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Abstract

Following rapid technological developments in recent years, head-mounted displays
(HMDs) can now track movement trajectories of the head, feet, hands, joints and even
our eyes simultaneously. The possibility to rearrange and manipulate virtual stimuli
based on our behaviour makes virtual reality (VR) a potentially interesting method for
experiments in psychophysics. This thesis presents three empirical, peer-reviewed stud-
ies exploring this approach.

To obtain a fair assessment of the latency of eye tracking sensors in HMDs, we de-
veloped a method to measure it using simultaneous electrooculography (EOG) record-
ing. Delays (time from an eye movement to the availability of the corresponding data)
ranged from 15 ms to 52 ms, end-to-end latency (time from an eye movement to a cor-
responding change on the display) ranged from 45 ms to 81 ms.

Based on HMD gaze data, we then predicted future waypoints. To achieve this, 18
participants performed tasks such as walking along curved paths, avoiding or approach-
ing objects and searching while we recorded their position, orientation and eye tracking
data. Segments of 2.5 s of data were used to train a long short-term memory (LSTM)
model that predicts the position the user reaches in 2.5 s. The prediction was fairly ac-
curate with an average error of 66 cm. The extent of model improvements based on eye
movement data varied depending on the task and environment. Overall, eye movements
enabled more accurate prediction of locomotion behaviour, especially in situations with
varying walking speeds.

Finally, we analyse the eye and head movements of 68 participants as they searched
for salient and less salient targets in spatially grouped sets inside and beyond the initial
field of view (FOV). Salient targets within the initial FOV facilitated search. Salient
stimuli that appeared to ‘pop out’ from the periphery at the beginning of a search no
longer exhibited this property when they entered the FOV due to a head movement
during an ongoing search. This suggests that the influence of stimulus saliency differs
between searching on a static display and in scenarios in which we can explore our
surroundings using head turns.

The general discussion addresses current limitations of VR and presents approaches
for reducing eye tracking sensor latency in future devices. Subsequently, ideas for im-
proving locomotion prediction are presented. Finally, gaze behaviour is discussed in
relation to the typical temporal course of the influence of top-down and bottom-up guid-
ance.

Altogether, this thesis shows that VR can be used as a method in psychophysics. Our
results demonstrate that experiments in virtual environments (VEs) have the potential to
contribute to our understanding of perception as well as to the advancement of VR.
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Towards Gaze-contingent
Head-mounted Displays

In 1968, Ivan Sutherland and his students developed the first head-mounted display
(HMD). This new see-through device made it possible to overlay rudimentary virtual
objects such as triangles or cubes on the surrounding environment of the user (Suther-
land, 1968). The digital objects could change in perspective according to the user’s head
movements, which were tracked using a heavy mechanical system. It was the first proto-
type of an augmented reality display. Half a century later, commercially available virtual
reality (VR) headsets allow users to project very detailed virtual objects and HMDs have
become everyday devices for exploring virtual environments (VEs). The key factors
that have made this rapid development possible have been the astonishing technologi-
cal advances in displays, sensors, motion detection algorithms, computer hardware and
batteries, as well as an increasingly better understanding of our visual perception. By
continuously adapting technological innovations to newly discovered perceptual princi-
ples, VEs can now be explored intuitively, using natural gestures and movements.

Today, we may have even reached a point where comparing the virtual with the real
world can not only help us to create more realistic virtual experiences, but also expand
our knowledge of how we perceive and behave in our environment in general.

The first part of this thesis deals with the evaluation of the basic requirements that
must be met in order for HMDs to be used for the presentation of stimuli in scientific
experiments in psychophysics. The introduction first presents the basic functions and
technologies of current HMDs. It then provides a general overview of the anatomy of
the eye and the different types of eye movements we use to perceive the world around
us, which also shape our perception in VR. To accurately measure the effect of stimuli in
psychophysical experiments, it is also important to know exactly which eye movements
are performed at what point during the presentation. Therefore, a brief introduction to
the various eye tracking methods available follows. Particular emphasis was put on the
latency requirements for the presentation of gaze-dependent stimuli, which are used in
many paradigms of perception research. This is followed by study I, in which we mea-
sured the latency of eye tracking in HMDs to assess whether gaze-contingent paradigms
can be presented in VR. Next, an overview of how to determine three-dimensional fixa-
tion points and classify eye movements in VEs is provided.

In the following chapters, eye movements during various activities in VR are anal-
ysed. This initially serves to expand our knowledge of human perception, which could
subsequently be used to improve VR applications. First, a scientific overview of typical
eye movements during actions is provided. Here, particular emphasis was put on eye
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movements that adapt in order to solve specific tasks, as well as eye movements dur-
ing locomotion. Next is study II, in which we recorded gaze, movement and orientation
data in three different typical locomotion tasks. We then used this data to predict future
waypoints. Here, we were particularly interested in whether eye tracking data is capable
of improving prediction accuracy.

The following chapter deals with the extent to which our eye and head movements
are guided by visual stimuli. It provides an introduction to the basic principles of visual
search, the visual pathway and the visual cortex, and then explains how the shift of at-
tention is possible at the neural level in the brain. In study I1I, we recorded and analysed
eye and head movements during visual search tasks in VR.

The final chapter concludes the thesis with a general discussion of our findings. It
presents different approaches for extending our results and addresses the question of
the extent to which our eye movements are typically controlled by bottom-up and top-
down processes. Then, we discuss how the current limitations of VR as a method in
psychophysics can be addressed in research. Finally, the main conclusions of the thesis
are drawn.



Head-mounted Displays

Head-mounted Displays

To present virtual objects, an HMD obviously needs some sort of display. To achieve
stereo vision, two separate two-dimensional projections of a simulated object or scene
are usually displayed. All objects in both images are slightly offset based on the position
of the eyes (Hibbard et al., 2020). The brain can then extract three-dimensional informa-
tion from this offset, just as it does from the retinal projections of the real world (Scarfe
& Glennerster, 2019; Wheatstone, 1838). The first HMD prototypes were equipped with
two cathode-ray tubes (CRTs) as screens that presented two different images, one for
each eye.

Today, two types of screens are currently available in HMDs: liquid crystal displays
(LCDs) and organic light-emitting diode (OLED) displays. Compared to their CRT pre-
decessors, both technologies enable lighter and thinner VR headsets with screens that
require less power and therefore also generate less heat. In both types of screen, the
image is generated using red, green and blue (RGB) sub-pixels. In LCDs, these con-
sist of a backlight source that emits light, which is then polarised and passed through
colour filters and a liquid crystal matrix (Chen et al., 2018). Depending on the strength
of an electric current applied to the liquid crystal layer, the crystals align themselves
and become less or more translucent. As a result, sub-pixels become darker or lighter.
Due to viscosity, it can take up to 10 ms for an LCD to change from black to white.
In early LCDs, the backlight light source was a cold cathode fluorescent lamp. In to-
day’s displays, a light-emitting diode (LED) matrix is typically used, which consumes
less power and enables splitting up the display surface in multiple dimming zones. As
a result, black areas of the image appear darker and the overall contrast of the image is
increased.

OLED displays have self-illuminating RGB subpixels, which consist of an LED
matrix with self-emitting diodes and no backlight. This makes it possible to design
even thinner and lighter displays, in which individual pixels are simply switched off to
display black. It also lowers the overall power consumption and makes black to white
response times of well under 1 ms possible. Yet current OLED displays have problems
with brightness and stability (Liu et al., 2020): With continuous use, self-emitting LEDs
become less efficient and therefore reduce their light output. This can lead to burnt-in
images, especially if monochrome red, green, or blue stimuli are displayed at the same
position using the same pixels over a long period of time.

To delay LED-wear, the maximum brightness in OLED displays is often reduced
below the maximum brightness of the diodes by using pulse-width modulation (PWM).
During active PWM, the individual LEDs constantly switch between on- and off-states
(Baker, 2022). The longer each on-state (duty cycle) lasts, the higher the image bright-
ness. For instance, a 90% duty cycle creates a bright image while a 10% duty cycle
creates a dark image.
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If the switching occurs at a frequency above the critical flicker fusion frequency
of approximately 50 to 90 Hz, we generally do not perceive the image as flickering
(Mankowska et al., 2021). Up to 500 Hz, however, we can still perceive flicker (with
slight variations for different colours) when we are asked to detect it on modern dis-
plays (J. Davis et al., 2015). When PWM was first introduced in smartphone displays,
frequencies of around 240 Hz were used, which some users found very unpleasant.
Some can even get headaches from it, which might be related to migraineurs having
slightly lower critical flicker frequencies (Kowacs et al., 2004, 2005).

Interestingly, the off-states, which are also sometimes described as artificially added
black frames, have another useful property for displaying moving images: when we fol-
low a moving rigid object with our eyes, we follow it with a continuous eye movement.
By briefly inserting a black frame between two images, each stable image is visible for
a shorter amount of time. Similar to the effect of a shorter exposure time in a camera,
the perceived movement on the screen with black frames inserted appears sharper. This
technique was also used in film projectors, which often used shutters with three blades
at 24 frames per second to increase the flicker frequency to 72 Hz and achieve the same
sharpening effect (Hammock, 2015).

Unlike film projectors, LCDs and OLED displays do not automatically produce
off-states between individual frames. Instead, the rendered content follows a ‘sample-
and-hold’ characteristic (Marsh, 2017). This means that a moving virtual object jumps
forward frame by frame on a screen. Between jumps, the image remains static. This
sample-and-hold image representation does not reflect the continuous movement in the
real world. Each frame of the rendered content is only valid for a brief moment. In re-
ality, at any subsequent point in time, the objects in the scene have moved to different
locations. Sample-and-hold rendering presents another problem: When our eyes move
across a static frame with a continuous eye movement, the content is perceived as blurry.
Especially in VR, shifts of the whole FOV caused by head movements would then result
in significant motion blur. Therefore, inserting artificial black images instead of present-
ing one frame until the next update has become a frequently used technique in HMDs.
In this context, the length of each individual on-state of a frame is also referred to as
the persistence of the display. In LCDs, synchronised backlight flashing is used to insert
black frames. In OLED displays, all LEDs can be turned on and off directly to achieve
the same effect.

Lenses

To distribute the image to the eyes of the user, a lens collects the light from the display
and maps it onto the FOV (Bang et al., 2021). For this purpose, three different types of
lens designs are currently used in HMDs: Fresnel lenses, aspheric lenses and pancake
lenses (see Figure A). All three VR lenses have positive optical power and increase the
angular size. Therefore, they make the close display look large and spread the image
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across the FOV.

Fresnel lenses consist of many prism-like, ring-shaped sections. With each section
and from the inside to the outside, the angle at which the emerging light is diffracted
increases (A. Davis & Kiihnlenz, 2007). Fresnel lenses can be made of plastic and are
therefore comparatively light. However, with the designs currently in use, the edges
of each lens section are clearly visible. In addition, a sharp image can only be seen
when the user’s eyes are directly opposite the flat surface in the centre of the lens.
This makes the area through which an image can be perceived sharply (sweet spot)
comparably small. Moreover, light, especially from outer parts of the lens, can stray
into other, darker areas of the image (Haitao et al., 2022). Sometimes the resulting visual
effect is referred to as a ghost image. Additionally, Fresnel lenses introduce distortion to
the transmitted image, accompanied by chromatic aberrations, often resulting in blurring
and colourful aberrations on high-contrast edges. To present an undistorted image, the
displayed content is preprocessed by software (Anthes et al., 2016; Nikonorov et al.,
2015).

Aspherical lenses have a continuously ground surface and can be made of plastic or
glass, giving the transmitted image no visible internal edges. Moreover, aspheric lenses
have a larger sweet spot. On the one hand, this means the image does not become blurry
when the HMD slips slightly on the user’s head. On the other hand, distortions intro-
duced by the lens still vary depending on the exact pupil position. Thus, such slippage
and even small positional movements caused by an eye movement can lead to local dis-
tortions. Sometimes these effects, also known as the pupil swim effect, cause people to
feel uncomfortable. To compensate them with software, very accurate and low latency
eye tracking is needed (Rui et al., 2023).

In pancake lenses, the incoming light is reflected back and forth once within the
lens using a half-mirror effect. As the optical path is therefore longer than the physical
distance, the lens can be positioned closer to the display, which enables overall smaller
HMDs (Bang et al., 2021). A side effect of the half-mirror, however, is that a part of
the incoming light is reflected towards the display, resulting in a darker outgoing image.
Although this can be compensated for by increasing the brightness of the screen, this in
turn has other side effects, such as greater wear and tear on light sources of the displays
as well as higher power consumption and greater heat generation. Like aspherical lenses,
pancake lenses have a large sweet spot and can also cause pupil swim effects (Jia et
al., 2023). Stray light caused by multiple surface reflections and imperfect polarisation
control within the lens can also create ghost images (Luo et al., 2024).

Movement Tracking in Virtual Reality

To enable a VE that can not only be displayed but also be explored using movements
such as head turning and walking, a VR headset needs a range of sensors that measure
the user’s behaviour and transfers it into the virtual space. Modern HMDs are equipped

5
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Figure A: HMD lens designs. All three lenses spread the image across the FOV. A
Fresnel lens (a) consists of several rings with different optical powers. The transitions
from one refractive step to the next result in a comparably small sweet spot. Aspherical
lenses (b) are continuously ground and therefore thicker. In pancake lenses (c), the inner
quarter-wave plate (orange) converts the linear polarisation of the light emerging from
the display into circular polarisation so that it can first pass through the polarizing beam
splitter (black dotted line). The outer quarter-wave plate (dark green) reverses the po-
larisation upon entry and reverses it again upon exit (after reflection), ensuring that the
light is correctly polarised to be reflected back and then transmitted to the eye. Overall,
this makes the distance travelled by the light longer. This shortens the physical distance
needed between eye and lens and enables more compact HMDs.



Head-mounted Displays

with an inertial measurement unit (IMU) that usually includes an accelerometer, a gy-
roscope and a magnetometer to accurately track head rotation (Anthes et al., 2016).

The position can be tracked using external devices or cameras within the HMD,
which is also known as inside-out tracking (Anthes et al., 2016; Niehorster et al., 2017).
The latter is typically based on visual information from multiple front cameras that are
on the outside of the headset (see Figure B) to gather data on the current surroundings
and can deliver even more accurate position tracking than common external tracking
methods based on infrared lighthouses (Holzwarth et al., 2021). Both types of systems
can also be used to track devices, such as controllers or body trackers that can be at-
tached to joints such as knees or feet (Anthes et al., 2016). Using a multi-stage process
to estimate hand pose and finger angles, inside-out tracking systems can also be used to
track the hands without additional devices in about 45 ms (Abdlkarim et al., 2024). This
allows users to interact with virtual objects, for example, by pointing and grasping to se-
lect and single out targets. Moreover, the camera-based tracking can be complemented
with a depth sensor, to achieve a more detailed map of the surrounding objects.

o
o (
© o

Figure B: Components of an HMD. Cameras for see-through applications (red) and
microphones (pink) are often mounted on the front of the enclosure (right). In addition,
there are cameras on the bottom for hand and controller tracking (blue). Some models
also have infrared LEDs for external tracking (green). Inside the headset are the main
circuit board, an IMU sensor for tracking head orientation (grey), a display and two
lenses. Depending on the design, the display may have a backlight (as shown here) or
not. A light sensor (purple) is often attached to the optical module to determine whether
the HMD is currently in use. In addition, many models have two eye tracking cameras
(orange) and infrared light-emitting diodes (brown) distributed around the lens, which
emit infrared light towards the eyes which cause reflections necessary for eye tracking.

The head strap at the back of the HMD (left) often contains headphones (yellow) and
batteries (cyan) and allows the display to be worn securely on the head.
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On top of a depth sensor, additional sensors aimed at the user’s face, can be used
to track subtle facial expressions, and together with live audio recordings from mi-
crophones, this information can be used to create ever more realistic virtual avatars
that enable immersive conversations with other users. In addition, computer-generated
three-dimensional avatars are now being developed that can even interact directly with
the user via speech (Virk, 2025).

In summary, today’s HMDs enable full body tracking while also being small and
light. In addition to improved displays and lenses, all necessary sensors, computing and
graphics processors can now be integrated into a single head-mounted device. As a re-
sult, VEs can now be rendered directly on the wearable device, enabling the exploration
of VEs without restrictions.
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Eye Movements

After an image is displayed on an HMD, it is passed through the lens and reaches the
user. When the eyelids are open, light enters through the cornea, pupil and the lens of the
eye (see Figure C). The perceived brightness of the image is not only influenced by the
display brightness alone: The diameter of the pupil also plays a role. When looking at
bright light or increasingly brighter areas, the iris contracts, causing the pupil to narrow
so that less light may enter the eye (Ferree et al., 1933). In dim light, the pupil dilates
to increase the incoming photons. Therefore, to a certain extent, our eyes adapt to the
given input (which also means that a dark image can be perceived as brighter after an
adaptation period).

