the image works well, based on a
variety of different approaches. It is clear, however, that this result is highly dependent on
the set of images being used. If the 100 images evoke similar gaze patterns, they could not
be discriminated based on gaze data. Our results indicate that gaze on the images we chose is
different enough to allow for computational image retrieval. This is important, because if dis-
crimination had been difficult based on gaze data from viewing, it would have been unlikely
that gaze sequences during recall contained enough information for any task.

The results for retrieval basedongazedata fromrecall usingdata for recall tomatch indicate
how severely distorted the recall data is. Theperformance significantly decreases and indicates
that the task we believe is most important in applications, namely matching gaze data from
recall against gaze data from viewing, may be very difficult.

The two scenarios we consider for matching recall data against viewing data show quite
different results. Matching the recall data of an observer against their own viewing dataworks
muchbetter thanmatching against the viewing data fromother observers. This indicates that
viewing is idiosyncratic. The fact that observers agreemore with themselves thanwith others
is also consistent with the findings that fixations during recall are reenactments7,223.

To our knowledge, this is the first quantitative assessment of the amount of information
in the recall gaze that can be used to identify images.
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front view

(a) (b)
Figure 7.9: (a) The setup in the ‘museum’-experiment. Par cipants view 20 images wearing an eye tracker. Later, they
were asked to think about the images while looking at the (blank) whiteboard. Gaze pa erns from this recall are used
for iden fying the image. (b) Example of video stream (scene and eye cameras). Green dots indicate fixa ons. Red
lines represent the trajectory to the previous viewed posi on.

7.5 Real-world Application

We have established that the gaze pattern while only recalling an image could be used to iden-
tify the image using standard techniques from vision and learning. The data, however, was
collected under artificial conditions. We are interested in performing a similar experiment,
albeit this time under more realistic conditions.

A useful application could be retrieving one or more of the images seen from a museum
visit. To explore if this is possible, we hung 20 posters in a seminar room (see Figure 7.9a),
simulating amuseum*. The images had slightly varying sizes at around 0.6m× 1.0m on both
portrait and landscape orientations. Their centroids were at a height of 1.6m. For the recall
phase, an (empty) whiteboard was used.

We recruited 5 participants (mean age = 32, 1 female) for the museum visit; only 1 had par-
ticipated in the earlier experiment. Each of themwas outfittedwith a Pupilmobile eye tracker
with reported accuracy of 0.6 degrees 137, equipped with two eye cameras at 120Hz and one
front-facing camera at 30Hz. The eye tracker was calibrated on a screen prior to viewing the
images. No chin rest was used during the calibration but participants were asked to keep
their head still. As in the controlled experiment, we used a 9-point calibration and a display
(1920 × 1200 pixels) placed at 0.7m distance. This also approximates the viewing distance
between the visitor and the museum items. After calibration, positions of pupil center in
eye cameras are mapped into the front-facing camera, yielding the resulting gaze positions. As
long as the eye tracker stays fixed on the head, the calibrated mapping is valid. Participants
were asked to inform us if they notice any displacement of the eye tracker.

*We initially planned to do this in cooperation with any of the large museums close by, but legal and ad-
ministrative issues connected to the video camera in the eye tracker caused more complication then we felt the
merely symbolic character was worth.
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After calibration the cameraswere continuously recording. Participantswere asked to view
all the images, in no particular order or time frame (but without skipping or ignoring any).
Furthermore, participants were asked to obey markers on the floor indicating minimal dis-
tance to the images (similar to the rope in a museum). After viewing the images, participants
were asked to recall images they liked, in any order, and asmany as theywanted to recall. Each
recall sequence startedwith instructions by the experimenter and endedwith participants sig-
naling completion.

Wemanually partitioned the resulting eye tracking data based on the video stream from the
front facing camera. 20 viewing sequences are extracted for each participant and Figure 7.9b
shows several frames of the data. The viewing duration varied greatly among participants,
from few seconds tomore than aminute per image. All participants recalled at least 5 images,
with 10 being the highest number. Viewing and recall sequences are represented as variable-
length gaze positions mapped in the front-facing camera. In total, each dataset from one
participant contains gaze positions of 20 viewing sequences and five ormore recall sequences.

For the analysis it turned out to be relevant what part of the viewing and recall sequences
we would use. We considered the first 5, 10, 15, 20 seconds of the viewing sequence and the
first 5, 8, 10, 12 seconds of the recall sequence. We represented the resulting raw data using k-
means clusteringwith k = 10 and computed distances using EMD.The EMDbased distance
measure is able to compensate for global rigid transformation, which seems very important
for the setting. The resulting ranks are above chance in all cases, yet different parameter set-
tings worked best for different participants. The results did improve with optimization for
a transformation. There was no significant advantage in including rotation or scaling, but
translation was important.

The best median ranks for 5 recalled images were, in order from best to worst, 2, 2, 3, 4, 5
(without translation we found 2, 3, 3, 4, 7). So if duration can be adapted to each participant
the results are surprisingly good. Applying any combination of duration to all 5 participants
in the same way leads to worse overall results. Optimization for translation pays off in this
situation as well, as the results get more stable against the choice of parameters: for a wide
variety of combinations we findmedian ranks of 4 and 5. All the reportedmedian ranks have
to be seen in context of the median of a purely random retrieval being 10.

None of our participants had reported big movements during the experimental session
and no secondary calibration was conducted. The camera rate of the eye tracker also seems
to be irrelevant in our setting as long as meaningful eye movements are recorded. There is
no special requirement for high-speed eye camera since saccades and other type of micro eye
movements are not included in the analysis.
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7.6 Discussion

Our study aimed at investigating the possibility of using computational models to retrieve
natural images based on eyemovements during encoding andmental imagery. We found that
image retrieval based on eyemovements when looking at the images can achieve very high ac-
curacy even with a simple method. In other words, the gaze patterns when observers inspect-
ing the images contain unique signatures which allow us to easily retrieve the corresponding
images. However, a successful retrieval based on eye movements when LAN requires more
complicated machine learning algorithms. Using a convolutional neural networks (CNN),
we demonstrated that eye movements during mental imagery can be used to retrieve images
with a reasonable performance. Furthermore, our results show that the intrinsic similarity
between eye movements during encoding and those during recall allows us to extend the re-
trieval framework to new photos.

Using physiological measurements for the retrieval of mental imagery is not new. Others
have aimed at reading a person’s mental state91,133 or reconstructing the imagery they have in
mind60,198,240, by making use of brain activities measured by functional magnetic resonance
imaging (fMRI). Eye movements during looking at images have also been previously used
in practice. In human-computer interaction, fixations were used as a mouse cursor for selec-
tion 231. InKaressli et al. 135 , gaze datawere used to indicatewhere observers allocate their atten-
tion in a fine-grainedobject classification task, and subsequently incorporated into a classifica-
tion framework as it provided the information on where to look for the distinction. Surpris-
ingly, eye movements have not been used to retrieve the mental imagery before, despite sub-
stantial previous work demonstrating that eye movements during recall in front of an empty
space are abundant and play a functional role in memory retrieval25,127,128,129,159,160,223,236,247.

We have replicated previous research showing that gaze patterns from observers encoding
images differ from the patterns while observers think about the same images 25,77,126,127,128: im-
agery eyemovements cover a smaller area compared to the area coveredby encoding eyemove-
ments (Figure 6.1d), and imagery fixations are longer (Figure 6.1b). For this reason, the dis-
criminatory information contained in imagery eye movements is poorer. More specifically,
successful discriminationdoesnotworkwith straight-forwardk-nearest-neighbor search (kNN)
and its Euclidean distance measure, while classification with convolutional neural networks
(CNN) more easily discriminates the content. In contrast, gaze patterns from encoding the
photographical content contain sufficient information that allow both the kNN and the
CNN methods to perform successful discrimination. Additionally, our analysis results indi-
cate that the retrieval performance varies among individuals and similarities of image content
will pose a major challenge of extending to larger databases.
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7.6.1 Eye Movements Representations.

