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Abstract

Computer graphics is responsible for the creation of beautiful and realistic con-
tent. However, visually pleasing results often come at an immense computa-
tional cost, especially for new display devices such as virtual reality headsets. A
promising solution to overcome this problem is to use foveated rendering, which
exploits the limitations of the human visual system with the help of eye trackers.
In particular, visual acuity is not uniform across the visual field but it is rather
focused in its center and it is rapidly declining towards the periphery. Foveated
rendering takes advantage of this feature by displaying high-quality content only
at the gaze location, gradually decreasing it towards the periphery. While this
method is effective, it is subject to some limitations. An example of such limita-
tion is the system latency, which becomes noticeable during rapid eye movements
when the central vision is exposed to low-resolution content, reserved only for
the peripheral vision. Another example is the prediction of the allowed quality
degradation, which is based solely on the visual eccentricity; however, the loss of
the peripheral acuity is more complex and it relies on the image content as well.

This thesis addresses these limitations by designing new, perceptually-driven
methods for gaze-contingent rendering. The first part introduces a new model
for saccade landing position prediction to combat system latency during rapid
eye movements. This method extrapolates the gaze information from delayed
eye-tracking samples and predicts the saccade’s landing position. The new gaze
estimate is then used in the rendering pipeline in order to forestall the system
latency. The model is further refined by considering the idiosyncratic character-
istics of the saccades. The second part of this thesis introduces a new luminance-
contrast-aware foveated rendering technique, which models the allowed periph-
eral quality degradation as a function of both visual eccentricity and local lumi-
nance contrast. The advantage of this model lies in its prediction of the perceived
quality loss due to foveated rendering without full-resolution reference. As a con-
sequence, it can be applied to foveated rendering to achieve better computational
savings.
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Zusammenfassung

Die Computergrafik ist fiir die Erstellung schoner und realistischer Inhalte verant-

wortlich. Visuell ansprechende Ergebnisse sind jedoch oft mit einem immensen

Verarbeitungsaufwand verbunden. Eine Losung zur Uberwindung dieses Prob-

lems ist das foveale Rendern, bei dem die Einschrankungen des menschlichen

Sehsystems mit Hilfe von Eye-Trackern ausgenutzt werden. Von besonderer Be-

deutung ist, dass sich die Sehschérfe nicht gleichmél3ig tiber das gesamte Gesichts-
feld verteilt, sondern sich eher im Zentrum konzentriert. Das foveale Rendern

macht sich diese Eigenschaft zunutze, indem es hochwertige Inhalte nur im Zen-

trum des Blickfeldes anzeigt und die Qualitdt zur Peripherie hin allméhlich ab-

nehmen lasst. Diese Methode ist zwar effektiv, unterliegt aber einigen Einschrank-
ungen. Ein Beispiel ist die Latenz des Systems, die sich bei schnellen Augenbe-

wegungen bemerkbar macht, wenn das zentrale Blickfeld auf niedrig aufgeloste

Inhalte fallt, die nur fiir das periphere Blickfeld gedacht waren. Ein weiteres

Beispiel ist die Abschitzung der tolerierbaren Qualitditsminderung, wenn sie auss-
chlief3lich auf der visuellen Exzentrizitit basiert; der Verlust der peripheren Seh-

schérfe ist jedoch komplexer und héngt auch vom Bildinhalt ab.

In dieser Arbeit werden diese Einschrankungen durch die Entwicklung wahr-
nehmungsgesteuerter Methoden fiir blickabhingiges Rendern angegangen. Zu-
erst wird ein Modell zur Vorhersage der Landeposition von Sakkaden eingefiihrt,
um die Systemlatenz zu verringern. Diese Methode extrapoliert die Blickinfor-
mationen aus verzogerten Eye-Samples und prognostiziert die Landeposition der
Sakkade. Die neue Blickschdtzung wird dann im Rendern verwendet. Das Modell
wird weiter verfeinert, indem die idiosynkratischen Eigenschaften der Sakkaden
beriicksichtigt werden. Anschlielend wird ein den Luminanzkontrast bertick-
sichtigendes foveales Renderverfahren eingefiihrt, das die tolerierbare periphere
Qualititsminderung als Funktion sowohl der visuellen Exzentrizitat als auch des
lokalen Luminanzkontrastes modelliert. Der Vorteil dieses Modells liegt in der
Vorhersage des wahrgenommenen Qualitédtsverlustes durch foveales Rendern,
ohne dass eine Referenz in voller Auflésung bendtigt wird. So kann es beim
Rendern angewendet werden, um eine bessere Rechenleistung zu erzielen.
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Chapter 1

Introduction

This chapter provides the motivation for designing perceptually-driven models
for foveated rendering (Section 1.1), summarizes a list of our contributions and
publications (Section 1.2), and gives an outline of this dissertation (Section 1.3).

1.1 Motivation

One of the major goals of computer graphics is to create beautiful, realistic, and
rich in details visual content. To achieve this goal complex algorithms for im-
age synthesis are required, as well as an interactive and immersive environ-
ment. These requirements come with an immense demand for computational
powetr, especially for the novel devices such as head-mounted displays (HMDs)
that provide virtual, augmented, and mixed reality to the viewer. Over the past
decade, the popularity of the virtual reality technologies has been on a steady
increase but the content provided by them is still sub-optimal. While the high
resolution, reaching up to 8K per eye, is still insufficient to completely remove
visible pixelation, it is already straining the performance of the hardware sys-
tem. One way to elevate this problem is to introduce alterations and simpli-
fications to the rendering pipeline but, if done without any consideration, this
approach inevitably diminishes the quality and undermines the realism of the
synthesized image. Therefore, we should seek a way to decrease the enormous
demand for computational power without negatively affecting the user experi-
ence. Guenter et al. [2012] propose a simple yet very efficient solution to this
problem: Exploit the human visual system by using foveated rendering.

The human visual system (HVS) involves our eyes, which are our light detec-
tors, and our brain, which processes the information that comes from our eyes
to form a mental image of the world that surrounds us. This system, however
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complex, is far from perfect. One of its limitations is that the visual acuity is
not uniform across the entire visual field. Despite the wide field of view of the
human eye, only a fraction - a region of around 5° called fovea - is dedicated to
high definition vision. The visual acuity gradually declines towards the periphery.
Foveated rendering [Guenter et al., 2012] exploits this limitation by providing
high-resolution content only to the central vision and decreasing the quality for
the peripheral vision thus using only a portion of the resources needed to render
an image in its entirety. Key enablers of this technique are the eye trackers - de-
vices that capture and process images of our eyes to estimate our gaze location
on the screen. The prices of the eye trackers have been on the decline for the
past years, making the low-end devices affordable for the mass consumer; recent
HMD models even come with such equipment integrated into them (Figure 1.1,
left and middle). Foveated rendering, however, suffers from its own limitations:
first, it is subject to system latency, which arises from the low sampling rate of the
commercially-available eye trackers; second, the traditional approach proposed
by Guenter et al. [2012] uses radially symmetric quality degradation, which dis-
regards the image content and our perceptual response to it.

Low resolution

Figure 1.1. The HTC VIVE Pro Eye Headset'- a look from outside (left), and
from the inside?(middle), showing the infrared LEDs used for eye tracking. The
picture on the right presents an example of the traditional foveated rendering
technique. |Guenter et al., 2012]

The first limitation, system latency, comes from the time needed for captur-
ing the image of an eye, the rendering, and the displaying of the synthesized
image to complete. It becomes a problem for foveated rendering and other gaze-
contingent methods when there is a significant mismatch between the actual eye
position on the screen and the one used for displaying the current frame. This
may lead to visible artifacts such as the perception of a low-quality image when

1https://www.vive.com/us/product/vive-pro-eye/overview/
2https://www.cnet.com/
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the fovea is exposed to low-quality content. The system latency is most pro-
nounced during rapid eye movements called saccades, which are the fastest type
of eye movements. Due to the degrading visual acuity towards the periphery, the
human eyes are incapable of observing the world around us with a single fixa-
tion. To compensate, we naturally and mostly unconsciously make a succession
of saccades to capture every detail with our central vision, as illustrated in Fig-
ure 1.2 — a) to d). The observed features are accumulated and we are given an
impression of a crisp picture of our surroundings (Figure 1.2 — f)). The average
time, required for a single saccade to complete, is approximately 20 —80ms. The
average latency for the HTC Vive Pro Eye is estimated to be around 80ms [Stein
et al., 2021] but it can reach a higher number, depending on the complexity of
the presented scene. As a result, at the end of the saccade, the distance between
the actual gaze position and the one predicted by the system might be significant
enough to lead to a degraded user experience.

a) b)

{*% Current fixation * Prior fixation — Saccade path

Figure 1.2. A simplified example of a scanpath where images a) to d) represent
fixations between rapid eye movements (saccades). Image f) shows how the
information accumulated through the fixations is integrated in our brains.

The second limitation of the foveated rendering technique lies in the predic-
tion of how much distortions a viewer can tolerate in the periphery: It is usually
expressed as a function of eccentricity but neglects the fact that the sensitivity of
the HVS to image distortions also depends on the underlying content - the effect
known as visual masking. A relevant observation in this thesis is that the visibility
of foveation depends on the underlying luminance contrast, i.e., while a given
reduction of spatial resolution becomes objectionable in high-contrast regions,
it remains unnoticed for low-contrast regions. There is a significant difference
in the tolerable amount of quality degradation depending on the underlying vi-
sual content. In Figure 1.1 — right the reader may observe that the sky in the
background of the image allows for considerably greater amount of blur in com-
parison to the building structures in the front. However, in order to guarantee
the quality of the user experience, a conservative level of foveation should be
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chosen so that it accounts for the most visible peripheral distortions.

1.2  Contributions

The main contributions of this dissertations are as follows:

* Saccade Landing Position Prediction In the first work we address the
problem of system latency that hampers the utilization of the gaze-contingent
rendering. To this end, we suggest a new way of updating images in gaze-
contingent rendering during saccades. Instead of rendering according to
the current gaze position, our technique predicts where the saccade is likely
to end and provides an image for the new fixation location as soon as the
prediction is available. While the quality mismatch during the saccade
remains unnoticed due to saccadic suppression, a correct image for the
new fixation is provided before the fixation is established. This work de-
scribes the derivation of a model for predicting saccade landing positions
and demonstrates how it can be used in the context of gaze-contingent ren-
dering to reduce the influence of system latency on the perceived quality.
The technique is validated in a series of experiments for various combina-
tions of display frame rate and eye-tracker sampling rate.

* Practical Saccade Prediction for Head-Mounted Displays Following the
previous work, we go beyond existing models for predicting the saccade
landing position by investigating additional factors that affect these eye
movements and their prediction. More specifically, we focus on dynamic
scenarios in VR and AR devices where saccades are combined with ver-
gence movements and smooth pursuit eye motion (SPEM). Consequently,
we design and conduct user experiments which measure saccade profiles
in such scenarios. Then, we analyze the profiles and compare different
factors and their impact on the saccades. Finally, we propose a method for
correcting existing models to account for these factors.

* Luminance-Contrast-Aware Foveated Rendering In this work we look at
the allowed quality degradation used in foveated rendering and investigate
ways to improve it by considering factors additional to the eccentricity. To
this end, we propose a new luminance-contrast-aware foveated rendering
technique which demonstrates that the computational savings of foveated
rendering can be significantly improved if local luminance contrast of the
image is analyzed. To achieve this, we first study the resolution require-
ments at different eccentricities as a function of luminance patterns. We
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later use this information to derive a low-cost predictor of the foveated
rendering parameters. Its main feature is the ability to predict the pa-
rameters using only a low-resolution version of the current frame, even
though the prediction holds for high-resolution rendering. This property is
essential for the estimation of required quality before the foveated image
is rendered. We demonstrate that our predictor can efficiently drive the
foveated rendering technique and analyze its benefits in a series of user
experiments.

List of related publications:

* Elena Arabadzhiyska, Okan Tarhan Tursun, Karol Myszkowski, Hans-Peter
Seidel, Piotr Didyk, Saccade Landing Position Prediction for Gaze-Con-
tingent Rendering, ACM Transactions on Graphics 36(4) (Proceedings
SIGGRAPH 2017, Los Angeles, CA, USA)

* Okan Tarhan Tursun, Elena Arabadzhiyska, Marek Wernikowski, Radostaw
Mantiuk, Hans-Peter Seidel, Karol Myszkowski, Piotr Didyk, Luminance-
Contrast-Aware Foveated Rendering, ACM Transactions on Graphics 38(4)
(Proceedings SIGGRAPH 2019, Los Angeles, CA, USA)

* Elena Arabadzhiyska, Cara Tursun, Hans-Peter Seidel, Piotr Didyk, Prac-
tical Saccade Prediction for Head-Mounted Displays: Towards a Com-
prehensive Model, ACM Trans. Appl. Percept. Just Accepted (October
2022). https://doi.org/10.1145/3568311

1.3 Outline

This dissertation is divided into 7 chapters. Chapter 2 provides background on
the human visual system (HVS) and the dynamics of the rapid eye movements
(saccades). Chapter 3 reviews relevant theoretical and practical work on saccade
landing position prediction and foveated rendering. Chapters 4, 5, and 6 present
the main technical contributions of this thesis and their evaluations: Chapter 4
includes our saccade landing position prediction model, Chapter 5 investigates
how different factors influence the saccade landing prediction models, and Chap-
ter 6 introduces our luminance-contrast-aware strategy for foveated rendering.
Chapter 7 gives a conclusion to the dissertation and discusses potential future
research.
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Chapter 2

Background

This chapter aims to share theoretical background, relevant for the gaze-contingent
rendering. It focuses on the human visual system (Section 2.1) and the contrast
perception (Section 2.3) as they are the most important factors for the design of
computationally-efficient methods based on the screen gaze location.

2.1  Human visual system

Sight is probably the most appreciated one of
the basic human senses. It is the complex
process of transforming light into a compre-
hensible image, which gives us essential infor-
mation about the environment that surrounds
us: the appearance of different objects - their
shape, size and color, their position in space,
the direction and the velocity of objects in mo-
tion. Entrusted with this task is the human vi-
sual system (HVS), which consist of the eyes
and parts of the brain (Figure 2.1). Light en-
ters the eye where it is detected by light recep-
tors located in the retina. These photorecep-
tors transmit the light photons into electrical
signals, which are then carried via the optic
nerve to the brain. There, at the back of the
brain, the visual cortex process these signals Figure 2.1. High-level model of
into the three-dimensional image that we per- the human visual system.
ceive.

Visual cortex
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In this section we focus on the parts of the HVS that play a major role in
the way the visual acuity is distributed across our field of view. Namely, in Sec-
tion 2.1.1 we discuss the anatomy of the eye and more specifically the retina,
which serves as the eye’s light sensor and in Section 2.1.2 we discuss the visual
cortex, which is where the image formation happens in the brain.

2.1.1 The eye and its retina

Blind spot Rod cel

Cornea

Light

Ganglion cell

Cone cell

Lens Fovea

Figure 2.2. Anatomy of the eye. Once the light enters the eye though the
cornea and the lens, it has to travel though several transparent layers of cells
until it reaches the photoreceptors at the back of the retina. The fovea is the
region with highest concentrations of cones, responsible for the daylight and
color vision. The blind sport is devoid of any photoreceptors and does not
contribute to the vision.

Light enters into the eye through the cornea and with the help of the lens it is
focused on the retina. The retina is located in the posterior portion of the eyeball
and consist of several layers of cells interconnected by synapses. In Figure 2.2
we can see a schematic illustration of the anatomy of the eye. Densely packed
in the outermost layer of the retina are the rod and cone photoreceptors. They
serve as the light sensors of our eyes by transforming the light photons into elec-
trical signals, which are passed to the other cell layers until they converge onto
the retinal ganglion cells. Through the ganglion cells the visual signals are then
sent to the brain via the optic nerve. Directly across the lens lies the fovea. Its
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approximate angular subtense is 4°-5°, followed by the parafovea, perifovea and
peripheral vision, with each zone containing the entirety of the previous ones
[Hendrickson, 2005]. Despite its small relative size, compared to the entire field
of view of approximately 160° for a single eye [Spector, 1990], the fovea is the
region dedicated for the central human vision where the visual acuity is at its
peak. The reason for this being the fact that the fovea contains the highest con-
centration of the cone photoreceptors, it has also the highest density of ganglion
cells and a large portion of the visual cortex is dedicated to processing the infor-
mation, which is passed on from it. The retina covers the entire posterior portion
of the eye, except for the spot where axons pass through to form the head of the
optic nerve. This spot is referred to as the blind spot and it is approximately 4°
[Gregory and Cavanagh, 2011].

Fovea Periphery
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Figure 2.3. Left: The distributions of both cones (blue line) and rods (red
line) photoreceptors. The highest concentration of cones is observed in the
middle of the fovea and their density rapidly declines towards the periphery.
In comparison, there are no rods in the foveal center - their concentration peaks
at around 20° and then gently declines with the increase of the periphery. Plot
adapted from Weier et al. [2017|. Right: An illustration of what fraction of
the monocular field of view is the central foveal vision (right eye).

Cones The photoreceptors responsible for processing the photopic vision are
called cones. There are three types of cones, responsible for the perception of
different wavelengths [Hendrickson, 2005]: short- (S), medium- (M), and long-
wavelength (L), also known as blue, green, and red cones, depending on the
color they are sensitive to. There are approximately 6 to 7 million cone cells,
comprising only about 5% of the total number of photoreceptors [ Mahabadi and
Al Khalili, 2022], however, due to their high concentration within the fovea they
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are responsible for the high visual acuity of the central vision. The density of
the cones within the fovea allows for the eye to resolve a sinusoidal pattern with
spatial frequency of 60 cycles per degree, which is matched by the optical filtering
occurring in the eye in order to avoid any aliasing effects [Schor, 2011]. Each
cone within the fovea converge onto a single retinal ganglion cells, allowing for
the densely sampled visual signal to be transported to the brain without filtering.
In contrast, the concentration of cones rapidly declines towards the periphery
(Figure 2.3) and unlike within the fovea, they no longer converge onto individual
ganglion cells.

Rods The photoreceptors responsible for the sctotopic (monochromatic) vision
are called rods. Unlike cones, there is only one single type of rods and therefore
they all equally respond to different wavelengths without being able to discrim-
inate different colors. The rods are also more sensitive to single light photons
and during daytime they are "bleached" and contribute less towards the human
vision. The sensitivity of the rods is restored in low-light conditions but it takes
approximately 20 minutes for this process to complete. The rods make for 95%
of all photoreceptors [Mahabadi and Al Khalili, 2022] in the retina but their dis-
tribution differs significantly to the cones - there are no rods in the central region
of the fovea, the foveola, after which their concentration rapidly peaks in a ring
at approximately 20° before it slowly starts to decline again (Figure 2.3). Since
more rods converge onto a single retinal ganglion cell, the rods do not exhibit
such high visual acuity as the cones.

Retinal ganglion cells The ganglion cell layer of the retina is much closer to the
front anterior of the head, compared to the layer of rods and cones, and it con-
tains the retinal ganglion cells (RGC). The axons of these cells form the optic
nerve, through which the image-forming information is passed on to the brain.
Although the rods and the cones do not directly synapse onto the RGCs, they
converge onto them, therefore the distribution of the RGCs plays an important
role in how the visual acuity is formed across the field of view. In comparison to
the large number of photoreceptors, there are only 1.07 million ganglion cells on
average in the human retina [Hendrickson, 2005]. This leads to unequal cover-
age of the RGCs in the fovea and in the periphery. In the fovea, the connectivity is
one-to-one but in the periphery as many as thousands of photoreceptors converge
onto the same RGC resulting in a significant loss of visual acuity. The distribu-
tion of the RGCs closely matches the distribution of the cones in the retina, with
about 50% of them in close proximity of the fovea and responsible for foveal
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signal processing.

2.1.2 Visual cortex

The visual cortex is located in the most posterior region of the brain. Each hemi-
sphere has its own visual cortex responsible for the receiving and processing of
visual information incoming from the contralateral eye - the visual cortex in the
right side of the brain integrates the signal received from the left eye and the
visual cortex in the left side of the brain is responsible for the signal coming
from the right eye. The purpose of the visual cortex is to process the information
that comes from the eyes and to convert it into three-dimensional image without
making a conscious effort to do so. The visual cortex consists of five different
areas, named V1 to V5, and each area differs in structure and functionality from
the other. V1, also known as the primary visual cortex, is the first area to receive
the visual signal and responds to simple stimuli, determining their orientation
and direction. This higher-level information is then passed on to the other parts
of the visual cortex [Huff et al., 2022].
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Figure 2.4. Left: Illustration of the mapping between foveal area in the retina
and the cortical length in the visual cortex. (adapted from Weier et al. [2017]).
Right: The linear expansion of the visual degrees processed by a single mil-
limeter of cortical distance with the increase of the eccentricity (adapted from
Schor [2011]).