To see objects at varying distances sharply, the cornea and lens focus the incoming
light beam directly onto the retina through contraction of the ciliary eye muscles. With
increased age, the eye lens becomes less flexible (presbyopia), which makes it impos-
sible to focus on near objects (Mordi & Ciuffreda, 1998). In case of myopia, distant
objects always appear blurred because the light rays reflected from these objects are
focused in front of the retina, even when the ciliary muscles are relaxed (Baird et al.,
2020).

When the incoming photons reach the retina, around 92 million rod- and approxi-
mately 4.6 million cone photoreceptors convert the incident light into action potentials,
which are then propagated to the entire visual system (Curcio et al., 1990). Human eyes
have three types of cones and one type of rod: the different cone photoreceptors each
react optimally to certain wavelengths of light (red, blue and green), whereas the rods
are not able to distinguish colours, but are much more sensitive to light and are therefore
more suitable for night vision (Prasad & Galetta, 2011).

The density of the cells varies across the FOV: The area with the highest density
of cone cells (15,000 cells/degree?), and thus the highest possible visual acuity of 150
cycles per degree, is the fovea centralis in the centre of the visual field (Miller et al.,
1996; Tuten & Harmening, 2021). This means that we can see up to 150 black and white
lines spread over 1° of visual angle in the centre of our FOV. Therefore, a minimum
resolution of 300 pixels per degree of visual angle is required to display objects with
foveal acuity. Currently available HMDs offer resolutions below 50 pixels per degree.
However, this is still sufficient to display many small details. Acuity defined as standard
vision (20/20) when using a Snellen chart is 30 cycles per degree, or 60 pixels per
degree (Caltrider et al., 2023). Towards the periphery, cone density and visual acuity
rapidly decreases (Hirsch & Curcio, 1989). Thus, we tend to bring objects of interest to
the centre of our FOV by moving our eyes.
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Figure C: Anatomy of the eye. From right to left, light can travel through the tear fluid
and the cornea into the anterior chamber of the eye. Through the pupil, whose size can
be adjusted using the intraocular muscles, the light reaches the lens, which can change
its focus using the ciliary muscles and the zonule. Ideally, it focuses the incoming light
precisely on the retina at the back of the vitreous body. Light from the centre of our
FOV falls on the fovea, which has the highest density of cone cells. The optic nerve,
which transmits visual information to the brain, is located at the blind spot. This is why
we do not perceive light that falls on this point. Extraocular muscles enable us to move
our eyes, while the eyelid enables us to close them.
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Fixating Objects

While we inspect an object with foveal accuracy, our eyes are in a comparatively still
fixation state. In general, we fixate for about 90% of the total viewing time (Duchowski,
2007). In free viewing, typical fixations have durations of between 0.1 and 0.4 s (Gajew-
ski et al., 2005). The duration of a fixation can vary greatly, from a few hundredths to a
few tenths of a second. In certain real-world situations they can also last several seconds
(Hayhoe et al., 2003; Land et al., 1999; Tatler et al., 2011). In other experiments with
memory tasks, the fixation time depended on the time required to obtain the necessary
visual information for the current action (Droll et al., 2005; Hayhoe et al., 1998, 2003;
Land et al., 1999; Tatler et al., 2011).

When we fixate on an object in the far distance, the horizontal angles of the left
and right eye are almost parallel. In a situation in which the fixated object comes closer
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to us, our eyes turn continuously in the direction of the centre of the FOV. Our eyes
therefore turn in opposite directions towards each other simultaneously. This movement
is called vergence and is usually accompanied by a lens adjustment of the eye by the
ciliary muscles, to keep the now closer object in focus. Both movements automatically
happen at the same time through the accommodation-convergence reflex. While the vi-
sual offset between both eyes can be simulated by presenting stereo images, the screens
of current HMDs are displaying images at a fixed focal length. This means that regard-
less of how far away a virtual object appears (which determines the convergence of the
eyes), our eyes must always adjust to the fixed distance of the screen. As a result, unlike
in reality, the entire field of view appears to have the same depth of field. Therefore, in
VR the usual relationship between accommodation and convergence, to which we are
accustomed, is disrupted. This phenomenon is called vergence accommodation conflict
(VAC).

Fixational Eye Movements

Our eyeballs can rotate on three rotation-axes using six different muscles: the medial
and lateral recti for lateral movements along the yaw axis, the superior and inferior recti
for upward and downward movements on the pitch axis and the superior and inferior
obliques for twist movements along the roll axis (Davson, 1990). In addition, the eyes
can translate in the eye socket, which happens when closing the eyelid (Davson, 1990;
Kirchner, Watson, & Lappe, 2022).

When examining fixations carefully and with very high spatial and temporal reso-
lution, it becomes clear that the eyes are actually moving on a very small scale during
fixations (Alexander & Martinez-Conde, 2019). Fixational eye movements contribute
to fixation stability and allow us to inspect different small details within an object with
maximum foveal accuracy (Poletti et al., 2013; Rolfs, 2009). These movements are cat-
egorised in three different types: tremor, ocular drift and microsaccades. Tremor is the
smallest type of movement with amplitudes of 4/1000° and frequencies that normally
range between 30 and 100 Hz (Alexander & Martinez-Conde, 2019; Ditchburn & Gins-
borg, 1953; Martinez-Conde et al., 2004). Tremors are likely caused by the firing of
motor neurons or the balancing process of the antagonistic eye muscles (Alexander
& Martinez-Conde, 2019; Ezenman et al., 1985; Spauschus et al., 1999). Ocular drift
moves the eyes minimally and slowly in frequently changing directions (Rucci & Po-
letti, 2015). Ocular drift’s amplitude is usually less than 45 arcmin and its speed is
typically around 50 arcmin/s.

Microsaccades are involuntary, short, jagged eye movements that occur once or
twice a second during fixation (Martinez-Conde et al., 2013; Rolfs, 2009). Some defi-
nitions of microsaccades include eye movements with an amplitude up to 1° or even 2°
(Rolfs, 2009). However, the term originally referred to movements with an amplitude of
less than 30 arcmin that stabilise an image within the foveola, a tiny area of the retina

11



Towards Gaze-contingent Head-mounted Displays

where cones are the most densely packed (Rucci & Poletti, 2015).

Saccades

To move our gaze from one fixation point to the next, we use saccades with much higher
amplitudes. These saccades often reach peak speeds of over 300°/s, making them the
fastest eye movements we can perform. Our most common eye movement pattern can
be described as a saccade and fixation strategy, in which we regularly switch between
looking at one object and making a quick, jerky eye movement to another location (Land
et al., 1999). In general, saccade amplitude can vary widely, depending on the ongoing
situation (Land & Tatler, 2009a): When reading, small saccades are sufficient, whereas
when preparing a meal, most fixations fall on task-relevant objects. Thus, the amplitudes
of the saccades depend on the arrangement of the environment (Hayhoe et al., 2003;
Land et al., 1999; Schiitz et al., 2011). Even objects at a distance of 50° can normally
be reached within one eye movement (Land, 2009; Tatler et al., 2011). Up to a certain
amplitude range, the peak velocity increases linearly with increasing amplitude, which
is also referred to as the saccadic main sequence (Bahill, Clark, & Stark, 1975; Gibaldi
& Sabatini, 2021; Smit et al., 1987). Beyond this range, peak velocity saturates.

Saccadic targeting is not perfectly accurate. When looking closely at the saccade
landing points of saccades directed at small peripheral objects, it can often be observed
that saccades slightly undershoot their target location. Typically, this is then corrected
by a second short saccade so that the fovea is then focused precisely on the new fixation
object (Tatler et al., 2011).

Saccadic Suppression

During saccades the retinal image is moving. Surprisingly, however, our visual percep-
tion is never interrupted by smeared phases during saccades (as compared to a moving
camera with a slow shutter speed). Instead, we only perceive a continuous, clear stream
of the objects we fixate. While a saccade takes place, visual input is suppressed (Ditch-
burn, 1955; Wallach & Lewis, 1966). Thus, a light flash that is only presented during a
saccade cannot be seen (Bridgeman et al., 1975; Latour, 1962; Zuber & Stark, 1966).
The pupil also does not react to intrasaccadic brightness changes (Zuber et al., 1966).
Interestingly, saccadic suppression usually occurs a few tenths of a second before the
saccade onset reaches its maximum, right at the start of the saccade and disappears grad-
ually a few tenths of a second after it ends (Diamond et al., 2000; Volkmann, 1986). This
time course changes depending on various factors, such as luminance characteristics of
the background and the presented stimuli, the current light adaptation of the eye, char-
acteristics of the stimulus, the position of the stimulus on the retina and the amplitude
of the saccade (Stevenson et al., 1986; Volkmann, 1986).

In voluntary saccades, saccadic suppression is stronger than in reactive saccades
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(Gremmler & Lappe, 2017). Nevertheless, in most situations, we are able to recognise a
previously perceived object after a voluntary saccade that has then shifted to a different
position in the FOV. This allows us, for example, to select one of many apples on a
tree, move our gaze, and immediately recognise the same apple again, even though it
is now in a completely different position relative to the retina. Thus, our mental repre-
sentation of our environment is not tied to the object’s absolute position in space or to
the available visual information during the movement (Irwin, 1991). Instead, it seems
we build our mental representation on assumptions that are constructed from visual in-
formation after the saccade: For example, we do not notice when an object is displaced
during a saccade if the displacement is less than a third of the amplitude of the saccade
(Bridgeman et al., 1975). Interestingly the same effect can be observed when the target
is already displaced just before the saccade is initiated. In other words, if a fitting post-
saccadic target is found just after the saccade at a location not too far away from the
object’s previous location, we assume that our environment is stationary (Deubel et al.,
1996). If no suitable target is found in the required spatio-temporal window, we seem
to recalibrate the mental representation of our environment based on other information
such as extraretinal signals (Deubel et al., 1996). This recalibration leads to effects such
as perceived spatial compression (Burr et al., 2010) This was the case in an experiment
in which participants first saw a bar and a ruler. During a saccade, the bar was moved
while the ruler disappeared. After the saccade, the ruler reappeared in the same place.
The participants perceived the bar as immobile and assumed that the ruler had been
moved after the saccade (Matsumiya & Uchikawa, 2003). In general, the compression
effect occurs if visual references are available immediately after, rather than before or
during, the saccade (Lappe et al., 2000). It therefore seems to be mainly based on visual
information that is available after the saccade.

A side effect of spatial compression can be that the number of elements perceived
in the environment is reduced (Morrone et al., 2005; Ross et al., 1997). This is because
their perceived positions overlap due to the compression. Furthermore, the compression
effect is not only limited to space, but can also influence time perception: During a
saccade, the perception of time intervals can also be compressed. This can shorten the
perceived duration by about half and even reverse the perceived temporal sequence of
successive stimuli (Burr et al., 2010; Morrone et al., 2005).

Blinks

Another obvious example of suppressed visual perception is blinking. During blinking,
the eyelid closes, the eyeballs rotate downwards and slightly translate towards the skull
(Kirchner, Watson, & Lappe, 2022). Although blinking, like saccades, occurs regularly
and is easy to observe from the outside, we do not normally perceive the interruptions
to our stream of visual perception. Instead, again it seems as if our visual system skips
parts of our input. Suppression of visual input during blinking appears to be associated
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with an inhibitory signal from the brain triggered by efferent discharge during eyelid
closure (Volkmann et al., 1982). After 100-150 ms, the eye usually returns to its previous
position and the eyelid opens again (Volkmann, 1986). The recovery of the suppression
of the visual input during the blink occurs gradually over a period of 100-200 ms after
the onset of the blink and is therefore somewhat faster compared to saccades (Volkmann,
1986). Interestingly, there does not appear to be a hard-wired physiological mechanism
that ensures visual stimuli are suppressed while we keep our eyes closed, as we can
still perceive visual stimuli even with our eyelids shut. Instead, suppression seems to be
mainly related to the closing of the lid. Although most light is blocked when the eyes
are closed, it is thus possible to detect differences in brightness (Bierman et al., 2011;
Sakai, 2023). This works especially well with light sources with long wavelengths and
can be tested easily when being outdoors by moving the head towards or away from the
sun with the eyes closed.

In general, blinks can be clustered in different subtypes. During reflexive blinking,
the eyelid is closed to protect the eye or to moisten it with tears (Evinger, 1995). This
blink reflex is, for example, triggered when air is blown into the eye or an object is
quickly moving towards the face. Typically, we make 10-15 spontaneous blinks per
minute, which is more than necessary to just prevent a dry cornea. Thus, we seem to
also blink in situations without the need to protect the eyes. Moreover, our blink rate
varies with different tasks (Doughty, 2001; Karson et al., 1981). A consciously per-
formed closing of one or both eyelids, is called a voluntary blink or wink. While we
blink, we can also perform other eye movements. For example, it is possible to perform
saccades during a blink (Kirchner, Watson, Busch, & Lappe, 2022; Rottach et al., 1998).
Although the kinematics of these saccades are significantly altered, their parallel execu-
tion could be useful in reducing the time during which only very limited visual stimuli
are available.

Gaze

To look at objects more closely, we move not only our eyes but also our head. In this
thesis, combined eye-head movements will be referred to as gaze movements. Horizon-
tally, eye amplitudes can reach values around 50°, whereas head rotation amplitudes
can even reach 175° (T. C. Wu & Tsotsos, 2025). Thus, gaze shifts are useful to reach
objects beyond our FOV (Einhduser et al., 2007; Foulsham, 2015; Thier & Ilg, 2005). In
this case a coordinated head movement extends the saccade amplitude. However, a large
proportion of eye and head movements are performed in opposite directions (Einhduser
et al., 2007; T. C. Wu & Tsotsos, 2025). This is, for example, the case, when we fixate
a stationary object while moving our head. Then, vestibular movement signals that can
detect head movements are transmitted to the eye movement control circuits (Cullen
& Roy, 2004). This signal is the basis for the vestibulo-ocular reflex (VOR), through
which our head movements are compensated by counter-rotating eye movements with
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low latency, so that a more stable retinal image is generated (Fetter, 2007). However, the
image cannot be perfectly stabilised across the entire FOV because the eye position also
shifts due to head movement, as the eyes are not positioned in the centre of the head’s
axis of rotation (Harris, 1994). Therefore, this translational shift must either be ignored
or stabilisation must be optimised for a specific object of interest.

To coordinate gaze movements accurately, the neural circuits for head and eye move-
ment are linked closely: A case report on a patient with eye muscle paralysis even
showed that when eye movements are not possible, saccade-like head movements are
performed instead (Gilchrist et al., 1997). During head movements, the speed of eye drift
increases threefold, suggesting that drift also helps to compensate for head movements
(Aytekin et al., 2014; Rucci & Poletti, 2015; Skavenski et al., 1979). The properties of
the microsaccades, however, do not change, so it appears that they capture fine spatial
details of objects independently of head movements (Jolly et al., 2023).

Gaze Stabilisation

When we try to fixate objects that are moving through the environment, we move our
eyes to compensate for their motion. Such ocular following responses are evoked with
very short latencies by sudden visible motion (Miladinovi¢ et al., 2024). The follow-
ing continuous slow eye movement that tracks a moving target is called smooth pursuit
(Drewes et al., 2021; Haarmeier & Thier, 1999; Haarmeier et al., 1997). To reach a mov-
ing target, our eyes can first adjust their velocity to the objects’ speed and direction, then
a saccade can bring the eyes to the target’s position while the smooth pursuit continues
(Lisberger, 2015; Rashbass, 1961). During pursuit, the eyes can smoothly compensate
for speeds of up to 30°/s. At higher speeds, smooth pursuit movements are usually ac-
companied by catch-up saccades in motion direction. Interestingly, tracking an object
using pursuit eye movements requires a centrally-derived motion percept of the target
(Steinbach, 1976). This can be based on visual signal of the object’s motion, such as the
visible edge of the tracked object. We can also follow acoustic or sensory signals, such
as when our eyes follow our own hand movements or a sound in the dark (Berryhill
et al., 2006; Hashiba et al., 1996; Lisberger, 2015; Rashbass, 1961). If perception of the
object movement fails, we can no longer follow it smoothly with our eyes. Instead, the
object is tracked through a series of saccades and smooth pursuit phases in an attempt
to follow it, while the target appears to jump in space (Koerfer et al., 2024).

When we perceive motion anywhere across our FOV, for example when looking
out of the window of a train, a similar reflex called optokinetic nystagmus is triggered.
Initially, we tend to again initiate a smooth eye movement, whose dynamic is similar to
pursuit (Magnusson et al., 1986). Next, however, our eyes do a fast eye movement in
the opposite direction of the visible motion, where the cycle restarts and another smooth
movement in motion direction begins (Drewes et al., 2021). As a result, we perceive the
object clearly, although everything in our FOV is in motion.
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Eye Tracking

Eye movements are an essential part of our visual system. When we observe another per-
son’s eyes, we can easily detect whether a saccade or blink is occurring. Although we
intuitively have a rough idea of where the other person is looking, it is difficult to anal-
yse the rapidly changing movements more precisely based on manual observation alone.
Consequently, the first attempts at automated, objective measurement of eye movements
were made over a century ago and have been supplemented over the decades by numer-
ous further developments and new methods of eye and gaze tracking (S. B. Hutton,
2019).