In this study, eye movements were represented with a 24 × 24 2D histogram of gaze posi-
tions (also known as a gridded gaze density map). This is a natural choice, as most imagery
research has shown that the location of fixations but not fixation order is preserved during
imagery. However, other types of information might well be suppressed. Besides the simple
2D histograms, we experimented with several different representations which are 1). binary
histogram excluding the time spent in each cell; 2). histograms with a third dimension of
time; 3). concatenated histograms of differences between consecutive eye positions. None
of them performed significantly better. It is therefore unclear how much better the image
discrimination would be if order information were to be included in the representation of
eye movement sequences. We suspect observers may have difficulties to recall anything else
than locations of objects in the limited five seconds time. But it is also possible that other
details of the mental imagery (e.g. color and texture) are hidden in finer gaze patterns. They
might require longer time to recall. It remains to be an interesting direction in future work
to explore different representations for other types of information.

7.6.2 Improvement on Performance.

We noticed that image retrieval based on eye movements from recall worked better for some
observers than for others. Johansson et al. 128 could show that people with a poorer spatial
imagery ability produced eyemovements during imagery with a larger dispersion, more simi-
lar to those during encoding of the physical image. People with a good spatial imagery ability
can recall photoswithoutmaking extensive eyemovements, and scale, shift and translate their
gaze area. From this perspective, computational retrieval of image content using eye move-
ments suits people with a poorer spatial imagery ability better.

The down-scaled eye movements during mental imagery make the retrieval task more dif-
ficult as clusters are formed in close range around the image center. Maybe we could instruct
observers to extensively look around and activelymake larger eyemovements in the full extent
of the tracking space, in other words, to imagine an up-scaled photo. Asking participants to
make an effort is not unreasonable – and inmany brain-computer interface applications, it is
the norm. It is known that a successful brain scan using fMRI requires the participants to lie
still during imaging. Electroencephalogram (EEG) provides a way to communicate with less
physical constrains, especially for patients with aggravating conditions 161,279. However, the
measured signals can only be used to distinguish in binary cases 17. Even though it requires
a long training time 192, blink or other body movements can still lead to low signal-to-noise
ratio 50. In comparison, making eyemovements duringmental imagery is muchmore natural
and intuitive, and has a potential to be a product that many people could use.

Surprisingly, in the third case (the generalization result), the resulting AUC (Figure 7.5)
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was somewhat weaker than in the second case (the imagery result) in Figure 7.2. We were
uncertain about the reason of this performance drop but we suspected this is likely caused
by the increased difficulty of having to deal with variations in the encoding and imagery data
simultaneously. Wedecidednot to includemore components than 16 in the descriptor vector,
as they would just increase the networks likelihood to overfit.

7.6.3 Long-term Memory

The current study only focuses on the effect of short-term memory where image recall was
performed immediately after the inspection of the original images. As indicated by a study 159,
recall/imagery eye movements are likely to be less accurate as memory deteriorates over time,
and consequently the retrieval performance would decrease. We have not explored this and
it remains an interesting future direction.

7.6.4 Scalability

Retrieval depends on image content. Clearly, the more photos are added to the database, the
more likely that several different photos will give rise to the same eye movement behavior,
which inevitably affects performance. This is because image representations are essentially
downsampled to gaze patterns, and similar representations lead to increased ambiguity. This
would pose a limit to how many photos can be used with this retrieval method. In similar
studies performed on fMRIdata, Chadwick et al. 35 showedbrain activity patterns can be used
to distinguish among imagining only three film events and in Cowen et al. 46 fMRI signals
were used to reconstruct face images but only 30 images were used.

Moreover, it is very likely that if all participants would look around in the full extent of the
monitor, when imagining the photo, the retrieval performance of the system would increase
significantly. Maybe it would be possible to instruct participants to make more extensive eye
movements than theywouldnormally do, in order to help the computer find the right image?
It is not unreasonable to expect a small effort on the part of the participant–which in many
brain-computer interface applications is the norm.

7.6.5 Temporal Stability

Our recall data were recorded immediately after image viewing. A longer delay might reduce
the discrimination performance as the memory deteriorates. In future work, it would be
interesting to explore the influence of memory decay and its effect on image retrieval from
long-term memory.
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7.6.6 Alternative Sensing Modalities

Our proposed technique relies on sensing the motion of the eyes over time. To gather this
data, we used a video-based eye tracker, which relies on users’ eye to be open, even when they
look at a neutral surface during recall. In contrast, other sensing techniques, e.g. electroocu-
lography (EOG), allow to sense eye movement when users’ eyes are closed. This would also
allow users to create a neutral background by simply closing their eyes, which might even in-
crease the vividness of mental imagery 183,263. However, the lack of reference with closed eyes
might introduce different types of distortions. We believe that exploring alternative sensing
modalities such as EOGas replacement or additional data sourcewill allowour concept to be-
come more viable for everyday interactions. We aim to explore additional sensing modalities
as well as their deployment in less controlled environments in the future.

7.6.7 Towards Real-world Applications

This chapter focuses on the evaluation of the proposed new interactionmodel alongwith the
development of computational tools. We used image retrieval as an indicator for the success
of understanding user’s intention. From a practical point of view, it would be interesting to
compare our method to existing techniques such as manual selection or speech-based inter-
face.

How to accurately track eyemovements usingmobile eye trackers poses another challenge.
In ourmuseum visiting experiment, we did notice that the calibration accuracy gradually got
worse. As the shifts of the eye tracker over time are rigid translations, our comparison meth-
ods should be able to compensate them. Such limitations rely on the further improvements
of mobile eye tracking.

With the development in wearable devices, we believe tracking the motion of the eyes
would be a natural by-product. Combination with other interaction modalities, such as the
possibility offered by recent work in speech interface 134, offers a rich source of information.
With additional sources of information, we believe that our interface would provide an im-
proved interaction between users and software agents.
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8
A Methodological Investigation of the

Spontaneously Prioritized Image Content

While looking in front of nothing, we retrieve certain details frommemory that are encoded
before. Based on this insight, we study the information contained in the looking-at-nothing
(LAN) eye movements on the level of scene elements. In this chapter, we propose a newway
to experimentally probe what content of a scene is prioritized in the recall from memory,
based on LAN eye movements. More precisely, we propose a novel elastic matching algo-
rithm to find out which encoding fixations have been subsequently recalled. The obtained
results correlate highly to the subjective evaluations of visual importance, based on data col-
lected in a separate experiment, indicating that the encoded fixations correspond to impor-
tant image content. We then show examples of how this method can be used to investigate
visual memory of bottom-up features (such as colour) versus objects with semantic meaning
(such as faces). Other meaningful memory effects are also demonstrated in the results.

8.1 Introduction

From change blindness studies, we know that in some situations participants look straight at
a task-relevant object, and still no working memory trace can be registered 258. In the well-
known gorilla experiment in psychology, observers reported no recognition of the gorilla
even when it had been fixated for a significant amount of time 189. Clearly, not all fixations
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are the same, and only some result in a later reported memory of the fixated item, which is
theoretically important, but also has practical implications for a variety of research fields in
the vision sciences and beyond.

The main goal in this chapter is to distinguish the fixations that are more likely to be re-
membered from those that are less likely to be remembered, based on eye movements during
looking at nothing. In this paradigm, we use the gaze positions during recall as a selection
criterion of the fixations during exploration: we take the matching of a fixation in the explo-
ration phase with a fixation from recall as an indication that the corresponding scene content
has been prioritized in recall from episodic visual memory.

This method takes its basis in the well-established finding from the LAN paradigm that
our eyes move while recalling an image. This was first shown by 194, and later research estab-
lished that in the absence of other visual features (i.e. while looking at nothing), the motion
of the eyes is reminiscent of the gaze pattern while looking at the original stimulus 127,159. In
particular, it has been shown that the fixations during recall of the stimulus reveal the loca-
tion of objects71,180, but not necessarily reinstate the sequences 86,181. Participants with a good
spatial imagery ability make fewer imagery eye movements, while participants with a poor
ability make more and wider eye movements 126. A number of studies 19,126,129,159,211,236,237 have
shown that eye movements during recall play a functional role in memory retrieval. Laeng &
Teodorescu 160 showed that inhibiting eye motion, by asking observers to maintain fixation
on a central point during exploration, led to reduced eyemotion during recall, and inhibiting
eye motion during recall led to degraded recall performance. 53 confirmed that inhibiting eye
motion during recall decreases memory performance. Moreover, attending to regions that
have been previously looked at before has been linked to imagery vividness 160, change detec-
tion performance 208, memory accuracy 159,236 and recognition accuracy 36, further suggesting
that eye movements during looking at nothing correlate to what has been encoded in mem-
ory.