An important role for the the visual acuity plays the size of the regions of the
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primary visual cortex dedicated to processing foveal and peripheral information.
The cortical magnification factor (CMF) is the linear extent (usually expressed
in mm) of the primary visual cortex devoted to processing a single degree of the
visual field. The cortical representation varies across the retina with 40% of it
dedicated to processing the fovea [Hendrickson, 2005] (Figure 2.4, left) and the
CMF is directly proportional to the human visual acuity [ Cowey and Rolls, 1974].
It is estimated that for a single visual degree of the fovea there is about 20mm
of distance in the cortex representing it, making the CMF for the fovea to be
20mm/°. In comparison, at eccentricity of 10° the CMF is only 1.5mm/° [Schor,
2011]. The inverse function of the CMF (visual degree over cortical distance) is
illustrated in Figure 2.4, right.

2.2 Eye movements

In Section 2.1 we discussed how pivotal the narrow foveal vision is to the overall
human perception. However, in order to keep objects of interest (OOI) projected
onto the fovea, the eyes need to be able to move. There are six extraocular
muscles that navigate the rotation of the eye and regulate the adjustment of the
lens allowing for the eye to be pointed and focused on the OOI [Weier et al.,
2017]. The types of eye movements differ in their function and in this section
we will introduce the four basic movements: smooth pursuit, vestibulo-ocular,
vergence, and saccades. Due to their particular importance for this thesis, we will
focus mostly on saccades and how the human vision is affected before, during,
and after these rapid eye movements.

2.2.1 Smooth pursuit movement

Smooth pursuit eye motion (SPEM )occurs when we follow a slowly moving tar-
get with our eyes in order to keep a moving target in our fovea. These movements
are voluntary in the sense that we can choose whether to follow a target or not.
However, it is seldom for SPEMs to be achievable without the presence of a mov-
ing target [Purves et al., 2001]. It is estimated that the maximum velocity for
SPEM is around 100°%s but the accuracy of the motion decreases for velocities
larger than 30°s [Weier et al., 2017]. Figure 2.5, left shows an example of how
the IOO and the gaze positions change under different conditions for SPEM.
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Figure 2.5. Left: SPEM performed at three different velocities to follow a
slowly moving target in three separate occasions. There is a catch-up saccade
in the beginning allowing the eyes to align with the target before the tracking
continues. Right: Saccade performed after the sudden relocation of the OOI.
Plots are adapted from Purves et al. [2001]

2.2.2  Vestibulo-ocular movements

Vestibulo-ocular movements are reflex responses designed to keep the OOI within
the fovea during head movements. When the head moves in one direction, the
eyes automatically respond with a motion in the opposite direction to counter the
target offset in the eye created by the head motion. The delay for these reflexes
is around 7 — 15ms.

2.2.3 Vergence movements

Vergence is the slow (/0.5 — 1s) movement of eyes in the opposite directions
when the change in the binocular fixation involves a change in depth. The task
of the vergence is to keep the OOI within the fovea for both eyes. They rotate
inwards (convergence) when the OOI is approaching and move outwards (di-
vergence) when the OOI is moving further away from the observer. Vergence
movements are coupled with accommodation - the compression or relaxation of
the lens in order to focus on the relocated target. In the context of VR and AR,
where the scene depth is only simulated by showing different images to each eye,
vergence occurs without accommodation since the distance to the displayed con-
tent does not change. This leads to the vergence-accommodation conflict [ Didyk
et al., 2011] and may result in unpleasant experience.
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2.2.4 Saccades

Saccades are simultaneous movements of both eyes to shift the gaze direction
towards the visual stimulus that is away from the point of fixation [Schor, 2011;
Leigh and Zee, 2015a]. They are characterized by a rapid acceleration until the
maximum velocity is reached, and then a deceleration to full stop, typically fol-
lowed by corrective small eye movements around the target [ Westheimer, 1954].
Figure 2.5, right shows an example of a single saccade profile with amplitude of
15°. performed after the sudden displacement of the OOL.

Saccade characteristics

Pre-programmed behavior ~Although it is possible to observe saccades up to 100°
amplitude, humans perform small saccades more frequently than large ones un-
der natural viewing conditions [Bahill, Adler and Stark, 1975]. Consequently,
most of saccades last a brief amount of time (< 70ms), that is approximately
equal to the time it takes for visual information to reach the brain’s ocular mo-
tor mechanisms [Leigh and Zee, 2015a]. Therefore, saccades exhibit a pre-
programmed behavior and visual stimuli has negligible effect on a saccade when
presented in the last 80-100ms preceding the saccade onset or during a saccade
[Young and Stark, 1963; Becker and Jiirgens, 1979].

Factors that affect the velocity The velocity of a saccade is affected by multi-
ple factors such as the source and target positions in the visual field, as well as
the orientation of their trajectory (e.g., nasal vs temporal) and most notably by
the distance between the source and target (i.e., the amplitude of the saccade)
[Boghen et al., 1974a]. Initial attempts for studying saccades revealed a relation-
ship of the saccade amplitude to its duration and the peak velocity (a.k.a. the
main sequence). It is commonly observed that the duration of the saccades show
a nonlinear increase up to approximately 5°, where it starts increasing linearly
with the saccadic amplitude [Bahill, Clark and Stark, 1975a; Carpenter, 1988].
Similarly, the peak velocity increases linearly with saccadic amplitude up to 15°-
20°, where it reaches a saturation limit at approximately 600°%s—-800°%s [Babhill,
Clark and Stark, 1975a]. The initial eye position and the orientation of trajec-
tory also affect their velocity. The saccades which start at the periphery of the
orbit and directed towards primary orbital position (centripetal) are on average
faster than the saccades performed in the opposite direction (centrifugal) [Pelis-
son and Prablanc, 1988]. Similarly, the saccades performed in the horizontal
direction reach higher peak velocities than those performed in the vertical direc-
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tion; however, the difference becomes less significant for older adults [Irving and
Lillakas, 2019]. There are some studies which show that the viewed content has
an effect on the velocity profiles such that saccades may deviate from a veloc-
ity profile that can otherwise be modeled with a compressed exponential model
[ Costela and Woods, 2019; Han et al., 2013b].

Interactions with vergence If the change in the visual direction also accompanies
a change in the depth, saccade and vergence take place simultaneously. In case of
such combined saccade and vergence movements, they interact with each other
[Ono et al., 1978]. Although saccade takes significantly shorter time (~50ms)
than vergence, a large portion (40 — 100%) of vergence takes place during the
saccade when they are combined [Enright, 1984, 1986]. This shows an effec-
tive “mediation” of vergence by saccades. A closer inspection of peak velocities
reveals that vergence speeds up while saccade slows down when they are com-
bined [Erkelens et al., 1989; Collewijn et al., 1997; Yang and Kapoula, 2004].
However, the combined eye movement is completed in a shorter duration of time.
The speeding up of vergence is observed during both horizontal and vertical sac-
cades [Zee et al., 1992]. However, although combined eye movements are faster
than pure vergence, the latency until the onset of eye movements is increased
by 18-30ms [Yang et al., 2002]. In addition, the accuracy of saccades is reduced
and corrective saccades are required more often when they are combined with
vergence [Yang and Kapoula, 2004].

Saccades towards stationary targets during smooth pursuit eye movements The
saccades and SPEMs are known to interact with each other. However, experi-
mental data shows that saccades do not add up linearly with SPEMs [Jiirgens
and Becker, 1975]. On the contrary, for the saccades performed during an on-
going SPEM, the velocity of smooth pursuit is reduced before and after saccades
performed in the opposite direction and after saccades performed in the same
direction as the pursuit. The decrease is depends on the saccadic amplitude. In
order to describe the neural saccade programming process during SPEMs, two
types of positional error vectors are defined that may explain the planned am-
plitude and direction of the saccade; namely, based on retinal error and based
on spatial error [McKenzie and Lisberger, 1986]. When a target is briefly flashed
during a SPEM, the eyes stay in the smooth pursuit until the onset of the saccade
for approximately 100-200ms. During this brief amount of time the position of
the eyes change with respect the initial position when the target was flashed. If
the saccades are planned based on the retinal error between source and target
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positions, then the neural programming of saccades would take place according
to the displacement vector between the initial position and target position with-
out taking into account the displacement of eyes until the onset of the saccade.
On the other hand, the saccades programmed according to spatial error would
compensate for the displacement of eyes between the initial position and the on-
set of the saccade. The type of positional error used by the brain to plan saccades
determines the accuracy of the saccade. Initial experiments on this matter were
contradictive and inconclusive. Some studies showed a correlation of saccades
with retinal error [ McKenzie and Lisberger, 1986]. Others studies showed a cor-
relation with spatial error if the flash is presented for a longer amount of time
[Schlag et al., 1990; Herter and Guitton, 1998]. An explanation for the differ-
ences between the results obtained from these experiments is that the perceived
motion of the target might be playing a role in the saccadic accuracy [ Zivotofsky
et al., 1996]. When the target velocity is taken into account saccades are cor-
related with retinal error measured at the moment of target step [Smeets and
Bekkering, 2000]. The studies on humans show a great variability in the accu-
racy of saccades during SPEM [Gellman and Fletcher, 1992; Baker et al., 2003].
However, the source of poor localization is not well understood because there
was no correlation found between the pursuit velocity (15°%s, 30%s, and 45%s)
and the amount of saccadic inaccuracy [Ohtsuka, 1994].

Saccadic suppression
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Figure 2.6. Development of the saccadic suppression for three ranges of stim-
ulus positions: left periphery, center, and right periphery. The time is relative
to the saccade onset. Plot is adapted from Knoll et al. [2011].

The image of the real world rapidly shifts across the retina during a saccade.
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Yet, we do not observe motion blur in the image we perceive due to reduced vi-
sual sensitivity [ Ditchburn, 1955]. The duration of the reduced sensitivity spans
a time interval that starts as soon as 40ms before the start of the saccade and
lasts up to 80ms after it ends [Volkmann, 1962; Latour, 1962; Bouman, 1965;
Zuber and Stark, 1966; Knoll et al., 2011]. The suppression is characterized by a
selective suppression of lower spatial frequencies and the suppression effect de-
creases as the spatial frequency of the stimulus increases [Volkmann et al., 1978;
Burr et al., 1994]. In addition to the reduction in spatial contrast sensitivity, the
target position information is also suppressed [Beeler Jr, 1967]. However, the
saccadic suppression does not result in perceiving a visual “black-out” due to the
visual persistence of retinal images before the saccade [Ritter, 1976; Campbell
and Wurtz, 1978]. Figure 2.6 is adapted from Knoll et al. [2011] and shows mea-
surements of how the luminance contrast sensitivity performs during saccade.

Despite the reduced visual sensitivity during the saccades, intra-saccadic per-
ception is still possible. When the saccade peak velocity approximately matches
the velocity of sinusoidal gratings rapidly drifting in the same direction, it re-
sults in perceived static image of the stimulus for a very brief amount of time
during the saccade [Deubel et al., 1987]. Stimulus motion, which is otherwise
imperceptible during fixations, can be also perceived during saccades especially
when the combined movements of the stimulus and eyes result in retinal fre-
quencies between 10-25Hz [ Castet and Masson, 2000]. Based on intra-saccadic
perception, an important question is whether saccadic suppression is just a con-
sequence of motion blur in the retinal image or not. Recent studies show that
saccadic suppression is not just as a consequence of changes in retinal image and
neural activity is also actively suppressed during saccades independent of visual
input [Bremmer et al., 2009; Binda and Morrone, 2018].

2.3 Contrast perception

Image contrast is one of the most important features for visual perception [Peli,
1990]. Contrast detection depends on the spatial frequency of a contrast pat-
tern, and it is characterized by the contrast sensitivity function (CSF), illustrated
in Figure 2.7, left [Barten, 1999]. The perceived contrast is a non-linear func-
tion of contrast magnitude, and the incremental amount of detectable contrast
change increases with the contrast magnitude. This effect is often called self-
contrast masking, and it is modeled using compressive contrast transducer func-
tions [Lubin, 1995; Zeng et al., 2001]. The contrast detection threshold also
increases with the neighboring contrast of similar spatial frequency [Legge and
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Contrast
Log contrast Threshold

Frequency Eccentricity

Figure 2.7. Left: An illustration of the contrast sensitivity function. In the
area below the white line the observer is able to distinguish the sinusoidal
pattern, whereas the area above the line appears completely gray. Note, that
the actual position of the function depends on the retinal size of the Campbell-
Robson chart and on the luminance of the media used to present it. Right:
Hypothetical contrast threshold as a function of eccentricity for various spatial
frequencies. Plot adapted from Peli et al. [1991].

Foley, 1980]. To analyze this spatial masking effect, often band-pass filter banks
are used first to decompose an image into different frequency channels [Lubin,
1995; Mantiuk, Kim, Rempel and Heidrich, 2011; Zeng et al., 2001], and then
quantify the amount of masking within each channel separately. Majority of per-
ceptual models that are used in various applications, such as image quality eval-
uation [Lubin, 1995; Mantiuk, Kim, Rempel and Heidrich, 2011], compression
[Zeng et al., 2001], and rendering [Bolin and Meyer, 1998; Ramasubramanian
et al., 1999], consider all the HVS characteristics mentioned above.

2.3.1 Peripheral vision

Perceptual characteristics of the HVS and, in particular, contrast perception, are
not homogeneous over the visual field. This non-homogeneity is related to the
non-uniform distribution of retinal sensory cells (Section 2.1.1). To explain the
perceptual difference between foveal and peripheral vision, Curcio and Allen
[1990] provide anatomical measurements of ganglion cell densities as a function
of retinal eccentricity. In more recent work, Watson [2014] parameterizes this
relation with a formula for four different visual quadrants and compares the
estimations of cell densities with actual measurements from previous studies.
Such a parameterization allows computation of the Nyquist frequency for an
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arbitrary position in the visual field based on the sampling rate of retinal ganglion
cells. However, such anatomical models do not fully explain peripheral sensitivity
to visual features, such as contrast. Peli et al. [1991] address this gap and extend
the foveal CSF to the peripheral visual field. Although their extension fits well
to the previous peripheral contrast sensitivity measurements, it is not a complete
model for the peripheral vision. Figure 2.7 illustrates their approach.

2.3.2  Blur sensitivity

The decreased sensitivity to image distortions in peripheral vision motivates fove-
ated rendering techniques (Chapter 3) to save computation time by rendering
low-resolution content at larger eccentricities. From the perception point of
view, the closest effect extensively studied in the literature is blur perception.
For foveal vision, many studies measure detection and discrimination threshold
for simple stimuli such as a luminance edge blurred with different Gaussian fil-
ters [Watson and Ahumada, 2011]. Similar experiments can be used to measure
the sensitivity to blur at various eccentricities [Ronchi and Molesini, 1975; Wang
and Ciuffreda, 2005; Kim et al., 2017]. The existing studies reveal a monotonic
increase in the threshold values as a function of eccentricity. Unfortunately, sim-
ple stimuli used in the above experiments cannot represent the rich statistical
variety of complex images. In particular, such threshold values strongly depend
on the image content [Sebastian et al., 2015].
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Chapter 3

Related Work

This chapter focuses on previous work related to enhancing the gaze-contingent
rendering. In particular, Section 3.1 discusses methods for saccade landing posi-
tion prediction as a tool for combating system latency and improving user experi-
ence. Section 3.2 introduces works on foveated rendering and on image metrics
looking for intersections where both, the human visual characteristics as well as
the underlying image content are considered for improving the visual quality and
the computational time.

3.1 Saccade Landing Position Prediction

Saccade velocity and duration cannot be voluntarily controlled, and normally,
the oculomotor system follows a preprogrammed ballistic motion trajectory. Al-
though it has been demonstrated that, in some cases, the central nervous sys-
tem is capable of changing the trajectory of the saccades in flight, it takes ap-
proximately 70 ms for visual information to travel from the retina to oculomotor
mechanisms of the brain (Chapter 2). Since the duration of saccades usually falls
between 20 and 80 ms, there is not enough time to respond to stimuli during the
saccade. A large body of work has been dedicated to analyzing saccade ballistics.
For example, it has been demonstrated that there is a linear relationship between
the duration and the amplitude of saccades [Bahill, Clark and Stark, 1975b]. On
the other hand, the same work showed that the relation between the duration
and the peak velocity (the main sequence) is nonlinear. Moreover, velocity profiles
of short saccades are symmetric. This, however, does not hold for medium and
long saccades whose profiles are skewed towards their beginning [Van Opstal
and Van Gisbergen, 1987].
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Figure 3.1. Left: Saccade displacement profile (blue) and the gaze estimations
used by the system. Notice the latency. Right: Two possible ways to utilize
saccade position prediction: either by making prediction for the next frame
(tracking) or make a direct prediction for the landing position. Methods for
both approaches are introduced by Han et al. [2013a] from where the two plots
were adapted.

The ballistic characteristics have been exploited for modeling saccades. An-
liker [1976] and Paeye et al. [2016] assume symmetrical velocity profiles, and
predict the landing position essentially by doubling the distance traveled until
peak velocity. Yeo et al. [2012] define saccade velocity profiles using a bell-
shaped curve for simulating HVS dynamics during object tracking. To avoid in-
accuracies in velocity estimation a more stable prediction can be provided by
fitting a Gaussian function to the gaze velocity [Paeye et al., 2016]. As all of
these solutions assume symmetry of the velocity profiles, they can be used only
for short saccades [Van Opstal and Van Gisbergen, 1987]. Han et al. [2013a]
propose a method based on fitting a compressed exponential function to the eye
trajectory. In contrast to our work, they focus on providing short-term predic-
tions (10 ms), while we aim to predict landing positions. Komogortsev and Khan
[2009] propose the Oculomotor Plant Kalman Filter (OPKF) that can handle both
tasks, and accounts for many anatomical eye properties. A number of anatomy-
inspired complex plant saccade models exist, such as [Zhou et al., 2009], but
they are less suitable for real-time, gaze-contingent applications as they are not
designed to perform prediction [Han et al., 2013a]. A more sophisticated method
was proposed by Komogortsev and Khan [2007]. Their Two State Kalman Filter
(TSKF) models an eye as a system with position, velocity, and white noise ac-
celeration. In the follow-up work [Komogortsev and Khan, 2009], they extend
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TSKF and propose the Oculomotor Plant Kalman Filter (OPKF) which accounts
for many anatomical eye properties. Such anatomy-inspired saccade models re-
quire many (over 20) adjustable parameters, which make them less suitable for
gaze-contingent rendering. Based on the OPKF model, Komogortsev and Khan
proposed a computationally efficient chi-square test whose peak value is corre-
lated with the saccade amplitude [Komogortsev, Ryu, Marcos and Koh, 2009].
This model can predict the saccade landing position at an early stage and can be
used for fast target selection in gaze-guided computer interaction [ Komogortsev,
Ryu, Koh and Gowda, 2009]. However, the model was tested only for a single,
large (5°) target, and only horizontal saccades were considered. In Komogort-
sev et al. [2009], an average prediction error of 5.41° was reported for a similar
model, where again only horizontal saccades were considered, while the model
proposed by Anliker [1976] performed best in such conditions with an average
error of 3.46°.

Following the results achieved in Chapter 4, in order to combat system laten-
cies typically observed in gaze-contingent rendering systems, Griffith et al. [2019;
2020] proposed the use of support vector machine regression models for sac-
cade landing position prediction and showed an extension to oblique saccades.
Later, Morales et al. [2018; 2021] proposed the use of Long Short-Term Mem-
ory (LSTM) networks for saccadic landing position prediction and Griffith et
al. [2020] introduced a technique to improve the performance of LSTM and feed-
forward network based models. Despite these active research efforts in saccade
prediction for gaze-contingent rendering, investigation of different factors and
their influence on the saccade landing position prediction, as well as incorporat-
ing them into a real-time rendering system remains an open problem.

3.2 Foveated Rendering

The fact that the sensitivity of the HVS to luminance contrast, color, and depth is
concentrated in the fovea and declines significantly towards the periphery (Chap-
ter 2) can be beneficial in rendering systems that use eye tracking devices. Such
systems utilize gaze-contingent techniques to change a set of functions in their
pipeline depending on the gaze location. Foveated rendering is such a tech-
nique, where the key idea is to increase rendering performance by providing
lower quality to the peripheral vision and keeping the quality unchanged for
the foveal vision. Traditional techniques (Section 3.2.1) exploit only these char-
acteristics of the HVS while image metrics (Section 3.2.2) lay foundation for
content-dependent techniques (Section 3.2.3), which consider the underlying
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Figure 3.2. Left: Standard foveated rendering using three layers of a single
frame, rendered in various resolutions and sizes. Image from Guenter et al.
[2012]. Middle: Perceptually-enhanced foveated rendering. Image from Patney
et al. [2016]. Right: Perceptually-adapted sampling pattern for foveated sparse
shading. Image from Stengel et al. [2016].

image content and the way the HVS responds to it.

3.2.1 Traditional techniques

Gaze-contingent rendering has many potential applications focused on the im-
provement of viewing experience and reduction of the computation costs. Gaze-
driven solutions contribute to the improvement of tone mapping [Jacobs et al.,
2015], depth perception [Kellnhofer et al., 2016] and viewing comfort in stereo-
scopic displays [Duchowski et al., 2014]. Computational depth-of-field effects
partially compensate for the lack of proper eye accommodation in standard dis-
plays [ Mantiuk, Bazyluk and Tomaszewska, 2011; Mauderer et al., 2014], while
for displays with accommodative cues, proper alignment of multi-focal images
can be achieved [Mercier et al., 2017] or laser beams can be guided by pupil
tracking [Jang et al., 2017]. The computation performance may be improved by
reducing the level of detail [Reddy, 2001; Duchowski et al., 2009], or spatial im-
age resolution [Guenter et al., 2012; Vaidyanathan et al., 2014; Swafford et al.,
2016] towards the periphery, which is particularly relevant for this thesis. In
their work Guenter et al. [2012] implement the peripheral fall-off by rendering
a single frame with three different resolution, with higher resolutions enclosing
only a part of the frame. These frames are then merged in order to present the
higher resolution only around the gaze location whereas the lower resolutions
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fill in the periphery (Figure 3.2, left).