Initially, both Huey and Delabarre used a mechanical device consisting of a contact
lens with rods attached to it, which marked the ongoing eye movements on a kymograph
cylinder (Delabarre, 1898; Huey, 1898; S. B. Hutton, 2019). With this method, slow eye
movements could be recorded, although the weight of the measurement equipment prob-
ably added noticeable strain on the eye muscles and therefore influenced the measured
eye movements to some extent. The weight could be reduced further, when Robinson in-
troduced contact lenses with wire coils inside (Robinson, 1963). Their movement could
be measured using an electromagnetic field surrounding the head of the subject. To this
day, this method offers a comparatively high degree of precision, with approximately
5 arc seconds over a limited range of approximately 5° (Young & Sheena, 1975a). Al-
though wearing comfort has improved significantly and today’s lenses no longer require
anaesthetic drugs such as cocaine to be applied to the cornea before insertion, wearing
a comparatively thick lens can still be unpleasant for the subject and insertion requires
practice (Duchowski, 2007).

A less invasive approach is electrooculography (EOG). This eye tracking method
makes use of the standing electric potential between the anterior positive and posterior
negative pole of the eye. Using electrodes placed around the eye, one can determine
the eyeball orientation with respect to the head position, although it lacks some spatial
accuracy, especially on the vertical axis (Duchowski, 2007). This data can be collected
at very high sampling rates. Unfortunately, the signal often drifts slightly over a short
amount of time since the electric potential of the pigmented epithelium also changes
based on the amount of light that enters the eye. Therefore, although accurately measur-
ing the eye direction with EOG requires very frequent recalibration, the method is well
suited to detect saccades and blinks with low latency (Bolte & Lappe, 2015; Kirchner,
Watson, Busch, & Lappe, 2022).

The first predecessor of today’s most common eye tracking method was the pho-
tochronograph by Dodge and Cline (Dodge & Cline, 1901; S. B. Hutton, 2019). Instead
of attaching measuring equipment directly on to or close to the eye, this method mea-
sured movements remotely. First, a light source was directed at the user’s eyes. Since
eyes are not perfectly spherical, the reflection of light on the cornea changes depending
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on the direction of gaze. The reflected light was then exposed to a film plate that was
later analysed. Therefore, this method was only suitable for visualizing the accumulated
eye movements over a certain period of time. In revised devices, horizontal and vertical
components of the eye reflection could be separated and exposed with higher temporal
resolution on photographic tape or film (Buswell, 1935; Judd et al., 1905; Macele &
Mueggenburg, 2024).

Later, Yarbus (1967) developed contact lenses that were attached to the eye with
suction cups and to which either eye-fixed visual stimuli or tiny mirrors were attached,
which also made it possible to record eye movements on film (S. B. Hutton, 2019; Tatler
et al., 2010).

Eventually, Yarbus’ approach led to a number of different remote eye trackers, all
of which used different types of light reflections from the eye to determine the direction
of gaze. To allow the subject to still see a stimulus while using such an eye tracker, the
remote light source was soon replaced by infrared light. Infrared limbal eye trackers
exploit the fact that the white sclera of the eye reflects more light than the iris, using
measurements from a high-frequency infrared sensor as a signal for the direction of
gaze on the horizontal or vertical axis (S. B. Hutton, 2019).

On closer inspection, not just one, but four visible reflections of incoming light (also
known as Purkinje reflections) can be observed in the eye: these come from the anterior
and posterior surfaces of the cornea and the lens of the eye. Dual Purkinje eye trackers
measure the disparity between the first reflection from the cornea and the fourth reflec-
tion from the eye lens (Cornsweet & Crane, 1973; S. B. Hutton, 2019; Richardson &
Spivey, 2008). In the first Purkinje eye trackers, this measurement was done mechani-
cally: Adjustable mirrors were aligned in such a way that the two reflections overlapped.
This calibration procedure allowed accurate (up to 1 min of arc) and fast eye direction
estimations and was therefore suited to measure microsaccades, if the head was sta-
bilised carefully.

As soon as camera equipment enabled real-time video recordings of eye movements,
video-oculography (VOG) became the most popular method of estimating gaze direc-
tion based on light reflections of the eye (Merchant et al., 1974; Richardson & Spivey,
2008; Young & Sheena, 1975b). The most common technique in VOG is dark pupil
tracking. As in limbal eye trackers, this approach makes use of the fact that different
features of the eyes reflect different amounts of light. In this case, since the pupil re-
flects even less light than the iris, the pupil can be detected as a dark small ellipse in
each frame of the recording. This ellipse, can then be compared with the first corneal
reflection that is induced using an infrared emitter. The distance between the two can be
calibrated to estimate the gaze direction. In some devices, multiple infrared light sources
and therefore multiple first order Purkinje reflections are used (see Figure D). Moreover,
the dual Purkinje eye tracker has been further developed with the help of camera tech-
nology: Instead of analogue mechanical parts, a digital dual Purkinje eye tracker uses
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an optical setup (with no moving components) and a digital imaging module (R.-J. Wu
et al., 2023). Again, to track eye movements meticulously, the offset of the first and
fourth Purkinje reflections are used, now obtained from a digital image.

Figure D: Video-based eye tracking. With every eye movement, the pupil changes its
position slightly (left vs. right). By comparing the tracked pupil (red dotted circle) with
the tracked corneal reflection of several infrared emitters (white dots), the pupil position
can be mapped to positions throughout the FOV through calibration.

Thanks to technological advances in cameras, processing hardware and batteries,
VOG devices can be so lightweight that they can be integrated into wearable devices to
track eye movements in natural and virtual environments. However, apart from contact
lenses with wire coils, the presented tracking methods only measure the eye movements
relative to the head. To track the gaze relative to a person’s surroundings, the orientation
and position of the head must also be taken into account. In the case of wearable eye
trackers, this can be done using an outward-facing camera, from whose recordings of
the FOV the tracked gaze direction can later be visualised. When researching human be-
haviour in VEs, the data from the position tracking system, the IMU and the eye tracker
can be combined to obtain a gaze direction signal. This signal can be both recorded and
also used to make the VE react to the user’s eye movements.
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Gaze-contingent Displays

Even before Sutherland built his first HMD prototype, he envisioned the capabilities of
the ultimate display of the future (Sutherland, 1965). Interestingly, despite the limited
technology of the 1960s, his vision included a display that was capable of eye tracking.
In his essay, Sutherland laid out an experiment in which the device would display a
triangle whose edges would round off as soon as a user fixated them. He hoped that
this approach would contribute to a better understanding of the mechanisms of human
vision. To implement this idea, the eye tracking signal must be available in near real time
so that visual stimuli can be updated in a timely manner. Such so-called gaze-contingent
displays (GCDs) were developed a few years later in the 1970s, initially for reading
research (Duchowski et al., 2004; McConkie & Rayner, 1975; Rayner, 2014). However,
these GCDs were not attached to the head, but worked with remote eye trackers and
screens positioned on desks. Later, the same principle was applied again with the aim
of improving system performance when displaying computationally intensive stimuli
(Murphy & Duchowski, 2002). In foveated rendering, for example, the level of detail or
resolution of visual content in the periphery is reduced. It is therefore important that eye
movements with a large amplitude in particular are detected quickly so that the image
can be updated accordingly, giving users a detailed, high-resolution image in the centre
of their FOV (Duchowski et al., 2004; O’Sullivan et al., 2003; Patney et al., 2016).

In addition, GCDs met the expectation that they could deepen our understanding of
our visual system. They enabled experiments on the time span of the perceptual win-
dow, which showed that we process up to 15 letters in reading and about 5° in searching
(Bertera & Rayner, 2000; McConkie & Rayner, 1975). With the help of GCDs, it be-
came possible to measure how vision degrades from the fovea to the periphery. It was
found that this can vary depending on image characteristics such as spatial and tem-
poral resolution, colour, luminance and contrast (Duchowski et al., 2004; Loschky &
Wolverton, 2007). Further experiments with desktop-based GCDs showed that contrast
sensitivity for natural stimuli is significantly reduced compared to static images (Dorr
& Bex, 2011), gaze-contingent contrast influences colour perception (Mauderer et al.,
2016) and high cognitive load leads to a loss of accuracy evenly distributed over the
eccentricities of the retina (Gaspar et al., 2016).

GCDs were also used in retinal visual impairments simulations that mimicked mac-
ular degeneration due to ageing (Geisler & Perry, 2002; Vinnikov et al., 2008). With
the help of such applications, circumvention strategies of the visually impaired could be
better understood and environments suitable for the disabled could be evaluated more
easily. In addition, personally experiencing impairment simulations could help to raise
awareness and increase empathy among the public. Finally, gaze-contingent HMDs
could compensate the pupil swim effect and improve visible cues for the perception
of depth in VR (Konrad et al., 2020; Rui et al., 2023).
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An ideal gaze-contingent HMD would have a refresh rate above the fusion flicker
perception threshold and an eye tracking latency below the frame to frame interval. This
would require very fast and expensive sensors that consume a lot of energy, heat up
quickly and cannot be operated for long periods on battery power. However, because we
use saccades to move our eyes from one fixation to another and vision is suppressed,
during and shortly after each saccade, it is possible to present gaze-contingent, world-
fixated stimuli using hardware with higher end-to-end latencies.

The maximum possible latency of the GCD at which the user cannot see the adjust-
ment of the stimuli also depends on the saccadic main sequence. This is because the
phase of maximum suppression and the recovery of vision take longer with saccades
with higher amplitudes. (Stevenson et al., 1986; Volkmann, 1986). Thus, a voluntary
saccade with an amplitude of 8° results in suppression times around 40 ms after sac-
cade onset, whereas a voluntary saccade with an amplitude of 16° results in suppression
times around 80 ms after onset (Stevenson et al., 1986).

This, however, does not mean that larger saccades are always helpful when setting
up a gaze-contingent experiment. For example, in foveated rendering, objects in the pe-
riphery are displayed with a lower resolution, which is why a degradation factor must be
implemented that adjusts the resolution of a stimulus based on the distance to the centre
of the FOV. Since saccades with longer amplitudes land further away from the original
fixation, gaze-dependent manipulations such as low resolution may appear more obvi-
ous to the user after a saccade, if updated even shortly after the saccadic suppression
period, while small saccades may still fall in a higher resolution area where the manipu-
lation is less likely to be detected even if the visual content is updated too late (Loschky
& Wolverton, 2007). Therefore, the end-to-end latency from an eye movement to the
change in display content, the expected saccade amplitude and the gradient of the ma-
nipulation must be carefully considered when setting up gaze-contingent manipulations
that should not be perceived.

Requirements for Gaze-contingent HMDs

Since some currently available HMDs are equipped with eye trackers, it may be possi-
ble to use them as gaze-contingent HMDs. In contrast to desktop-based gaze-dependent
setups, these could enable stimuli to be presented at specific positions in the FOV, inde-
pendent of both eye movements and head movements, which would allow the presenta-
tion of gaze-contingent stimuli in VEs.

In order to assess whether this is possible, it is first necessary to estimate the mini-
mum latency requirements for GCDs. When using a remote eye tracker and a desktop
screen to create a gaze-contingent setup, no differences in eye movements were ob-
served between an artificial latency of 5 ms and 15 ms (Loschky & McConkie, 2000). At
an added latency of 45 ms, however, Loschky and McConkie (2000) observed slightly
longer fixation durations, although even then, the performance in a search task was not
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altered. In a detection task of gaze-contingent peripheral blur, performance did not sig-
nificantly decrease until a latency of 60 ms was reached (Loschky & Wolverton, 2007).
Although these observations do not lead to a clear maximum latency for a GCD, they
can give an idea of the required latency range which is between 15 and 60 ms.

Displays in currently available HMDs have a frame rate of about 90 Hz (11.1 ms).
However, to implement a VR-GCD, not only the frame-to-frame interval, but the overall
end-to-end latency from a gaze shift to an image that is displayed on the HMD needs
to be considered. In that time frame, multiple processing steps need to be done. First,
motions from all available tracking sensors need to be recorded. Then, the tracked sig-
nal needs to be used to estimate the current state of, head and eyes with accuracy and
precision. Next, the VE needs to be updated based on this estimate. Finally, the updated
VE needs to be rendered to a stereo-image that is then displayed on the HMD.

The latency between a change in position and a corresponding change on the dis-
play can be determined externally by simultaneously recording the start of the HMD’s
position change and the display with a high-speed camera. For head tracking, current
HMDs have motion to photon latencies between 21 and 42 ms, which is below the re-
quired latency range for GCDs (Niehorster et al., 2017; Warburton et al., 2023).

Because the HMD occludes the eyes, a different method is required to measure the
latency of VR eye trackers. We present this method in the following chapter.

The development of HMDs has come a long way since 1968. Prototypes have become
commercially available products that are used for research. At the same time, by contin-
uously innovating new eye tracking methods, we have increased our knowledge about
our visual perception and how it is influenced by the way we move our eyes. In order
to investigate the potential use of VR with eye tracking in psychophysical research, for
example to present strictly controlled visual stimuli while simultaneously measuring
head, eye and walking movements, we must be able to estimate the latency of the track-
ing sensors. In the following study, we address this need by measuring the time required
by currently available HMDs to register an actual saccade, record the corresponding eye
tracking data and finally display a change on the screen depending on the recorded data.
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Abstract

A number of VR HMDs with integrated eye trackers have recently become commer-
cially available. If their eye tracking latency is low and reliable enough for gaze-contingent
rendering, this may open up many interesting opportunities for researchers. We mea-
sured eye tracking latencies for the Fove-0, the Varjo VR-1 and the HTC Vive Pro Eye
using simultaneous electrooculography measurements.

We determined the time from the occurrence of an eye position change to its avail-
ability as a data sample from the eye tracker (delay) and the time from an eye position
change to the earliest possible change of the display content (latency). For each test and
each device, participants performed 60 saccades between two targets 20° of visual angle
apart. The targets were continuously visible in the HMD and saccades were instructed
by an auditory cue. Data collection and eye tracking calibration was done using the rec-
ommended scripts for each device in Unity3D. The Vive Pro Eye was recorded twice,
once using the Steam VR software development kit (SDK) and once using the Tobii XR
SDK.

Our results show clear differences between the HMDs. Delays ranged from 15 to 52
ms and latencies from 45 ms to 81 ms. The Fove-0 appears to be the fastest device and
best suited for gaze-contingent rendering.
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Introduction

In the past decade, the rapid commercialisation of VR equipment has made HMDs avail-
able to a much larger number of researchers. Head position tracking is included in most
devices and has opened interesting avenues to study perception with naturally moving
observers in small areas (Bansal et al., 2019; Nichorster et al., 2017; Scarfe & Glen-
nerster, 2015; Warren et al., 2001; Wexler & van Boxtel, 2005). Now, the integration of
eye trackers in HMDs promises to be the next technological step, allowing even more
immersion in virtual environments (VEs).

Since the first objective measurement of eye movements by Delabarre (1898) and
Huey in 1898, eye tracking techniques have come a long way (Wade, 2010). In the
1950s, the first contact lenses including coils were used to precisely record where a
subject is looking (Holmqyvist et al., 2011). EOG, a less invasive method, was the most
applied method in the 1970s (Young & Sheena, 1975b). By measuring the changes of
the electric field evoked by changes of the position of the pigmented epithelium using
electrodes placed around the eye, one can determine the eyeball orientation with respect
to the head position. Although the data can be collected at high sampling rates, EOG
lacks spatial accuracy, especially on the vertical axis (Duchowski, 2007). Thus, today’s
most used method is video-based eye tracking, combining a non-invasive method with
sampling rates up to 2000Hz and an advertised spatial accuracy down to 0.15° (SR Re-
search, 2020). Progress in camera technology made it possible to create head-mounted
eye trackers (including cameras filming the wearer’s FOV) that estimate eye positions
in the real world without explicitly recording head movements (Niehorster, Hessels, &
Benjamins, 2020; Niehorster, Santini, et al., 2020). The technology is now included in
HMDs, promising advances in wearing comfort by software that helps the user to adjust
the position of the HMD on the head to optimise optical parameters to the location of
the eyeballs. Moreover, it allows analysing the location and length of fixations in VEs
and the implementation of new interaction methods (Piumsomboon et al., 2017).

Now that eye trackers in HMDs have become available from multiple vendors, we
may ask for what kinds of application or experiment they are suitable for. From their
low sampling rate (generally around 100Hz) it is clear that these eye trackers cannot
be used for analyses of trial by trial saccade dynamics (Mack et al., 2017), although it
should be noted that successful attempts have been made to determine saccade dynamics
through a modelling approach using low sampling rate low noise data, when averaging
over many saccades (Gibaldi & Sabatini, 2021; Wierts et al., 2008). It remains an open
question whether these methods would work reliably on the offline data provided by the
eye trackers examined in the current study.