There is, however, a fundamental limitation to the LAN paradigm: without the stimulus
being present, there is no physical frame of reference other than the boundaries of the screen.
The locations of fixations during recall exhibit a significant local displacement, i.e. the spa-
tial reproduction of fixation positions contains error. This deformation of the imagery space
has been consistently reported in imagery literature and involves shrinking, translation and
not making any eye-movements at all 126,127,159. To overcome this obstacle, instead of using
natural images, most previous studies employed single face images 36,100 or grid-based stim-
uli 129,159,181,236, for which area-of-interest (AOI) methods are sufficient to find the correspon-
dences between encoding fixations and recall fixations. However, for complex stimuli such as
photographic images, visual features are irregularly distributed and rigid AOI methods very
often fail to handle the displacements in recall locations, forcing researchers to perform time-
consuming manual coding, often using spoken language as a mediator 127.
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In this chapter, we propose a newmethod to computationally distinguish between fixated
regions in the original image that are spontaneously recalled* from visual episodic memory
vs. those that are not. The fixated content which is recalled might coincide with the rela-
tive importance of different scene regions, appearing in the recall fixations after it has been
prioritized in episodic memory.

In order tomatch fixations during recall to fixations during exploration, we therefore need
to compute amapping. After applying themapping, we retain fixations from the exploration
sequence that are close enough to a fixation in the relocated recall. A threshold on the dis-
tance between fixations in the exploration sequence from fixations in the recall allows us to
steer the distance criteria and to control the amount of image content being considered as
recalled (more detailed in Section 8.4). In this study, we address the following two questions,
employingbothquantitative andqualitative evaluations: First, will theprioritized image con-
tent coincide with separate judgments of the most important position in the image? Second,
how would salience, faces, and gaze guidance contribute to the prioritization in recall from
short-term visual episodic memory?

8.2 Analysis of Eye Movements during Exploration and Recall

The dataset of eyemovements during exploration and recall as described in Chapter 6 is used
in this study. Herewe present additional results focusing on the similarity between each pairs
of encoding and recall eye movement sequences.

Data from Encoding

The fixations fromall participants for a single image can be summarized in a spatial histogram
(a so-called gaze density map), commonly plotted as a heat map for the image. We computed
the spatial histograms for the data from our experiment and for the publicly available MIT-
data, which includes eye movement data during encoding. Following Judd et al. 131 , we re-
moved the first centre fixation from each sequence and applied a Gaussian filter with a kernel
size equivalent to 1 degree of visual angle. The heatmaps resulting from the publicly available
data and the heat maps from the exploration phases in our experiment are very similar (mean
Pearson’s correlation coefficient (CC) = 0.766, SD=0.115).

Data from Recall

Compared to encoding sequences, recall sequences have fewer but longer fixations (see Fig-
ure 6.1b). For some photos, the correspondence between fixations during encoding and recall

*We will use the term ‘recall’ for ‘retrieval of memory content’ during looking at nothing even though the
recalled information is not spoken but only exhibited through gaze.
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Figure 8.1: Pairs of explora on and recall fixa on sequences from four observers. Fixa on sequences during explo-
ra on are shown in the first row overlaid on top of the image s muli. Corresponding fixa ons during recall are shown
in the second row. The temporal order of each sequence is indicated by the numbers and consecu ve fixa ons are
connected by line segments. No ce that fixa ons in recall are distorted rela ve to image features and there is o en
no clear correspondences between fixa ons during explora on and recall.

is very clear. However, for themajority, while fixations from recall roughly resemble themaps
from the encoding phase, they are more constrained towards the centre and typically fail to
exactly correspond with features in the image that participants would have remembered dur-
ing recall. We also found that the temporal order is in general not preserved (see Figure 8.1
for some examples). This is consistent with previous results in imagery research 126.

Some observers tended to stall during recall. They stopped moving their eyes, leading to
fixations that are unlikely corresponding to image content. For 5 out of the 28 participants,
the number of fixations in recall is less than half compared to encoding. One participant
reported after the experiment that he changed his strategy through the experiment and only
recalled the single most interesting element of the image.

8.2.1 Quality of Individual Recall Data

Participants developed certain behaviours or strategies during the experiment that distort the
data, despite that their eyemovements during recall are generallyminimal. For example, a low
number of fixations clustered around the centre, or fixations that are randomly spread over
the stimulus area cannot be used to reliably identify locations of scene elements correspond-
ing to one of the fixations during encoding. We evaluated the quality of the recall data, which
also indicates the level of difficulties in matching. We expected that systematic undesirable
gaze behaviour during recall would show in gaze density map aggregated over all 100 images
during recall. For comparison we took the aggregated gaze density map during encoding and
computed the correlation coefficient (CC) of the two gaze density maps (the median value is
CC = 0.856). A few examples and the resulting CC scores are illustrated in Figure 8.2.
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cc = 0.924 cc = 0.915 cc = 0.912 cc = 0.856 cc = 0.853 cc = 0.708 cc = 0.681 cc = 0.616

Figure 8.2: The similarity between the encoding and recall gaze density maps for each of the 28 par cipants aggre-
gated over the 100 s mulus images. Par cipants are ranked according to correla on between the two cumula ve
gaze density maps. Two different types of inconsistencies appear in the least similar pairs: the distribu ons of recall
fixa ons are either peaked at one point or spread randomly.

8.3 Collection of Visual Importance Data

During recall, some objects in the memorized photo images are prioritized over others in the
choice of recall fixation positions. Are these prioritized items the important objects? In order
to evaluate the prioritization during recall, wemade another measurement, where we asked a
group of new observers to identify the most important scene element by clicking at its posi-
tion after being briefly exposed to a stimulus. In this, we follow studies that showhow the gist
of a scene can be perceived in a single glance within as little as hundredmilliseconds 16,32,205,216.
Clicking has previously been used to determine important areas 204.

8.3.1 Method

Participants A group of 21 participants (6 female, mean age = 24) were recruited and
their participation was compensated. All participants had normal or corrected-to-normal
vision and none of them had taken part in previous data collection. Consent forms were
signed before the experiment which allow us to use their data.

Apparatus The apparatus setup was identical to that used in previous data collection.
Observers’ eye movements were tracked with a standard EyeLink 1000 in remote mode.

Stimuli and Design The same set of 100 images were used as visual stimuli. In order to
help observers better locate scene elements, grids were overlaid over the images as inconspic-
uously as possible. Furthermore, smoothed, semi-transparent images were displayed during
clicking. High spatial frequencieswere removed from the images and remaining low frequen-
cies functioned as a reminder of the visual content. A Gaussian kernel with radius of 10 was
used for smoothing and the alpha transparent blending value was set to 0.3 (an example is
shown in Figure 8.3).
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Figure 8.3: Recording paradigm used in data collec on 2. A er a brief exposure of image s mulus, observers were
asked to click at the most important scene element.

Procedure The procedure for each trial is illustrated in Figure 8.3. Similarly to the pre-
vious data acquisition procedure, each trial started with a black screen with a white fixation
circle at its centre, followed by a brief encoding phase where an image stimulus was displayed
for 500 ms. Observers were instructed to ‘select the most important part of the image’. Sub-
sequently, observers were asked to ’click at that selected position’. The amount of time given
for clicking was 3s in each trial.

8.3.2 Data Processing

We use 2093 out of 2100 trials, for which observers clickedwithin the given time. The average
click latency was 1.63s measured from the moment when the image got blurred. Figure 8.4
shows three examples of the datawhere heatmaps for click data are smoothedwith aGaussian
kernel of 2◦ of visual angle. These heat maps are called the clicking maps in later sections.

8.4 Mapping Recall Fixations onto Encoding Fixations

In the first data collection, participants were asked to immediately recall the previously seen
image in front of an empty screen. We will now present an algorithm that determines which
elements in the original image correspond to the LAN (recall) fixations. Due to the lack of
reference framewhile looking at nothing, it is known that fixations during recall contain large
spatial errors. In contrast, fixations during encoding are mostly perfectly aligned with image
elements. Hence, matching recall fixations onto encoding fixations would provide us with
the alignment between recall fixations and the original image objects that have been recalled.