3.2.2 Image metrics

Perceptual experiments studying the sensitivity of the HVS to contrast changes
can be used for developing image metrics which are then used to evaluate or
drive image synthesis techniques. In this context, Watson and Ahumada [2011]
argue that when the reference and blurred images are given as inputs, general
models of contrast discrimination can account for blur perception for simple stim-
uli in the fovea. Their model works by summing the energy over a restricted
local extent and uses the CSF as well as the spatial contrast masking effects.
Sebastian et al. [2015] employ a similar generic model to predict their data
for complex images, while Bradley et al. [2014] additionally consider local lu-
minance adaptation to account for near eccentricity (up to 10°). The work by
Swafford et al. [2016] extends the advanced visible difference predictor HDR-
VDP2 [Mantiuk, Kim, Rempel and Heidrich, 2011] to handle arbitrary eccentric-
ities by employing a cortex magnification factor to suppress the original CSE The
authors attempt to train their metric based on data obtained for three applica-
tions of foveated rendering, but they cannot find a single set of parameters that
would fit the metric prediction to the data. In a work, which follows the results
of this thesis, [Mantiuk et al., 2021] design FovVideoVDP - a video difference
metric that models simultaneously the spatial, temporal, and peripheral aspects
of the human perception.

3.2.3 Content-dependent techniques

Image content analysis to improve quality and efficiency in foveated rendering
has been considered to a relatively limited extent. Patney et al. [2016] use con-
trast enhancement to help recover peripheral details that are resolvable by the
eye but degraded by filtering that is used for image reconstruction from sparse
samples (Figure 3.2, middle). Stengel et al. [2016] make use of information
available from the geometry pass, such as depth, normal, and texture properties,
to derive local information on silhouettes, object saliency, and specular highlights
(Figure 3.2, right). The combined features along with visual acuity fall-off with
the eccentricity and luminance adaptation state (based on the previous frame)
allow for sparse sampling of costly shading. As luminance information is not
available before shading for the current frame, contrast sensitivity and masking
cannot be easily considered. Sun et al. [2017] propose a foveated 4D light field
rendering with importance sampling that accounts for focus differences between
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scene objects, which are determined by the object depth and the eye accommo-
dation status at the fixation point. This leads to the reduction of computation
costs for optically blurred scene regions, which requires displays that can trigger
the eye accommodation.



Chapter 4

Saccade Landing Position Prediction for
Gaze-Contingent Rendering
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Figure 4.1. Standard gaze-contingent rendering (top row) updates the image
according to the current gaze prediction. Due to the system latency, during a
saccade, there is a significant mismatch between the rendering and the actual
gaze position (b, ¢). The method moves the foveated region to the actual gaze
position only after a delay equal to the system latency (d). Our technique
(bottom row) predicts the ending position of the saccade at its early stage and
updates the image according to the new prediction as soon as it is available
(b). Due to the saccadic suppression the user cannot observe the image manip-
ulations during the saccade (b). When the saccade ends and the suppression
is deactivated (c), the observer sees the correct image at the new gaze position
with our method.

Despite the constant improvement of hardware, meeting the quality demands
regarding spatial and temporal resolutions, stereoscopic presentation, and scene
complexity required in current applications is still a challenging problem. This is
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manifested in the recent developments of new mobile platforms as well as virtual
and augmented reality (VR/AR) systems, where both the quality and energy effi-
ciency are limiting factors that have to be tackled to enable full adoption of these
technologies. With the recent advances in affordable eye-utracking technology,
the above problems can be addressed by exploiting properties of the human vi-
sual system (Section 2.1). The most prominent example is foveated rendering
techniques (Section 3.2) that provide high image quality only for the fovea. This
leads to improvements both in the rendering time and quality.

Although gaze-contingent rendering can lead to significant improvements,
it is very sensitive to system latency [Saunders and Woods, 2014]. Even short
delays may result in visible artifacts which make the gaze-contingent rendering
unfavorable (Chapter 1). Therefore, displaying an updated image after saccade
completion is critical, and any delays may limit the benefits of gaze-contingent
rendering. In practice, to prevent problems with system latency, high-end equip-
ment has to be used (Section 3.2). While such equipment is becoming a com-
modity, high-quality rendering rarely achieves sufficient frame rates. As a result,
the gaze-contingent systems introduce significant latency which leads to visible
artifacts such as the perception of low-quality image from the peripheral render-
ing.

To address this problem, we propose a new technique for controlling gaze-
contingent rendering during saccades. The key idea is to maximally exploit the
saccadic suppression when it is the strongest, i.e., during saccades. Instead of
placing the foveated region at each gaze position as soon as it is provided by
the eye tracker, our method fixes it to a predicted saccade landing position (Fig-
ure 4.1). The prediction is continuously adjusted during the saccade for new
gaze direction samples so that the delay with which the correct image appears is
minimized when the saccade ends. During the saccade, the mismatch between
the actual gaze direction and the rendering is hidden by the saccadic suppression.
In this dissertation, we propose a method for predicting the saccade landing posi-
tion. It accounts for both within- and between-participant saccade variability as
well as inaccuracies of modern eye trackers. We demonstrate how the prediction
can be used in the context of gaze-contingent rendering to alleviate the problem
of system latency. Our user experiments validate the accuracy of the predictions
and the quality improvements when our strategy is applied. To provide further
insights, we use different combinations of display frame rate and eye-tracking
sampling rate in our tests. We present the following contributions:

* measurements and analysis of saccade trajectories,

* a new model for predicting the landing position of saccades,
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* acomparison of several prediction techniques based on our measurements,
and

* two experiments which validate both a subjective and an objective qual-
ity increase when our method is applied in a gaze-contingent rendering
system.

4.1 Overview

In our modeling, we aim to predict the landing position of saccades to update
gaze-contingent rendering early enough to reduce the delays coming from the
latency of the system. The greatest challenge in building such a system is robust-
ness. Standard gaze-contingent rendering suffers from latency; however, the
introduced delay is always consistent. When a prediction is used, even small er-
rors may lead to catastrophic failures which will result in clearly visible artifacts,
and therefore, user dissatisfaction. Our goal is to create a system which is robust
to fluctuations of eye-tracking data arising from instabilities in eye movements,
as well as from eye-tracker errors.

To this end, we follow the assumption that saccades obey ballistic trajec-
tories which are determined mainly by saccade amplitude. Even though this
assumption does not hold completely, as other factors may influence saccades
(Section 4.3), we demonstrate that it leads to a simple yet powerful and robust
model that provides significant improvements in gaze-contingent applications
(Section 6.6). To gain knowledge about saccade characteristics, we first per-
form measurements to collect samples of many saccades performed by several
participants (Section 4.1.1). After analyzing the collected data (Section 4.1.2),
we construct a computational model (Section 6.3) that captures the character-
istics of different saccades and uses eye-tracker samples to predict their landing
positions.

4.1.1 Measurements

We conducted a user experiment to collect a large amount of data associated
with different saccades. To evoke saccades, participants were asked to focus on
a target stimulus, which was a white dot on a uniform 50%-gray background
shown on a screen operating at 60 FPS. The target changed its position when the
user pressed a key after fixation. The target positions were pre-generated and
shuffled so that different saccade amplitudes, spanning a range of 5°-45°, were
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equally represented in the collected data. The data collection was performed
with an eye tracker at 300 Hz sampling frequency. The eye tracker allows free
head movement during tracking; nevertheless, we used a chin-rest to improve
the tracking accuracy. The viewing distance was fixed to 70 cm, which resulted
in a coverage of 46 x 27 visual degrees. 22 participants with normal or corrected-
to-normal vision took part in our measurements. The eye tracker was calibrated
for each participant. Every participant performed at least 300 saccades which
were recorded during a 5-minute session. Figure 4.2 shows our setup and gaze
data recorded from one of our participants.

System Details In all our experiments, including the validation described in Sec-
tion 6.6, we used a Tobii TX300 eye tracker, capable of 300 Hz, 120 Hz and 60 Hz
sampling rates. The display was a 27” 2560 x 1440 ASUS ROG Swift PG278Q
which supports 60 Hz, 120 Hz and 144 Hz refresh rates. The CPU and GPU of our
platform were an Intel(R) Xeon(R) E5-1620 v3 @ 3.50 GHz and NVIDIA GeForce
GTX 660, respectively. The software system used was our own C++ implemen-
tation based on OpenGL.

Figure 4.2. Our measurement setup and a sample subset of eye-tracking data
from one participant. The white circles visualize saccade targets shown during
the experiment, whereas the blue traces correspond to eye-tracker samples.
For simplicity, only 12 targets are visualized here. Throughout the actual
experiment, 300 consecutive targets were shown to each observer.

4.1.2 Data Processing

The data recorded in the experiments includes both saccades and fixations. To
build our model, we need to extract eye-tracking samples corresponding to sac-
cades. Detecting saccades can be easily performed in a post-processing step by
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analyzing velocity profiles. However, in order to be consistent with how the
saccades will be detected in gaze-contingent rendering techniques, we opt for a
robust analysis that is suitable for on-line data. Several techniques have been
proposed and analyzed in this context [Salvucci and Goldberg, 2000; Anders-
son et al., 2016]. For our purpose, we found that the velocity threshold method
(I-VT) provides satisfactory results. I-VT relies on the fact that the saccades are
very fast eye movements and detects them as soon as the high velocity of eye
movement is observed. We denote the detection threshold as V; and refer to the
first gaze sample whose velocity exceeds V; as the detection point.

For the saccade detection to be robust, V; has to be relatively high, usually
above 100°s. This means that the true beginning of the saccade is much earlier
than the detection point. To obtain all the past samples of the saccade, we scan
the gaze samples backward in time to find the beginning. Due to the inherent
noise of eye trackers and small movements of the eye, the velocity is always pos-
itive even during fixations. Therefore, we employ a two-step procedure similar
to Dorr et al. [2010] by introducing another velocity threshold, V,. The first
sample where the measured gaze velocity is equal to V, is the anchor point, i.e.,
beginning of the saccade. Due to discrete sampling of eye trackers, it is unlikely
that a sample with this exact velocity will be found in practice. Therefore, we
introduce an additional sample for velocity V,, by interpolating between the first
sample for which the velocity is over V, and the previous sample. We also use a
velocity threshold to detect the end of the saccade and refer to the first sample
whose velocity drops below V; as the end point. Additionally, we treat samples
occurring up to 15 ms after the end point as a part of the saccade to account for
potential corrective saccades called glissades, which are typically not larger than
0.5°-2° [Holmgqvist et al., 2011, Ch. 2]. We ignore the glissades detected sepa-
rately by removing the detections which are shorter than 15 ms. For increased
robustness, we only take the saccades whose anchor points are found within a 30
ms interval before the detection. If tracking is lost during a saccade, it is not used
for training our model. Please see Figure 4.3, which shows the anchor, detection,
and end points for a sample saccade.

We define each saccade, S;, as a set of subsequent gaze samples from the eye
tracker:

St = {Sk0s Sk15 Sk s Skn b 4.1)
where s, is the gaze sample corresponding to the anchor point of the saccade

and s, is the end point of the saccade. The gaze samples are expressed in terms
of triplets:

S = (tr digs Orr), (4.2)
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Figure 4.3. Visualization of our data processing for one sample saccade. Top:
Gaze samples for a saccade from the bottom-right corner to the top-left corner
of the screen. Bottom: The gaze velocity and displacements. Samples corre-
sponding to the anchor, detection and the end points are indicated in green,
cyan and yellow colors, respectively. Captured with a Tobii TX300 eye tracker
at 300 Hz sampling frequency.
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where t,; is the timestamp, d; is the displacement and 6,; is the direction of the
sample. t;;, di; and 6, are measured with respect to the anchor point; therefore,

tkO == 0, dkO == O, Qko =0. (43)

This representation is similar to the polar coordinate system where the origin is
the anchor point of the saccade and d;; corresponds to the radial coordinate, while
0,; corresponds to the polar angle. d,; is measured in terms of visual degrees
instead of pixels to make it independent of the distance between the observer
and the screen.

Given our representation, the amplitude of saccade S, is defined as

ISkl = dy» (4.4)

and the direction as
ZSk = QkN‘ (45)

The choice of velocity threshold is crucial for robustness to noise and small
involuntary eye movements. Saccades involve very fast eye motion; therefore,
they achieve speeds that cannot be observed during other eye movements. Usu-
ally, the achieved velocity during a saccade exceeds 100°/s. Consequently, we set
V; = 130°s. Possible misses of very short saccades are not very problematic as
these usually do not lead to problems in gaze-contingent rendering. Also smooth-
pursuit eye movements are successfully filtered out by this detection threshold
as they rarely reach velocities above 80°/s [Meyer et al., 1985; Daly, 1998]. For
the anchor point, the velocity threshold V, needs to be chosen such that we do
not include eye-tracking samples corresponding to fixations. We observed that
a good choice of the threshold may depend on the participant, as different eye-
tracking noise and involuntary movements can be observed for different partic-
ipants. However, for better generalization, we decided to choose a conservative
value that reduces the probability of including fixation samples as saccades in
our training data. Consequntly, we set V, = 60°s, which is used in all our exper-
iments. We set the threshold for the end point accordingly as V; = 60%. All our
choices remain in agreement with the general characteristics of saccades’ velocity
profiles described by Boghen et al. [1974b].

4.1.3 Model

The problem of predicting the landing position can be defined as estimating |S,|
and ZS, for every timestamp t;; during the saccade, i.e., before d;y and 6,y
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Figure 4.4. Displacement profiles of one participant for different saccade am-
plitudes are given in (a). The corresponding prediction surface is shown from
two different viewing angles in (b) and (c) with the saccade amplitude in the
z-axis. Standard deviation of the prediction surface across all participants is
given in (d). For simplicity, only 5 individual saccades are shown in (a), (b)
and (c). We collected more than 300 saccades from each participant.

are actually observed. As the trajectories of most saccades are linear or approx-
imately linear [Leigh and Zee, 2015b, Ch. 3], our estimate for the direction of
the saccade, ZS;, at a point with timestamp t;; is equal to the direction of the

last observed gaze sample: -
ZLS(ti) = O (4.6)

Because of the different acceleration, deceleration, peak velocity and duration
characteristics, the displacement observed at a specific time after the anchor point
depends on the amplitude of a saccade. Figure 4.4a shows how displacement
profiles change with respect to different saccade amplitudes. The characteristics
of this change are captured in the data that we collected in our experiment (Sec-
tion 4.1.1). The displacement profiles tend to form a consistent surface in the
3D space where the x- and y-axis are the displacement and time axes, while the
z-axis corresponds to the amplitude values (see Figure 4.4b-4.4c).

We treat the amplitude prediction as a regression problem. Based on the
collected data, we seek a function f that estimates the saccade amplitude given
a displacement d,; at a given time period t;; from the beginning of the saccade
to the current samples. Formally, we define our prediction as:

Skl (ti) = f (trt> dir), (4.7)
and require function f to minimize:

Z(|5k| — f (tw, di))?. (4.8)

k1

While the amplitude function f(t,;,d,;) gives us a direct prediction of sac-
cade length, it is also possible to model the displacement during saccades as a
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function of time and amplitude. This may potentially provide a more stable so-
lution, as modeling the steep part of f for small values of displacement and time
(Figure 4.4) might be problematic. To this end, we also consider a function g
that minimizes:

> (d—g(USil, ) (4.9)
k,l

The prediction of saccade length using g requires a linear search that, for a given
timestamp t;; and displacement d,;, finds |S,| such that |S,| = g(|S,|, tx). More
formally;,

1Sel(t) = argmin (dy; — g(x, t,))?. (4.10)

Both Equations 4.7 and 4.10 perform prediction based only on the last sample
from the eye tracker. This does not account for information provided by all sac-
cade samples. To investigate whether all samples can provide a better prediction,
we modify the prediction in Equation 4.10 to account for all the samples:

—

l
[SI(ti) = argmin ) | (di — (x, tea))’*. (4.11)
x n=1

Effectively, this prediction takes all saccade samples observed until time t;; and
tries to find @ such that the saccade profile best fits function g.

Both of the functions f and g can be realized using different parameterization
techniques. In order to find the best technique, we compare predictions provided
by a polynomial fitting and an interpolation. To this end, for each method, we
treat every participant separately and find a personalized polynomial fit or an in-
terpolation grid that minimizes Equation 4.8 or Equation 4.11. To determine the
degree of the polynomials and to avoid over-fitting, we analyze cross-validation
errors for polynomial degrees ranging from 1 to 7. According to this analysis,
polynomial degrees 5 for t and 2 for d provide the lowest cross-validation er-
ror for the largest number of participants. Although it is possible to optimize
the polynomial degrees for each participant separately, this procedure did not
provide better fits in our experiments. Consequently, we used a fixed degree
for all polynomial-based models. To enable interpolation, we remove multiple
measurements corresponding to the same pairs (t;;, dy;) by applying a 2D me-
dian filter on saccade amplitudes. This step also reduces the effect of noise and
outliers. The size of the filter is 0.5° for the displacement and 2 ms for the time
dimension.

We use 80% of our saccade measurement data (Section 4.1.1) to build pre-
diction models for all methods described above. Later, we use the remaining
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20% for testing to compare their performance. The mean absolute error as well
as the standard deviation of the error are shown in Figure 4.5 for all prediction
methods. Both the prediction accuracy and standard deviation of the prediction
error improve during the course of the saccade. This, as expected, is a result
of diverging behavior of displacement profiles for different saccade amplitudes
(Figure 4.4a). The best performing method in terms of error and standard devi-
ation is the interpolation based on Equation 4.7 whose mean error drops below
4° in the middle of the saccade and is less than 1° at 80% of the normalized sac-
cade time. This magnitude of prediction error is significantly smaller than the
typical foveal region size in gaze-contingent rendering [Patney et al., 2016, Fig.
8]. Interestingly, the best prediction is based on only one (the last) sample from
the eye-tracking data, which means that our prediction does not benefit from
including all of the saccade samples. This might be related to less reliable infor-
mation provided by the samples at the early stage of the saccades. In addition,
we measure the variability of interpolation-based model between participants
(see Figure 4.4d). The high variance at the beginning of the saccades suggests
that their characteristics differ significantly between subjects, which supports the
choice of using personalized models.

Mean Absolute Error (deg) Standard Deviation (deg)
10 107 \
il IIIIIIII----...I 8
6 6f \
4t \ 4t
| X | \
=y
0 ' ' ' —= ' ' ' '
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Normalized Saccade Time Normalized Saccade Time
—— Interpolation Eq. 4.7 Interpolation Eq. 4.10 = Interpolation Eq. 4.11
—— Polynomial Eq. 4.7 Polynomial Eq. 4.10 —— Polynomial Eq. 4.11

1am1 Model by Anliker

Figure 4.5. Comparison of different prediction modeling methods. Left: the
mean absolute error as a function of normalized saccade time. Right: the
standard deviation of the mean absolute error.
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Figure 4.6. Gaze samples (yellow), landing position predictions (green) and
corresponding prediction intervals (blue) for a sample saccade. The beginning
of the saccade (orange), gaze samples and predictions are shown as the square,
diamond and circular shapes, respectively. Color saturation level of the points
indicates the time when each sample is observed and each prediction is made

(more saturated color indicates more recent sample and prediction). Arrows
connect gaze samples with our model’s corresponding predictions for the land-
ing position.

We compared the prediction performance of our method with that of An-
liker [1976]. We observe that this method results in high prediction errors caused
by severe undershooting for large saccades due to the violation of symmetry in ve-
locity profiles (Figure 4.5, left). This suggests that any prediction method based
on the symmetry assumption (including symmetric curve fitting approaches [Pa-
eye et al., 2016]) would likely suffer from the same type of inaccuracy.

Average Model In addition to personalized models, we further investigated the
possibility of replacing them with one averaged model which gives the flexibility
of predicting saccade amplitudes without the training step. To derive the aver-
age models, we used the same procedure as for the personalized models, but
with a leave-one-out cross-validation strategy which removes one participant for
the training stage. Figure 4.7 shows how much personalized models improve
the mean absolute error compared to the average model both for interpolation
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and the polynomial fit approach. As expected, for most of the participants per-
sonalized models provide better prediction, by up to 30% (1°). This might be
explained by the high variance between pesonalized models (Figure 4.4d). In-
terestingly, the personalized model of one participant performs about 10% worse
than the average model, which might be related to the high measurement noise
observed during the data recording session for this participant. The comparison
suggests that although in most cases the personalized model leads to improved
predictions, the average model is a practical alternative. Here we report the
average model that results from the polynomial fit approach:

footy(t,4) =—10.19¢ +19.11¢* — 17.15¢% + 6.251¢* — 0.7552¢°
— 234t + 26.894t* — 14.74d¢° + 3.8824¢" — 0.4005 4¢°
—11.844%¢+9.3264%+* — 2.5834%+> — 0.010584°+*
+0.065874°%¢> + 20.184 + 5.071d* + 18.15,
where ¢t = (t;; —47.39)/33.4 and 4 = (d;; — 14.67)/11.72 are the time and dis-

placement measurements normalized with their respective means and standard
deviations from the training data.