In contrast, for the study of looking behaviour by means of recording fixations
(periods during which the image of an object is held stable on the retina (Hessels et
al., 2018)) the lower sampling rates do not pose significant issues (Andersson et al.,
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2010). For measures based on fixations, the important factors are accuracy and preci-
sion (Niehorster, Zemblys, et al., 2020), which may affect the minimum size of objects
to which gaze can be reliably resolved (Hessels et al., 2016, 2017; Holmqvist et al.,
2012). Assessment of these aspects of eye trackers in HMDs is thus an important topic
for those types of applications (Adhanom et al., 2020).

In the present study, we are concerned with a third type of application, gaze-contingent
display paradigms in perceptual research. Gaze-contingent displays rely on low-latency
access to eye tracking data and the ability to rapidly adapt the visual stimulation pre-
sented in the HMD in response to an eye movement. In such conditions, a host of percep-
tual effects related to eye movements can be studied and used in applications: Examples
include, first, blinks which can be detected (Alsaeedi & Wloka, 2019) and used to apply
non-perceivable modifications to a VE (Langbehn, Steinicke, et al., 2018). Second, sac-
cadic omission, often also called saccadic suppression, refers to the phenomenon that
stimuli presented during a saccade are often not consciously perceived (Campbell &
Wurtz, 1978; Diamond et al., 2000; Holt, 1903). This includes the self-generated mo-
tion on the retina that occurs as the eye sweeps across the scene during the saccade (Ilg
& Hoffmann, 1993). Saccadic suppression of displacement refers to the failure to per-
ceive a displacement of a persistent stimulus in the scene during the saccade, or even the
saccade target itself (Bridgeman et al., 1975). Change blindness refers to the failure to
notice changes to objects in the scene, including their colour or position, as well as the
introduction or removal of objects (Rensink et al., 1997; Simons & Levin, 1997). In ad-
dition, there are also several phenomena of changes to the perceived position of objects
briefly presented at the time of a saccade (Lappe et al., 2000; Matin & Pearce, 1965;
Ross et al., 1997). Next to the spatial aspects of scene vision, there are also changes
to temporal processing associated with saccades. Chronostasis, i.e., the stopped clock
illusion, refers to an illusion in which time appears to briefly halt during the saccade
(Yarrow et al., 2001), likely because of deployment of attention towards the saccade
target (Georg & Lappe, 2007). Moreover, temporal intervals are misperceived and the
temporal order of successively presented stimuli may even be reversed (Morrone et al.,
2005).

These perceptual phenomena are commonly studied with gaze-contingent experi-
mental paradigms. The ability to use such paradigms with HMDs in VR would open up
many new research avenues with more naturalistic settings, for example in the combina-
tion of eye and head movements (Anderson et al., 2020). Moreover, perceptual phenom-
ena can also be applied to enhance VR scenarios (Bolte & Lappe, 2015; Bruder et al.,
2013; Sun et al., 2018). There are several applications that make use of these techniques,
for example, environments with artificial scotoma (Bertera, 1988) and gaze-contingent
foveated rendering techniques (Patney et al., 2016). In gaze-contingent rendering, the
resolution of the rendered image can be imperceptibly reduced in the periphery since
peripheral visual resolution is much lower than foveal visual resolution. Using eye track-
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ing, the location of a high resolution area in the image can be updated according to gaze
direction.

Besides perception, another common use of gaze-contingent paradigms is the study
of calibration of motor functions of the brain, involving stimuli that change during sac-
cades. Changes applied during a saccade can have long-lasting effects mediated by im-
plicit learning. Consistently applied displacement of the saccade target leads to adjust-
ments in saccade amplitude known as saccadic adaptation (McLaughlin, 1967; Pélisson
et al., 2010). These adjustments can be specific for different depth planes in the three-
dimensional space (Chaturvedi & Van Gisbergen, 1997). Moreover, recalibration can
also occur in opposite directions in each eye at the same time, suggesting the existence of
independent monoculomotor and binoculomotor plasticities for each eye (Maiello et al.,
2016). Saccadic adaptation involves not only motor learning but also persistent changes
in perception of visual space (Collins et al., 2007; Zimmermann & Lappe, 2016). Trans-
saccadic changes of the size of a target object lead to a re-calibration of size perception
in peripheral vision (Bosco et al., 2015; Valsecchi & Gegenfurtner, 2016) and to a re-
calibration of grasping action (Bosco et al., 2015). Also, peripheral shape or colour per-
ception can be modified by trans-saccadic changes (Herwig & Schneider, 2014; Paeye
et al., 2018).

For all of these applications, correct timing of the respective stimulation or display
change in relation to the saccade is essential. These phenomena are transient and occur
typically only up to the end of the saccade or some few tens of milliseconds thereafter,
often with a common time course (Burr et al., 2010; Ross et al., 2001). For example,
saccadic suppression fades out by the end of the saccade (Diamond et al., 2000), as do
possible impacts on localisation or timing. Saccadic suppression of displacement occurs
if the displaced stimulus is visible at the end of the saccade, but not if it is instead
presented 100 ms later (Deubel et al., 1996). Saccadic adaptation also works best if the
displaced target is present at saccade onset and less well if it is delayed (Fujita et al.,
2002). From the time courses of these effects it is clear that effective methods for gaze-
contingent displays for vision research, although dependent on the specific paradigm,
should ideally be made with stimulus delays that do not exceed the duration of the
saccade by more than a few tens of milliseconds (Loschky & McConkie, 2000). Similar
requirements exist for foveated rendering in VR (Albert et al., 2017).

In the present study, we evaluated eye tracking latency of currently available HMDs
to investigate their suitability for GCD paradigms. We recorded delays of eye trackers
in three commercially available HMDs and compared them to simultaneously recorded
EOG. As a current gold-standard for comparison, we perform the same analysis on a
stationary, screen based eye tracker (Eyelink 1000) that is well established in the vision
research community.
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Setup

In this section, we describe the hardware, software and calibration method for each
setup, including versions and configurations. All recordings were done on the same
computer with an Intel Core 19 9900K (3.6 GHz) processor, 8 GB RAM and an NVIDIA
RTX2080 graphics card (driver version 26.21.14.3086). The operating system was Win-
dows 10 (Version 1809, Build 17763.914) with the NVIDIA driver set to maximum
performance and minimum latency mode. To obtain consistent timestamps, we imple-
mented and compiled a CPU-based high precision clock script that could be used across
all software packages. In all tests, we used the first timestamp after a sample was avail-
able to the recording software (Unity3D, 2019.1.8f1). Recordings were made using the
following devices:

Head-mounted Displays
Fove-0

The Fove-0 was the first commercially available HMD that included eye tracking. The
first devices were delivered in January 2017 and included a camera based eye tracking
system with an advertised spatial tracking accuracy of less than 1°. The maximum eye
tracking sampling rate is 120Hz. The display has a refresh rate of 70Hz. We used it with
the Fovelnterface prefab of the Fove-0 Unity package (Version 0.16). This approach
reduces the rate of eye tracking samples to 70Hz.

Although this approach does not use the full 120Hz capability of the eye tracker, the
method of synchronizing to the display frame rate allows receiving the most recent data
point at the start of each frame and to manipulate the next frame accordingly. Access
to data at higher sampling rates would not allow changing the effective latency of the
whole system since manipulation of the visual stimuli can only be done frame by frame.
Unity’s XR settings were set to Stereo Display.

Varjo VR-1

The Varjo VR-1 was introduced in October 2019 and includes a secondary (foveal)
display to provide a higher resolution in the centre of the main 87° FOV display. The
eye tracker samples at 100Hz and the display has a refresh rate of 90Hz. Our recordings
used Unity3D (2019.1.8f1), the Varjo Base Software (Version 2.2.1.17) and Steam VR.
The Varjo API provides for each frame a list with one or two eye data samples. We
always used the most recent sample to manipulate the next frame. Unity’s XR Settings
were set to Open VR.
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Vive Pro Eye

The Vive Pro Eye was introduced in June 2019 and is an upgraded version of HTCs Vive
Pro that includes the Tobii eye tracking system that is also present in other headsets (e.g.,
Pico Neo 2 Eye and Tobii HTC Vive Devkit). The headset has a declared eye tracking
accuracy of 0.5° — 1.1° at 120Hz, a 110° FOV and a display with a refresh rate of 90Hz.
We used it with Unity3D (2019.1.8f1), SRanipal (v1.1.0.1) and Steam VR. Unity’s XR
Settings were set to Open VR.

Comparison Devices

EOG

For EOG recordings simultaneously to data collection from the HMD eye trackers, we
used the same setup as described in (Bolte & Lappe, 2015). It consisted of a BioVision
EOG amplifier (BioVision, Germany) used with two self-adhesive electrodes next to
each eye and a third electrode as ground on the left cheek (see I.1). Amplified EOG
signals were read in via analogue ports of a Meilhaus RedLab-1208FS PLUS sampling
device. Because the pigmented epithelium in the retina evokes changes of an electric
field when saccades are made, the difference between the electrodes next to the subject’s
eyes provide zero-latency signals of horizontal eye movement. Our setup collected EOG
data at sampling rates of approximately 800Hz. Sampled EOG data was recorded in
Matlab R2018b and Psychtoolbox Version 3.0.14 concurrently with the HMD’s eye
tracking data.

EOG

Horizontal Eye position (deg)
=]

-0.15 -0.1 -0.05 ] 0.05 0.1

Figure 1.1: Electrooculography (EOG). Left: placement of the electrodes to record the
electronic signal. Right: shifted and aligned EOG and HMD signals, where the EOG
crossed 0° is defined as 0 ms.
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Eyelink 1000

For comparison to the HMD eye trackers, we included the Eyelink 1000 from SR Re-
search as a baseline device for its high temporal resolution (1000Hz) and low latency.
It has become a gold standard of eye tracking research in the past decades and is ex-
tensively used in latency critical experiments. The stationary eye tracker was connected
via an Intel onboard Ethernet port (I219-V). Stimuli were presented on a FlexScan 930
screen from EIZO with a resolution of 1280 x 1024 pixels. Movements of the head were
minimised by using a chin and head rest, allowing a declared latency of below 1.8 ms
(SR Research Ltd., 2009). The device was set to monocular recording to achieve the
highest possible sampling rate (1000Hz).
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Study 1: Eye Tracking Delay

In this study, we measured the time it takes the HMD’s eye tracker to register a change
in eye position and deliver this information to the experimental software. We call this
the delay of the eye tracker. We measure it by registering the same eye movement in
EOG and HMD and calculate the time difference between the two signals.

Methods

Participants

We measured all setups with four participants (3 male, 1 author, all employees of the
University of Miinster, normal vision, no contact lenses, no glasses, all experienced with
eye tracking experiments, age 25-46). Informed, written consent was obtained from all
participants.

Procedures

In four sessions, one for each of the HMDs (Eyelink 1000, Fove-0, Varjo VR-1, Vive Pro
Eye), the participants made 60 horizontal saccades of 20° in-between two persistently
visible targets from left to right and vice versa. The start of all trials was indicated by
an auditory cue, which was played alternating between 0.5s and 1s after the start of the
previous trial. Participants were instructed to fixate a target and make a saccade to the
opposite target after an auditory cue.

Data analysis

For the measurement of the delay of the HMD eye tracker, we matched saccade data
from the EOG and the HMD (only left eye used) and determined the temporal offset
between them (Figure I.1). The EOG signal, which is recorded as a voltage, was scaled
for each saccade to match the repeated gaze direction at start and end points of the
matching saccade from the HMD tracker, provided in degrees of visual angle. Then,
the point in time at which the eye position computed from the EOG signal crossed the
centre of the screen (0°) was taken as the reference time point (0 ms) (see Figure I.1).
Next, data samples (time stamps and eye positions) were averaged, separately for EOG
and HMD data, across all valid saccades to derive a mean saccade time course for each
subject. Saccades smaller than 7.5° were discarded (4.5% of all saccades, see Table I.1).
All saccades were manually checked to ascertain their validity.

Finally, to calculate the tracker delay, time lags of HMD samples of eye positions
during the saccade (i.e., within a range from 20% to 80% of the mean saccade ampli-
tude) were taken relative to the same eye position samples of the EOG.
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Fove-0 Varjo VR-1  Vive Pro Eye Tobii XR Eyelink 1000

Study 1

Eye tracking delay (ms) 152.5) 36 (3.3) 52 (3.2) - 034

Number of saccades 236 (98.33%) 218 (90.83%) 232 (96.66%) - 231 (96.25%)

Sampling rate 70.1 99.1 91.8 - 1000
Study 2

Eye tracking delay (ms) 16 (1.3) 36 (2.7) 50 (1.8) 51(1.2)

End-to-end latency (ms) 45 (6.1) 57 (6.6) 79 (5.4) 81 (2.6)

Display delay (ms) 29 21 29 30

Number of saccades 177 (98.33%) 170 (94.44%) 171 (95%) 174 (96.66%)

Sampling rate 69.7 98.1 88.3 82.5

Table I.1: Overview of eye tracking comparison results. Standard deviations and % of
planned saccades are shown in brackets. The analysis only includes saccades that could
be detected in both the optical eye tracker and the EOG. The EOG achieved a mean
sampling rate of 805Hz (study 1) and 1196Hz (study 2). Display delay in study 2 was
determined as the difference between end-to-end latency and eye tracking delay for each
device. The display delay can include things such as rendering time, transmission time
of the signal and latency of the display.

Results

Figure 1.2 shows the averaged eye positions during saccades for each subject in each of
the devices. The comparison between the Eyelink 1000 and the EOG shows no delay
between the two methods (0 ms). Among the three HMDs, the Fove-0 shows the lowest
delay (15 ms), followed by the Varjo VR-1 (36 ms) and the Vive Pro Eye (52 ms). Figure
1.3 gives an overview of averaged rightward saccades of all the devices.

A linear model was fitted to predict the Mean Delay between each eye tracker and
the EOG using Device and Saccade direction as factors and the Eyelink data as baseline
(adjusted R?=0.98, RMSE =0.0031, df =3, 28). All devices showed significantly larger
delays than the Eyelink baseline. Tukey-Kramer corrected post hoc t-tests revealed sig-
nificant differences between all device pairs (p < .001). There was no significant differ-
ence between saccade directions.
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Eyelink 1000
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Figure 1.2: Rightward mean saccades. Averaged saccades recorded with the HMDs (red)
and the EOG (blue) of all four participants. Eye tracking delays are included as blue
lines. Horizontal black lines show 20% to 80% of the mean amplitude.
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Figure 1.3: Average eye tracking delays of all tested HMDs in comparison to the EOG.
Measurements of the Eyelink 1000 are included as a baseline. The digitisation of the
EOG signal leads to some delay. The Eyelink 1000 has an advertised latency of below
2 ms. Since EOG and Eyelink have a relative delay of O ms, the EOG has a similar low
delay.
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Study 2: Latency for Saccade-Contingent Display Update

If the HMD is used as a gaze-contingent display, the screen needs to be updated as soon
as possible after the onset of a saccade. The latency of saccade-contingent update of the
HMD depends on at least two further factors in addition to the tracker delay. The first
is the speed of the detection of the saccade from the eye tracking data, which varies
with the algorithm used, but may also depend on the sampling frequency. The second is
the time it takes to update the screen, which depends on rendering time, frame rate and
video hardware. Additionally, communication standards and bus architectures, as well
as hard- and software used for transmitting eye tracker and video signals between the
HMD and the computer, can add latency. We aimed to compare the end-to-end latency
of saccade-contingent display update between the HMDs, using in each case the same
saccade detection algorithm and the same video hardware, to measure the end-to-end
latency in comparable minimum latency conditions. For this purpose, we used a simple
Unity script that changed the background colour of the virtual environment in the HMD
from white to black as soon as the eye position samples crossed the midline between
the two targets (i.e., 0°). The black background was then present for the next 50 frames
before it switched back to white for the next trial. The pre-rendering setting in Unity
was turned off.

Methods

Setup

The setup was the same as described above, using the same HMDs. To record the time
of the display change, a photodiode was fixed to the right display of each HMD (see
example in Figure 1.4). The photodiode was connected to an analogue input port of a
RedLab-1208FS PLUS that was used to record the EOG signals. To prevent any sam-
pling problems, we increased the maximum recording frequency of the input ports to
1500Hz.

Furthermore, we measured the Vive Pro Eye twice in this experiment, once with the
SRanipal SDK provided by the device as before, and, second, with the Tobii XR SDK.
We included this second measurement with a different SDK in the hope that the Tobii
XR SDK might produce shorter delays than the native SDK.

Participants

We performed all measurements with three participants (2 male, 1 author, no contact
lenses, no glasses, age 20-26, all experienced with eye tracking experiments). Informed,
written consent was obtained from all participants.
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Figure 1.4: Varjo VR-1 with photodiode placed on the right screen.