8.4.1 Relocation Mapping

The problem of establishing the mapping is that spatial locations of the fixations in recall are
distorted relative to the locations of features in the image. Due to a lack of reference frame,
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Figure 8.4: Examples of clicking results where agreement of clicking posi ons among all par cipants increases from
le to right. First row shows clicked posi ons a er the instruc on to click what is important. Below it, heat maps of
the same click data.

fixations during looking at nothing contain a large deformation, and such inaccuracy in each
fixation may accumulate over time. Therefore, we view the operation to relocate the recall
fixations to their proper position as a composition of a global rigid transformation (due to
a lack of reference frame) and local deformation (due to local inaccuracy and propagated er-
rors). We speculate that without this relocation, several recalled elements remain unmatched,
causing significant but unwarranted changes to the mapping.

Figure 8.5 provides an illustration: The six points in a) depict a sequence of fixations dur-
ing encoding, of which only five are being recalled. The observed set of fixations during re-
call projected onto the same reference frame is shown in b). We may think of the locations
as being displaced by the rigid transformation in d) and the (local) deformation in c). The
deformation contains no global rigid transformation in the sense that moving or rotating the
fixations would not make the sum of the squared distances to the matched fixations in en-
coding any smaller. Note that matching fixations in recall and encoding cannot be found by
simply considering their distances, as such matching will not take into account the relative
structure within recall fixations (see Figure 8.1 for some examples).

When data are corrupted by global transformation and deformation, it is common to ap-
proximate the effects by minimizing the squared distances between matched data points.
This is known as a chicken and egg problem: The estimated mapping is intended to im-
prove the matching, while the matching is needed to estimate the mapping. The common
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a) b) c) d) e)
Encoding in green Recall in red Deforma on Rigid Transforma on Relocated recall in yellow

Figure 8.5: Example of the loca on mismatch between fixa ons in encoding and recall. Fixa ons from encoding are
shown in green (a); recall fixa ons are subset of the fixa ons during encoding and are shown in red (b). Their dis-
placement contains deforma on (c) and global rigid transforma on (d). A er the reloca on mapping, recall fixa ons
are transformed to the yellow loca ons (e). Refer to Sec on 8.4.1 for more details.

solution to this dilemma is to start with a first guess about the matching, then compute the
transformation, and based on the transformation make a better guess about the matching,
and so on until the method converges. A common approach of this type is Iterated Closest
Point (ICP) 15, which is used to compute a global rigid transformation to match two partially
overlapping point sets. This allows to cope with the global transformation, caused by the
lack of reference frame while looking at nothing, and the accumulated sequential distortions
in each fixation. The approach we suggest for matching the recall fixations to the fixations
in encoding is inspired by ICP, yet extends it in two important ways: First, rather than using
a closest point matching, it matches fixations in recall to consens locations in the encoding
data. Consensus locations are computed by considering several possible scenarios (details be-
low). Second, rather than computing a global rigid transformation, it is based on a elastic
mapping that has a controllable overall deviation from a global rigid transformation. In such
away, a global transformation offers a reference frame for fixations during looking at nothing
and a local transformation provides the flexibility to adjust the variant local distortions.

The first modification is motivated by the situation in Figure 8.5b, namely that matching
the recall fixations to the closest fixations in encoding may lead to unintended assignments,
especially when considering the large variations among participants. These mismatched as-
signments will steer the estimated mapping away from the desired solution. Given the data,
we believe several situations have to be accommodated:

1. One fixation in recall maps to exactly one fixation from encoding.

2. One fixation in recall maps to several close fixations from encoding, i.e. the observer
recalls just one scene element that drew several fixations during encoding.

3. A fixation in recall may have no corresponding fixation in encoding (i.e. because the
fixation is unrelated to the process of recalling, the spatial error is too large to be recti-
fied, or non-fixated scene element is recalled).
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Motivated by the fact that there are fewer recall fixations than encoding fixations, we sug-
gest to accommodate all cases by computing a consensus location for each recall fixation. A
weighted average of the fixation locations in encoding is computed and the weights decay
exponentially with distance.

This has the effect that if only one fixation in the encoding sequence is close while the oth-
ers are far away (case 1: one-to-one matching), the closest location will receive a large weight,
while the others get relatively small weights, so that the consensus location will be thematch-
ing fixation.

In case several fixations in encoding are close (case 2: one-to-many matching), all of them
receive equal weights, and the consensus location is the centre of these fixations. For one-to-
many matching, a balanced solution would give each fixation an equal weight. This could
correspond to situations where participants carefully inspect the eyes, nose and mouth of a
face, which correspond to many fixations during encoding, but during looking at nothing
only the face area is recalled.

If no fixation is found for matching (case 3: one-to-none matching), all fixations receive
little weight, and the consensus location is roughly where the recall fixation already is.

Figure 8.5 e) shows the consensus locations for the situation in b) and recall fixations are
placed at the consensus locations after applying the relocation mapping. The mathematical
modeling of the computation of consensus locations is explained in 8.4.2. It can be controlled
by a parameterwp, measured in visual angle, which could be interpreted as the distance of fixa-
tions that contribute significantly to theweighted averaging procedure. We set the parameter
to wp = 2◦ and discuss this choice in Section 8.4.4.

The consensus locations for recall fixations are used to compute a relocation mapping
D : R2 7→ R2 from the current positions of the recall fixations to the desired ones. Al-
lowing elastic transformation overcomes the problem that the best we could achieve with
computing a rigid transformation is to be left with the elastic matching, i.e. the situation de-
picted in Figure 8.5 d). However, some global rigidity needs to be preserved, i.e. the positions
should not deform arbitrarily, as fixations while looking at nothing are not arbitrary and cor-
related to the mental imagery during recall. This is important, as we would otherwise always
match all recall fixations to some fixations in encoding. For example, if we allowed arbitrary
scale, it would always be possible to scale the set of recall fixations to a single point and then
match it to one of the fixations in encoding. To avoid such degenerated solutions where re-
call fixations are mapped to the centroid of all encoding fixations, it is important to restrict
the mapping to preserve the global structure. The computation of the mapping based on
consensus locations and the current positions of the recall fixations is explained in 8.4.2. The
global rigidity of the mapping can be controlled by a parameter wd, measured in visual angle.
Roughly speaking, wd describes the distance of points that may be transformed by two rigid
transformations that differ significantly. If wd is large, fixations are transformed by very sim-
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ilar rigid transformations, restricting the deformation; if it is small, fixations are transformed
by independent rigid transformations, allowing large deformation. We set the parameter to
wd = 10◦ and discuss this choice in Section 8.4.4.

The necessary steps to compute the relocation mapping are given in pseudo code in Sec-
tion 8.4.2. Once the mapping is computed, we simply use distance as the sole criterion for
testimony: a fixation in encoding has been recalled, if there is a mapped fixation in recall
that is closer than the matching radius ε. Intuitively, this allows us to measure what has been
recalled while looking at nothing.

8.4.2 Computing the Relocation Mapping

Let pi ∈ R2 be the positions of the fixations in the encoding sequence and rj ∈ R2 the
positions of fixations in the recall sequence (in a common coordinate system). We wish to
compute a relocationD : R2 7→ R2 that is applied to the recall locations rj with the aim to
align the data with the fixation positions during encoding.

We need two ingredients for computing the relocation: partial matching and elastic map-
ping. For the elastic mapping, we suggest Moving Least Squares (MLS) 171. Here, we use this
framework applied to rigid transformations, i.e. local rigid transformations are fitted using
weighted least squares. This approach has become popular in geometric modelling where
it is usually derived as minimizing the deviation of the mapping from being locally isomet-
ric 37,232,245.

We model the relocationD as a rigid transformation that varies smoothly over space:

D(x) = Rxx+ tx. (8.1)

The subscript x indicates that rotation and translation vary (smoothly) with the location
x in the plane. They are computed by solving a spatially weighted orthogonal Procrustes
problem 83, where the weights depend on the distances of the points tox. Assume the desired
position for rj is the position qj, thenRx, tx are computed by solving

argmin
Rx

TRx=I,tx

∑
j
θ(∥x− rj∥)∥Rxrj + tx − qj∥22. (8.2)

Here, the weight function θ should be smoothly decaying with increasing distance. We use
the common choice

θd(x) = e−
x2
w2
d , (8.3)

which gives us control over the amount of elasticity in the mapping with the parameter wd.
The minimization can be solved directly using the singular value decomposition (SVD), see
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246 for an accessible derivation.
Note that for computing the mapping we simply assume the desired positions qj were

given.
We compute them as the distance weighted centroid of encoding fixations:

qj =

∑
i θp(∥D(rj)− pi∥)pi∑
i θp(∥D(rj)− pi∥)

, (8.4)

where θp(d) quickly decreases such that points further away are receiving relatively insignifi-
cant contribution.