(4.12)
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Figure 4.7. Left: The mean absolute error of personalized models is compared
with that of the average models using interpolation and polynomial fitting.
Right: The amount of improvement in the mean absolute errors when person-
alized models are used instead of the average model for each participant.

Prediction Intervals Saccades may exhibit variance due to the noise in the firing
of motoneurons, target detection inaccuracy of the participant, and measure-
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ment inaccuracies [Smeets and Hooge, 2003] (Section 4.3). The information
about the within-participant variance is captured in our data. We compute 95"-
percentile prediction intervals over the interpolation grid for both the direction
and amplitude predictions. Figure 4.6 demonstrates the prediction intervals for
each prediction made during the saccade. Please note how the size of the inter-
vals gets small very quickly. Although we use these intervals only for visualization
purposes, we believe that they provide additional information that could be used
in the gaze-contingent rendering or gaze-driven interaction techniques.

Application of the Model To apply our prediction during a gaze-contingent ren-
dering, we replace eye-tracker samples that correspond to saccade samples with
our prediction. To detect saccade samples, we apply the same strategy as de-
scribed in Section 4.1.2. We start using our technique as soon as the saccade is
detected at sample s;;. From that point, all predictions are accepted until we
detect the end of the saccade, making s;,_; the last substituted sample. After
this sample, we switch to the standard gaze-contingent rendering method which
directly uses the samples from the eye tracker. To make the method more robust
to noise, we exclude saccades for which the direction changes by more than 5° for
the first three consecutive gaze samples at the 300 Hz sample rate and by more
than 12.5° at the 120 Hz sample rate. In such cases, the detection is regarded as
a false positive, and we switch to the standard gaze-contingent rendering which
updates the position of the foveated region according to the most recent gaze
sample. For all the samples that are classified as saccade samples, we compute
the prediction based on the predicted direction (Equation 4.6) and the amplitude
(Equation 4.7 and 4.10). The predicted saccade amplitude @(tkl), and direc-
tion ZS;(t;;), are transformed into a vector representing 2D screen coordinates
as follows:

p(te, di) = [3;(:(;) +h (@(tkl)) cos (Zs\k(tkl)) )

O ~ (4.13)
s +h (18e(t)) sin (Z84(te)) ]

where s,({f)) and s%) are the horizontal and vertical coordinates of the anchor point

on the screen, respectively, and h(.) is the function which converts the displace-
ment in visual angles to pixel displacement on the screen plane. Next, instead
of using the current eye-tracker sample for updating gaze-contingent rendering,
we use our prediction. We store the prediction model as an interpolation look-up
table or polynomial coefficients for each participant. The whole prediction adds
a negligible cost to the gaze-contingent method as it involves a simple lookup
and interpolation, or evaluating a polynomial.
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4.2  Validation

To validate our strategy for updating gaze-contingent rendering, we performed
two user experiments. In the first one, we used simple, synthetic stimuli to
demonstrate that our prediction can significantly reduce the delay in updat-
ing gaze-contingent rendering after saccades. The second experiment demon-
strates a more natural scenario when foveated rendering is used to render natu-
ral scenes. By allowing the user to freely explore the content, we measured the
influence of our technique on the user experience. Furthermore, we validated
our technique for three different combinations of display frame rates and eye-
tracker sampling frequencies to investigate the influence of system latency on
the performance of our method. The viewing setup as well as the hardware used
in these experiments was the same as in our measurements (Section 4.1.1).

4.2.1 Guided-Viewing Experiment

The goal of the first experiment was to demonstrate that our technique can lead
to quicker updates of the foveated region. To this end, we designed a simple
experiment which was inspired by foveated rendering techniques. The stimulus
consisted of four differently oriented Landolt C shapes arranged in a 2 x 2 grid.
Three of them were sharp, and one was blurred (Figure 4.8, top). The size of
each shape was 0.4°, the entire 2 x 2 grid was 1.2°, and the standard deviation
of the Gaussian blur was 0.04°. During the experiment, the stimuli appeared in
different locations. Each time the orientations of the Landolt C shapes (up, down,
left, right), as well as the position of the blurred one, were chosen randomly. Each
time the gaze prediction was in some proximity to the stimulus center (7°) the
blur was removed to reveal the masked shape. In half of the cases, appearing in
random order, the gaze sampling from the eye tracker was used directly; in the
rest of the cases, our prediction was used. The task of the participants was to
indicate the orientation of the Landolt C shape that was blurred. After receiving
the choice of the participant, a new stimulus was displayed at a different position.
The idea was that any delays in gaze-contingent rendering would result in an
associated delay in removing the blur. Therefore, the longer the delay in the
image update, the easier it was to spot which shape was blurred.

This type of blur-removal strategy simulates the foveated region update scheme
used in gaze-contingent rendering. If the update lags behind the actual gaze po-
sition as in the standard gaze-contingent applications, the participant will arrive
at the stimulus position before the blur is removed and will be able to indicate the
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shape that was blurred. On the other hand, if our method is used, the foveated
region will already be moved to the stimulus position before the arrival of the
observer; therefore, the position of the blur will be harder to determine.

Nine participants with normal vision took part in this experiment. For each
participant, we used his personalized model to predict saccade landing positions.
Each participant saw 300 stimuli for which they indicated the orientation of the
blurred Landolt C shape. The experiment took approximately five minutes. We
used an eye-tracking sampling frequency and display frame rate of 120 Hz and
60 FPS, respectively. Figure 4.8 (right) shows the ratio of correct responses av-
eraged across all participants. For presentation purposes, we grouped the data
according to the amplitude of saccades. For all cases, the number of correct
answers was lower when our prediction was used. This indicates that for our
update strategy, the blur was removed earlier, effectively reducing the influence
of the system latency. The results for medium and large saccades are statistically
significant according to Fisher’s exact test (p < 0.001). For large saccades, the
ratio of the correct responses for our method is very close to the expected value
of purely random choice (0.25). The difference between the two update strate-
gies is not significant for the shortest saccades. Probably this is related to the
proximity of the stimulus to the foveated region, i.e., the stimulus that appears
very close to the current fixation location is already in the foveated region and
no blur is applied.

The results of this experiment demonstrate that our prediction is fast and
accurate enough to reduce the influence of the system latency causing delays in
gaze-contingent rendering. As we were not able to demonstrate an advantage
for our technique for the shortest saccades, in the rest of our experiments, we
modify our prediction model to respond only for medium and long saccades.
This is done by raising the detection velocity threshold V; to 180°%s. This, in
accordance with Boghen et al. [1974b], eliminates saccades shorter than 10°.

4.2.2  Free-Viewing Experiment

The first experiment confirms that our prediction technique allows us to move
the region with high rendering quality to the new fixation locations sooner than
standard gaze-contingent rendering. However, this does not guarantee that our
technique is free of any artifacts and that it provides better perceived quality in
general. Therefore, in the second experiment, we validated the performance of
our technique in a free-viewing scenario. To this end, we implemented a simple
method that imitates a standard foveated rendering technique. Inspired by re-
cent gaze-contingent rendering techniques [Guenter et al., 2012; Patney et al.,
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Figure 4.8. Left: Four sample synthetic stimuli, each consisting of four Lan-
dolt’s C shapes. The size of each stimulus was 1.2°. During the experiment, the
orientations and the index of the blurry shape was randomly chosen. The blur
was removed when the foveated region moved to the position of the stimulus.
Right: Results of the user experiment. A value closer to 0.25 (expected success
ratio with purely random choice) is considered more successful at hiding po-
tential artifacts due to the transition from non-foveated to foveated rendering
at the positio=n of the stimulus. The error bars correspond to the standard
deviation across participants.

2016], the radius of the high-quality rendering region was set to 6.5°, and the
render quality of the periphery was reduced by applying a Gaussian filter with
the standard deviation of 0.5°. There was a smooth transition between the pe-
ripheral and foveal regions which spanned 9°. Using this rendering technique,
we conducted a pairwise comparison experiment in two scenarios: one when
our prediction was used and the other one without the prediction. In addition
to evaluating our prediction using the personalized model, we also measured
the prediction performance of the average model. Furthermore, to investigate
how the performance changes for systems with different latency characteristics,
we considered three different combinations of eye-tracker sampling frequency
and display frame rate settings: (120 Hz, 60 FPS), (120 Hz, 30 FPS), and (60 Hz,
30FPS). As our display could not run at a native 30 FPS, the frame rate was
simulated by frame repetition. Figure 4.9 (left) shows 10 images used in this
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Figure 4.9. Left: Insets of the images used in the free-viewing experiment.
The size of each image is 2560 x 1440 pixels. Right: Results of the free-
viewing experiment. The error bars correspond to the standard deviation across
participants.

Nine participants with normal vision and naive to the purpose of the test per-
formed the experiment with their personalized models. In each trial, participants
were shown an image rendered with our foveated rendering method described
above. They could switch freely between the version with and without prediction
and investigate the quality without any time constraints. The participants were
asked to indicate which version provided higher-quality and more stable images.
Each participant investigated all ten images, which took approximately 5 min-
utes. Images were shown in the native resolution of the display and spanned
a visual field of 46° x 27°. The experiment was performed separately for each
combination of display frame rate and eye-tracker sampling frequency settings.
6 participants repeated the whole session with the average prediction model, in
addition to the personalized model. Participants were allowed to take breaks be-
tween sessions or continue the experiment at a different time if they felt fatigue.
The eye tracker was re-calibrated at the beginning of each experiment and when
the frame and sampling rate settings were changed.

We collected all the responses and analyzed them using a two-sample t-test
with a significance level of 95%. Figure 4.9 (right) shows the ratio of cases where
the foveated rendering with our prediction was chosen. In all cases, the predic-
tion led to a higher preference. For all scenarios, the improvement provided by
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the personalized model over the no-prediction scenario is statistically significant.
The personalized model also obtained higher scores than the average model;
however, we fail to show a significant difference between the performance of the
personalized and the average model (p > 0.45). This observation, combined
with our previous findings (see Figure 4.7), suggests that the average model is a
feasible alternative for the personalized model, even though personalization has
the potential to improve the prediction for some of the participants noticeably
as shown in Figure 4.7 (right). We also observed that the advantage of using
our techniques decreased for setups with higher latency: (120 Hz, 30 FPS), and
(60 Hz, 30 FPS). Although the participants still showed a significant preference
for rendering with the prediction (p < 0.03), the results are not as remarkable
as in the case of (120Hz, 60 FPS). In fact, the difference for (120 Hz, 30 FPS)
and (60Hz, 30FPS) setups becomes statistically insignificant for the average
model (p > 0.65). In an informal interview after the experiment, participants
frequently reported “tunnel vision” or sudden “pop-up” effects for both ours and
standard foveated renderings in the 60 Hz sampling rate and 30 FPS case. Many
people suggested that the instabilities are visible in both techniques, and there-
fore, the difference between them becomes less obvious. This agrees with the fact
that for displays with a lower frame rate, e.g., 30 FPS, an image update requires
33.3ms in the most optimistic case, which is less than the duration of short sac-
cades. This time might therefore be insufficient to provide image updates before
the shorter saccades end. This suggests that for the (120 Hz, 60 FPS) setup our
technique successfully overcame the problem of latency. For the systems with
higher latency, even though we provided an earlier estimation of the next fix-
ation location, this might not have been early enough to overcome the latency
problem completely.

Head-Mounted Display We also have experimented with a head-mounted system
(Oculus DK2 + Pupil Labs’ eye-tracker). We ran a preliminary experiment, sim-
ilar to the one which was used for the stationary system but with stereoscopic
images. Five naive participants took part in this experiment; they compared
standard foveated rendering with a method using our personalized prediction
derived with the desktop setup (Section 6.3). We repeated the experiment for
75 FPS and 45 FPS. The sampling rate of the eye tracker was 120 Hz. Each par-
ticipant performed 28 comparisons in total. The rendering with prediction was
preferred in 54 % and 69 % of all comparisons for the first and the second setup.
Although these results already suggest that our prediction can be directly applied
to head-mounted displays, we encountered several hardware problems which,
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we believe, affect the results. First, the quality and the resolution of the screen,
especially the blur towards the boundaries of the visual field introduced by the
lenses, make the effect of gaze-contingent rendering more subtle. Second, the
quality of the data provided by the eye tracker is very sensitive to tiny move-
ments of the headset with respect to the head of the viewer. In particular, small
changes in the relative distance between the observer and the screen introduce
errors in the conversion from the on-screen location to visual angles. Moreover,
we also observed that our eye tracker often loses the gaze direction and takes a
significant amount of time to recover. Some of these problems are already ad-
dressed in stationary eye trackers, and we believe that this will also be the case
for future HMDs as the technology matures. For these reasons, although the ini-
tial results are promising, we leave the application of our prediction strategy to
head-mounted setups as future work.

4.3 Discussion and Future Work

As demonstrated in the previous section, our technique can provide significant
gains when compared to a standard gaze-contingent rendering. In this section,
we discuss potential improvements that could be made based on our assumptions
by further extending our model.

Within-subject Variability Our data-driven prediction model is based on a ballis-
tic saccade approximation, and for a given pair of time stamp and gaze displace-
ment, it returns a single prediction for the saccade amplitude value. However, it
is known that there is a statistical within-subject saccade variability [Leigh and
Zee, 2015b, Ch. 3]. For example, the peak velocity of saccades with similar am-
plitude may depend on the given task, saccade direction, initial and final orbital
orientations of the eye, learning, or even on a day-by-day basis [Smeets and
Hooge, 2003; Bollen et al., 1993]. The overall good performance of our average
prediction model shows that, in practical applications, such a saccade variability
may be regarded as another source of noise similar to the measurement noise
of the eye tracker. We initially experimented to incorporate such factors into
our model, but the amount of improvement was observed to be insignificant. In
addition, our performance measurements already included the effects of such
deviations from the ideal saccade behavior by having participants in our experi-
ments take part in multiple sessions, at different times of day and with different
tasks. While inaccurate predictions cannot be removed online, we make an effort
to minimize the effect of the conditions which are known to result in unreliable



46 4.3 Discussion and Future Work

predictions. In such cases, we fall back to the standard gaze-contingent render-
ing. One example of this is raising the detection threshold to V; = 180°%s to
prevent participant-dependent tremor-like eye motions from triggering a false
saccade detection.

Between-Subject Variability The elimination of between-subject variability by
the personalization of the prediction model leads to a further improvement in
the prediction accuracy (Figure 4.7, right). The potential drawback is that the
method requires a model-fitting step. At present, we train the personalized mod-
els offline. However, our initial experiments indicate that this can be done while
running a particular application of gaze-contingent rendering. Such a method
could start with our average prediction model and then fine-tune it on the fly
using new saccade samples as they are detected. This could also potentially ac-
count for some factors that affect within-subject variability, such as fatigue or
task-dependent variability. Another advantage of the personalized data-driven
model is that it naturally accounts for certain aspects of saccade variability such
as corrective glissades [Holmgvist et al., 2011, Ch. 2].

Users with Corrective Glasses The refractive power of corrective glasses bends
the light rays on the way from the screen to the eyeball, which affects the mea-
surements of saccade amplitudes when expressed in terms of visual angle. For
example, a basic spherical lens that is used to correct nearsightedness (myopia)
minifies the world, which effectively means that the time needed to complete
the saccade between a pair of points on the screen is shorter for the same per-
son with glasses than without glasses. This obviously affects the precision of our
average prediction model, which was obtained only from participants with nor-
mal vision. In an informal study we observed that our personalized model could
compensate for a medium spherical lens correction, while it failed for more com-
plex progressive glasses with an astigmatic component. We relegate to future
work the extension of our personalized model to handle diverse prescriptions of
corrective glasses. Use of contact lenses does not affect the performance of our
prediction model.

Fixation Prediction and Visual Attention In this work, we focus on predicting
the landing position for a single saccade. A significant body of research investi-
gates the saccade planning problem based on the image content and user’s task
[Kowler, 2011], where an attempt at predicting the saccade sequence is made
based on visual attention and “saliency map” modeling [Borji and Itti, 2013; Katti
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et al., 2014]. This is a far more complex problem which also involves cognitive
and application-dependent aspects, but in principle, the saliency consideration
along the saccade trajectory and in the proximity of the predicted landing po-
sition could contribute towards an improvement of the prediction accuracy by
effectively “snapping” the fixation to the locally most salient feature. We rele-
gate this promising research avenue to future work.

4.4  Conclusion

Gaze-contingent methods promise an improvement in user experience while ex-
ploring and interacting with digital content. To provide superior quality, the
image updates have to be performed on time according to the current viewer’s
gaze direction, as any delays may lead to dissatisfaction. In this work, we pre-
sented an end-to-end system that uses a saccade landing prediction to combat
system latency. The main idea is to take advantage of saccadic suppression and
update the image to the new fixation location as soon as the saccade starts. Effec-
tively, such an approach provides an update to the new fixation location before
the saccade ends, which leads to less visible delays. To this end, we propose
a measurement-driven saccade model that can predict the landing position be-
fore the next fixation is established. Our prediction provides better accuracy
than existing techniques. Also, an important feature is the continuous predic-
tion refinement as new eye-tracking samples arrive. We applied the model in a
simple foveated rendering system and demonstrated significant improvements
compared to a system without prediction. A great advantage of our technique is
that it comes at almost no additional cost and can be integrated into any exist-
ing gaze-contingent system in a straightforward manner. To our knowledge, this
is the first work that presents and evaluates a real-time gaze-contingent system
with the prediction of saccade landing position.
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Chapter 5

Practical Saccade Prediction for
Head-Mounted Displays: Towards a
Comprehensive Model

5.1 Introduction

System latency poses a serious challenge for gaze-contingent techniques, espe-
cially during fast eye movements. Both the lower quality content after the sac-
cade and the late quality change can be often observed by a viewer leading to
characteristic popping artifacts. In Chapter 4 we proposed a technique to limit
this undesired effect. To perform the quality update of foveated rendering ahead
of time, we leverage the saccadic suppression effect, which is the reduced sensi-
tivity of the human visual system during the saccade. To this end, we develop a
prediction method that is based on few initial eye-tracker samples to predict the
saccade landing position. With the help of such a technique, when the saccade
ends, the high-quality foveal rendering is positioned correctly and no popping
artifacts are observed.

The success of such a technique is mainly dependent on the accuracy and
efficiency of saccade landing position prediction. The method from the previ-
ous chapter is computationally efficient, but it relies on the assumption that the
saccade displacement profile depends solely on the saccade’s length. Other tech-
niques, such as the machine-learning-based approaches by Morales et al. [2018;
2021], define saccades in 2D screen space, but do not account for the fact that
saccades are often combined with vergence eye movements. Additionally, the
network inference required for the prediction is too expensive to use them in
real-time foveated rendering applications.

49
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This work goes beyond existing models for predicting the saccade landing
position by investigating additional factors that affect these eye movements and
their prediction. More specifically, we focus on dynamic scenarios in VR and
AR devices where saccades are combined with vergence movements and smooth
pursuit eye motion (SPEM). We design and conduct user experiments that mea-
sure saccade profiles in such scenarios. Several previous works, for example
[Collewijn et al., 1988b,a], have already conducted similar experiments using
accurate eye trackers, such as these using the scleral search coil technique. These
studies have demonstrated the impact of the additional factors on the saccade
profiles. Compared to them, we do not provide new insights into the physiolog-
ical characteristic of saccades. Instead, we analyze these factors in the context
of practical applications of saccade prediction techniques in VR and AR scenar-
ios. For this reason, we also refrain from using coil-based eye trackers and opt
for optical solutions, which, despite their lower accuracy, are the most suitable
solution. To our knowledge, this work is the first to investigate the impact of
such factors as vergence or SPEM on the saccade prediction in current VR and
AR devices. Additionally, we propose a method for correcting existing models
for prediction to account for these factors.

We believe that our investigation and technique will also help future devel-
opments of machine-learning-based techniques by limiting the required amount
of training data.

In this chapter, we present the following contributions:

* analysis of the effects of saccade orientation in 3D space and smooth pur-
suit eye-motion (SPEM) and how their influence compares to the variability
across users,

* asimple, yet efficient post-hoc correction method that adapts existing sac-
cade prediction methods to handle these factors without performing exten-
sive data collection.

5.2 Overview

This chapter consists of two parts. In the first one, we present a user experi-
ment (Section 5.3) where saccade profiles are collected for different amplitudes,
orientations, depth levels, and with and without initial speed. In Section 5.4,
we analyze the collected data to discover the most significant factors affecting
saccades. In the second part of this chapter (Section 5.5), we present a method
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for adjusting existing saccade landing position prediction models to take the an-
alyzed effects into account.

5.3 Experiment design

In our experiment, we aimed to investigate how saccade profiles depend on the
saccade’s orientation (in 3D space) and initial smooth pursuit eye movements.
Additionally, we compared the effects with variability across different users. To
this end, instead of conducting separate experiments, each designed to investi-
gate a single factor, we designed the stimuli and the task to simultaneously study
all of the effects in different trials of a single experiment. As our main focus are
applications of the saccade prediction techniques for head-mounted displays, the
experiment was designed for a virtual reality device equipped with an eye tracker.