Procedures

The procedures were the same as in Study 1. In addition, when the eye tracker from
the left eye returned to a gaze position that crossed the vertical midline of the FOV, the
background colour of the VE in the HMD changed from white to black. To determine
the time at which the change of the display from white to black occurred, we applied a
change point detection algorithm (Killick et al., 2012) to the sampled photodiode signal.
In case of multiple candidates, we used the last change point before the screen became
and stayed black. Trials in which EOG saccades did not trigger a photodiode change in a
time-window of (0,+200 ms) were excluded. All saccades were then manually checked
to ascertain their validity. Overall, 692 of the 720 saccades (96.11%) were included in
the analysis (see Table I.1 for an overview). From this data, we calculated mean saccades
for each subject, device and direction, as before.

Results

Figure 1.5 shows average end-to-end latencies for the tested devices. For each mean sac-
cade, we calculated the mean end-to-end latency of saccade-contingent display update
from the time difference between the middle of the saccade in the EOG signal and the
time of display change determined from the photodiode signal. Among the four HMDs,
the Fove-0 showed the lowest latency (45 ms), followed by the Varjo VR-1 (57 ms), the
Vive Pro Eye with the native SDK (79 ms) and the Vive Pro Eye using the Tobii XR
SDK (80 ms). Using the resulting 24 mean latencies for each subject, direction and de-
vice, an ANOVA showed a significant difference between devices (F = 62, p < .001, df
= 3, 20). Moreover, Tukey-Kramer corrected post hoc t-tests revealed significant differ-
ences between the latencies of all devices except for the two conditions using the Vive
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Pro Eye (Fove-0 compared to Varjo VR-1 p < .01, all others p < .001).

Since the setup and procedure was largely the same as in the prior measurement
of tracker delay, we also evaluated tracker delay in this measurement series to confirm
previous results in the separate delay measurements of test 1. Figure 1.6 shows tracker
delay in this measurement series. Using the resulting 24 mean saccades with delays
for each subject, direction and device, an ANOVA revealed significant differences for
devices (F = 454, p < .001, df = 3, 20), but not saccade direction. Moreover, Tukey-
Kramer corrected post hoc t-tests revealed significant differences between the delays of
all device conditions (p < .001), except for the two conditions using the Vive Pro Eye,
which were not significantly different from each other. Display latency was determined
by subtracting end-to-end latency from eye tracking delay (see Table I.1).
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Figure 1.5: Average saccade-contingent latency of all tested HMD eye trackers in com-
parison to the EOG. End-to-end latencies of all tested HMD eye trackers based on the
EOG signal and a photodiode capturing changes on the HMD display.
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Figure 1.6: Average eye tracking delays of all tested HMD eye trackers in comparison to
the EOG. The eye tracking delays of the second test confirm previous results. The Tobii
XR SDK did not make a difference for the delays of the Vive Pro Eye.
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Discussion

We measured tracker delays and end-to-end latencies of three HMD eye trackers in
comparison to EOG. The Fove-0 had the lowest tracker delay in both tests (15 and 16
ms) and an end-to-end latency of 45 ms. The Varjo VR-1 had an eye tracking delay of 36
and 35 ms and an end-to-end latency of 57 ms. The Vive Pro Eye, either with its native
SDK or with the Tobii SDK, was considerably slower with tracker delay of 50 ms and
an end-to-end latency of 80 ms. The values of the Vive are out of the range suitable for
gaze-contingent experiments (Loschky & McConkie, 2000). The latencies achieved by
the Fove-0 or the Varjo VR-1 appear more suitable to such tasks (Loschky & Wolverton,
2007).

We do not know what causes the differences in tracker delay between the devices.
One possibility, other than hardware differences, might be extensive low-pass filtering
of the eye position data in the SDK. Such filtering reduces spatial noise (which might
allow more accurate gaze position estimation) at the cost of latency. It may thus be that
different manufactures put different emphasis on spatial vs. temporal accuracy for dif-
ferent use-cases. Indeed, we noticed informally that a recent software update (version
0.17) of the Fove-0 SDK, which was advertised to improve spatial accuracy, produced
longer delays than the ones we measured here. Any trade-off between spatial and tem-
poral accuracy would be different for different research applications. Because using an
HMD as gaze-contingent display has different requirements regarding spatial filtering
and latency than using it for the analysis of fixation distribution, for researchers and
developers it is highly desirable to get full access to filtering and raw data from each eye
tracking sample with minimal delay.

Our measurements of delay and latency were taken in comparison to EOG. The EOG
operates in principle without any delay since it measures changes in electrical voltage
directly produced by the change in orientation of the eyeball. However, the digitisation
of the EOG signal also adds a small delay to the EOG data. For accurate delay estimates
of the HMDs, the delay introduced by the EOG needs to be taken into account. We
cannot truly measure this delay, but based on the sampling rates we used it should be on
the order of one or two milliseconds. This is consistent with the delay measured between
the EOG and the Eyelink, our reference system, which came to a mean of 0 ms. As the
Eyelink is expected to have a delay of 1.8 ms (SR Research Ltd., 2009) the delay of the
EOG sampling should be in the same range. Given the size of the measured effects and
the assumption that the delay of the EOG should be the same for all HMDs, this does
not affect our results.

In placing the photodiode for the measurement of end-to-end latency, we aimed for
similar layouts of the photodiode in each subject and device. However, there is some
variance resulting from different head shapes of the participants who took part in the
study. Moreover, the pixel matrix of different HMDs might be refreshed with timing
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differences between the first and the last pixel. However, this could create at maximum
a difference between two systems of one inter frame interval (for example 11ms at 90
Hz) and thus cannot explain the differences we found between devices.

All three of our tested HMDs show rather large end-to-end latencies when compared
to eye tracking devices currently used in research (Gibaldi et al., 2017). However, ap-
plications using off-line analysis of fixations in VR can be done with all devices. In this
context, considerations regarding spatial resolution and data quality are more important
than online latency. Off-line analysis of fixations, even if time-critical, seems to be pos-
sible with all HMDs since the delays and latencies had small variance and thus were
quite stable. However, any analyses of saccadic reaction times or times of first fixation,
etc. will have a constant bias due to the eye tracking delay. Researchers interested in
such measures should therefore measure the delay in their setup and correct for it in
their analysis.

Based on our results, it appears that the Fove-0 and the Varjo VR-1 can be used
as gaze-contingent display to a certain extent. However, it is important to note that for
our measurement of end-to-end latency for gaze-contingent display change, we used a
rather large (20°) saccade and a very simple detection algorithm (crossing of the screen
centre). These choices were made to allow a robust and comparable measurement of
delay. Gaze-contingent research and applications are likely to involve different saccade
amplitudes and more complex detection algorithms. Saccade amplitudes are highly de-
pendent on task, for example, when looking at a natural environment the typical saccade
varies between 2° and 20° (Bahill, Adler, & Stark, 1975; Gibaldi & Banks, 2019; Land
et al., 1999; McConkie et al., 1984; Sprague et al., 2015). Smaller saccades are more
difficult to detect than larger saccades. Moreover, smaller saccades are also shorter in
duration and might last for only 30 ms or much less. This might reduce the applica-
bility of the tested HMDs for gaze-contingent research with small saccades. Therefore,
researchers should do their own tests for their specific setup and scenario to examine
whether the HMD eye tracker is suitable for their needs.

A further issue for online saccade detection concerns the sampling rate of the eye
tracker. Reliable onset detection can be hard using sampling rates of the tested systems
(70 —90Hz). The eye trackers in our test HMDs are capable of higher sampling rates
than frame rates, which might be helpful for implementing reliable saccade detection
algorithms. Moreover, more advanced methods might allow achieving lower latency for
saccade onset detection (Arabadzhiyska et al., 2017). Still, as eye tracking in HMDs
may become more advanced in the near future, access to faster eye tracking data with
lower delay and lower end-to-end latencies would constitute an important step for VR
and perception research.
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Using the method presented in study I, various HMDs can be evaluated with regard to
their ability to display visual stimuli at a specific position in the FOV independently of
the current viewing direction. To obtain a good assessment of the overall eye tracking
quality, other metrics have to be considered as well. In addition to sensor latency and
delay, these include precision and accuracy of the estimated eye direction (Aziz et al.,
2024; Lohr et al., 2019; Sipatchin et al., 2021). To measure precision, the root-mean-
square of the inter-sample angular distances between successive gaze directions during
a fixation is usually calculated (Blignaut & Beelders, 2012). Eye tracking accuracy is
often defined as the average error between the position of a fixation target and the mea-
sured fixation, while precision describes the dispersion of gaze data while the gaze is
fixed on a static position in space (Clemotte et al., 2014; Nystrom et al., 2025). Under
optimal conditions, the HTC Vive Pro Eye shows eye tracking data delays of about 50
ms, an accuracy below 1° in central, but up to 10° in strong peripheral positions (27°),
while eye tracking precision varied between 1.4 and 3.6° (Sipatchin et al., 2021; Stein
et al., 2021).

Low eye tracking precision can sometimes be corrected at the expense of additional
latency, by applying a time-wise filter on the eye tracking signal (Holmqvist et al., 2011).
However, to detect rapid eye movements such as saccades as early as possible, it is best
to collect eye tracking data at a high temporal sampling rate and with the lowest possible
latency.

Accuracy depends on the calibration of the eye tracker. During this process, the eye
tracking system creates a mapping of the distance between the tracked pupil and the
visible infrared reflections of the cornea, which were extracted from the recorded image
of the eyes and the angle of the distance vector to positions on the screen. (Adhanom
et al., 2023; Harezlak et al., 2014). In most cases, the user is shown a series of (usually
5-16) small targets that must be looked at in sequence (Adhanom et al., 2023). To ensure
consistent accuracy of the calibrated assignment, it is also important to check whether
the worn eye tracker changes position during the experiment (Niehorster, Santini, et
al., 2020). If there is too much movement, recalibration must be performed. Although
they are not (yet) widely used, there are also some VR algorithms for calibrating eye
tracking that can be run in the background without the user having to perform a separate
calibration process. For example, gaze movements can be compared with the user’s
interactions with the user interface in order to continuously update the mapping (Hou
et al., 2025). Alternatively, it is also possible to use an algorithm to find connections
between eye movements and visible motion on the screen (Tripathi & Guenter, 2017).
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Determining Gaze Position in VR

After calibration, current VR eye trackers usually provide two three-dimensional eye
direction vectors. These can easily be converted into vertical and horizontal angles, by
comparing the x and y-coordinates with the head direction. The gaze direction, which is
calculated by combining the eye and head orientation vectors, can then be assigned to
virtual objects on individual images of the VE.

Although the vectors of eye direction are often represented as three-dimensional
vectors, they usually do not contain any information about the gaze distance. Instead,
the third coordinate is typically the result of normalizing the vectors to a length of 1. To
estimate the viewing distance by exclusively using eye tracking data, the vergence angle
between the left and right gaze direction can be calculated and calibrated to different
gaze depths. However, we tend to make large vergence angle errors, especially when
looking at near targets (Cornell et al., 2003). The same errors can be observed in VR and
can not be reduced even when using optical lenses specifically implemented to reduce
the VAC (McAnally et al., 2024). An alternative method of obtaining a rough estimate
of the user’s viewing distance is to measure the interpupillary distance resulting from
the estimated eye positions (Arefin et al., 2022).

Another way to determine the three-dimensional viewing position is to combine the
eye movement data with the structure of the VE. Once the head and eye signals have
been combined, a virtual ray can be created from the eye position in the direction of
gaze. If it crosses a surface of one of the virtual objects in the VE, the collision point
can be used as the current three-dimensional gaze position, with the virtual object serv-
ing as a label. Since these objects update their position frame by frame, the rendering
frequency of the VE influences the recorded three-dimensional gaze positions. Without
further adjustments, the rendering frequency is limited by the maximum refresh rate of
the display and how well the available hardware copes with the complexity of the scene.
Thus, the quality of the resulting gaze position depends on the quality of the eye track-
ing and the quality of the head and position tracking. By default, the gaze ray method
returns the first object the ray collides with. Since the accuracy and precision are not
perfect in current VR eye trackers, it is possible that a gaze position from an object be-
hind the current object of interest is selected, especially if the gaze target is small. This
limitation also applies to desktop eye tracking configurations. In VR however, a small
measurement error in vertical and horizontal eye direction angle can lead to comparably
large errors in three-dimensional gaze points. To some extent, this problem can be de-
tected by examining the distance between the user and the fixation position over time.
Unusual spikes while no saccades are present in the eye movement signal may indicate
that a gaze signal is bouncing between two objects in the line of sight.
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Eye Movement Classification

In the next step, each of the continuous data points from the stream of gaze data is clas-
sified as a type of eye movement. In experiments, in which visual stimuli are presented
on a fixed screen on a desktop, fixations and saccades are usually classified depending
on threshold algorithms that are based on the eye movement velocity (Holmgqvist et al.,
2011) and therefore can in theory also be applied when using mobile eye tracking in
natural environments. However, most of the commonly used algorithms are based on
velocity thresholds and are optimised to work in static environments in scenarios with-
out head movements. In experiments with head movements, differentiating clearly be-
tween smooth pursuit, saccades and eye movements that stabilise an object on the retina
during an ongoing head movement can be challenging since these movements interact
and their conceptual separation becomes less clear (Drewes et al., 2021; Lappi, 2015;
Steinman & Collewijn, 1980). In VR, data from VE, such as fixation marks based on the
positions of virtual objects can also be taken into account. For example, one criterion
for classifying a series of eye movements as fixation or smooth pursuit could be that
they are continuously directed at the same virtual object. In addition, the positions and
rotations of the user’s head, eyes and the virtual object being looked at could be used
to distinguish smooth pursuit to track a moving object from eye movements to stabilise
a fixed object during a head movement. This means that contextual information is used
to classify the gaze data. Thus, additional efforts should be made to show that the gaze
patterns identified using this method are transferable to different types of VEs and are
not specific to eye movements in VR.

Manual classification of fixations has proven to be an unreliable standard since un-
trained coders often disagree with each other (Hooge et al., 2018). Nevertheless, the
manual inspection of eye tracking data is a useful step and can be especially helpful in
finding and improving incorrect classifications when using algorithms.

After classification, we can observe, replay and analyse how VR users are looking
around in the presented virtual worlds. This setup is particularly interesting for research
purposes since it offers a simple way to measure eye, head and thus also gaze movements
while strictly controlling the (visual) inputs that participants receive. In comparison to
real-world eye tracking experiments, gaze fixation points can be automatically linked to
the inspected virtual objects. The resulting data therefore contains a detailed stream of
when certain virtual objects were in the user’s FOV and which of these objects the user
viewed while solving various VR tasks. VR experiments thus make it possible to collect
a large amount of labelled data that describes how participants explore their environment
using the same movements as in the real world. As a result, VR research can help us
better understand complex human behaviours and could be a helpful addition to field
experiments where both the control of visual stimuli and the labelling of eye movement
data involve significantly more effort.
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Whenever we enter a new environment, we intuitively begin to explore using eye move-
ments (Hayhoe et al., 2003; Land et al., 1999; Rothkopf et al., 2016). But how does
our visual system know where to look next? In many everyday situations, we use our
eyes to facilitate the action we are performing, such as when watching birds pick cher-
ries, exploring a particular object in a virtual world or contemplating at a work of art
in a museum. Seemingly effortless, our gaze finds its way from one object to the next,
allowing us to perceive and interact with our surroundings. We can move our eyes in
a certain way based on tasks and strategies we have decided on even before we have
seen the environment in which we are acting by incorporating previously accumulated
knowledge and our current expectations.

This chapter provides an overview of where we look when performing various ac-
tions and explains how we plan and monitor our actions with the help of precisely timed
eye movements. In particular, the chapter covers where we look when walking, where
we look when overcoming obstacles, how we orient ourselves toward a destination when
walking, and how walking influences our perception.

Task-dependent eye and head movements have been systematically observed and
analysed in a range of everyday activities (Adhanom et al., 2020; Land & Tatler, 2009a;
Schiitz et al., 2011). In many activities, such as making tea or reading, we look at places
and objects that are related to our actions (Land et al., 1999). When reading, the ampli-
tude of the saccades and the duration of the fixation adapt to the structure of the words
and sentences we are currently looking at (Schiitz et al., 2011). When we are looking
for something, we tend to make slightly longer saccades than when we are just glancing
at a picture (Tatler et al., 2006). Through examining eye movements during different
actions, it becomes clear that the frequency of different types of eye movements change
and our fixations and actions are temporally perfectly coordinated (Tatler et al., 2011).
This can for example be observed when reading sheet music (Furneaux & Land, 1999),
driving (Land & Lee, 1994) or motor racing (Land & Tatler, 2001).

In addition to saccade amplitude and fixation position, an ongoing task can also
influence other types of eye movements (Doughty, 2001; Karson et al., 1981): For ex-
ample, the blink rate is lowest when reading (7—10 blinks/minute), but increases slightly
when we are in a relaxed state in a silent room (12-16 blinks/minute). This rate is also
known as the spontaneous eye-blink rate. During conversation or when memorizing
while listening, the blink rate increases to more than 24 blinks/minute. During repetitive
tasks fixational eye movements such as drifts increase (Di Stasi et al., 2013; Friedman
& Komogortsev, 2025).