Algorithm 1: Relocation mapping
Data: Fixations locations in encoding p1, . . . ,pn and recall r1, . . . , rm, convergence

criteria λ
Result: Locations of mapped recall fixations r′1, . . . , r′m

1 ∀(i, j) ∈ [1,m]2 : wij ← exp(−∥ri − rj∥2/w2
d)

2 for j ∈ [1,m] do
3 r′j ← rj

4 r̄i ←
(∑m

j=1 wijrj

)
/
(∑m

j=1 wij

)
5 Ri = (wi1(r1 − r̄i), . . . ,wim(rm − r̄i))

6 repeat
7 for i ∈ [1,m] do
8 qi ←

∑n
j=1 exp(−∥r′i−pj∥2/w2

p)pi∑n
j=1 exp(−∥r′i−pj∥2/w2

p)

9 σ← 0
10 for i ∈ [1,m] do
11 q̄←

(∑m
j=1 wijqj

)
/
(∑m

j=1 wij

)
12 Q = (q1 − q̄, . . . ,qm − q̄)

13 UVT ← SVD
(
RiQ

T
)

14 s← VUT(ri − r̄i) + q̄
15 σ← σ + ∥r′i − s∥
16 r′i ← s

17 until σ < λ

Note that we are considering the distances of the fixations pi to the relocated locations
of the fixations in the recall sequence. This means that setting the target locations depends
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Initial state 1 Iteration 2 Iteration 4 Iteration 10 Iteration 

Figure 8.6: Itera ons of the reloca on mapping. The ini al state shows two fixa on sets of encoding (orange) and
recall (green). The size of each circle corresponds to the dura on of each fixa on. Pink circles are the deformed recall
fixa ons a er each itera on. Note that the matching converges quickly a er a few itera ons.

on the relocation mapping and computing the relocation mapping depends on the target lo-
cations. Consequently, we alternate the two steps as shown in Algorithm 1. We start this
process with D being the identity. Then we compute the desired positions qj as explained
above. The procedure converges after very few iterations (see Figure 8.6). Note that the relo-
cationD needs to be evaluated only in the location rj. This means for the next step we only
need to computeRx and tx for x = rj.

8.4.3 Quantitative Results of the Mapping

In the previous section, we presented an algorithm that relocates recall fixations in the stimu-
lus space. Next, wewill match each relocated recall fixation to the original encoding fixations.
This mapping will depend on the choice of the matching radius ε. First, we present global
statistics to show the effect of this procedure.

Note that as there are fewer fixations in recall, after we have established the mapping, we
select those encoding fixations that were matched to recall fixations. The leftover encoding
fixations correspond to scene content that was never expressed in recall fixations, i.e. the
encoding fixations that were forgotten. The number of leftover encoding fixation depend
on the matching radius ε, which gives us a measure of the reduction rate (number of leftover
encoding fixations divided by the original number of encoding fixations).

In order to understandwhether relocation of recall fixations is important to achieve the re-
sults we present, we also calculate the rate of leftover encoding fixations based on the original,
un-relocated recall fixations. We expect that even for relatively small matching radii ε, a sig-
nificant number of fixations remain after a meaningful matching. The graph in Figure 8.7(a)
depicts the number of matched encoding fixations as a function of the matching radius. As
expected,matchingbasedon the relocated recall fixations lead tobetter preservationof encod-
ing fixations, when using a small ε. When we do not relocate recall fixations, fewer encoding
fixations are matched. For ε = 1◦ nearly 20% of encoding fixations are matched to relocated
recall fixations, whereas only 5% are matched to original, un-relocated recall fixations. Note
that this effect is quite similar across different images and observers. For values larger than
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(a) (b)

Figure 8.7: In (a), the reduc on rate as a func on of matching radius ε ∈ [1◦, 10◦]. The original recall fixa ons are
shown in blue. Because they match with fewer of the encoding fixa ons, reduc on rate is higher for the original
recall fixa ons. Recall fixa ons that have been relocated are more likely to be mapped onto an encoding fixa on
(yellow), and therefore there will be fewer le over encoding fixa ons and a lower reduc on rate for relocated recall
fixa ons, in par cular when ε is small. (b) This figure shows for what propor on of the 100 images the peak of the
gaze density map for encoding fixa ons is within 4◦ of the peak of the gaze density map for the matched encoding
fixa ons based on the relocated recall fixa ons, as a func on of ε. For comparison, also the matching based on the
un-relocated recall fixa ons, for which fewer gaze density peaks are within 4◦ of the peak for encoding fixa ons.
For small ε, peak posi on in more images are kept the same, which demonstrates the effec veness of the reloca on
mapping.

ε = 10◦, we effectively match all encoding fixations. In other words, 10◦ is so big that every
encoding fixation will be matched to a recall fixation, which contradicts our earlier obser-
vation that the number of recall fixations is smaller than the number of encoding fixations,
i.e. some elements are forgotten / not prioritized and the ε should be low enough that the
method shows that.

We also analysed whether the matching procedure shifts the gaze density map, as opposed
to just uniformly reducing the number of fixations without affecting the resulting distribu-
tion. For this we identify in each image the region with the most fixations during encoding,
basedon the smoothed spatial histogram. Wedo the same for thematched encoding fixations,
which are fewer, and consider that the region has shifted if the difference in spatial location
exceeds 4◦. The right graph in Figure 8.7 shows the resulting difference as a function of the
matching radius ε. As expected, for large matching radii, the distribution of encoding fixa-
tions that could be matched against relocated recall fixations have a distribution very similar
to the distribution of encoding fixations that are matched against the original un-relocated
recall fixations. For smaller radii, there is a shift in the gaze density distribution in about 30%
of the images when matching is made against relocated recall fixations. Matching against the
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Figure 8.8: Matched encoding maps using different thresholds. We show examples of ε = 1◦, 2◦, 4◦. Original heat
map shows the result based on all fixa ons during encoding of the image. The colour coding of the scaled maps is
based on the highest value appearing in all heat maps, which is naturally the one generated without matching. They
are used to show the resul ng maps under the same scale. The normalized map is colour coded in its own range.

original recall fixations leads to distribution shifts in 40% of the images.
Figure 8.8 illustrates the same effect of varying the threshold on the resulting gaze density

maps for two of the images, for the values ε = 1◦, 2◦, 4◦. We can observe that some regions
that attracted a lot of encoding fixations appear to have been less recalled, for example the sign
to the left in the top image. Other regions are more fixated during recall, such as the objects
in the foreground in the top image or the tower to the right of the road in the bottom image.

8.4.4 Mapping Effect

The results of the deformation process are stable across a wide range of parameters (see Fig-
ure 8.9). We found that the radius for matching recall fixations to encoding fixations wp
should be chosen in the range of 2◦−4◦ of visual angle. This means we expect that matching
fixations are usually not separated by more than twice this amount. To limit the deforma-
tion of the mapping we have tried values of wd ∈ [4◦, 16◦]. Based on experimentation we
have settled for wp = 2◦ and wd = 10◦. Figure 8.10 shows the results of three examples using
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Encoding
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Figure 8.9: Matching results using different parameters. Original recall fixa ons (in green) are matched to fixa ons
during encoding (in yellow) and relocated recall fixa ons are shown in pink. Matching between recall and encoding is
stable across all parameters, except in the rightmost column, which shows cases of undesired mapping for extreme
parameter se ngs. More encoding fixa ons are considered for matching with a larger wp while the reloca on map-
ping is more rigid with a larger wd.

Figure 8.10: The reloca on result on three different examples. Parameters wp is set to 2◦ and wd to 10◦. Fixa ons
during encoding are depicted in yellow and recall fixa ons in green. Mapped recall fixa ons are shown in pink. En-
coding fixa on sequences overlaid with the s mulus and the corresponding original recall fixa on sequences are
illustrated at the top-le corners.

this parameter setting.
The outcomes of the process for relocating recall fixations are stable across a wide range of

parameters, as Figure 8.9 illustrates. We found that the radius for matching recall fixations to
encoding fixationswp should be chosen in the range of 2◦−4◦ of visual angle. Thismeans we
expect that matching fixations are usually not separated bymore than twice this amount. To
limit the amount of the relocation in the mapping we have tried values of wd ∈ [4◦, 16◦]. We
applied the relocation process to each pair (encoding/recall) of fixation sequences for all im-
ages. Then we applied a matching using ε = 1◦, such that an encoding fixation was matched
only if there was a corresponding relocated recall fixation within 1◦ visual angle. This was a
rather strict setting, leaving many encoding fixations unmatched. We optioned for a small ε
for stronger effects.
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Figure 8.10 shows three examples of relocated recall fixations based on the corresponding
encoding fixations, using this parameter setting.