Screen plane Screen plane
Pane e Pet e
¢ o ® o © ¢ O 0o
Imtla! static gaze ‘Initial movinggaze (SPEM)
NP e
@ Static saccade targets @ Static saccade targets
Static initialization Dynamic initialization Side view

Figure 5.1. The figure presents the main stages of each trial of our experiment.
In the initial phase, we had either static initialization (left), where the initial
gaze was shown as a static target in the center of the screen, or dynamic
initialization (middle), where the initial gaze was moving to stimulate a smooth
pursuit eye movement. After 1-2 seconds of the initial phase, the sphere was
displaced to stimulate a saccade. Some trials of the experiment included a
change in depth to stimulate vergence eye movement as shown on the right.

5.3.1 Stimuli

To guide the eye movements of participants, we rendered a red sphere on a blue
background as the visual target (Figure 5.2) at 75c¢m distance from the virtual
camera. In order to preserve the retinal size of the target as 1 visual degree
throughout the experiment, the size of the rendered sphere was adjusted de-
pending on its position and distance in 3D space. This prevented the potential
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saccadic inaccuracies during the experiment due to the changes in target size
when the target displacement involved a change in depth (e.g., fixating on arbi-
trary parts of the target sphere when it appears bigger at a close distance). Each
trial began with an initial phase where the participants are asked to either fixate
on a static target or follow a dynamic target. The duration of the initial phase
was randomly selected between 1-2 seconds to avoid anticipation effects.

Static initialization In two-thirds of the trials, a

static target appeared at the center of the screen,  Left eye view  Right eye view
followed by a target displacement in one of the
left, right, up, or down directions to stimulate a
saccade between two static positions (Figure 5.1
- left). The displacement amounted to 10° and
20°, respectively for short and long saccades.
The trials with a change in vergence involved a
simultaneous change in the depth with displace-
ment (to 30cm or 1000cm w.r.t. virtual cam- ;1 uli as shown to the par-
era). The target remained visible for 2 seconds ticipants of the experiment on
at the end of each trial for fully completing the 4} . vR display.

eye movement.

Figure 5.2. The images of the

Dynamic initialization In the remaining one-

thirds of the trials, the target moved along a linear, vertical or horizontal trajec-
tory with a constant velocity of 10°s (motion ramp) to stimulate smooth pursuit
eye motion. Motion was followed by target displacement (step) to stimulate a
saccade during smooth pursuit eye movement (a.k.a. ramp-step paradigm, Fig-
ure 5.1 - middle). Target motion started from a source position located on the
left/right or above/below the center of the screen for horizontal and vertical tra-
jectories, respectively. The motion was always directed towards the center and
it would last for a random duration of 1-2 seconds with the target never exceed-
ing a distance of 10° from the center. Displacement in target step shared similar
properties as the trials with a static target (i.e., 10° and 20° displacement size
with a single final depth of 75cm relative to the virtual camera position).

5.3.2 Task

During the experiment, each participant was asked to fixate on or follow the tar-
get with their eyes. The participants could abort the experiment at any time,
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especially if they started experiencing viewing discomfort. However, no partic-
ipant has terminated the experiment prematurely due to viewing discomfort.
Each participant was shown the same set of stimuli, but in a randomized order
to minimize the bias due to learning effect. The set was constructed according
to the cases visualized in Figure 5.1 and contained combinations of:

» 2 orientations of the saccade (horizontal and vertical),
* 2 saccadic amplitudes (10° and 20°),

* 3 depth levels to which the saccade was performed (30cm, 75cm, or 1000cm),
and

» with/without initial SPEM.

To keep the experiment procedure simple for the participants, we excluded from
our trials the cases where the sphere is moving in the initial phase and is then
re-positioned to a different depth. We collected 12 saccades for each of the re-
maining cases amounting to 384 saccades per participant. The experiment took
around 30 minutes to complete. To avoid fatigue, we divided the experiment into
3 sessions with 2 mandatory breaks of at least 10 minutes in between. We had
7 participants (2 of which are authors) with normal or corrected-to-normal vi-
sion, ages 25-37, all male. Due to amplified eye tracking inaccuracies associated
with the use of eye glasses during a pilot run of our experiments, the partici-
pants with corrected-to-normal vision only used contact lenses. Also, to avoid
calibration related problems, we introduced an additional verification step after
the eye tracker calibration: The users were asked to consecutively fixate on four
different targets, also red spheres with visual size of 1°, located at 10° in the pe-
riphery in the four primary directions. We repeated the calibration procedure if
the estimated gaze location was more than 1° away from any of the four targets.

5.3.3 Hardware

The experiment was implemented using Unity® platform and it was ran on HTC
Vive Eye Pro headset which provides 1440x 1600 px resolution per eye at 90Hz.
We used the headset’s integrated 120Hz eye tracker which was calibrated at the
beginning of each session using the 5-point calibration procedure provided by
the eye tracker software. The accuracy of the eye tracker reported by the man-
ufacturer is 0.5°-1.1°, however, recent research [Sipatchin et al., 2021] reports

thttps://unity.com
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different values: 4.16° mean average accuracy of both eyes across field of view
of 27° and mean precision of 2.17° for a head-still condition such as our task; the
data loss is estimated to be 3.69%.

5.4 Analysis of experimental data

The data from the experiments was used to extract mean saccade profiles which
were then analyzed to quantify the influence of different factors. To our knowl-
edge, there is not any common dissimilarity measure for comparing saccadic
displacement profiles with each other. Therefore, we also provide a formula-
tion of our measure that helps detecting the most significant factors affecting the
saccade.

5.4.1 Saccade profiles extraction

Similar to Chapter 4, our saccade profiles describe the on-screen displacement
with respect to the saccade anchor point, as a function of time that elapsed since
the beginning of the saccade. To extract the profiles from the data collected in
the experiment, we follow the procedure described in Section 4.1.2. We first
use a high velocity threshold value for detecting a saccade and then a second,
lower velocity threshold value to scan the gaze samples backward in time to
find its beginning. The first step gives us the detection point of the saccade
and the second - its anchor point at which we assume the saccade has started.
This two-step procedure reduces the detection likelihood of false positives and
collects the additional samples that are needed to capture the beginning of the
saccade. Since we compute the velocity by estimating the distance of consecutive
samples without applying a velocity filter, a double threshold policy improves the
reliability of correctly detecting saccades.

To analyze the effects of different factors, we define sets of categories be-
longing to each factor and we classify each saccade of our dataset into one of its
categories. Each category contains a subset of the dataset and within the same
factor the categories are mutually exclusive. To investigate the influence of ori-
entation of the saccade, we classify the saccades according to the location of their
landing position with respect to the initial position of the gaze (factor: ORIENTA-
TIONS, categories: HORIZONTAL, VERTICAL). Similarly, to analyze the influence of
depth/vergence change, we classify saccades according to the depth of final po-
sition with respect to the initial point (factor: DEPTH, categories: SAME, NEARER,
FARTHER). For analyzing the influence of SPEM, we classify the initial eye mo-
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tion at the beginning of the saccade which may be performed from a static target,
a target moving in the direction of the imminent saccade, and a target moving
in the opposite direction of the imminent saccade (factor: INITIAL MOVEMENT,
categories: STATIC, SAME, OPPOSITE). Additionally, to analyze differences among
subjects we create a category for each person containing only the saccades per-
formed by this individual. (factor: USERS, categories: each user). We analyze the
factors for short (amplitude 10°) and long (amplitude 20°) saccades separately
to verify that observed effects are consistent across amplitudes.

In gaze-contingent rendering applica-
tions, inaccuracies in saccade prediction may
remain imperceptible if the prediction error
is limited. Previous research on the anatomy
of the human retina revealed that the angu-
lar subtense of the human fovea is approx-
imately 4°-5° [Hendrickson, 2005]. We as-
sume that when the prediction error reaches
around approximately half of this distance,

Table 5.1. The factors that
we consider when analyzing sac-
cades and the categories in which
we classify them according to
each individual factor.

) . Factors Categories
the misplacement of foveal region becomes
isi im- HORIZONTAL

visible by observers. Consequently, an im- qpiENTATION

provement of the prediction error may be VERTICAL

evaluated by comparing with this baseline. SAME

Therefore, we also included the saccades at pgpry NEARER

a range of 2° difference in amplitude around FARTHER

short and long saccades. More specifically,

we consider saccades with amplitudes 9° and STATIC

11° for the short saccades, and 19° and 21° INITIAL MOVEMENT ~ SAME
OPPOSITE

for the long saccades in our comparisons
(factor: AMPLITUDE, categories: —1°, +1°). USERS Each user
A summary of the factors and the categories
we defined for our experiments are shown in
Table 5.1.

To analyze the differences within each
factor, we aim to compute mean profiles for each category created for it and
for each saccade amplitude a € {10°, 20°}. For each category, we start by fil-
tering out the saccades that do not belong to it and then align the displacement
profiles in the temporal domain. For each factor and each amplitude a, we start
by removing all the saccades with amplitude outside the range [a —1°, a + 1°].
In addition, we check the length of the saccades, the direction of SPEM, and the
direction of the vergence performed by the participants to label the samples that

AMPLITUDE —1°, +1°
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do not conform with the expected behavior in the category as outliers. Then we
align the anchor points of saccades by applying a temporal offset (Section 4.1.2).
In our case, we choose the velocity threshold for detecting a saccade as 180%s
and the anchor point as 90%%s. All eye-tracker samples 30 ms prior to the anchor
point are included in the analysis as well. To obtain the mean profile sampled at
equal time intervals, we resample each profile using linear interpolation of mea-
sured displacements. Our eye tracker operates at 120Hz and provides a gaze
estimations every 8 ms or 9 ms and not all of these samples are valid. Therefore,
the samples for the different saccades are at different time positions with respect
to the their beginnings. Resampling at equal intervals is needed to align the
displacement values for each saccade in the same time positions. We chose our
interval to be 1ms. Since the endpoint of each saccade occurs at an arbitrary
time, we consider the endpoint of the mean profile to be positioned at the mean
time position of all the endpoints.

After the above initial processing, the mean profiles are computed by aver-
aging samples of all saccades within each category. Formally, we represent those
mean profiles as a sequence of N mean samples computed from the original pro-
files:

S ={50,51,-->Sn }» (6.1

where each sample 5; = (t;, d;, 0;) is defined by its timestamp t,, mean displace-
ment d_l, and the standard deviation of all the displacement values for the given
timestamp o; within the category. The first sample of the saccade (s,) is the an-
chor point (t, = 0) whereas the last sample (s5) is the end point (dy) and it is
equal to the amplitude of the saccade. Figure 5.4 visualizes the mean displace-
ment profiles for all categories grouped by the factors they belong to.

5.4.2 Dissimilarity measure for saccade displacement profiles

To be able to analyze and compare the effects of different factors, we propose a
dissimilarity measure for quantifying the differences between the mean saccade
profiles corresponding to individual categories within a single factor. More pre-
cisely, for a given set of mean profiles {S|Sk = {s&,s%, ...,Sy }} belonging to the
categories within a factor (Table 5.1), we define a measure that correlates with
the differences for that factor as:

"N max df — min dr

D({skh= > ., (5.2)

1=0 maxo;
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Figure 5.3. Mean displacements (d})

and standard deviations (o}) that
we used in Equation 5.2 are shown
for hypothetical mean saccade pro-
files. Mean displacement profiles of
three categories; namely, ﬁ, ﬁ, and
S2, are represented by green, pink,
and brown solid lines, respectively,
whereas whiskers and dotted lines vi-
sualize the standard deviation of sac-
0 Sample index cade displacements from the corre-
sponding category.

Displacement

where k is the index of a category. The measure can be seen as an area between

the upper and lower envelope of all mean displacement profiles for the factor
({S¥}), normalized by the maximum standard deviation of the displacement val-
ues observed for the factor (mkax 05‘). Figure 5.3 illustrates an abstract example

of the mean displacements (dlk) and the standard deviations (Uf) of three hypo-
thetical sample categories. It is important to note that this measure requires the
mean displacement profiles to have equal sampling intervals.

Computing the dissimilarity measure in Equation 5.2 yields a higher value if
there is a more significant difference between the mean saccade displacement
profiles corresponding to different categories within a given factor (Table 5.1).
The differences between the categories commonly manifest themselves through
speed ups or slow downs in saccade displacement profiles and we use our dissim-
ilarity measure for identifying perceptually significant changes to the displace-
ment profiles that require an update to the prediction model or training data to
avoid visual artifacts.

5.4.3 Discussion

Figure 5.4 summarizes the effects that different factors have on the mean dis-
placement profiles. Additionally, we provide a bar plot of our dissimilarity mea-
sure for each factor.

A clear difference can be observed for the case where we compare mean dis-
placement profiles with different amplitudes (factor: AMPLITUDE). The differ-
ence for both 10° and 20° saccades is consistent with the fact that longer sac-
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Figure 5.4. Effects of different factors on the saccade mean displacement pro-
files computed from our experiment data. The solid lines represent mean pro-
files for each category, while the dashed lines visualize corresponding standard
deviations. The bar plots show the values of our profile dissimilarity measure
(Equation 5.2) for different factors (Section 5.4.1). The bars representing the
AMPLITUDE factor are provided as a reference baseline for the minimum value
of similarity to observe a significant effect (please refer to Section 5.4.1 for de-

tails).
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Amplitude 10° Amplitude 20°
1000 ¢ r *

Peak Velocity [deg/s]

N Relative Vergen(():e [deg] ! N Relative Vergenoce [deg] !
Figure 5.5. The relation between the vergence change during the saccade and
the peak velocity. The blue points correspond to individual saccades, while red
curves are the quadratic line fits showing the overall trend. Negative values
indicate saccades that move closer to the observer, whereas positive values
indicate saccades moving further away:.

cades exhibit steeper ascend in their displacement profiles compared to shorter
saccades. Existing saccade landing prediction models depend on these profiles
to be distinguishable, which is an expected effect. It also serves as the baseline
to compare the difference exhibited by the other factors of interest as we men-
tioned in Section 5.4.1. Therefore, we aim to identify the effects that will change
the performance of saccade landing position prediction and assume that factors
that provide smaller effects than what is observed at 2° change in the saccade
amplitude may not lead to significant improvements in applications that rely on
the prediction. In particular, the value of the dissimilarity measure D, 25.3 for
10°, and 24.8 for 20° saccade are the reference points for analyzing the effects
of the other factors.

Apart from the AMPLITUDE factor, the most significant differences were ob-
served for USERS. The differences become even more apparent for longer sac-
cades (20°). It has been already shown in Chapter 4 that tailoring a model to
fit the personal saccadic characteristics of a user leads to lower saccade predic-
tion error and to a higher subjective preference for that user compared to the
model trained for the average population. While they demonstrated this in a
task-performance experiment, here we demonstrate the underlying difference in
saccade profiles.

The third factor with the highest differences was ORIENTATION. Similar to
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USERS, the differences for 10° saccades were smaller than for the AMPLITUDE
factor, but the opposite can be observed for 20° saccades. For this factor, the
differences become close to those observed with the AMPLITUDE factor.

Contrary to our expectations, moving the target to different depth levels (fac-
tor DEPTH) led to smaller changes in the mean displacement profiles, especially
for 10° saccades. While we observed some changes in the peak velocity (Fig-
ure 5.5), the differences are smaller than those reported by the previous studies
(Section 2.2.4). We relate this discrepancy with the existing studies mainly to
the profound difference between the real and virtual environment. First, stan-
dard head-mounted displays are not fully capable of reproducing accommoda-
tive cues, and any depth change only results in a change in the vergence (due
to the change in disparity), but it does not trigger an accommodation response
from the participants’ visual system. The lack of an accommodation response
may be seen as a deviation from real-world viewing conditions, but it applies to
most mainstream stereoscopic HMDs used for virtual reality. Therefore, we have
not tried to mitigate this effect in our experiments. Second, similar to all ex-
periments conducted on stereoscopic displays with a lack of accommodation re-
sponse, the presence of well-known vengeance-accommodation conflict [ Shibata
etal., 2011] imposed a limit on the depth ranges that we could test in our experi-
ments without causing viewing discomfort for the participants. These differences
between virtual reality and real-world viewing conditions may explain the dis-
crepancy between our measurements and the previous studies, most of which
are conducted under real-world viewing conditions. Additionally, the choice of
the stimuli could affect the outcome of our experiments. While the small spheres
used in the experiment enable precise control over the participant’s gaze loca-
tion and saccades, the fact that they do not change their size according to the
distance removes the size cue. The lack of this cue could potentially influence
the saccade accuracy. Also, the use of specific colors, red and blue in our case,
may lead to a different amount of edge blur due to the wavelength-dependent
accommodation.

With the final factor, INITIAL MOVEMENT, we observed that the initially mov-
ing target led to smaller differences in the displacement profiles. We believe
that higher pursuit speeds could potentially enhance the effect. In our exper-
iment, we chose a moderate pursuit speed (10°%s) to keep the task simple and
give the observer ample time to properly fixate on the moving target and initi-
ate SPEM. Similar to DEPTH, the differences become larger for 20° saccades, and
they are close to these observed with the AMPLITUDE factor. It is possible that the
differences become more apparent for more extreme saccade amplitudes. Un-
fortunately, reliable measurement of larger amplitude saccades poses problems
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due to the fact that virtual reality headsets have a limited field of view with high
fidelity.

In all our experiments, we used an optical eye-tracker, the current technology
of choice for VR and AR applications. Despite its widespread use, this technology
is not suitable for capturing all the characteristics of eye movements [Nystrom
et al., 2013; Hooge et al., 2015; Nystrom et al., 2016; Hooge et al., 2016]. In
particular, due to post-saccadic oscillations of the pupil, the optical eye trackers
have low accuracy in estimating the saccade onset, peak velocity, and its end.
Additionally, the sensitivity of the eye trackers to the changes in the pupil’s size
[Drewes et al., 2014; Jaschinski, 2016; Hooge et al., 2019] has a detrimental
effect on the correct estimation of the vergence and the binocular fixation point.
To address these limitations and measure eye movements more accurately it is
possible to use eye-tracking technology such as the wearable scleral coil tracking
system proposed by Whitmire et al. [2016]. However, most users might find coils
to be a very invasive way to track their gaze orientation, and to our knowledge,
no commercial VR or AR headset uses such technology. Therefore, in our work,
we focus on optical eye tracker technology, which, despite its limitations, has
been already shown to be beneficial in applications such as foveated rendering
[Guenter et al., 2012; Patney et al., 2016]. At the same time, it is important to
note that the generalization of our findings to of scleral coil eye-tracking tech-
nology needs further investigation.

In the remaining part of the chapter, we demonstrate a new technique that
accounts for differences in the saccade profiles to provide better saccade predic-
tion. For demonstration purposes, we chose to focus on two factors that exhibit
the highest differences, i.e., USERS and ORIENTATION. While the personalization
of the prediction model for a specific user was demonstrated in Chapter 4, the
process required collecting a large set of saccades. Here, our goal is to reduce
the amount of required data. On the other hand, to our knowledge, adjusting
existing models to adapt to the saccade’s orientation has not been done before,
but our findings suggest that it could improve the prediction accuracy. Therefore,
designing prediction methods or adjusting the existing ones to handle different
orientations correctly may provide additional benefits in the final applications.

5.5 Method for tuning saccade prediction models

In Section 5.4, we analyzed how different factors affect the displacement pro-
files of the saccades. We observed the dissimilarity for the individual factors to
be comparable to the dissimilarity for the AMPLITUDE factor, with the biggest
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ones for USERS and ORIENTATION factors. The observed dissimilarities suggests
that incorporating factors such as saccade orientation or the difference among
users may improve the saccade prediction. However, the fundamental problem
in deriving a model which captures such dependencies lies in data collection.
Individual saccades collected for training such models contain noise; therefore,
many of them have to be combined to create a reliable prediction. For example,
the prediction model in Chapter 4 requires each participant to perform 300 sac-
cades. Still, the model does not capture factors other than the saccade amplitude.
Consideration of additional factors, such as orientation, depth, and SPEM, would
significantly increase the number of the required saccade samples, making the
data collection for individual users tedious and sometimes infeasible. Similarly,
most machine-learning approaches, such as Morales et al. [2018], have high data
demands for training.

To address the problem of data collection, we propose an alternative ap-
proach. Instead of exhaustively collecting data from psychophysical experiments,
which enables training prediction models to capture all factors, we postulate that
the influence of many factors, such as orientation or user, can be approximated
by a low-parameter transformation of the data. The advantage of such a so-
lution is that the effect of additional factors is captured using a small number
of parameters, and therefore, such a model is more robust to noise and the re-
duced number of collected saccades. Successful applications of this approach
are shown in the past, such as the method of Lesmes et al. [2010], which uses
the a priori information about the contrast sensitivity function’s (CSF) general
functional form to maximize the information gained from a small number of
measurements. Similarly, in this work, we seek a global transformation of the
profiles of a saccade prediction model, which has a small number of parameters,
yet allows for explaining the effects of additional factors influencing the saccade
performance.