Interestingly, there are also a number of examples that show that the top-down appeal
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and engagement of visual stimuli can have an effect on our gaze. For example, the blink
rate can decrease, when watching repetitive actions or when a person leaves a scene
(Andreu-Sanchez et al., 2021). When we look at less obvious characteristics of a film
clip, such as the length of the shots, we can see that shorter shots slightly reduce our
blink rate (Andreu-Sanchez et al., 2017). Thus, the blink rate can be used to measure
changes in engagement in periods of seconds to a minute during free viewing (Ranti
et al., 2020). Similarly, our saccade amplitude, fixation duration and eye movement
variability change when we watch different types of outdoor scene videos with varying
styles of cutting or effects such as stop-motion (Dorr et al., 2010).
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Task Dependent Gaze Patterns

To understand where we look while we act, we need to understand how different tasks
influence our eye movements. We also need to understand that the currently available vi-
sual input is also important since it defines most of our fixation targets. This interaction
between top-down and bottom-up factors influencing our gaze was first systematically
described in 1967 when Yarbus showed that the patterns of eye movements are simi-
lar when the same painting is viewed by different people, even if there is a gap of one
or two days between viewings. This underlined the important influence that the visual
input has on our eye movements. However, although the patterns were similar, they
were not identical, with the eye movement patterns within a person being more similar
than those between different viewers. Yarbus then asked one person to look at the same
painting seven times while giving various viewing instructions, such as making a judge-
ment about the depicted scene, remembering aspects of the image or simply looking at
the painting freely, whereupon the eye movements changed significantly (Duchowski,
2007; Tatler et al., 2010). This showed that the instruction influenced eye movements
substantially.

Later Noton and Stark (1971a) expanded these results by showing that subjects with-
out an explicit task also fixate similar regions of interest when confronted with the iden-
tical visual stimuli. Just like Yarbus, they observed small differences between viewers
and noted that the order of fixations within the regions that all participants looked at
were not stable. For example, when inspecting a square, participants usually fixated on
the corners of it. The order of the corners, however, varied from one observer to the
other and even between successive observations by the same person (Duchowski, 2007;
Noton & Stark, 1971a, 1971b).

These results show that our eye movements vary dependent on the ongoing actions.
During an action, our saccade and fixation patterns seem to follow some common un-
derlying principles that help us solve the ongoing tasks while still perceiving what is
around us. In the phase before a task begins or an instruction is given, we seem to
mainly use our gaze to explore our surroundings. Thus, the distribution of fixations be-
tween task-relevant and irrelevant objects is roughly equal. Shortly before and during
an interaction, we mostly fixate on locations relevant to the task (Hayhoe et al., 2003;
Rothkopf et al., 2016).

Task related eye movements can be classified into different types. Land et al. (1999)
proposed a categorisation based on monitoring functions. They distinguished between
eye movements that serve to locate an object that will be used later in the process,
eye movements that monitor how we move our hand or an object in our hand to a
new location, eye movements related to the approach of one object to another, and eye
movements related to checking a condition or variable related to the ongoing action.

While this classification is well suited to tasks that involve interactions with one or
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more objects, Foulsham (2015) developed a classification of fixations that is applicable
to an even broader range of situations: He divides fixations during actions into three
categories depending on how they relate to the task at hand temporally.

Planning

The first category consists of fixations that are used to plan actions. These anticipatory
fixations are part of task-dependent strategies and can be observed relatively early on,
as they are often unrelated to the action currently being performed. In a study in which
participants had to solve a modelling task, look-ahead fixations occurred before 20%
of all grasping movements and took place up to 3 seconds before the actual movement
(Mennie et al., 2007). Similar fixations can also be observed when making binary de-
cisions, such as deciding which path to follow at a junction. Usually, these precede the
actual decision only by a few hundred milliseconds (Wiener et al., 2011).

In addition, there are less common anticipatory fixations, which are not related to
planning the next action, but can be used to memorise the position of objects for later use
(Foulsham, 2015). In an experiment in which eye movements were compared between
different tasks in the same environment, Pelz and Canosa (2001) found that anticipatory
fixations were typically on task relevant objects.

Just-in-Time Fixations

The second category mostly includes fixations that occur when we interact with objects
in our environment. These frequently occurring fixations clearly relate to the upcoming
action and are called just-in-time fixations (Ballard et al., 1992; Foulsham, 2015; Hay-
hoe et al., 1998). In an experiment by Land et al. (1999), gaze moved to the next object
an average of 0.6 seconds before the participants had finished manipulating the previous
object. Foulsham observed a similar time sequence when grasping. He reported that we
fixate on objects approximately 0.5 to 1 s before reaching out for them.

Brouwer et al. (2009) described the time course of eye movements during such a
grasping task in more detail: The first eye fixation is normally directed towards the cen-
tre of gravity of the target object. When we simply look at an object, our gaze normally
rests close to this position. Sometimes, a second saccade slightly corrects a possible
undershoot of the initial landing position. Depending on the next intended action, the
point of fixation may also be at a different location. For example, if we grasp an ob-
ject, our second fixation is focused on regions that contain relevant information for the
grasping positions of our index finger and the thumb. Thus, by looking ahead and fix-
ating task-relevant landmarks during interaction, our eyes support our hand movements
(Johansson et al., 2001). However, when we try to walk past an obstacle, we look at its
outer edges rather than its centre (Rothkopf et al., 2016). This means that the additional
visual information is gained just in time to carry out the next step (Ballard et al., 1995).
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Thus, when putting a cup somewhere, we fixate empty areas, such as the place on the
table where we want to put the cup down (Hayhoe, 2000; Land et al., 1999; Schiitz et al.,
2011). Interestingly, this pattern of fixating empty space between two potential future
targets has also been observed in some visual search tasks (Findlay, 1997; Najemnik &
Geisler, 2008). This suggests that during a search, some just-in-time preparation is also
beneficial.

In addition to the fixation position, the timing of these task-related eye movements
also appears to adjust depending on the task. For example, saccades towards anticipa-
tory fixations during interaction seem to be faster and shorter than saccades used to
examine visual objects (Epelboim et al., 1995, 1997). Such shortening of fixation time
and acceleration of saccades can also be observed in other tasks, for example when an
eye movement is performed as part of a pre-planned sequence of fixations in the same
direction (Carpenter, 2001). Moreover, on the basis of an anlaysis of eye movement
strategies of cricket players, Land and McLeod (2000) argue that the correct temporal
placement of the eyes is more crucial for the successful execution of behaviours than
fixating accurately and that skilled performance depends as much on the correct tem-
poral as spatial allocation of gaze. Furthermore, Hacques et al. (2022) showed that the
complexity of climbers’ gaze paths reduced when they trained a particular route for
several weeks. In addition, their ratio of observational and anticipatory eye movements
adjusted depending on the training.

Another function of short-term look ahead fixations is likely to relieve our visual
working memory: Ballard et al. (1992) conducted an experiment, in which participants
were instructed to copy an arrangement of coloured blocks on a computer. Instead of
storing and recalling the original structure in visual memory, they were constantly look-
ing back and forth between the original figure and their copy (Ballard et al., 1992, 1995).
Thus, by continuously using eye movements as a method for information seeking, we
seem to reduce the need of using a large capacity in our visual memory.

Monitoring

Finally, fixations can be related to our ongoing behaviour. This can be helpful to quickly
adjust our actions based on visual information if necessary. When we cut bread, for ex-
ample, we first fix the point of contact with the knife and then move our gaze along
the cut directly in front of the knife (Hayhoe et al., 2003). Similarly, we can adjust our
pouring speed while filling a cup if we keep a close eye on the cup during this action
(Land et al., 1999).

Our eye and head movements during an action are closely linked to our behaviour and
are often necessary to complete a task successfully. Most of our eye movements are as-
sociated with monitoring, anticipating and planning our actions. This means that leading
up to, and during a task interacting with our environment, we are constantly gathering
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useful and necessary visual information with our eyes and thus adapting our actions to
the requirements of different tasks. This also helps us to perform more precise hand
movements. However, it also means that task-related gaze patterns do not always occur
in fixation blocks that only relate to one subtask. Instead, a time series of eye movements
often appears chaotic and complex at first glance, as successive fixations can relate to
the current, the next and then again to the current subtask. Therefore, analysing eye
movements in relation to associated actions can be a helpful method for untangling the
chaos.

Interestingly, describing gaze data according to this principle can shed light on how
far ahead we typically plan and what information we use in different types of tasks. This
means that task-related eye movements can give us a better understanding of how we
act and could ultimately allow us to make predictions about future behaviour given a
predefined task in a known environment.
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Gaze During Locomotion

Natural locomotion allows us to constantly shift our FOV to perceive relevant visual
information around us. In many situations where we want to interact with an object in
our environment, we walk towards it. This is because walking can be easily integrated
into many of our daily tasks, such as when we go to the kitchen, find our favourite cup,
fill it with water and then go to the living room to sit down and drink. Of course, we
also move our head and eyes during these subtasks. Gaze tracking recordings during
such natural tasks may appear chaotic at first glance. However, many of the eye and
head movements follow systematic patterns and can be attributed either to interactions
with objects or to walking planning. To better understand and recognise these patterns,
various typical gaze behaviours when walking are described in the following section.
The next few pages also discuss how walking itself can influence our perception.

Looking Ahead

Like many other actions, walking benefits from visual information that we collect on the
fly. However, the walking movements themselves make it difficult for walkers to capture
this information straight away. During walking, vertical and horizontal movements of
the head occur with approximately 2 Hz vertical and 1 Hz horizontal head movements
(Imai et al., 2001; Moore et al., 1999; Moore et al., 2001). Thus, eye movements are
compensating for the head motion to stabilise our gaze (Moore et al., 2001). In addition,
our eyes compensate for our progress as we walk, allowing us to keep a fixed object
more stable on the retina even as we approach (Patla & Vickers, 2003). At the same time,
we align our head to a point approximately 0.8 m in front of us (Hirasaki et al., 1999;
Moore et al., 1999). In walking experiments on flat terrain we usually direct slightly
more than half of our fixations toward the ground (Matthis et al., 2018; Patla & Vickers,
2003; Pelz & Rothkopf, 2007).

The targets of these travel-gaze fixations are usually in locations that we reach be-
tween 0.8 and 1.5 s later, two to four steps ahead (Hollands et al., 1995; Matthis & Fajen,
2014; Matthis et al., 2018; Patla & Vickers, 2003). Most of these fixations are shorter
than 0.6 s (Patla & Vickers, 2003) and tend to be mainly directed at locations that are
relevant to the ongoing task (Hollands et al., 2002; D. Marigold & Patla, 2007; Rothkopf
et al., 2016). In general, these fixations appear to serve to inspect specific locations in
the terrain, while saccades direct the gaze back towards future waypoints further ahead
(’t Hart & Einhduser, 2012).

Brenner, Ghiani, et al. (2024) found that we apparently look less far ahead when
running than when walking. They noticed that during running, we do not adjust our
gaze distance to the running speed. In other words, regardless of speed and step length,
we look a certain distance ahead and reach the place we are looking at earlier and in
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fewer steps when we are moving faster while taking larger steps. This also means, we
usually do not look at the ground to place our feet. Instead, we seem to rely on the
passive mechanical response of our body to remain stable (Dhawale & Venkadesan,
2023). However, when running with others, we intuitively adapt our gaze behaviour.
Brenner, Janssen, et al. (2024) found that when running in groups, the average time
spent looking at the path in front increases by about 10 %, presumably to make sure
we do not trip over other runners’ feet. At the same time, we are also able to adapt our
gait to the demands of vision to a certain extent. For example, Mulavara and Bloomberg
(2003) found that participants in a walking and reading task were able to extend the
double support phase of the gait cycle by 10% without changing step length or step
duration to stabilise their upper body and thus their gaze. The more stable a target is in
relation to the surroundings along the axes perpendicular to the direction of movement,
the faster and more precise the gaze fixation (Manakhov et al., 2024). In contrast, visual

objects that are attached to the head are perceived less accurately during walking (Borg
et al., 2015; Geng et al., 2016).

Overcoming Obstacles & Rough Terrain

If no obstacle is in our way, we mostly look at the path ahead of us and occasionally
at our walking target (Patla & Vickers, 2003). In contrast to reaching movements, we
use fewer fixations to monitor how exactly we place our feet. Thus, in a study using
mobile eye tracking, Patla and Vickers (1997) found that when we find an obstacle in
our way, we tend to look at it before we reach it, but not while we step over. During ob-
ject avoidance preparation, we direct our gaze mainly to the outer edges of the obstacle
(Rothkopf et al., 2016). If we are confronted with stairs, our gaze patterns also adapt.
For example, the number of saccades when walking down stairs compared to walking
on a descending surface is clearly increased (’t Hart & Einhduser, 2012). Moreover, our
gaze distance seems to increase slightly when a walking task becomes more difficult
and risky. For example, we look further ahead when descending stairs than when as-
cending them (Ghiani et al., 2023). During stair walking, we tend to fixate targets about
three steps ahead (Zietz & Hollands, 2009) and our gaze often skips the first step. In
addition, D. Marigold and Patla (2007) noted that, when we change from one surface
to another, a particularly large number of fixations are directed towards this transition.
They concluded that in this way, fixations maximise the amount of available information
to enable safe foot placement.

Interestingly, there is some evidence to suggest that peripheral vision rather than
foveal vision, is important for passing obstacles. This fits with previous observations
in athletes: Without central vision, slalom skiers were easily able to complete a 150 m
course, javelin throwers hurled their javelins far and figure skaters performed clean spi-
ral patterns on the ice (Craybiel et al., 1955; Franchak & Adolph, 2010). Even patients
with central vision loss navigate through their environment without major impairment
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(Hassan et al., 2002). Without peripheral vision, however, patients have great difficulty
finding their way in the world and often stumble over obstacles (Geruschat et al., 1998).
Skiers without peripheral vision go off course, javelin throws become shorter and fig-
ure skating patterns become unpredictable (Craybiel et al., 1955; Franchak & Adolph,
2010). The results of a field test with mobile eye trackers, in which participants ran
through an obstacle course while searching for stickers, point in a similar direction. In
41% of the obstacle encounters of children and 68% of those of adults, participants
controlled their locomotion adaptively without ever fixating the obstacle (Franchak &
Adolph, 2010).

On uneven terrain, where different surfaces alternate and we have to overcome gaps
and small differences in height, we also adjust our walking. For example, we increase
the stride variability and the height of the swing foot (Kowalsky et al., 2021). Complex
terrain seems to influence our sensorimotor decision-making and path planning based
on depth information since we consistently tend to choose indirect routes to reach flatter
paths (Muller et al., 2024). We typically reduce our speed and simultaneously lower our
gaze so that our fixations are closer to us (Matthis et al., 2018; 't Hart & Einhduser,
2012; Thomas et al., 2020a). These shorter fixations could also serve to gather more
information about where we set foot. When comparing gaze patterns across different
terrains, Matthis et al. (2018) found that gaze was almost exclusively focused on the
upcoming path and was closely associated with the upcoming footfalls, in medium and
rough terrain. In rougher terrain especially, gaze was more evenly distributed between
the upcoming footprints 2 and 3.

This finding fits well with a previous study in which Matthis and Fajen (2014) found
that if participants could not see what is coming in 2.5 steps, walking speed was re-
duced and the likelihood of colliding with some of the objects increased. They explain
this finding based on the different phases of walking. If we would only plan ahead one
step, visual information about an obstacle is perceived while we are already in the one-
legged phase of the opposite leg. In this situation the foot position and the alignment
of the centre of mass are already partially predetermined since the toes of the previ-
ous step have been pushed away from the ground already. Thus, at this point, only less
efficient adjustments in the flight phase of the step are possible to adjust the foot land-
ing position. However, if visual information about the location of obstacles is available
before the start of the single support phase (at least two full stride lengths before the
obstacle), walkers can adapt the initial velocity of their centre of mass and the location
of the touchdown foot to available footfalls by applying an appropriate push-off force.
Similarly Patla (1998) also found that it is sufficient to have the necessary informa-
tion available only in a critical time window before overcoming an obstacle, and found
that walking movements are not compromised if visual information about an obstacle
is withheld during the overcoming of the obstacle or up to two steps before overcom-
ing it. In a study, in which the participants had to step on visual targets that could be
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hidden or visible, Matthis et al. (2017) found that the latest possible time at which the
participants needed the visual information was 1.5 steps before reaching the target. So if
visual information was available just in time, participants were able to walk over the vi-
sual markers fairly accurately. Interestingly, they also found that visual information that
was only available further in advance, but was not visible 1.5 steps before reaching the
target, led to less accurate foot placements. This suggests that we process visual infor-
mation for walking, similar to when grasping an object, just before the actual movement.
When comparing the accuracy of foot placement with one or both eyes, Bonnen et al.
(2021) concluded that, although it was possible to place the feet fairly accurately in both
conditions, we probably use depth information from both eyes for our walking plans.
Furthermore, under certain conditions of their experiment, artificially restricting vision
to one eye led to the slightly more frequent fixations on nearby footholds.