8.5 Performance of the Proposed Method

8.5.1 Do mapped recall fixations prioritise subjectively important scene
elements?

We expect the matched encoding fixations based on relocated recall ones to fall on positions
in the scene that were judged important by the clicking data. To investigate this, we first
compared the similarity between clicking maps (such as Figure 8.4) and encoding maps (i.e.
gaze density maps from encoding fixations) versus matched encoding maps (i.e. gaze density
maps from matched encoding fixations). Area under ROC curve 131 and correlation coeffi-
cients (CC) measures 30,105 are used. The averaged similarity scores are plotted on the left in
Figure 8.11 where encoding maps (blue bars) and the the matched encoding maps (orange
bars) were compared to clicking maps. Additionally, we also compared the clicking data to
gaze density maps when randomly paired recall sequences are used in mapping (green bars).
Even though large standard deviations are presented in the results, the decreases in similarity
when random sequences were used for matching are significant comparing to the matched
encoding results, regardless of the measurement (t(198) = 8.75, p ≪ 0.01 using ROC and
t(198) = 19.84, p ≪ 0.01 using CC, two-tailed student t-test). As shown on the right in
Figure 8.11, we then conducted similar comparisons between clicking maps versus the recall
maps (i.e. gaze density maps from original un-relocated recall fixations) (purple bars) versus
the relocated recall maps (i.e. gaze density maps from relocated recall fixations) (yellow bars).
Light green bars on the right show the similarities between clickingmaps and the gaze density
maps of the relocated recall fixationswhen randomly selected encoding sequences are used for
relocationmapping. We observed significant decreases inmatching from randomly paired se-
quences comparing to matching between the corresponding pairs (t(198) = 4.69, p≪ 0.01
using ROC and t(198) = 13.02, p ≪ 0.01 using CC, two-tailed student t-test). The larger
similarity between clicking and recall fixations that have been relocated (yellow bars on the
right) as well as the matched encoding fixations (orange bars on the left) suggests that the
proposed matching algorithm produces a meaningful outcome, in the sense that the areas
clicked as important are largely equal to most of the spontaneously prioritized areas during
visual imagery / recall.

Figure 8.12 shows all three data for three example photos. In all cases, the peak - the most
prioritized area - is the same. It can be clearly seen that during encoding there is more gaze
outside the top peak, than during recall, and that during clicking, the activity outside the
peak has fallen almost to zero. The first example photo shows that the low entropy in both
the click map and the matched encoding map would correlate better than clicking with the
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Figure 8.11: Averaged ROC and CC similarity scores. All comparisons are made against click data for the most impor-
tant posi on in the image. On the le , the blue bars compare gaze density maps during encoding (i.e. the encoding
maps) to clicking (i.e. the clicking maps), while the orange bars compare the matched encoding fixa ons (i.e. the
matched encoding maps) to clicking, and finally, the green bars compare the matched encoding maps based on ran-
dom recall sequences to clicking. On the right, the blue bars instead compare gaze density maps during recall (i.e. the
recall maps) to clicking, while orange bars compare the relocated and mapped recall results (i.e. the relocated recall
maps) to clicking, and the green bars show the relocated recall maps when random encoding sequences are used for
matching. Student t-test was used with sample size n = 100. ∗∗ is p < 0.005 and ∗ ∗ ∗ is p < 0.0005. Together
the results indicate the proposed reloca on algorithm is meaningful as the resul ng gaze density maps have a higher
correla on to clicking (importance), depicted by the orange and yellow bars.

encoding maps. But the differences of correlations in the other two examples go down with
an increased entropy in both encoding and matched encoding maps.

8.5.2 ApplyingtheMethodtoStudyWhatSceneContent isPrioritiseddur-
ing Recall

Our analysis was based on comparing the heat maps on images from all encoding fixations,
the encoding maps, against all the encoding fixations that are matched to the relocated recall
fixations, thematched encodingmaps, averaged over all observers. For each image, the differ-
ence between the encodingmap and thematched encodingmap defines the leftover encoding
fixations, made on objects that were not fixated during recall, and thus not prioritized dur-
ing recall. In the subsequent examples, we present tentative effects of prioritization during
recall, that can be seen using our method, and which could be investigated as hypotheses in
future experimental studies. Recall fixations in these examples always refer to relocated recall
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 Image s muli Encoding Matched encoding Clicking

Figure 8.12: Examples of photographic images, gaze density maps for original encoding, for matched encoding based
on relocated recall, and clicking data. Three examples are chosen such that the differences of the ROC scores are the
largest, the median and the smallest.

fixations, not the original ones.

8.5.3 Example 1: Low-level Features

Low-level features have been shown to contribute to saccade target selection9,143,155. Conse-
quently, low-level features contribute significantly to fixation-based attentional models. Fig-
ure 8.13 shows three examples of un-prioritized / forgotten scene elements. A white box in
the lower right corner over a black background in the first image draws a lot of encoding fix-
ations, possibly due to its high contrast. This box is less dominant in the resulting heat maps
as shown in the last columns. The wall sign with the number 3 has a similar fate. In the sec-
ond example, the red car behind the trees is large gone in the matched encoding fixations, in
favour of fixations on the train. In the third example, the colourful ball is much less fixated
during recall, but the little girl became relatively more fixated.

To quantify this effect in our non-experimental stimuli, we therefore calculated the feature
values for luminance, chromaticity, contrast and edge-content following Tatler et al. 252 . As
shown on the left in Figure 8.14, no differences in low-level feature values could be found be-
tween positions of the leftover fixations during encoding and thematched (the remembered)
fixations. The equal distribution of low-level features in leftover and matched encoding fix-
ations may suggest that the prioritization in episodic memory is not influenced by low-level
features.
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 Image s muli Encoding Le over Matched encoding

Figure 8.13: Examples of how low level features are not priori zed in recall. The second column shows the encoding
map of the image. Le over map shows the map of non-priori sed objects (very loosely “map of forgo en things”),
while matched encoding fixa ons are used to generate the matched encoding map (very loosely “map of remembered
things”). Each map is normalized in its own range. Fixa ons triggered by low-level features are largely absent in the
matched encoding maps.

8.5.4 Example 2: High-level Features

Many high-level (or semantic) features have been known to attract fixations during image in-
spection,most prominently faces but also signs andother artifacts andout-of-context objects.
We have high-level examples in our stimuli in the form of text, signs, and people. Figure 8.15
shows two examples. However, the variability in these uncontrolled photos made the com-
parison non-significant (Figure 8.14 right).

To further examine the role of high-level features, we excluded the half of the participants
whose recall fixations were less correlated to their encoding fixations, and then repeated the
analysis for the remaining participants - with highly correlated fixations. The results showed
a significant effect of not prioritizing text (t(54) = 2.83, p ≪ 0.05, two-tailed student t-
test), indicating that text elements may not have a high recall priority once their meaning is
decoded.

Additionally, we considered all features in each category regardless of their size. Size mat-
ters for attention, and may affect the prioritisation. In order to investigate the effect of size,
we used themany differently sized faces in our diverse stimulus. Faces in photos are known to
be fixationmagnets, and hence also definite candidates forwell-remembered objects in future
controlled studies.
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Figure 8.14: Le : The comparison of low-level feature values at fixated posi ons. Compared low-level features are
luminance, chroma city, contrast and edge-content. No difference between le over fixa ons and matched encoding
fixa ons (i.e. the remembered fixa ons) can be observed. Right: The percentage of fixa ons on faces, texts and signs
in the encoding phase, and the corresponding number of matched encoding fixa ons (i.e. the remembered fixa ons)
on the same objects. For faces, the p-value is 0.09.