The main observation behind our solution is that the differences in the sac-
cade profiles can be attributed to the changes in the saccades’ performance/ve-
locity caused by the factors that we investigated in our experiments. This obser-
vation can be made by looking at the differences among slopes of the individual
mean saccades profiles in Figure 5.4. We demonstrate that these changes can
be effectively modeled by shearing the profiles parallel to axis representing the
time domain (Figure 5.6). Additionally, we observe that the appropriate shear-
ing factor changes with saccade’s amplitude, but we show that this change can
be approximated with a low-degree polynomial. This is the key to our technique,
as it allows us to compute the shear factor for few saccade amplitudes and then
interpolate or extrapolate the shearing transform to the other amplitudes. Below,
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we provide a formal definition of shearing (Section 5.5.1) and a shear between
two saccade profiles (Section 5.5.2). Then, we describe the derivation of the
shearing-based transformation of saccade profiles and how it can be applied to
modify a prediction model to account for additional factors in Section 5.5.3.

5.5.1 Shearing saccade profiles

Given a saccade profile S = {s;,s,...,Sy}, where each sample is defined by a
couple of scalars s; = (t;, d;) representing time stamp, t;, and corresponding dis-
placement, d;, we define a sheared version of the profile by applying a 2D shear-
ing parallel to the time axis followed by resampling to restore uniform sampling
in time domain. More formally, to shear the profile S with a shearing factor A,
we first transform its samples using a 2D shearing matrix:

al_[1 alle :
i s

The resulting profile S = {(t],d;), (55, d,), ..., (Ty, dy)} is not sampled regularly
at 1 ms intervals anymore after applying the shearing transformation because
the time stamp, t;, of each sample changes. Therefore, we apply a simple linear
interpolation to resample it back to 1ms intervals and obtain the final sheared
profile. In the rest of the chapter, we denote shearing as a function ¥, and a
saccade or mean saccade profile S sheared with shearing factor A as ¥(S, A).

5.5.2 Computation of shearing transformation between saccadic
profiles

Given two saccade profiles S* = {s§,s¥, .., sk }, where k € {1,2} and s} = (¢}, d)),
we can compute a shearing factor A that describes the difference between those
two profiles. Formally, we define the shearing between S! (original profile) and
S? (target profile) as A = A(S?,S?) for which the 2D shear applied to S! mini-
mizes the difference with respect to S?, i.e.,:

N
A(SY,8%) = argminz |d¥ —d?|, subject to S* =¥(S', A). (5.4)

A =0
This definition relies on same sampling of time domain by all profiles involved
in the computation (S!, S2, S*). This is, however, guaranteed by the definition
of U. The above minimization problem can be easily solved using binary search.
Figure 5.6 demonstrates two examples of how the shear between two saccade

profiles can be used to align them.
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Figure 5.6. Two examples of shearing original mean saccade profiles to match
different targets. The target on the left represents a category with slower
saccades than the original. The target on the right represents a category with
faster saccades.

5.5.3 Application

Previous models for predicting saccades, such as the one from Chapter 4 and the
two proposed by Morales et al. [2018; 2021], are trained on large datasets con-
taining saccades with various amplitudes and orientations collected from multi-
ple users using an eye tracker. These models do not account for all the factors
analyzed in Section 5.4. Here, we demonstrate how to use the shearing strategy
described in Section 5.5.1 and 5.5.2 to account for these factors. It is possible
to apply the shearing transformation to saccade displacement profiles directly if
the dataset is available (data shear). In some cases, although the model is acces-
sible, the dataset that the models were trained on may not be available. For such
cases, if possible to extract saccade displacement profile approximations from
the model, we apply the transformation to the recovered profiles instead (model
shear).

Data shear The first approach we consider that utilizes the idea of shearing the
saccade profiles is to transform all the saccades in the dataset to create a new
dataset that represents a particular type of saccades and then recompute the
prediction model using the augmented dataset instead of the original one. In
particular, we consider here shearing the saccade profiles to create a dataset and
models for horizontal, vertical, and personalized saccades. In all three cases, we
apply our shearing strategy in the same way. First, to obtain the specific saccades
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for each category (horizontal, vertical, or a particular user), we extract the cor-
responding saccades from the dataset. These saccades act as a target for the re-
quired shear computation applied to the remaining saccades to compute the final
dataset. We then discretize the amplitude domain. In our experiments, we chose
the discretization step to be 1°. For each discrete amplitude value a, we estimate
the mean displacement profile by averaging the saccade displacement profiles
with amplitudes in the range {a —1; a + 1} for both the original dataset and for
the target dataset following the same procedure as described in Section 5.4.1.
Here, we denote the mean profiles of amplitude a in the original dataset as @
and the target dataset as S*. The number of saccades constructing S* we denote
with |S?[. Note that S_g and S® are mean saccade profiles of the same amplitude.
The only difference is that S_g‘ comes from the original dataset, which contains all
types of saccades (e.g., all orientations) while S¢ is a mean profile for the spe-
cific category (e.g., horizontal, vertical, or for a particular user). The goal is to
use this correspondence to define the shear that needs to be applied to the orig-
inal dataset, to make it represent a particular category of saccades. To this end,
we compute a series of shearing factors {1, , 4,,,..., A, } for each amplitude a;
following Equation 5.4, i.e., A, = A(Sy',S[").

The main objective of such a dataset derivation is to obtain a large dataset
of saccades while using only few measured profiles. To this end, we propose to
first collect a subset with a particular category of saccades and compute the shear
(Section 5.5.2) of the mean profiles with respect to the mean profiles in the large
dataset. Using this procedure, we obtain the relationship between the profiles
in the large dataset and newly collected one for a few saccade amplitudes. To
obtain the shearing factors for the whole range of saccadic amplitudes, we use a
linear regression to fit the linear function f (a) that minimizes:

agd

Y fle) =2,
; T’ (5.5)

where |S?| is a weighting argument used to balance the data in the cases when
different amplitudes are unequally represented in the target dataset. This func-
tion allows us to estimate the shear required for transforming each profile in the
large dataset based on the saccadic amplitude (Figure 5.7). Having the shearing
factor for each amplitude a, we apply shear f (a) to all individual profiles to form
the new dataset. We compute such datasets for horizontal and vertical saccades,
as well as for each user separately.
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Figure 5.8. Two examples of shearing saccade profiles, recovered from a model,
to match the mean target profiles. The target on the left represents a category
with faster saccades than the original recovered profile. The target on the right

represents a category with slower saccades.

Model shear Itis possible to apply the
shearing operation directly to an exist-
ing saccade prediction model as long
as the individual saccade or mean sac-
cade profiles can be recovered. Ex-

ample

of such a model is the one

described in Chapter 4. The model
provides a mapping from time and
displacement pair (t,d) to the pre-
dicted saccade amplitude a. Since the
model is represented directly by the
(t;,d;,a;) triplets, the mapping can
be inverted by fixing a; and treating Figure 5.7. The linear function f(a)

the corresponding (¢;,d;) sequence as
a displacement profile for a saccade
with a; degree amplitude.

Because

Vertical Saccades

5 | | - | 45
Amplitude [deg]

(red) is fitted to the shearing factors A,
(blue).

the model is represented by a discrete number of (t;,d;,a;) sample points, we
propose to use a linear interpolation on the displacement values to obtain sac-
cade profiles sampled at regular, one-millisecond, intervals. The blue dotted
lines in Figure 5.8 show examples of the displacement profiles obtained using
this procedure. Unfortunately, the profiles are often noisy, which prohibits a di-
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rect application of the shear with a satisfactory performance. For this reason, as
well as to prevent the occurrence of any aliasing, before shearing, we denoise the
profiles by first applying a median filter with a window size of 15 ms followed by
a Gaussian filter with a window size of 5 ms for smoothing (Figure 5.8, blue solid
lines). The values of the window size were chosen heuristically as the smallest
values producing stable results. After shearing the individual saccade profiles
(Figure 5.8, yellow lines), the new triplets (f;,d;, a;) can be used to create a new
model. Note that the shearing operation affects only timestamps, and the other
components of the triplets do not change. In the particular case of our model
from Chapter 4, it is enough to resample the data to be uniformly sampled in
time and displacement domain. We, therefore, apply linear interpolation to ob-
tain (t;,d;, d;) triplets, where t; and d; are sampled at the intervals of the original
model, and d; is the new prediction of the saccade amplitude.

5.5.4 Results

In our analysis, we consider both data shear and model shear strategies described
in Section 5.5.3 to update saccade datasets and prediction models. We analyze
the effectiveness of these strategies in two different experiments. In the first one,
we show an application of shearing operation to update the existing dataset and
prediction models for improved predictions when saccade orientation changes
(horizontal vs. vertical). In the second experiment, we demonstrate the applica-
tion of shearing operation to create user-specific models, aka personalization.

We compute our results on the saccade dataset and model from Chapter 4,
which includes 6600 saccade profiles collected from 22 participants (300 sac-
cades for each participant). The amplitudes of saccades are evenly distributed
in the range of 5° —45°. To customize the models for vertical and horizontal
saccades, we classify saccades into horizontal and vertical categories depending
on their orientation (with +/- 15 degrees allowance around the corresponding
orientation). It is important to mention that, while the amplitude distribution
across participants is balanced due to the experiment design, this is not the case
for the orientation. Due to the aspect ratio of the screen (16:9), the amplitudes
of vertical saccades are limited to the range of 5°—22° while horizontal saccades
have amplitudes up to 40°. Moreover, horizontal saccades are more frequently
represented in the dataset, constituting 30% of the collected data, compared to
5% for the vertical saccades.

The baseline for all of our comparisons consists of two models. The first one
is the average model from Chapter 4. It is derived from our dataset and is based
on the interpolation of the collected data. We include this model in our compar-
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Table 5.2. Short descriptions of the four models that we compare in Sec-
tion 5.5.4. Each model is created following the procedure described in Chap-
ter 4, either using our full dataset or a subset of it that includes a single category
of saccades (Table 5.1). For data shear we modify the dataset before creating
the model and for model shear we first create the model and then modify it to
match a specific subset.

Model Original | Target | Model description
dataset | dataset
Average Full - The model is created using the original
full dataset.
Model Shear Full Subset | The model is first created using the orig-

inal full dataset, and then modified to
match a specific subset of it.

Data Shear Full Subset | The model is created from an aug-
mented full dataset, modified to match
a specific subset of the original dataset.

Customized Subset | - The model is created from a specific sub-
set of the original dataset.

isons because it provides a good balance between accuracy, performance, and
data volume requirements. However, it accounts only for the variance in sac-
cade profiles due to changes in the amplitude and it does not account for any
additional factors that we considered in this chapter (Section 5.4). The second
model is the so-called customized model, which is derived following the compu-
tation of the average model, but using a subset of the data corresponding to a
specific category of saccades (e.g., for horizontal or vertical saccades). Table 5.2
gives a short summary of the four models that we compare in this section.

In the first experiment, we computed the customized model for the two cate-
gories of orientation (horizontal and vertical) separately. The number of saccades
in each category was sufficient to properly train these models. Later, we used
data shear and model shear as described in Section 5.5.3 to compute two alter-
native models and compare them with the customized models. For data shear, we
sheared the displacement profiles of all saccades from the dataset, irrespectively
of their orientation, according to the shear factor computed by using preselected
horizontal and vertical saccades as target. For model shear, the shearing factors
were computed based on the comparison of the original model from Chapter 4
and the subsets of vertical and horizontal saccades. As for the second experiment,
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we followed a similar procedure to evaluate the performance of the shearing op-
eration for personalizing the models, but in that case, saccades of a particular
user were selected to compute the shearing factors.

Figure 5.9 presents the performance of different models tailored to the ori-
entation of the saccade. The figure presents both the mean absolute error (left),
as well as the mean absolute error for predictions made at a specific moment
during the saccades (right). The performance of the horizontally oriented data
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Figure 5.9. The figure presents the performance of differently derived models
for horizontal and vertical saccades. The left-most plot presents aggregate
mean errors for predictions made for the entire saccade duration (height of the
bar) and for the second half of the duration (light segment). The two other plots
present the error as a function of duration of the saccade, i.e., at which stage
of the saccade the predictions was performed. While the customized model
performs best, the sheared model, which requires significantly lower number of
saccades for training, performs better than the average model, which does not
account for the orientation of the saccade.

shear and model shear models is indistinguishable from the average one. We at-
tribute the lack of an effect to the predominance of the horizontal saccades in
the dataset, and consequently, better prediction of these saccades. In compari-
son, the prediction for vertically oriented saccades greatly benefits from a verti-
cally oriented models. It is important to mention here that the customized model
greatly benefits from the significantly lower range of amplitudes in the set of
vertical saccades. More precisely, the range of the horizontal saccades is double
the one of the vertical saccades due to the dimensions of the display used for the
data collection (Section 4.1.1). While reducing the training and testing range of
saccades’ amplitudes improves the prediction as the error is bound to this range,
the model is limited to shorter saccades. In contrast, the models derived using
model shear and data shear support the larger range of amplitudes represented
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Figure 5.10. Comparison of the mean
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While both model shear and customized model provided a better performance
for the vertical saccades than the average model, surprisingly, the data shear did
not improve the model. To understand the reason behind it, we analyzed the
mean saccades profiles from the full dataset and from the vertical subset, as well
as the cross-section of the original average model in Figure 5.10. When compar-
ing the the mean saccade profiles representing the full dataset and the vertical
subset, the first profile requires shearing to the right to match the second. This is
expected as the vertical saccades are slower (Section 5.4.3). However, the cross-
section of the model exhibits the opposite behavior, i.e. it requires shearing to
the left to match the vertical saccades profiles. When applying the model shear,
the shearing computed based on the vertical saccade profiles and the model re-
sults in the model shearing to the left (green arrow), hence, better aligning with
the vertical saccades and reducing the error. However, shearing all the profiles in
the dataset according to the difference between their representative mean profile
and the vertical mean profile, i.e., data shear, leads to a sub-optimal shear of the
model to the right (red arrow), hence, increasing the prediction error, i.e., worse
alignment with the vertical saccades profile. This demonstrates that although
data shear can perform a correct transformation to the individual profiles, it can-
not account for the built-in biases in the model. In this case, this leads to a lack
of improvement when data shear is followed by the model computation. Con-
versely, the model shear, which computes the shearing factor based on the model,
can account for biases in the model and improve the prediction.

The great potential of our shearing strategy lies in the fact that it may al-
low for training models using significantly lower number of samples than it is
required for training customized models. To verify this, we analyzed the perfor-
mance of our shearing strategy for different numbers of saccades (Figure 5.11).
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Figure 5.11. Performance comparison for different models as a function of the
number of saccades used for their computation. While the plot on the left
shows the average error of the prediction for the full length of the saccade,
the center plot shows the error for the prediction during the second half of the
duration. The solid lines are the means computed using bootstrapping with 20
repetitions, the dotted lines are the corresponding standard deviations. The
plot on the right compares the average error of the prediction at any point
during the saccade when using 10 and 200 saccades for training the models.

To this end, we divided the dataset of vertical saccades into training and testing
sets which consist of 200 and 150 saccades, respectively. By considering differ-
ent number of saccades (x-axis in the plot) from the training set for computing
the shearing factor and the new model, we analyzed the resulting mean absolute
error of the prediction. We compared this model shear strategy, to the straight-
forward computation of the model based on the smaller number of training sac-
cades (customized model). As expected, when the number of considered saccades
is large, the improvement from our shearing technique may be limited. However,
we can achieve a better prediction performance, in the presence of significantly
lower number of saccades. This is particularly visible for the prediction in the
second half of saccade duration, which is critical for techniques such as foveated
rendering, where the sensitivity of the visual system is gradually restored towards
the end of the saccade (Section 2.2.4). This can be in particularly observed in
the right plot in Figure 5.11, where the error is analyzed for predictions made at
different points of the saccades’ duration. It can be observed that the customized
model trained on a low number of saccades retains the high error throughout the
entire duration of the saccades. In contrast, the error for the model trained using
our method drops significantly towards the end of the saccades.

In Figure 5.12, we provide the mean absolute error of predictions obtained
from different models for personalization. We observe that for many participants
(e.g., users 4, 12, 15, and 21) the prediction performance of models follow an
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expected pattern, where customized model has the best performance due to the
availability of full data used to calibrate such a model. Data shear and model shear
provides the best prediction performances after customized model and they are
suitable for improving existing dataset or model prediction performances with-
out large data collection requirements for personalization. The average model
performs least favorably due to the lack of user-based adjustments in saccade
displacement profiles. Nevertheless, using a limited dataset for training predic-
tion models is more prone the noise inherent to data. We observe that for some
of the participants (e.g., users 7, 8, and 14) model shear performs more favorably
than data shear and we attribute this observation to the model adjustments in
model shear that are more robust against noise. In some of the cases (e.g., users
3, 18, 19, and 20), data shear and model shear have a performance level close
to that of the average model. We believe that for those users, the personalization
does not offer a high level of improvement in the performance. However, we
observe that the general behavior of mean absolute errors favors the use of data
shear and model shear for improving prediction performance without the cost of
collecting a large amount of training data.
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Figure 5.12. The figure presents the performance of different models for each
user. The bar plot on the left shows aggregate mean absolute errors for the
saccade amplitude predictions. The height of the bars represents the mean
error measured for whole duration of the saccade while the segments shaded
with lighter colors represent the mean error measured in the second half of the
saccade duration. The line plot on the right shows the mean absolute error as
a function of point in time when the prediction was made during the saccade.
The customized model gives the best performance, followed by model shear and
then the average model (please see the text for details). Model shear mostly has
a good prediction performance for the users, for whom the customized model

also performs well.

Based on the above experiments, we conclude that both the data and model
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shear are viable solutions for extending and improving saccade prediction models
to account for effects analyzed in Section 5.4. The important difference between
them lies in how they can correct model biases. While the model shear is capable
of correcting them, adjusting the data using data shear is not. Therefore, the
success of the data shear is influenced by the quality of the prediction model
built upon it.

5.6 Conclusion

In many applications, such as foveated rendering, the latency poses significant
challenges. Improving hardware solutions is one path for improving the perfor-
mance of the techniques that benefit accurate gaze information. However, it has
been demonstrated that latency problems can also be addressed by building ef-
ficient and accurate predictive models for fast eye movements (Chapter 4). In
this chapter, we extend our model and analyze factors that should be accounted
for when building such methods. We first demonstrate that factors, which were
previously not considered explicitly, such as the orientation of the saccade, depth
change, or initial smooth pursuit eye motion, affect the saccade profiles. Then,
we propose a technique that allows extending previous models, such as ours, and
datasets to train them to handle the additional effects while limiting the number
of collected data in user experiments. We argue that this is critical for build-
ing comprehensive models for saccade prediction. The key to our technique is
the proposed shearing operation which adapts previously derived models. This
low parameter transformation acts as a regularization for smaller, possibly more
noisy datasets. In this work, we demonstrated the performance of the method
on training personalized models and models for horizontal and vertical saccades.
In the future, the method can be used to train more comprehensive models ad-
dressing a continuous range of orientation, depth changes, user-specific factors,
and possibly other factors using a lower number of input saccades. We also be-
lieve that the low number of parameters of the shear transformation will allow
creating models that will adapt on the fly to the user without the additional need
for calibration. Finally, our method can be seen as a data augmentation tech-
nique for machine learning techniques, such as [Morales et al., 2018]. While the
current inference times do not meet the low latency demand of the state-of-the-
art head-mounted displays, such techniques can provide acceptable performance
and higher accuracy prediction in the future. In this context, our method can sig-
nificantly limit the amount of data required for training such models facilitating
the development and application of these techniques.
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Chapter 6

Luminance-Contrast-Aware Foveated
Rendering

Y-
I O Gaze position |

Standard foveation Content-aware foveation

Figure 6.1. Current foveated rendering techniques (left) use a fixed quality de-
cay for peripheral vision. While this can be a conservative solution, it does not
provide a full computational benefit. Our technique (right) performs content-
adaptive foveation and relaxes the quality requirements for content for which
the sensitivity of the human visual system at large eccentricities degrades faster.

6.1 Introduction

In the previous chapters we addressed the problem of system latency, present in
the gaze-contingent systems. In this chapter we will explore other options for
improving the user experience and we will focus on foveated rendering in partic-
ular. Due to the rapid development of low-cost eye trackers, foveated rendering
will play a key role for new VR devices [Durbin, 2017]. Although the benefits

5
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of such an approach have been successfully demonstrated for many quality at-
tributes, e.g., spatial resolution, color, and depth (Chapter 3), we show that these
techniques do not fully exploit their potential. In particular, most of the existing
techniques propose to degrade the rendering quality as a function of eccentric-
ity, but neglect the fact that the sensitivity of the HVS to image distortions also
depends on the underlying content - the effect known as visual masking. A rel-
evant observation for our work is that the visibility of foveation depends on the
underlying luminance contrast, i.e., while a given reduction of spatial resolution
becomes objectionable in high-contrast regions, it remains unnoticed for low-
contrast regions (Figure 6.2). As we later show in this chapter (Section 6.4),
this observation is confirmed by our measurements for different visual eccen-
tricities, which show a significant difference in the tolerable amount of quality
degradation depending on the underlying visual content (Figure 6.7).
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Figure 6.2. The same foveation exhibits different visibility depending on the
underlying texture. In this image, the foveation was optimized such that it is
invisible for the photograph (left part). At the same time, however, it can be
easily detected on the text texture (right part).