Interestingly, despite the different viewing behaviours in the different environments
and despite the varying difficulty of the terrain, participants maintained a constant look-
ahead time of approximately 1.5 seconds under all terrain conditions and appeared to use
their eye movements in such a way that they knew what would happen in the next 1.5 to
2 seconds (Matthis et al., 2018). This could explain why we make specific, anticipatory
walking speed adjustments on difficult terrain: The slower speeds may represent the
maximum speed at which we are able to process the information needed to support
locomotion in the face of higher uncertainty in complex terrains. This would also fit to
the results of a walking study by Darici and Kuo (2023). Here, variations in walking
speed could be reproduced over several repetitions of the same trail and began about 6
to 8 steps before reaching a terrain feature, while closer features were weighted higher.
Usually these speed adjustments are accompanied by a downward movement of the
gaze, which consists of both head and eye movements (Thomas et al., 2020b).

Gaze During Turning

If we want to change direction while already moving, we can also continuously align
ourselves with the new target by walking in a curve. When we go around curves, our
head and eyes normally point to a location about 1 s ahead of us in the direction of the
apex of the curve (Grasso et al., 1998). Initially, our eyes move in saccades in the direc-
tion of the rotation, interrupted by slower compensatory movements that compensate for
the simultaneous head movement (Imai et al., 2001). The gaze thus guides the rotation
of the head so that the eyes are initially directed further in the direction of the rotation
than the head. Once the rotation is complete, the eye position relative to the head returns
to zero (Imai et al., 2001). Interestingly, eye movements towards the apex do not appear
to be based on our visual input, as they occur in both light and darkness (Grasso et al.,
1998). Therefore, Grasso et al. (1998) argue that instead these type of eye movements
are a necessary part of our behavioural repertoire to prepare a stable frame of reference.

When we decide to start walking in a certain direction, we usually orientate our-
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selves towards the target first, rather than approaching it in a curve. Such turns also
occur, when we suddenly change our walking target. Hollands et al. (2002) found that
as soon as participants do such turns, they make a synchronised eye and head move-
ment towards the new target. They argued that the close temporal relationship between
the onset of eye, head and turning movements suggests that they are all generated as part
of a single reorientation process. This idea is also supported by another experiment in
which the head was immobilised during guided turning, resulting in a visible change in
the timing of the body’s realignment (Hollands et al., 2001). Interestingly, participants
typically spent less than a third of their time looking at aspects of their future route
before turning. However, while turning, they focused their gaze strictly on the updated
destination of their walking route until the slower head movement, compared to sac-
cades, had reached the new walking direction. Thus, Hollands et al. (2002) concluded
that the visual information about a new target is used to orient the body towards the new
direction by creating a gaze-centred frame of reference by first completing the saccade,
then a head-centred frame of reference after completing the head movement and finally
realigning the body (Hollands et al., 2001).

A similar study by Hollands et al. (2004) observed the orientation behaviour of
standing participants when they were asked to align themselves with a visual target and
then walk towards it. In this experiment, it took between 0.3 and 0.4 s to make the first
eye movement after the target was visible. After about 0.6 s, the head and upper body
followed and after 1.2 s, the feet also moved. This order was independent of how far
the participants had to turn and also remained the same for turns to targets that were not
initially visible in the FOV. The way in which the foot moved to align with the target was
similar to the eye movement that was directed at the target about 1 s earlier. Interestingly,
larger turns led to a slightly increased delay in the onset of the initial eye movement of
about 0.1 s. Moreover, Hollands et al. (2004) found a positive correlation between the
latencies of eye and foot movements. As an explanation Hollands et al. (2004) suggest
that the long latency of the saccades indicates the presence of underlying coordination
networks. This would mean that the central nervous system delays the onset of the eye
movement until it is ready to initiate a coordinated whole-body movement, or when an
eye movement is part of a coordinated whole-body movement, saccade programming
incorporates additional information about other body segments, delaying the onset of
the movement.

Walking Alters Eye Movements & Perception

In addition to the eye movements that help us orient ourselves, there is also some exper-
imental evidence suggesting that walking itself influences some of our gaze movements.
For example, Cao et al. (2020) found that blinking and saccades during walking occur
preferentially during the phase in which both feet are on the ground (double support
phase). They found that increasing the walking speed went along with an increased
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blink rate. Interestingly, blink rate increased regardless of whether the task was per-
formed in the dark or in the light, suggesting that the change in blink rate was related to
the walking rhythm rather than the visual input. This was not the case for saccade fre-
quency, which only increased in light, which fits well with the idea that saccades during
walking are mainly used to focus on the next waypoint. Barnes et al. (2025) observed
that the probability of eye movements matched the rhythm of the steps, with saccade
probability peaking in the approximate swing phase of each step, just after the midpoint
of the stance. At the same time, electroencephalography (EEG) power increased during
the swing phase and decreased during the approach to heel strike, which was mainly
observed in the theta and alpha bands, producing an oscillation that also corresponded
to the stride frequency of about 2 Hz. This effect was stronger when walking at natural
speed than at slow speed.

Some walking studies with simultaneous EEG measurements provide evidence of
coordination between saccades, walking behaviour and associated cortical activity. This
suggests that locomotion might not only influence our gaze movements but also vi-
sual perception. For example, Benjamin et al. (2018) found that walking leads to an
increased effect of masking around low contrast stimuli in a contrast recognition task.
Cao and Hindel (2019) showed that walking can alter contrast perception in the pe-
riphery. At the same time, they observed alpha oscillations, which indicate that cortical
activity changes depending on walking behaviour. Generally, alpha power is also con-
sidered a valuable marker for the inhibition of sensory processing and have been shown
to correlate negatively with the neural firing rates in monkeys (Haegens et al., 2011). In
a follow-up study, Cao et al. (2020) showed that walking led to a decrease in alpha ac-
tivity in the occipital cortex in both light and darkness. Moreover, they found that alpha
activity was lower in the swing phase than in the double support phase.

Finally, there are two studies that showed varying performance of tasks performed
during walking dependent on the walking speed and phase: Davidson et al. (2023) found
that the performance of tracking a virtual object with a controller was improved when
walking at a natural pace as opposed to walking slowly. Later, Davidson et al. (2024)
found phasic modulations and optimal periods of sensorimotor precision across the step
cycle. A follow-up study in which participants had to respond to visual targets with
varying contrasts showed that the participants’ recognition rate fluctuated at a rate of
approximately 2 cycles per step (Davidson et al., 2024). In this study, accuracy, reaction
time and reaction probability also showed clear oscillations that were systematically
linked to the phase of each step.

Our eye movements play an essential role in locomotion. We use our gaze to plan our
future path, avoid obstacles, navigate difficult terrain and change direction. Thus, we can
adjust our steps at short notice and react to other people walking near us. However, we
usually do not monitor each of our steps closely. Instead, we make many task relevant
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fixations on prominent objects in our FOV mostly related to just-in-time information
needed for the next steps and long-term planning. Especially when avoiding obstacles,
we also seem to rely on information from the periphery. It also appears that our walking
rhythm is closely linked to the rhythm of our eye movements and other processes rele-
vant to visual perception in our brain. As a result, eye movements during walking serve
several purposes and are influenced not only by our visual input but also our own move-
ment patterns. This usually makes it difficult to analyse eye movement data recorded
during long sequences of natural tasks that include locomotion.

With HMDs equipped with eye tracking sensors, it is possible to record walking and
eye movement data simultaneously while maintaining complete control over visual in-
put. This could make it possible to untangle the multi-causal stream of eye movements,
to get a better understanding of our behaviour. This setup might enable the extraction of
navigation information contained in our eye movements, as these are an essential part
of planning walking behaviour. Due to the large amount of movement data that can be
measured during a walking task, this could even be automated using machine learning
algorithms. It might also possible to use this information as an early indicator of immi-
nent or just initiated behaviour. In particular, fixations associated with future waypoints
and changes in direction should precede our actions by several steps. To further inves-
tigate this approach, we conducted the study II, in which we recorded eye and walking
movements during various tasks in order to predict future waypoints based on these
data.
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Abstract

Virtual Reality (VR) allows users to perform natural movements such as hand move-
ments, turning the head and natural walking in virtual environments. While such move-
ments enable seamless natural interaction, they come with the need for a large tracking
space, particularly in the case of walking. To optimise use of the available physical
space, prediction models for upcoming behaviour are helpful. In this study, we exam-
ined whether a user’s eye movements tracked by current VR hardware can improve such
predictions. Eighteen participants walked through a virtual environment while perform-
ing different tasks, including walking in curved paths, avoiding or approaching objects
and conducting a search. The recorded position, orientation and eye tracking features
from 2.5 s segments of the data were used to train a LSTM model to predict the user’s
position 2.5 s into the future. We found that future positions can be predicted with an
average error of 66 cm. The benefit of eye movement data depended on the task and
environment. In particular, situations with changes in walking speed benefited from the
inclusion of eye data. We conclude that a model utilizing eye tracking data can improve
VR applications in which path predictions are helpful.

*Shared co-first authorship
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Figure I1.1: User perspective of the experiment while walking to a target and avoiding
an obstacle.

Introduction

Walking is the most natural and immersive way of moving through a VE (Steinicke
et al., 2013). It enhances presence and allows users to unconsciously acquire spatial
knowledge (Langbehn, Lubos, & Steinicke, 2018; Usoh et al., 1999). However, walking
creates a set of physical problems for VR applications. Collisions with physical walls,
objects or other users in real space need to be always prevented. Therefore, large VEs
either require large tracking areas or methods such as redirected walking (RDW). With
methods that estimate intentions or predict future actions of walking users, RDW and
other applications such as programmable interaction patterns of avatars, automatic, user
behaviour based level design could become more effective.

RDW is the subtle and unbeknownst redirection of the user to change her trajectory
in real space while keeping her perception of movement in virtual space the same. RDW
is limited by the user’s manipulation threshold (Steinicke et al., 2009). If visually pre-
sented and physical walking paths diverge too much, the user notices the manipulation.
Although the detection threshold can be slowly adapted over time through learning, the
general limitation remains (Bolling et al., 2019).

The implementation of RDW requires applying these manipulations automatically
using RDW controllers. Scripted steering controllers have a predefined set of rules based
on given information about the VE and the physical space (Razzaque et al., 2001). As
a result, RDW manipulations are applied whenever a participant reaches a predefined
position. Accordingly, this type of controller needs to be carefully readjusted when-
ever the VE or the available physical space changes. In the past, several methods to
automatize this readjustment process have been developed (Zmuda et al., 2013). The
available virtual walking paths can be generated automatically from the environmental
data (Zank & Kunz, 2017). Equipped with predefined probability scores for each path
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and a given skeleton map of the virtual and physical space, the controller then chooses
the best manipulation from a predefined set during walking. Generalised controllers fol-
low a different approach. Instead of using information about the VE, algorithms such
as steer-to-center, steer-to-orbit, steer to way-points, or steer in figure-eight patterns are
designed to work in any VE by steering users along specified physical paths (Nilsson
et al., 2018).

RDW controllers can greatly benefit from predictions or assumptions about the up-
coming behaviour of the user. Given predictions of the user’s virtual path, manipulations
can be applied earlier and with a smaller divergence between real and virtual paths. One
source for the prediction in unknown environments can be recurring behaviour patterns.
For example, assumptions such as typical walking paths (C. Hutton & Suma, 2016)
have proven useful in this context. Besides general assumptions, predictions of upcom-
ing locomotor activities may also be gained from observing the user’s prior behaviour
and actions, such as the trajectory of the user’s path over the immediate past and the
orientation of her head and body during that time.

Another potential source of information is the user’s gaze pattern. When walking,
humans typically use specific gaze strategies to inspect their future path, monitor their
next target and avoid obstacles (Hayhoe & Ballard, 2005; Hollands et al., 2002; ’t Hart
& Einhduser, 2012). Therefore, the pattern of gaze during walking contains valuable
information about the user’s locomotor intentions. Gaze tracking has recently been in-
corporated into commercially available HMDs. Although their current quality does not
match that of research-grade eye trackers (Lohr et al., 2019; Sipatchin et al., 2021; Stein
et al., 2021) it appears still possible to use gaze information to improve locomotor pre-
dictions of VR users (Bremer et al., 2021; Gandrud & Interrante, 2016; Zank & Kunz,
2016a, 2016b). Since gaze behaviour depends to some degree on the task (for exam-
ple obstacle avoidance is different from walking straight to a target (Rothkopf et al.,
2016)) the usefulness of gaze data for walking prediction might likewise depend on the
situation.

In the present study, we explore how combinations of position, orientation and gaze
data can be used to predict a user’s future position during walking in VR, and how
the prediction quality depends on the different data features and task demands. Our
prediction model uses an artificial neural network for time series prediction, the long
short-term memory (LSTM) architecture (Hochreiter & Schmidhuber, 1997), which can
be fitted to the relevant data without prior assumptions and has been used successfully,
for example, for prediction of public pedestrian traffic (Becker et al., 2018) as well as in
RDW (Cho et al., 2018).
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Related Previous Work

Gaze Behaviour During Walking

Eye movements have a tight correlation with other motor action because we need to
move our eye to targets of interest to collect the visual information we need for good
action control (Land & Tatler, 2009b). Usually, eye movements to a behavioural tar-
get precede any other motor action (Hayhoe & Ballard, 2005; Land & Hayhoe, 2001).
Therefore, they present a rich signal for the estimation of action intention (Belardinelli
et al., 2016; Bremer et al., 2021; Gandrud & Interrante, 2016; Zank & Kunz, 2016a,
2016b). However, during walking this does not mean that people lock their gaze on a
future target, for example a door, at all times. Instead, during walking, eye movements
serve the identification of both targets and obstacles. For example, walkers often look at
the ground in front a few steps ahead for safe placements of the feet, particularly in un-
even terrain (Calow & Lappe, 2008; Hollands & Marple-Horvat, 1996; Hollands et al.,
1995; Matthis et al., 2018; ’t Hart & Einhéuser, 2012). This involves not only a direction
of gaze towards the ground but also a pitch of the head (D. S. Marigold & Patla, 2008).
Before approaching a goal, however, walkers typically direct their gaze towards the goal
(Durant & Zanker, 2020; Hollands et al., 2002).

Eye movements are also linked to changes of direction during walking (Hollands
et al., 2002). When walking in a curve, for example, walkers typically direct their gaze
inward from the curve (Grasso et al., 1998; Imai et al., 2001). Furthermore, eye move-
ments are involved in deciding between alternative targets (Wiener et al., 2011; Zank
& Kunz, 2016a) and in searching of targets between distractors (Kit et al., 2014). Thus,
eye movements during walking depend on task demands (Tatler & Tatler, 2013).

In summary, eye movements during natural behaviour may be a useful, though not
straightforward, signal for predicting a user’s intention and future action which could be
extracted in deep learning approaches for action prediction. Their usefulness is poten-
tially different for different tasks. For the present investigation, we chose three tasks to
cover a set of general locomotor scenarios in which eye movements likely play a role:
searching for a target amongst distractors in a room, walking along a curved path and
avoiding an obstacle.

Locomotor Prediction

Different methods for the prediction of future trajectories of users in VR have been
proposed in the past. One approach relies on the analysis of possible or probable paths
in the current environment (Zank & Kunz, 2017; Zmuda et al., 2013). Available virtual
walking paths are generated automatically from the environmental data and probability
scores for each path along with a skeleton map of the virtual and physical space allow,
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for example, to choose an optimal manipulation for RDW. This approach, however, is
tied to the specific environment and needs environmental information.

A different approach focuses on observation of the user’s prior actions to predict
the future trajectory. Zank and Kunz (2016a) used eye tracking data to predict the next
locomotion target. In their experiment, two predefined target positions were presented
and the user was either instructed to go to one of the targets or freely choose one of
them. Based on the chosen targets, they also compared different models that use previ-
ous movements to calculate probabilities for the two targets based on assumptions about
human walking behaviour (Arechavaleta et al., 2008; Fink et al., 2007; Zank & Kunz,
2016b) and graph representations of the environment (Nescher et al., 2014). In partic-
ular, in a narrow T-shaped corridor with little open space, models using eye data were
able to provide accurate predictions earlier than models without eye data. Later in a trial
and in cases with open space, the overall prediction accuracy was higher and including
eye data had no benefit for the prediction at those times.

Gandrud and Interrante (2016) also implemented a binary choice between two walk-
ing targets: Users walked along a virtual hallway, at the end of which they had to decide
between two targets to approach. In the experiment they measured head direction, gaze
direction and the position relative to the virtual hallway midline and compared these
three measures for predicting the chosen target. They found that both head orientation
and gaze orientation had the potential to be useful in predicting a person’s future direc-
tion of locomotion.