 Image s muli Encoding Le over Matched encoding

Figure 8.15: Text in the first example is en rely un-fixated during recall as shown in the last column, as well as the
sign in the second example, where the people are fixated during recall, at the cost of other objects in the photos. Il-
legible or irrelevant text (upper row) as well as signs without par cular relevance for the scene (lower row) are almost
en rely un-fixated during recall.

8.5.5 Example 3: Big enough People are Remembered

There was an effect of size of people and faces on recall fixations. If a person was big enough,
he or she would be fixated during recall, as in Figure 8.16, usually at the cost of other things
in the image not being fixated during the 5 seconds that were available in the LAN recording.
However, if people or faces were small in the photo, like in the top two rows of Figure 8.16,
they are largely un-fixated during recall. Figure 8.17 summarizes this size effect for all people
and faces in the photos. In order to be spontaneously fixated during recall of a photo, your
body should fill around 2◦ × 2◦ or more of the photo.
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 Image s muli Encoding Le over Matched encoding

Figure 8.16: People in the scene are fixated during encoding but their reappearance during the recall fixa on de-
pends on their size in the photo. In the upper rows, the small people are not priori zed in recall, while in the lower
rows they are big enough to be remembered. The meaning of the colour coded images is as before.
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Figure 8.17: Le : the probability of a person being fixated during recall as a func on of the size of the person in the
photo. Small-sized people are forgo en, but at a certain extent, people are remembered. Right: The probability of a
face being fixated during recall as a func on of the size of the person in the photo. Faces covering a small area are
forgo en, while larger faces are commonly recalled.

8.5.6 Further Examples ofMemory Effects that could be Studiedwith this
Method

We argue that our paradigm is general. With more controlled experimental designs, it can be
used to study other memory prioritization effects.

Similar objects in a scene tend to be all inspected during exploration, independent of their
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 Image s muli Encoding Le over Matched encoding

Figure 8.18: Effects on elements with similar meaning. The meaning of the colour coded images is as before. In the
top row, similar distribu ons of encoding fixa ons among similar items are not preserved a er matching against
the recall fixa ons. The smaller boat in the middle row loses in rela ve priority during recall, while s ll being domi-
nated by the larger boat. In the last row, the face that stands out among other faces increases in its dominance in the
matched encoding map.

Image s muli Encoding Le over Matched encoding

Figure 8.19: The objects looked at by the person in these images are also looked at by our par cipants during encod-
ing, but much less fixated at during recall.

visual representation. However, the distribution of fixations among similar items does not
seem to be preserved during recall and several such examples are shown in Figure 8.18.

For instance, when looking at an image with a person looking at something, we often fol-
low that overt gaze to look at the same item, as it may provide additional information about
their intention or the local environment 13,43,74,75,76,85,111. This gaze deictic effect is notoriously
hard to model computationally 220,277. Figure 8.19 shows two examples of how such gaze fol-
lowing during encoding is not followed by fixations on the same object during recall.

The instances of horizons andmirrors in the 100 stimulus images were items that attracted
a lot of fixations during encoding, but appear of little interestwhen the image is being recalled
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Image s muli Encoding Le over Matched encoding

Figure 8.20: Observers scan the horizon during encoding, yet during recall only fixate part of it. Similarly, the mirror is
a frequently fixated object during encoding, but it does not gain many fixa ons during recall.

(see Figure 8.20).
We had too few instances of overt directed gaze, horizons and mirrors in our data set. To

produce meaningful quantitative data, future experiments may be designed to investigate
recall of these objects thoroughly.

8.6 Discussion

Wehavepresented anovel algorithmicmethod to studyhow itemswithin a recently inspected
photographic image are prioritized during spontaneous LAN recall. No slow mediation via
language or sketching is necessary to find out what is being prioritized in recall from visual
episodic memory. Making effortless eye movements during recall does not even need to be
instructed, but happens spontaneously for the majority of participants.

The proposed elastic matching algorithm requires no specific parameter setting or fine-
tuning. The stable results achieved across a wide range of parameters demonstrates the effec-
tiveness of the matching algorithm as well as the underlying correspondences between fixa-
tions during encoding and subsequent recall.

Importantly, when asked to click the most important item in the image, participants click
positions consistently coincidedwith thepeakof the gazedensitymapmade fromthematched
encoding fixations based on relocated recall fixations. This suggests that the peaks in that
matched encoding maps are in fact the most prioritized items for recall from episodic mem-
ory. Notice that eyemovements are significantly faster than clicking, and therefore eye-movement
data provide peaks on several items throughout the same trial duration.

The proposedmethod assumes that what is being prioritized in episodicmemory has been
fixated before, or in other words, that items not fixated during encoding cannot be recalled.
This is contradicted by Underwood et al. 260 , who reported that of all the objects that were
not fixated while participants watched video recordings of moving vehicles, nearly 20%were
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nevertheless recalled. When asked to describe pictures, participants often talk about objects
that were never fixated before 84. This seems to be a natural limitation not only to the LAN-
based paradigm proposed in this chapter, but also of the method of eye-tracking in general.

Note that our concept of importancediffers fromthedefinitionofmeaningfulness inHen-
derson & Hayes 97 . Their meaning maps capture the distribution of semantic information
across scenes. Results in Henderson & Hayes 97 show that such maps provide a major guid-
ance for attention. Meaningfulness was rated by participants comparing patches of image
regions, which elegantly avoids potential interference of the context of the image as a whole.
In this way, meaningfulness is mainly controlled by participants’ long-term knowledge and
experience95,99. In contrast, what we investigated here is the meaningfulness (importance) in
spontaneous prioritization from episodic visual memory as expressed in LAN fixations.

In fact, visual attention and visual working memory are entangled: attention controls en-
coding in workingmemory by selecting what is the relevant information, and visual working
memory biases the focus of attention 57,104,207,233. Several studies suggest that visual attention
and visual working memory share the same representations 5,69,91,103, and it has been debated
whether they should be regarded as one cognitive function since they also share some of the
same mechanisms (see Olivers 206 for a review). Our tentative results suggest that the priori-
tization in visual attention differs from the prioritization in visual episodic memory.

It appears that the recall performance improves with repeated trials. Similar effects have
been observed in other recall experiments 136,179. Foulsham&Kingstone 73 show that repeated
viewingof fixated image content improves scene recognition accuracy. It is not knownwhether
prioritization after repeated viewing of one image differs from that resulting from single view-
ing.

The paradigm we present offers a computational method to investigate prioritization in
short-term visual episodicmemory. The studies of LAN fixations during long-time recall pro-
vide inconsistent results, specifically as to whether locations of fixations still encode the lo-
cations of features in images 159,181,271. If our method were to be used in studies of long-term
memory, we would expect the amount of noise in the data to increase and, therefore, finding
the match between recall and encoding fixations to be more difficult. Future research would
have to tell. If the method would work for long-term memory, our paradigm could be used
for experiments related to imagememorability 29,113,141, which explores thememorability of vi-
sual objects, and the results would likely become even more dependent on personal factors.
Witness psychology would be one obvious application area. Finally, we must acknowledge
that the very fixations during looking at nothing have a fundamentally different function
from fixations on a scene such as a photo. They are significantly longer, they do not obey the
focal and ambient viewing effects 109,273, and they land on slightly different locations.
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8.6.1 Tentative Future Research with this Method

As a form of feasibility investigation in our randomly selected stimuli, we could show that
participants make recall fixations on faces/people in the photos, depending on the size of
them. People who take up little space, mostly because they are far away when the photo was
taken, are much less fixated in recall than close-by, large people (Figure 8.17. This we think is
evidence that our method could be used in controlled studies of face and people perception
as a function of gender, emotions, social contexts and gaze deixis in the stimuli.

Semantic importance in a general sense has repeatedly reported to attract fixations98,254
during viewing. In contrast to those studies, hard-to-interpret elements in the scene tend to
be less fixated in the LAN recall (Figure 8.13). Further studies are needed of this difference be-
tween encoding and LAN recall. Our results, together with the presented examples, suggest
that image content that better represent the scene gist are prioritized higher in visual episodic
memory.

Image salience models (e.g. Itti et al. 118) suggests that fixations during encoding are (par-
tially) driven by low-level features, especially during the short period after stimuli onset (al-
though this is disputed, e.g.Nyström&Holmqvist 204). However, our results show that low-
level features are equally distributed between the matched encoding fixations vs. the leftover
encoding fixations (Figure 8.13). This suggests that prioritization in recall fromvisual episodic
memory is less driven by low-level features.