In this chapter, we exploit the above observation and propose a luminance-
contrast-aware foveated rendering strategy. In contrast to previous techniques,
our method adjusts the spatial resolution not only according to the eccentric-
ity but also to the underlying luminance information, taking into account the
strength of local visual masking. To this end, we propose a new, low-cost predic-
tor that takes a current frame as an input and provides a spatially-varying map
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of required spatial resolution. The predictor is based on existing models of visual
masking, but it is trained for foveated rendering on a new dataset acquired in
a psychophysical experiment. We demonstrate that such prediction can be ac-
curate even if the input is a low-resolution frame. This property is critical, as
it allows us to predict the required parameters of foveated rendering based on
a crude approximation of the new frame. To apply the prediction in foveated
rendering, we first render a low-resolution version of a frame to which we apply
our predictor. Next, we render the frame according to the predicted quality. We
demonstrate that this strategy leads to substantial computational savings without
reducing visual quality. The results are validated in a series of user experiments
including simulated foveated rendering system. The main contributions in this
chapter include:

* an efficient data collection procedure for testing visibility of foveation for
a wide field-of-view,

 perceptual experiments investigating the visibility of spatial resolution re-
duction as a function of eccentricity and underlying luminance signal for
complex image patches,

* an efficient prediction of required spatial resolution based on a low-resolu—
tion input frame,

* application of the predictor to foveated rendering in desktop system with
eye tracking.

0.2 Overview

Our approach relies on a new computational model for luminance contrast (Sec-
tion 6.3), which estimates the maximum spatial resolution loss that can be in-
troduced to an image without visible artifacts. It is based on underlying content
and eccentricity which are important in the context of foveated rendering. The
model relies on characteristics of the HVS such as the peripheral contrast sen-
sitivity and a transducer model for contrast perception. We calibrate the model
prediction using our new experimental data (Section 6.4). Our technique relies
on two critical observations described below.

Hoffman et al. [2018] and Albert et al. [2017] demonstrate that temporarily-
stable low-resolution rendering is perceptually equivalent to a Gaussian-blurred
high-resolution rendering. This motivates our technique to model the resolution
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reduction using a Gaussian low-pass filter. Consequently, our model uses a stan-
dard deviation (o) of the Gaussian filter to express the maximum acceptable
resolution reduction. The o, value can be later translated into the rendering
resolution for given content and used to drive rendering resolution adaptively
during real-time rendering (Figure 6.3). Thanks to the above assumption, we
derive our model as a closed-form expression, which enables an efficient imple-
mentation.

The decision about the optimal rendering resolution would be made best
based on full information about the content, i.e., complete contrast information
across different spatial frequencies. However, this would require a full-resolution
rendering in the first place, and therefore, it is not a feasible solution in foveated
rendering. Due to this paradoxical nature of the problem, we first design and
test our predictor using high-resolution inputs. Later, we show that it is possi-
ble to re-train the model such that it provides the prediction based on a low-
resolution rendering. In the latter case, undersampled high-frequency features
are still present in a form of aliasing which conveys to our metric information on
local contrast localization.

6.3 Computational Model

In this section, we derive a computational model that estimates the maximum
resolution reduction that remains undetectable by an observer. The derivation
operates on local patches of high-resolution image and computes a standard de-
viation of a Gaussian low-pass filter which models the resolution degradation.
We derive the model in two steps. First, we express the luminance contrast of
the patch in perceptual units (Section 6.3.1). Based on this measure, we derive
a formula for computing the standard deviation o, (Section 6.3.2).

6.3.1 Perceptual Contrast Measure

We express the perceived contrast of a single image patch as a function of spa-
tial frequency and eccentricity. The function accounts for contrast sensitivity of
the human visual system as well as visual masking (Figure 6.4). The model, as
described here, contains several free parameters which we optimize based on
experimental data (Section 6.4).

Luminance contrast The process starts with the conversion of the intensity of
every pixel p to an absolute luminance value L(p). Next, we compute band-
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Figure 6.3. Overview of our method. Our predictor takes patches, retinal
eccentricity, observer distance and display parameters such as the resolution,
gamma, peak luminance, physical width and height as inputs and predicts the
required spatial rendering bandwidth expressed as the standard deviation of
a low-pass Gaussian filter. The map is generated using our method and the
output is enhanced for visibility. Image by Pxhere.
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Figure 6.4. This figure shows a flowchart of our model for computing the
perceptual contrast measure. The input parameters which are optimized during
the calibration are shown in bold.

limited contrast similarly to [Lubin, 1995; Ramasubramanian et al., 1999]. To
this end, we first perform a Laplacian pyramid decomposition [Burt and Adel-
son, 1983] which provides band-limited luminance difference AL(f,p). Then,
following [Peli, 1990], we use the decomposition to compute the luminance con-
trast pyramid as:
c(f.p) = BLU:P)
L(f,p)+e
where f is the spatial frequency in cpd units (cycles-per-visual-degree) and e
is a small number to prevent mathematical singularities in the regions with low
luminance. The average luminance L,(f,p) in the denominator is provided by
the corresponding point in the Gaussian pyramid two levels down in resolution,
which is upsampled by a factor of four using a linear interpolation.

(6.1)

Contrast sensitivity and retinal eccentricity To obtain information about the mag-
nitude of perceived contrast, we normalize the values in the pyramid using eccen—
tricity-dependent contrast sensitivity function (CSF). This gives us luminance
contrast C, expressed as a multiple of detection threshold:

C.(f,p) = C(f,P) Sess(f> 0(P), Lo(f, D)), (6.2)

where 6(p) is the retinal eccentricity of pixel p expressed in visual degrees, and
L,(f, p) models the adaptation luminance. Here, we base the contrast sensitivity
function S, on [Peli et al., 1991 ] where the standard contrast sensitivity function
S. . for the fovea is attenuated according to the eccentricity:

Sea(f,0,La) = ————a(L)S'. (f). 6.3)

exp(caef)

In the above equation, c, is the fundamental eccentricity parameter that models
the rate of HVS acuity loss in the peripheral visual field, f is the spatial frequency,
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and a(L,) = (1+0.7/L,)"°2 represents the effect of adaptation luminance L,
on the peak sensitivity [Barten, 1989]. After initial attempts of using existing
CSF definitions such as [Barten, 1989; Mannos and Sakrison, 1974] for S!_, we
opted for a custom solution. We define the CSF at four frequency bands centered
at 4, 8, 16 and 32 cpds with values denoted by s,, sg, s;4 and s;, (parameters
of our model). The sensitivities for the intermediate frequencies are obtained
using cubic Hermite spline interpolation in the log-sensitivity and log-frequency
domain. We found that this solution provides a more accurate prediction of our
model than using standard CSF functions. We attribute this behavior to a broad-
band characteristic of a Laplacian pyramid', which is better handled by a custom
definition which accounts for broad-band stimuli in contrast to standard CSF

which is derived for a single luminance frequency stimuli.

Visual masking In the final step of measuring the perceived luminance contrast,
we incorporate the effect of the visual masking. To this end, we use the trans-
ducer model of Zeng et al. [2000] on the normalized contrast C,,, and expressed
the final value of perceived luminance contrast as:

ign(C.(f,p))-|c.(f, p)|”
Ct(f,p):mgn( 1(f p))-|Cu(f p)ﬁl |
C.(f, Q)|

1+m Z

qeN(p)
Here, the numerator models the self-masking effects, while the denominator
models the spatial-masking effects from the 5 x5 neighborhood N(p) in the same
band. a, 8 € [0, 1] are parameters of our model, which control the masking mod-
eling.

(6.4)

6.3.2 Estimation of Resolution Reduction

Our goal is to estimate per-patch maximal resolution reduction that would re-
main unnoticeable by an observer. Since we model the resolution reduction us-
ing a Gaussian low-pass filter, we are seeking a maximum standard deviation for
the Gaussian filter such that the difference between the original patch and its fil-
tered version will be imperceptible. Using our perceived contrast definition from
the previous section (Equation 6.4), we can formalize this problem as:

maximize oy,

SUbjeCt to vaH,f Ct(P:f)_C;(P:f) < 17

'Each band of a Laplacian pyramid contains a broad frequency spectrum, and in particular,
the highest frequency band contains a significant portion of medium frequencies.

(6.5)




82 6.3 Computational Model

where C,(p, f) is the contrast of the original patch II. In this and the follow-
ing equations, we use C’ notation for all the contrast measures related to the
patch IT convolved with G, , a Gaussian function with standard deviation equal
to o;. Consequently, C/(p, f) is the perceived contrast measure of the original
patch which is pre-filtered using G, . The constraint in this formulation guar-
antees that the difference between the two patches will be below the visibility
threshold. Due to the complex nature of the contrast definition and the spatial
dependencies between contrast values for neighboring regions, the above opti-
mization does not have a direct solution and requires an iterative optimization
for the entire image. This would be prohibitively expensive in the context of
foveated rendering. Therefore, in this section, we demonstrate how this formu-
lation can be simplified leading to a closed-form solution for o|.

Let us first consider estimating o, for one pixel p and single spatial frequency
f. If the patch IT is convolved with G, , the values in the Laplacian frequency
decomposition will be attenuated according to the frequency response of the
filter. More precisely, the frequency response of G,,_for frequency f will be given

by:
(6.6)

On the other hand, we know that the frequency response of a Gaussian filter G,
is also a Gaussian:

G, (f) = exp (=2 (202)), 6.7)

where o is the standard deviation in the frequency domain, and it is defined as
op = (2mo,)™. By combining Equations 6.6 and 6.7, one can show that o 7 can
be expressed as:

_ f _ f
9= C'(f,p) B G, (f.p)
P n\’ >
\/_2 In ( C(p) ) \/ —2In ( cn(f,p))
where the last transition is a direct consequence of the Equation 6.2. In the above
equation, C,(f,p) can directly be computed from the input patch. So the only

unknown, besides o ; which we need to compute, is C/(f, p). To obtain its value,
we will use the contrast loss constraint from Equation 6.5.

; (6.8)

We can assume that when o, increases, and so does the difference between
C/(f,p) and C,(f,p). Thus, when o is a solution to our problem, the following
equality holds: C/(f,p)—C,(f,p) = 1. We can directly express perceived contrast
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in this equality using Equation 6.4, and obtain:
sign(C,(f,p) - |G(£, p)|"  sign(c,(f,p)-|C,

1+—Z 1+—Z|C(fq)|ﬁ

qu(p) qu(P)

=1. (6.9)

It becomes clear, that C'(f,p) cannot be computed directly from this equation
due to the visual spatial masking term in the denominator of the first component.
Therefore, we make one more assumption. We assume that the spatial masking
for the path convolved with G, can be approximated by the spatial masking in
the original patch. Assuming additionally that the sign of the contrast does not
change during the filtering, the above equation can be simplified to:

sign(C,(f, p) (|c.t.p)|" = cif.p)|")

; =1. (6.10)
1+ — > [G.(f.9)]
|N| qeN(p)
From the above equation, C’(f,p) can directly be derived as:
C!(f,p) = (1+— > e ) (6.11)
q€N(p)

Please note that we omit the sign of the contrast since we are interested only
in its magnitude. The above definition of C/(f,p) and Equation 6.8 provide a
closed-form expression for computing optimal o for a particular pixel p and
spatial frequency f.

Now, we could simply use the relation o, = (2rmo,)! to convert o 7 to the
primary domain. Before doing this, we first compute o ; for entire patch, which is
critical for our calibration procedure (Section 6.4). To this end, we first combine
o ; estimation for pixel patch by taking the maximum value across all frequency
levels. This allows us to make our method conservative and not overestimate
the acceptable resolution reduction. Note that, larger o corresponds to smaller
blur, and therefore, smaller acceptable resolution reduction. Next, we combine
the obtained values across the entire patch using a smooth maximum function:

& = (Z o(p)-exp(w- Gf(p)))/(ZeXp(w : Of(p))), (6.12)

pell pell

where w € [0, 00) is a parameter which controls the behavior of the function
ranging from computing average as «w — 0 and maximum as w — 0o0. When ex-
perimenting with optimizing parameters of our model, we found that the smooth
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maximum performs better than simply taking maximum value. Finally, o, for the

entire patch is computed as:
1
g, = ——. (6.13)
210y

6.4 Calibration

Our model is defined using several free parameters: self-masking parameter (a),
spatial-masking parameter (f3), CSF parameters (s,, Sg, Si6, S32), fundamental
eccentricity (c,), and smooth max parameter (w). In this section, we present a
calibration procedure and perceptual experiments that are used to collect neces-
sary user data.

Training our model requires a set of patch pairs consisting of a high-resolution
patch as well as its low-resolution version for which the quality degradation is not
detectable. One way of collecting such data is measuring maximum and unde-
tectable resolution reduction for individual patches and eccentricities. However,
such procedure limits each trial to a single eccentricity and patch. As a result, it
requires long sessions to collect data. Instead, we propose to gather the data in
a more efficient way. We tile one patch into an image covering the entire screen
and estimate the optimal, unnoticeable foveation. This allows us to derive nec-
essary information for a whole range of eccentricities.

We define foveated rendering using two parameters. The first one is the ra-
dius r of the foveal region where the visual content is rendered in the highest
resolution. The second parameter is the rate k at which the resolution is reduced
towards the periphery. Consequently, the resolution reduction modeled by using
a standard deviation of a Gaussian filter can be expressed as:

0) 0, ifo<r, (6.14)
o = .
) k-(6—r), ifO>r,

where 0 is the retinal eccentricity of a particular point on the screen. Differ-
ent combinations of r and k affect the tradeoff between quality reduction and
rendering efficiency. The goal of our experiment is to measure the visibility of
foveation for different parameters and image patches to determine the strongest
one which remains unnoticeable.

The experimental setup Our system consists of a Tobii TX300 Eye Tracker, a chin-
rest to keep the observation point relatively stable during the experiments, and
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two displays. The first one is a 27" ASUS PG278Q display with 2560 x 1440
resolution spanning a visual field of 48.3° x 28.3° from a viewing distance of
66.5 cm. The second display is a 32" Dell UP3216Q with 3840 x 2160 resolution
spanning a visual field of 52.3° x 30.9° from a viewing distance of 71cm. The
peak luminances of the displays are measured as 214.6 cd/m? and 199.2 cd /m?
whereas the peak resolutions produced at the center are 24.9cpd and 34.1cpd
for the first and the second displays, respectively.

The stimuli Our dataset consists of 36 patches selected from natural and syn-
thetic images with different characteristics (see Figure 6.5). We picked the first
18 patches randomly from a large set of 5640 natural images [Cimpoi et al.,
2014]. To improve the diversity of our subset, the remaining 18 patches were
picked from the large dataset by maximizing the dissimilarity between patches
by choosing every patch in a greedy fashion using the following formula:

I = argmax{d(I, dn)}, (6.15)
I

where d,, is the dataset consisting of the first n patches and I, ., is the next patch
that is added to the dataset. The dissimilarity measure d(I,d,) between a candi-
date image and the dataset is defined as

K

d(1,d,)=>"

k=1

(6.16)

D=7 2 Lll)

n Idedn

where [, (I) is the mean absolute deviation of pixels in kth level of Laplacian pyra-
mid for image I. This dissimilarity metric maximizes the diversity of frequency
content in the dataset by picking the image which has the Laplacian decomposi-
tion least similar to the average of existing images.

For the final stimuli, we fill the display frame by tiling an input patch. We
avoid introducing high-frequency components on the transitions between tiles
by mirroring them about the vertical axis, when tiling in the horizontal direc-
tion, and about the horizontal axis, when tiling in the vertical direction (see
Figure 6.6). The foveated version of the stimuli are prepared by filtering using a
Gaussian kernel with standard deviation given by Equation 6.14. We used 9 dif-
ferent combinations of r and k (r € {4,7,11} and k € {0.0017,0.0035,0.0052}).

The procedure We use a 2AFC procedure, where the alternatives are foveated
and non-foveated versions of the same stimuli. Participants were asked to choose
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Figure 6.5. Our dataset for the calibration of our predictor. We include patches
with different luminance and texture patterns from a dataset of natural and
synthetic images [Cimpoi et al., 2014|. Note that patches 1-12 contain reduced-
contrast versions of the same content to cover a wider range of contrasts during
the calibration phase.

the image which did not contain foveation. In order to get the participants famil-
iar with the experiment interface and controls, we included a training stage at
the beginning of the experiment, where the concept of foveation was explained
using an exaggerated example. The stimuli were prepared with the assumption
that the gaze position is located at the center of the display. The stimulus was
hidden when the gaze position deviated from the center. Different alternatives
were indicated by randomly assigned letters (A and B) at the center of the screen.
The observers were able to switch between two alternatives freely, and they were
shown a uniform gray screen in-between. A total of 8 participants with normal or
corrected-to-normal vision participated in our experiment, and they made a total
of 324 comparisons in six sessions for 36 patches. Each comparison was repeated
10 times by each participant and the average time required for a participant to
complete a single session was 40 minutes.

Results From the results of the above experiment, we want for each patch to
compute an optimal o as a function of eccentricity. To this end, we first compute
for each patch i the probability of detecting foveation given by triplet (r, k, 0) as:

N
1
P(det|r,k,0) = N;an(r,k,e), (6.17)
1, if non-foveated stimulus is chosen,
a,(r,k,0) = ) (6.18)
0, otherwise.

where N is the number of comparisons by each participant. If P(det|r, k,0) <
0.75, we labeled this combination of (r, k, 0) as undetectable. We then for each
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Figure 6.6. A sample stimulus used for data collection and calibration. The
zoomed region shows how the input patch is tiled prior to Gaussian filtering.
For different values of foveal region radius r and rate of quality drop-off k,
the participants are asked to compare foveated (shown here) and non-foveated
(without Gaussian blur) versions in a 2AFC experiment.

eccentricity take the maximum value of o, across all (r,k,0) marked as un-
detected. This defines per-patch and per-observer optimal o,(6). As the last
step, we average o,(6) values across the participants to obtain the ground truth
aﬁ”(@) for patch i. The same procedure is repeated for all patches. The result-
ing agi) functions are shown in Figure 6.7. The range marked by the whiskers
indicates to what extent the acceptable blur depends on the underlying patch
for a particular eccentricity. The significant differences between sigma values for
different patches (see insets) are the central insight we use in our work. In Fig-
ure 6.8 and Figure 6.9, we show the effect of content on the detection threshold
for foveated quality degradation. These plots provide the change in the mean
and standard deviation of ogi) for each patch as a function of eccentricity from
the data collected in our subjective experiment for model calibration.

In our implementation, we choose detection threshold, 0.75, as the middle
value between the success rate associated with random guessing (P(det|r, k,0) =
0.50 with two alternatives) and the probability of a guaranteed detection. which
is P(det|r,k,0) = 1.00. This value is commonly used in previous perceptual
studies to estimate “barely” visible differences [Lubin, 1995]. The threshold can
be adjusted based on the application requirements, and the ground truth associ-
ated with a different threshold probability can be easily computed from existing
data without repeating the perceptual experiment.

Optimization Finally, to find the parameters of our model, we use a hybrid op-
timization approach. In the first stage, we use Adaptive Simulated Annealing
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Figure 6.7. Box plot of ground truth Ggi) obtained from our experiment. This
plot shows how content influences the tolerable amount of foveation with re-
spect to eccentricity. Red lines represent the median while boxes show the
range between 25th and 75th percentile of the data. Whiskers extend to the
whole range. The patches which have the minimum, the median and the max-
imum O'Ei) are shown on the plot for 30° eccentricity.

(ASA) [Aguiar e Oliveira Junior et al., 2012] to optimize for predictor param-
eters. In the second stage, we run a gradient-based minimization to fine-tune
the result of ASA. This hybrid optimization scheme helps avoiding local optima.
The following weighted Mean Absolute Error (MAE) is minimized during the
optimization:

36 30°

E=min—— > w,(0)|wa(61(0)— 0(6))

i=1 6=4°

, (6.19)

where S = {a, 8, ¢,,54,5g, 516,532, @} is the set of model parameters, aﬁ”(@) is
the ground truth for patch i from our experiment and 65(1)(9) is the result of our
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Figure 6.8. These plots show how crgi) (y-axis) changes with respect to eccen-
tricity (x-axis) for each patch. The lines represent the mean (blue) and the
standard deviation (red) for the given patch across all participants.
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Figure 6.9. These plots show how crgi) (y-axis) changes with respect to eccen-
tricity (x-axis) for each patch. The lines represent the mean (blue) and the
standard deviation (red) for the given patch across all participants.
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predictor for the eccentricity 6. w; and w, are weighting functions defined as:

©) 2, if 6 <10, (6.20)
w = .
! 1, otherwise

(x) 8x, ifx>0, 6.21)
wy(x) = .
2 x, otherwise.

The first function, w; puts more emphasis on the error measured in the parafoveal
region where HVS has a higher sensitivity. On the other hand, the second func-
tion, w,, penalizes underestimation of spatial bandwidth with a larger weight,
because underestimation is less desirable than overestimation due to potential
visual artifacts.

Table 6.1. Optimal parameter values obtained during calibration and corre-
sponding cross-validation errors.

Parameters Loss Func. MAE
a p Ca |54 |Ss  |S1s |S32 |w |Train|Test | Train | Test
0.46(0.16|0.04|5.62|6.00|7.48|6.06(1.89| 0.62|0.79| 0.50|0.26
0.57(0.13|0.04|4.50|6.01|3.60(4.00(1.81| 0.73|0.86| 0.65|0.63
0.53(0.28|0.04|6.31|5.90|7.82|6.12|1.76| 0.62|0.56| 0.51|0.53
0.48(0.23]0.02|4.66|6.51|2.12|8.00(1.48| 0.65|0.60| 0.56|0.57
0.54|0.29(0.046.29|5.93|7.81|5.96|1.82| 0.58|0.75| 0.48|0.70
0.49(0.24|0.04|6.476.04|7.99|6.25(1.87| 0.59|0.66| 0.50|0.60
0.61[0.39|0.04|6.30|5.55|7.48|7.95|1.59| 0.61 |- 0.51]-
0.57|0.11|0.04 (4.94|5.89|3.81|4.00|{1.16| 0.74]0.88| 0.60|0.33
0.55]0.12|0.04 {4.85|6.09|2.99(4.00|1.67| 0.69|0.94| 0.590.61
0.55]0.13|0.04|5.37|6.23|4.07 |4.07|1.63| 0.72]0.65| 0.62|0.61
0.56(0.13|0.04|5.27|6.17|3.18|3.31(1.53| 0.70|0.74| 0.61|0.72
0.55]0.13|0.04|5.38|6.24|4.11|4.07|1.62| 0.68[0.84| 0.58|0.75
0.52]0.11{0.04(5.38|6.43|3.27|4.87|1.64| 0.69|0.80| 0.58|0.72
All [0.55]0.14]0.04|5.29|6.23[3.40(4.01|{1.55| 0.71 |- 0.55 |-

Full Resolution

Downscaled

We check the generalized performance by performing 6-fold cross-validation.
Optimal parameters and errors measured at each fold are depicted in Table 6.1,
where we provide a detailed list of parameter values obtained from the opti-
mization. We observe that the test errors are close to training errors and optimal
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Figure 6.10. We used a Campbell-Robson chart (top left) as a test input for our
predictor. The predictions of o from our model are given for different visual
eccentricities. The eccentricities are indicated at the top-right corner of each
map. Our model successfully predicts a higher o (corresponding to a lower
rendering resolution) for the spatial frequencies that are imperceptible by the
HVS as the visual eccentricity increases and the contrast declines. (Please note
that the Campbell-Robson chart is prone to aliasing when viewed or printed
in low resolution. Please refer to the electronic copy of this document for a
correct illustration.)

parameter values are stable among different cross validation folds. As expected,
higher training and testing errors are observed when the predictor is calibrated
on the inputs with reduced resolution due to the loss of information on high-
frequency bands. But we can still assume a reasonable approximation by the
predictor due to the small difference in MAE (0.503 compared to 0.554). The
optimal parameter values that we are using in our validation are obtained by
calibrating our predictor using the whole dataset. These values are given in Ta-
ble 6.2.

As explained in Section 6.2, a method for predicting the acceptable resolu-
tion degradation operating on a full-resolution image is not very useful in the
context of foveated rendering. Therefore, we take advantage of our parametric
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design of the model and train it on low-resolution images, which can be pro-
vided by foveated rendering as a cheap initial approximation of the frame. Con-
sequently, we calibrate and run our model on inputs which are downsampled by
a factor of 1/4 (corresponding to 1/16 of the target area). The downsampling
routine employed during the calibration is nearest-neighbor downsampling and
it does not involve low-pass filtering or interpolation. This is equivalent to actual
low-resolution rendering, including spatial aliasing effects that may arise during
rendering. This way, our model is able to utilize cues which appear in the form
of aliasing in the presence of higher-frequency content. When actual rendering
takes place, we render true low resolution. This gives the optimal performance
for the actual rendering applications.

Table 6.2. Best parameter values obtained after calibration. The input patches
are downscaled by a factor of 1/4. Loss is the training error computed using
Equation 6.19. In addition to the loss function, which is a weighted mean
absolute error, we also provide the standard unweighted mean absolute error

(MAE) for evaluation.

a B Cq logio(s4)  logyo(ss)
0.555 0.135 0.040 5.290 6.226
logyo(s16)  10g1(s32) w Loss MAE
3.404 4.011 1.919 0.706 0.554

6.5 Implementation

For our validation experiments, we implemented our method in C++ using the
OpenGL Shading Language (GLSL). We adapted our implementation of the model
described in Section 6.3 to fully benefit from the optimizations in GLSL. For ex-
ample, we implement local operations defined on patches and pixels (such as
those given in Equations 6.1-6.13) in a way that allows the graphics card to
process the whole frame in parallel. Similarly, the decomposition into different
frequency bands is achieved using mipmaps to maximize the parallelism, where
higher levels represent lower frequencies. o estimation from different frequen-
cies are combined by performing a level-of-detail texture lookup in the pyramid
for efficiency. On the other hand, the smooth max function is executed by com-
puting the mipmap of the optimal standard deviation and taking the level in the
pyramid which corresponds to the maximum achievable level for a single patch.
In all operations, we preserve the patch-pixel correspondence to maintain locality
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information. We used different patch sizes for two displays during calibration;
namely, 128 x 128 for the Asus display (2560 x 1440) and 192 x 192 for the
Dell display (3840 x 2160). For rendering, 128 x 128 was used (corresponds to
32 x 32 effective patch size for 1/4 downsampled inputs). The choice of patch
size is mainly dependent on the number of bands required in Band Decompo-
sition step. Using smaller patches brings a limitation on the pyramid decom-
position while using larger patches makes the predictions less sensitive to local
changes in content. A patch size of 128 x 128 provides a good balance between
these two.

Performance Table 6.3 shows the performance benchmark of the predictor im-
plementation on an NVIDIA GeForce GTX 2080Ti graphics card. Since our setup
consists of two different displays we provide the measurements for their respec-
tive resolutions. For comparison, we also include the time measurements using
full resolution inputs. In our validation experiments, we run our predictor on
inputs which are downscaled by a factor of 1/4 (corresponding to 1/16 of the
target area). This gives the optimal performance for the actual rendering ap-
plications. For comparison, we also include the time measurements using full
resolution inputs.

Table 6.3. Running times of our implementation. Our predictor is calibrated
and validated using 1/4x downsampled inputs (1/16x of the area) in a series
of subjective experiments. Here, we show the computational savings obtained
by our approach with respect to the predictions from full-resolution inputs.
Please note that these values do not include rendering costs.

Input Size 2560 x 1440 3840 x 2160
Downsampled (1/4 x) 0.7 ms 1.2ms
Full resolution 3.0ms 5.9ms

6.6 Validation

In this section, we first show the results from rendering bandwidth predictions
from our method for different inputs. Then we present our results from two
subjective experiments. In the first experiment, the participants compare our
method with non-foveated rendering. In the second one, they compare our lo-
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cally adaptive content-aware foveation method with a globally adaptive foveation
strategy.

6.6.1 Visual Evaluation

In Figure 6.11, outputs of our predictor for 12 different inputs are shown. Over-
all, we observe that the model successfully adapts the rendering bandwidth to
the content, while taking the peripheral sensitivity loss of the HVS into account.
In inputs 1, 2 and 4-6, we mostly see the effect of defocus in images with differ-
ent color, luminance and texture content. For these inputs, our method suggests
a higher rendering resolution (represented by a lower &, prediction) on the ob-
jects which are in focus. In images 3, 7 and 12, we observe that a significant
amount of rendering budget is allocated to the buildings, which contain a large
amount of detail, and a much lower amount of the bandwidth is allocated to the
mostly uniform regions in the sky. It is possible to see how the heatmap adapts
to the silhouette of the street lamp in image 7 and the baloon in image 10, which
appear as objects with high level of detail on a region with low detail. This ren-
dering scheme minimizes the potential losses in perceived visual quality during
rendering and allows providing a considerably higher level of perceived quality
by efficient allocation of rendering resources.

6.6.2 Foveated vs. Non-Foveated Rendering

The ground truth that we use for calibration corresponds to a perceived contrast
loss with a detection probability of 0.75 (1 JND). If the calibration is successful,
the contrast loss in the outputs of our method should be detected approximately
with this probability. In order to validate this behavior, we perform a 2AFC sub-
jective experiment, where 12 participants are asked to compare the results of
foveated rendering based on our method’s prediction and non-foveated render-
ing. We used the images given in Figure 6.11 as the experiment stimuli. We
conduct the experiment using a multiplier of 0.5, 1 and 2 on the predictions of
our method (&,) to distinguish between random guessing behavior and actual
detection by participants. Input stimuli are shown in randomized order and the
participants are unaware of the multiplier value of each stimuli during the ex-
periment. In actual detection, we expect to see an increasing detection rate with
the multiplier because a larger &, would result in over-blurring whereas such an
increasing trend in the detection rate would not be observed in random guessing.
The results of this experiment are shown in Figure 6.12. We observe an increas-
ing trend in the detection rates as expected. On the other hand, the detection rate
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OpenGL Shading Language (GLSL)

0 0.5 1.0 1.5 2.0 >2.5

Figure 6.11. The outputs from our model for the images used in our valida-
tion experiments. The gaze position is fixed at the center for all images. The
heatmaps (right) show the predicted standard deviations (&) of a low-pass
Gaussian filter which results in a contrast loss of 1 JND when applied on the
input (left). &, = 0 represents a requirement for rendering in the native dis-
play resolution whereas larger values represent rendering in a lower resolution.
Average value of each &, map is shown in the top-left corner. These results
show how the effect of content is captured by our method to adapt foveation
strength for rendering.

Image 1 is by Manu Jarvinen.
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for the predictions &, (multiplier = 1), is lower than 0.75. We attribute having a
lower detection rate to our custom loss function during calibration (Section 6.4),
which penalizes overestimations with a larger weight.

75%

50%

25%

Detection Rate

0%

G /2 c 20

Standard Deviation of the Gaussian Filter

Figure 6.12. Detection rates of the participants for our method and non-
foveated rendering. x-axis represents different multipliers that we use for
changing the average o, prediction to test the effect of different rendering bud-
gets on the preferences of participants. The actual prediction of our method
corresponds to the multiplier value of 1 and increasing values on the x-axis rep-
resent more limited rendering budgets. The trend in the detection rate shows
that the participants actually detect the foveation and the detection rate for
the actual rendering is smaller than 0.75 for all platforms when the predictions
are not scaled. The error bars represent standard error.

6.6.3 Local vs. Global Adaptation

A suboptimal alternative to our method would be to adjust the foveal region
radius in visual degrees, r, and the rate of resolution drop-off in the periphery, k,
depending on the content of the whole frame (see Section 6.4 for definitions of r
and k). This approach does not take into account local changes in the contrast;
therefore, it is a globally adaptive foveated rendering. In a 2AFC experiment,
we analyze the visual quality provided by our method (local adaptation) and the
globally adaptive foveated rendering. At the beginning of the experiment, we run
our method on input images which are provided in Figure 6.11 and compute the
average standard deviation of foveation kernel &,. Then we ask 12 participants
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to choose the optimal foveal region radius, r € {4,7,11}, that provides the best
visual quality in terms of overall sharpness for each image. At the end of this
procedure, we compute the rate of resolution drop-off, k, as the value which
gives the same average 0, to have an equal amount of rendering cost in both
methods. The average foveal region sizes from the preferences of our participants
are shown in Figure 6.14.

Next, we asked the participants to compare local and global adaptation and
choose the stimuli which offers the best overall sharpness. A total of 144 com-
parisons were made on 12 images given in Figure 6.11. As a result of this ex-
periment, we observe a significant amount of difference in the preferences of
participants towards our method. In total, our method is preferred in 100 of 144
comparisons (p < 0.001, Binom. test). The preferences of the participants for
each image are given in Figure 6.13. For the majority of the images, our method
is preferred over the global adaptation with the exception of images 5 and 6.
Image 5 is a portait and we believe that the presence of a human face might be
playing a special role by increasing the sensitivity of HVS to some distortions. In
image 6, the distribution of rendering resolution from our method resembles the
result obtained from global adaptation. We think that due to the similar foveation
results from two methods, the participants were mostly indifferent between two
methods for this image.

6.6.4 Further validation

In our publication Tursun et al. [2019] the method is additionally validated using
the Unity3D game engine [Unity3D, 2018] on both desktop and HMD displays
and using NVIDIA Variable Rate Shading (VRS) API Nvidia [2018] with OpenGL
on desktop display. The results from these experiments are mostly consistent
with the results described in this section. As a proof of concept, we also imple-
mented a custom foveated raytracer using OpenCL with RadeonRays routines,
which was guided by our method. These additional evaluations are not part of
this dissertation.

6.7 Limitations and Future Work

In our work, we use Gaussian blur to model quality degradation due to foveated
rendering. While this allowed us to derive a closed-form solution to the problem
of finding the optimal foveation, it is only an approximation. We believe, how-
ever, that the accuracy of prediction will still hold for small deviations from this
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Figure 6.13. The result of our subjective experiments where the participants
compared our method with globally adaptive foveated rendering, which does
not take local distribution of contrast into account. The error bars represent
standard error.

assumption, and when a better accuracy is needed, our method can be retrained
in the future following the strategy proposed in this chapter. Another exciting
direction for future work is to consider temporal aspects of foveated rendering.
It is known that motion also reduces the sensitivity of the human visual system,
and including this factor might be beneficial.

Our initial data collection procedure for calibration had a simpler design,
where the stimuli consisted of a single patch displayed at a selected eccentricity
from a pre-defined set in each trial. The process turned out to be prohibitively
time-consuming, and it did not simulate well the case of foveated rendering
because each patch was viewed in isolation on a uniform background. To im-
prove the efficiency of data collection and to make the stimuli more realistic,
we decided to perform experiments using stimuli filling the entire screen. This
procedure allowed us to collect data simultaneously for an extensive range of
eccentricity. Tiling the patches may introduce additional luminance frequencies
which are not present in the original patch. We minimized this problem by flip-
ping the patches. Furthermore, our experiment was performed for a limited
set of (r, k)-pairs. Even though a denser sampling could lead to more accurate



100 6.7 Limitations and Future Work

~
3

Mean Radius

Images

Figure 6.14. Average foveal region size preferences of the participants for each
image for globally adaptive foveation. We observe a high variability between
the images and we attribute this to the role of content in different images. This
data shows that a traditional foveated rendering with a fixed foveal region size
would not provide the optimal perceived quality. The error bars represent
standard error.

measurements, our procedure was sufficient to obtain a good model, which is
confirmed in our validation.

With our current implementation, it is possible to reach a running time be-
low 1 ms for computing the prediction from our model. Nevertheless, there is still
room for improvement by using lower-level optimizations, especially for Lapla-
cian pyramid decomposition, which is the most costly operation in the imple-
mentation. We believe that an implementation which is fully optimized for the
hardware would achieve much shorter running times.

It is known that the total system latency, which is mainly determined by the
display refresh rate and the eye tracker sampling rate, should be taken into ac-
count when testing novel foveated rendering techniques [Albert et al., 2017].
During our validation studies, our participants have not reported any artifacts
(such as so-called “popping” effects or tunnel-vision) that could be directly at-
tributed to the system latency. However, similar to other foveation techniques,
we believe that our method would also require a less aggressive level of foveation
in the presence of a noticeable amount of system latency unless a countermea-
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sure, such as saccade landing position prediction, is implemented (Chapter 4,
Chapter 5).

Our model is currently targeting saving the computation by limiting the shad-
ing computation. We do not consider geometry pass which can have a consid-
erable contribution to the overall rendering time. We believe, however, that our
way of deriving the model, in particular, the experimental procedure and mod-
eling, can be successfully used in the future to design more complete models for
driving foveated rendering.

6.8 Conclusion

Recently proposed foveated rendering techniques use fixed, usually manually
tuned parameters to define the rate of quality degradation for peripheral vision.
As shown in this work, the optimal degradation that maximizes computational
benefits but remains unnoticed depends on underlying content. Consequently,
the fix foveation has to be conservative and in many cases, its performance ben-
efits remain suboptimal. To address this problem, we presented a computational
model for predicting a spatially-varying quality degradation for foveated ren-
dering that remains unnoticed when compared to non-foveated rendering. The
prediction is based on previous findings from human visual perception, but it is
redesigned and optimized to meet the high-performance requirements of novel
display technologies such as virtual reality headsets. In particular, a critical fea-
ture of our model is its capability of providing an accurate prediction based on
a low-resolution approximation of a frame. Our validation experiments confirm
that our technique is capable of predicting foveation which remains just-below
the visibility level. This, in turn, enables optimal performance gains.
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Chapter 7

Conclusion

In this thesis, we addressed two major concerns related to foveated rendering:
system latency and sub-optimal performance in terms of possible computational
savings.

We first focused on the latency, where there is a large discrepancy between ac-
tual gaze location and the estimation used by the rendering pipleline during rapid
eye movements. In the context of foveated rendering, it means the observed
actually notices with their central vision the quality degradation that should
be reserved only for the periphery. To combat system latency, we presented a
measurement-driven model for saccade landing position prediction. The model
delivers a landing prediction with the onset of the saccade, which is then further
refined with the advance of the saccade. We argued that, by utilizing the saccadic
suppression, the predicted landing position can be used in the foveated render-
ing pipeline instead of the estimated gaze location to produce the current frame.
We supported our claims by conducting two user experiments - an objective and
a subjective one, both of which demonstrated the effectiveness of our model.
In the first experiment, participants were asked to solve a task, whereas in the
second they had to state their preference. The computational overhead of our
method is negligible and it is simple to implement and integrate. A limitation of
our approach is the data acquisition step: For best results an extensive amount of
saccades had to be recorded from each participants causing eye fatigue for some
of them.

Furthermore, we incorporated the idiosyncrasies of the saccades into our
model. Considering not only between-subject variability, we also investigated
how the other saccade characteristics, such as orientation, depth change, and re-
lation to smooth pursuit eye motion, affect the saccade profile. To construct reli-
able models for each saccade type, tailored for each individual separately, would
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require an exhausting data collection step. Therefore, we proposed a shearing
operator which can modify a pre-existing dataset to match the characteristics of
a certain saccade category with just a fraction of the number of saccades, re-
quired to construct a new set. We demonstrated that our saccade landing predic-
tion model benefits from this alteration and speculated that other models, more
heavily dependent on the amount of collected data, might also benefit from the
shearing operator in order to be tailored for specific type of saccades.

In our work we also focus on the performance of the foveated rendering.
While designing the peripheral visual acuity fall-off as a function of eccentricity
is a simple and efficient rendering optimization, it is sub-optimal in its perfor-
mance. The choice of the quality reduction towards the periphery lies between
a conservative one, where the degradation is mild and remains unnoticeable to
the observer but does not lead to high computational savings, and an aggres-
sive one, where the savings are considerable but the observer becomes aware of
the lower resolution displayed in their periphery. We proposed a predictor for
content-dependent quality degradation for foveated rendering, which utilizes our
knowledge of the human visual system. The model is designed to work on a low-
resolution frame and it comes at a small price of additional system overhead. We
demonstrated in our validation experiments that our predictor allows for signif-
icant computational savings while quality changes remain unnoticeable to the
observer. We also demonstrated that our method is preferred over the standard
foveated rendering when computation budget was fixed.

While our models for enhanced gaze-contingent rendering were designed af-
ter rigorous research, they are not without limitations. We already mentioned the
substantial dataset required for our saccade landing position prediction. We par-
tially addressed this issue in our later work but it remains to be verified how well
our dataset performs for various eye trackers and display devices and whether
acquisition of new data would be required. Currently, our prediction model is
computed, and also modified, offline, before it is used. We speculated that we
could perform our shear operator on the fly, while the user is interacting with
the system, however, we did not verify our speculations in a perceptual exper-
iment. No components of the underlying image are taken into consideration
when performing the prediction. Similarly, our predictor for content-dependent
quality degradation also relies on a massive collection of data to be properly cal-
ibrated, therefore, we resolved to using data collection technique that may have
influenced the obtained calibration parameters. Vignetting and pixelasation may
influence the image perception in the head-mounted displays in a way that was
not measured in the scope of this work. Also, the performance of the predic-
tor may benefit from a hardware-targeted implementation. We believe that the
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aforementioned drawbacks can be successfully addressed and resolved in future
works.

In this thesis we introduced the saccade landing position prediction and the
luminance-contrast-aware foveated rendering separately. It is, however, possible,
that in the future the two predictors might combine their strengths. The possibil-
ity of using saliency map to predict the saccade landing position prediction has
already been discussed in the literature. While our luminance-contrast-aware
model does not provide a prediction about regions of interest, it is possible that
features from it could be extracted to serve as a "snapping" guidelines for the
saccade landing prediction. In reverse, the quality degradation map could be
further guided during a saccade, depending on the estimation of the prediction
accuracy and the strength of the saccadic supression. A step further would be to
properly integrate the models into the virtual environment. Vignetting, pixela-
sation, lens distortion and other factors, specific for the head-mounted displays
need to be taken into greater consideration and incorporated into the perceptual
models. We deem such projects as feasible in the future and that our methods
could be further developed and optimized to serve the community in even more
ways than the one narrated in this thesis.

While there is always room for future improvements, we believe that, within
the scope of this dissertation, we have unequivocally demonstrated the useful-
ness and the effectiveness of our perceptually-driven models for gaze-contingent
rendering.
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