Research on LAN and mental imagery could benefit from the mapping function we de-
veloped, as it offersmeans to correct for the spatial distortion of eyemovements during recall.
More real-world scenes canbe studied in such experimental paradigm, and themapping func-
tion allows us to overcome the limitation of grid-basedArea of Interest (AOI) analysis 159,180,236
as well as the MultiMatch method 54, which lacks the ability to model non-rigid transforma-
tion.

Our data suggest that the relative importance of scene elements during recall in some cases
appear to be prioritized differently from the selection of fixation targets. Not all fixations
during encoding are spontaneously recalled from episodic memory. In the fields of com-
puter visualization and human-computer interaction, it is often a goal tomake specific design
elements clearly visible and easilymemorable. Researchers createmaps of the relative ‘impor-
tance’ of different regions of the stimulus, commonly based on eye tracking, accumulating
fixations from several observers 22,26,45,131,132,277. The underlying reasoning is that most visual
information is processed while fixating 186, and saccade target selection is likely optimized to
attend to the most important visual elements first 116,210, which may not hold for recall.
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9
Conclusion

With rapid developments of hardware, the ubiquitous accessibility to eye movement record-
ing has been increased dramatically over the last decades. Interdisciplinary researches are en-
abled across the fields of cognitive science, behaviour psychology, neuroscience, as well as ap-
plied science. As the core component of the human biological system, eye movements offer
the unique possibility to study how human perceive the world and how the mind reacts.

In this thesis, we study eye movement from two distinct perspectives with the aim of fo-
cusing on one of its roles at one time. More precisely, we conduct eye tracking experiments
on physical 3D shapes (Chapter 4-5), which demonstrate the existence of saliency for real ob-
jects. The analysis results indicate that consistent features across different views containmore
semantic information but there is no significant fixation dependence on the tested materials.
We would be curious to see how other computational models of visual saliency perform on
our data, especially with advanced machine learning techniques. However, collection of hu-
man data is expensive and the small amount of available data poses another challenge for
data-hungry deep learning approaches. In the future, we would also like to explore how the
collected visual saliency data of 3D objects could be used in practice, for example simplifying
the models in a meaningful way such that time and material cost are reduced in fabrication.

In Chapter 6-8, we conduct studies following the well-established ’looking-at-nothing’
paradigm. Chapter 7 presents the study on the similarity between eye movements during
encoding and eye movements during recall from memory. Using the shared characteristics
of eye movements between these two conditions, we apply it in an image retrieval task using
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only eyemovements as queries. Our study provides evidence that eye-movement based image
retrieval is computationally feasible, even in a more real-world like scenario. Without addi-
tional training and practice, naive participants could use ourmethod to retrieve an image. We
cannot estimate the feasibility when significantly more images are included in the database,
however, the presented results achieve a clear performance benefit over brain activity based
measurements. Fewer restrictions are posed on the participants’ side, and if we ask them to
exercise a small effort to actively imagine a larger image, the recall-based retrieval is very likely
to achieve a comparable accuracy to when encoding eye movements are used. Chapter 8 pro-
poses a matching function for encoding vs. recall fixations, and reveals the fixated content
that is spontaneously prioritized in recall from episodic memory. Examples of such priori-
tization show interesting results that differ from the prioritization during image encoding.
The proposed matching function can be further used to study eye movements during men-
tal imagery in general, and it also extends the possibility of using the ’looking-at-nothing’
paradigm in applications.

The first part of this thesis presents several methods developed for general eye tracking in
three dimensional space. In Chapter 2, we develop a system to accurately track eye move-
ments in 3D space. Experimental validation shows that the achieved accuracy is about 0.8◦ of
visual angle, which is on parwith the standard eye tracking accuracy on screen. The proposed
approach in particular offers the building blocks for studies presented in Part II, andwe hope
it could enable researchers to extend their data collectionwithout significantly changing their
current work flow. Chapter 3 presents the study on the bias of gaze estimation based on ver-
gence. It shows that the estimated point of interest from intersection of eye rays has large
error in depth. The mean of the linearly estimated points of vergence is biased and depends
on the horizontal vs. vertical noise distribution of the fixation positions. It is generally hard to
interpret results for depth from binocular vision and our suggestion is to take the average of
fixations of the same target to minimize the uncertainty, in both calibration and experiment
phase.

This thesis studies the role of eyemovements in both inwards and outwards flows of infor-
mation processing, but it barely scratches the surface. Besides, we know that eye movements
function as a combination of various roles and it is difficult to disentangle them from each
other. This remains as a severe challenge for future work. We believe interesting research
directions include integration of eye movement recordings and data from other modalities
(e.g. speech, gesture, EEG etc.), in both fundamental studies and applied scenarios. Recent
developments in machine learning, particularly deep learning, provide powerful computa-
tional tools to leverage the advantages of big data. Such computational methods would offer
means to better understand the human mind, use the understanding to further build appli-
cations that combine different roles of eyemovements, develop intelligent tools to assist daily
life, and further create a larger impact on society.
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A
Analytical analysis of bias

Our variable errors contain independent horizontal and vertical components. Each of them
follows the zero-mean Gaussian distribution, which is a symmetric function around 0, i.e.
p(a) = p(−a).

To simplify the scenario, we set vertical errors to zero and only consider errors in the hori-
zontal direction. Assume left eye and right eye have identical Gaussian distributions, we have
p(ηl, ηr) = p(ηr, ηl). The probability of observing one pair of errors is the same when it
corresponds to left and right eyes or vice versa.

Based on previous two symmetries, we have the same probability for 8 error pairs as shown
in Figure A.1. As ηl and ηr follow two independent Gaussian distribution of the same vari-
ance, wehave a joint normal distribution. Each circle centered at origin is a contour linewhere
samples have the same probability. Given an error vector (ηl, ηr), we can find the other seven
pairs by the following operations using symmetry:

• p(ηl, ηr) = p(−ηl, ηr) by changing the sign of left eye,

• p(ηl, ηr) = p(ηl,−ηr) by changing the sign of right eye,

• p(ηl, ηr) = p(−ηl,−ηr) by changing the sign of both eyes,

• p(ηl, ηr) = p(ηr, ηl) by swapping between left and right eyes,

• p(ηl, ηr) = p(−ηr, ηl) by swapping and changing one sign,
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Figure A.1: Symmetry of error pairs. x and y axes correspond to the horizontal errors of le eye ηl and right eye ηr.
Eight crosses on the circle have the same probability.
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• p(ηl, ηr) = p(ηr,−ηl) by swapping and changing one sign,

• p(ηl, ηr) = p(−ηr,−ηl) by swapping and changing both signs.

Eight samples are symmetric across four lineswhich are ηl = 0, ηr = 0, ηl = ηr, ηl = −ηr.
Together these four lines divide the whole variable domain into eight domains {Di, i =
0, · · · , 7}. Wedefine functionΦi thatmaps samples fromD0 toDi. For exampleΦ1(ηl, ηr) :=
(ηr, ηl)whichmaps sample inD1 toD0 as shown in FigureA.1. As Φi is a linearmap, we know
det(dΦi) = det(Φi) = 1.

Given a pair of horizontal errors (ηl, ηr), we know the intersection point x can be com-
puted as

xηl, ηr = (E′
l(l) + E′

r(r))
−1(E′

l(l)pl + E′
r(r)pr) (A.1)

and its probability is p(ηl, ηr). Let us define a function f that f(ηl, ηr) := xηl, ηr(ηl, ηr) ∈ Di
and fi = f ◦ Φi. The expected value of x in the whole domain is

x =

∫∫
f(ηl, ηr)p(ηl, ηr)dηldηr

=

7∑
i=0

∫∫
Di

f(ηl, ηr)p(ηl, ηr)dηldηr

=

7∑
i=0

∫∫
Φi(D0)

f(ηl, ηr)p(ηl, ηr)dηldηr

=

7∑
i=0

∫∫
D0

(f ◦ Φi)(p ◦ Φi) det(dΦi)dηldηr

=

7∑
i=0

∫∫
D0

fipdηldηr

= 8
∫∫

D0

7∑
i=0

1
8
fipdηldηr

(A.2)

Since probability on the same contour line is the same, p ◦Φi = p. The expected intersec-
tion point x can be computed by computing the average of fi. Therefore, we only show the
simplified computation of one pair of error vectors in SectionQualitative analysis analysis of
bias.
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