The use of eye data in these approaches assumes that the gaze position directly pre-
cedes the direction of human walking. Indeed, there is evidence supporting this notion
(Brument et al., 2019; Hollands et al., 2002; Land & Tatler, 2009b; Tuhkanen et al.,
2019). However, since eye movements during walking also depend on task demands
(Tatler & Tatler, 2013) a more complex processing procedure of gaze data could al-
low an even better prediction. Moreover, these pioneering previous studies only distin-
guished between discrete walking decisions. Further scenarios with fewer restrictions
need to be evaluated to advance the use of behavioural measures for locomotor predic-
tions.

A promising current approach to predict future positions is the use of deep learning
models. These models can be fitted to the relevant data without prior assumptions. They
have been successful, for example, with respect to public pedestrian traffic (Becker et
al., 2018; Yu et al., 2020) or for the prediction of future gaze directions (Cornia et al.,
2018; Feng et al., 2020; Hu et al., 2020, 2021; Xu et al., 2018). With respect to walking
prediction, Cho et al. (2018) presented a preliminary study in which they implemented a
deep learning model for locomotion prediction in the context of RDW. They used head
position and orientation to train an LSTM model (Hochreiter & Schmidhuber, 1997) to
predict the user’s position 100 frames (about 1 second) into the future while the user
navigated a maze. They report that the prediction worked well for two example users.
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However, their model is limited to the pre-defined maze map they used and did not
include gaze data.

Scope of this Study

In the present work, we created a scenario in which participants fulfilled a range of typ-
ical VR tasks, including walking in curved paths, avoiding or approaching objects and
conducting a search. Based on the walking and gaze data, we trained and evaluated dif-
ferent indoor path prediction models with an LSTM architecture that had no information
about the used VE. We were especially interested in whether a user’s eye movements
during walking could be a useful addition to the model. Therefore, we analysed the
stability of the eye tracking over the duration of the study, described typical data pat-
terns during different tasks and evaluated under which circumstances eye tracking data
contributes to a better prediction of future position.
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Methods

Participants

Eighteen participants (8 female) completed the experiment. The participants’ age ranged
from 20 to 47 years (M = 27,SD = 6.34). Participants gave written informed consent
and the experimental procedures were approved by the Ethics Committee of the Depart-
ment of Psychology and Sports Science of the University of Miinster. Apart from the
two authors who participated in the experiment (N.S. and G.B.) participants were naive
to the purpose of the experiment. Two additional participants we initially acquired had
to be excluded due to failed recordings.

Materials

The virtual environment was displayed in an HTC Vive Pro Eye with a resolution of
1440x1600 pixels per eye at a frame rate of 90 Hz and a nominal FOV of 110°. The
experiment was conducted at the VR laboratory of the Department of Psychology and
Sports Science of the University of Miinster. An area of 6 X 11 m was tracked using 6
Vive Lighthouses 2.0. During the experiment, all positional tracking data were Kalman
filtered. The experiment was run using Unity3D on an MSI GE63VR 7RF Raider note-
book equipped with an NVIDIA GTX 1070 graphics card. The notebook was carried
in a backpack and supplied with power by a cable from the ceiling. A Vive tracker was
attached to the backpack to record the body orientation and a Vive controller was used
as input device. Eye tracking data were recorded using the integrated Tobii eye tracker
of the Vive Pro Eye with a nominal accuracy of 0.5°-1.1° within a FOV of 20° at an
output frequency of 120 Hz and a trackable FOV of 110°.

Eye Tracking Procedure and Questionnaires

At the beginning of the experiment, eye tracking calibration was done using the calibra-
tion method provided by Tobii Software.

In the last decade, eye tracking cameras have been included in several commercially
available VR headsets (Clay et al., 2019). Different aspects like latency, accuracy and
precision of eye tracking data in VR have been evaluated (Lohr et al., 2019). Under
optimal conditions, the HTC Vive Pro Eye showed eye tracking data delays of around
50 ms and an accuracy below 1° in central, but up to 10° in very peripheral positions
(27°). Eye tracking precision varied from 1.4° to 3.5° (Sipatchin et al., 2021; Stein et
al., 2021). This makes the Vive Pro Eye suitable for a rough online estimation of gaze
in VR, although it is not clear how side effects such as slippage through head move-
ments during natural walking affect the measurements. To evaluate possible slippage
of the HMD on the head and therefore the eye tracking calibration stability before and
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after the experiment, 16 participants did an additional, custom-made, simple calibration
procedure with 5 fixation positions before and after the experiment.

The simulator sickness questionnaire (Kennedy et al., 1993) (SSQ) was completed
before and after each session. Additionally, the participants completed the Slater-Usoh-
Steed questionnaire for immersion (Slater et al., 1994) (SUS) after the session. Both
questionnaires were translated into German. The authors did not participate in the ques-
tionnaires.

Tasks and Virtual Rooms

The virtual environment was divided into three rooms: search room (for an example
see Figure Il.4a in section II), transition corridor (example in Figure 11.4b) and obstacle
room (for an example see Figure II.1) in which all participants did ten trials including
different tasks. To provoke a lot of natural walking in a limited physical space, search
room and obstacle room were mapped onto the same physical space in an impossible
room scenario (Suma et al., 2012). Whenever a participant moved through the transition
corridor to the door on the other side, an entry to the room opened on the other side and
the interior changed. Participants were asked to maintain a natural walking speed during
the experiment while performing the following instructed tasks.

Search Room — Free Exploration

In the search room, participants had to look for a search object among six identical
looking distractor objects. One object was placed in the centre. The others formed a
hexagon around it (see Figure I1.4a). All objects had a random yaw direction orientation
and a distance of 2 m to their next neighbour objects. Whenever an object was reached,
the participants could test whether this object was the search object by holding the
controller close to it while pressing the trigger on the back of the controller. The result
was signalled by a red or green light above the object. In addition, a sound was played
if the search object had been found.

During the task, the participants were free to decide which object they wanted to
go to next and did not know which object was the search object beforehand. The target
position was individually pseudo-randomised for each participant. After completing the
task, participants walked through the transition corridor to the obstacle room.

Transition Corridor - Curved Path

The transition corridor connected the two other rooms (see Figure I1.4b) and followed
a curved path with a radius of 5.5 m. Participants had to walk through the corridor to
pass between the rooms. Data from the transition corridor was obtained to investigate
walking along a curved path. Since the participants went back and forth between the

63



Eye Tracking-based LSTM for Locomotion Prediction in VR

rooms, ten right curves (search room to obstacle room) and nine left curves (obstacle
room to search room) were recorded for each participant.

Obstacle Room — Straight Path and Obstacle Avoidance

In the obstacle room, participants were instructed to walk to a target object while avoid-
ing an obstacle that might be positioned along the way. For each 4 m walk, the partic-
ipants first positioned themselves on a white field in front of a pole with a red button.
Pushing the button with the controller made the pole and button disappear and the target
object and the obstacle (a chair) appear. The task had 4 different conditions: obstacle
centred, obstacle 30 cm to the left, obstacle 30 cm to the right and no obstacle. During
each visit to the obstacle room, these 4 conditions were run in pseudo-randomised order.
Figure II.1 shows the button, the obstacle and the target at example positions and a typi-
cal walking path with footsteps. Note that in the real experiment, the three objects were
never visible at the same time. The obstacle was placed in the middle between the button
and the target. After selecting the target with the controller (by pressing the trigger at
the back while holding it close to the target), the target and obstacle disappeared and a
new red button appeared at a new location in the room. The participants then went to the
new position and repeated the procedure. After four walks in each trial, the participants
returned to the search room via the transition corridor.

Data

All raw data files are freely available from https://osf.io/b43uv/. For the analysis, data
were sampled at intervals of 50 ms. Periods with missing data and periods in which
the participant remained standing without any locomotion (threshold = 0.15 m/s) were
removed. Such periods of prolonged standing occurred, for example, when the partici-
pants did not immediately start walking at the beginning of the experiment. Naturally,
the eye tracker missed data whenever the participant briefly blinked. In this case, miss-
ing eye tracking values were linearly extrapolated from the data before the blink.
For the prediction model, we distinguished three categories of data:

1. Positional data from the Vive’s infrared tracking system.

2. Orientation angles from the IMU.

3. eye tracking data from the Vive Pro Eye’s eye tracking system.
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Methods

Prediction Model

Features and Labels

The model aimed to predict the user’s location in the VR environment 2.5 s into the
future. Thus, the output of our prediction model was defined as the direction vec-
tor from the current head position (X/?,Y,ZH) to the position 2.5 s into the future
(X;:IFZ.Sw YtI——QI-Z.Ss’ Z{_-QI-Z.SS)'

Since our prediction model should be based on user behaviour without informa-
tion about the environment, it needed to use a coordinate system in a reference-frame
attached to the user and not to the environment. For the present study, we used a head-
fixed coordinate system, which has shown the best results previously (details in Bremer
et al. (2021)).

To set up this coordinate system, we used the average head orientation in the hor-
izontal plane of the input sequence (CIDIEL i,@f"_ i,‘Pf]_ ;) to create a fixed reference yaw
angle that was used to describe each input-output-pair. This reference angle, along with
its orthogonal directions in the horizontal and vertical planes, provided the axes of the
head-fixed coordinate system. Thus, the label direction vectors (F,) were rotated using
the reference yaw angle. Lower case letters are used to express variables in the new

coordinate systems. (e.g., f, ¥, 0).

r X Z H H ~H H

k= (Ft F ) = (Xz+2.5s - X 7Zl+2.5s -7 )
[ = cos(—PH )FX —sin(—¥! )F* (IL1)
fi= sin(—‘Pﬁi)FtX +COS(_IP£{_1')FzZ

The index i in these equations represents the different steps in the input sequence. A
total of 7 input features were selected for our model. First, the current two-dimensional
velocity of the head in the horizontal plane (Vt{ i VtZ_ ;) was calculated. Height was not
used, as there is no evidence for the relevance of this information with regard to the
direction of motion on a plane. These input velocities were rotated using the reference
yaw angle to convert them to the head-fixed coordinate system.

Vi = COS(_lPﬁi)Vt{i - Sin(_‘PtI{i)VtZ—i (I1.2)
vi_y = sin(—PH V¥ +cos(—PI )V '

—i

Second, we added the yaw and pitch angle of the head (¥, ®7) and the direction
of eye gaze (PE,OF) to the list of the features. Both features might be informative
since humans usually orient their head to the target and direct their gaze to the floor
along the future locomotor path. Third, we added the body tracker yaw (¥5), which
was captured by the additional Vive tracker in the subject’s backpack. This provided the
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model with information about body orientation. The reference angles were subtracted
from all angles. Before our final scaling, the angles were set between -180° and 180°,
with 0° indicating the reference direction.

ll/tlii = ‘Pﬁ—i —wH

1—i

Qﬁi = ®£{—i - (”)fl—i
‘Isz—i = lP?—i - Tﬁi (I1.3)
WzEﬂ' = lpfii - lP{I—i
9£i = ®£i - ®{1—i

The input length was set to 2.5 s (50 samples per input), i.e. the prediction was based on
the present data and 2.5 s of past information.

To compensate for possible asymmetries resulting from the architecture of the VE
(for example the positioning of the room entrance might have led the participants to
favour right or left curves in the search room), every second data pair was mirrored
(left-right).

Processing

The data went through two LSTM layers with 64 hidden units, a dropout layer (p = 0.3)
and a dense output layer for the predicted coordinates.

We chose Adam as the optimiser with a learning rate of 0.003 (Kingma & Ba, 2014).
A weight decay of 1 x 10~* was added to prevent overfitting. The model was trained for
20 epochs using the mean squared error as the criterion and a batch size of 64.

To obtain a single comprehensible value for estimating the quality of the prediction,
we computed the mean displacement error (MDE) as the distance between the true value
and the prediction. To evaluate the influence of eye tracking and IMU data, we also
created models without this data to compare them to the main model, which included all
features. The model without IMU data also omitted the eye tracking features, because a
tracking system equipped with an eye tracker but without IMU seemed to be an unlikely
use case.

We implemented leave-3-out-cross-validation at the group level. One participant’s
data were used as validation data and two participants’ data were used as test data.
All remaining participants were used to train the model. The validation data were used
for hyperparameter optimisation. All data were z-standardised with scalers fitted to the
training data.
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Results

Participants took on average 14 minutes to complete the experiment.

Evaluation of Eye Tracking Stability

The eye tracking calibration analysis revealed an average Euclidean eye tracking error of
1.99° before and 2.07° after the experiment (no significant difference, p > .05,7(15) =
—0.31) across all tested participants. Thus, the overall error stayed small over the exper-
iment. Within subject, tests of fixation positions before and after revealed a significant
mean difference of 1.38° (p < 0.001,#(15) = 5.37). Thus, individually, the eye tracking
changed non-systematically by a small amount, probably due to HMD slippage during
the natural walking experiment. Centred fixation positions showed standard deviations
up to 1.6°. The more peripheral fixation targets at + 15° had standard deviations up to
2.2° (see Figure 11.2).
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Figure I1.2: Comparison of custom eye tracking calibration before (left) and after (right)
the experiment. The five black asterisks represent the fixation targets. Red crosses show
mean fixation positions across all participants (coloured dots) and two standard devia-

tions (ellipses).

Overall Quality of Prediction

The full data set contained 156,076 input-output pairs to train the model. In the 2.5 s
labels, the participants travelled an average distance of 165 cm with a mean walking
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speed of 0.72 m/s. The prediction model using all features (position, orientation and
gaze) produced an MDE of 66 cm for a 2.5 s prediction. A model using only position
and orientation performed slightly worse, with an MDE = 68 cm. A model that used only
position data produced an MDE = 78 cm. For comparison, a linear regression model
considering all features reached an MDE of 93 cm (SD = 8 cm) and an extrapolation
benchmark based on the most recent positions reached an MDE of 131 cm (SD = 16
cm). Figure I1.3 shows examples of predicted paths from the full model in the search
room and the transition corridor.

l— Real Path '

Figure I1.3: Two examples of 15 seconds of sequential path predictions. The gray line
depicts the real path that the participant walked. The blue line shows the path predicted
by the model. Prediction at each data point was based on the preceding 2.5 seconds of
movement.

Using the testing method proposed by Nadeau and Bengio (Nadeau & Bengio,
2003) for cross-validated data (alpha level = 0.05), the difference between the LSTM
model and the linear model was significant (#(5) = —11.08, p < 0.001). The Benjamini-
Hochberg correction (Benjamini & Hochberg, 1995) was used to test the differences
between the three LSTM models. The model using only position data produced signif-
icantly larger error than the model using all features (¢(5) = —6.99, p < 0.01) and the
model using only positional and IMU features (¢(5) = —4.92, p < 0.01). The model us-
ing all features produces significantly smaller error than the model using only positional
and IMU data (¢(5) = —3.01, p < 0.05). Thus, eye tracking significantly improved pre-
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diction quality, even if only by a small amount (2.78%). Further analysis showed that
using a gated recurrent unit (GRU) model did not lead to a significantly better prediction
(details in Bremer et al. (2021)).

Analysis of the Different Rooms

Next, we compared the prediction performances of the model in the three rooms to test
whether the improvement gained by eye tracking depends on the task and behaviour of
the participants.

Search Room

In the search room, participants looked for a search object amongst six distractors. Each
object had to be closely approached to check if it was the search object. On average,
the participants walked with a speed of 0.6 m/s and found the search object in the 4th
attempt (SD = 0.6). Typically, after entering the room, participants walked to the object
closest to the entrance and approached one of the outer objects (either clockwise or
anti-clockwise) next. In most trials, participants then tested the object in the centre and
afterwards continued with the remaining objects (see Figure 11.4a).

For the model trained with all data, the prediction error in the search room was
higher than the average error across all rooms (see Table II.1). One reason could be
quantity of training data since only 14.36 % of the data originated in the search room.
However, training the model specifically on the Search Room’s data improved the pre-
diction only marginally (MDE of 84 cm). This suggests that the lower prediction quality
in the search room might be related to the particular task performed, which might be
more difficult to predict than the tasks in the other rooms.

The inclusion of eye data improved the prediction in the search room by a small
margin, both in the model trained with all the data and in the model specifically trained
on the search room data. Thus, eye movement data provided a benefit for the prediction
in the search task.

Transition Corridor

In the transition corridor, participants had to walk along a curve to proceed from one
room to the other. Participants passed the transition corridor at a mean speed of 0.9 m/s.

As the participants went around the curve, they looked towards the inside of the wall
and eventually at the door (see Figure 11.4b). Hence, gaze was to the inside of the curve
at almost all times.

The full model trained on all data achieved a prediction error of 68 cm in the tran-
sition corridor (see Table II.1). Training a model specifically on the transition corridor
data without including data from the other rooms reduces the error to 61 cm, showing a
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Table I1.1: 2.5 s prediction error for different rooms

Test Data

Training Data Eye Data Search Corridor Obstacle

All yes 88cm  68cm 59 cm
All no 90cm 68cm 62 cm
Search yes 84 cm 124cm 103 cm
Search no 86cm 120cm 101 cm
Corridor yes 116cm 61 cm 103 cm
Corridor no 114cm 60 cm 97 cm
Obstacle yes 106cm  106cm 57 cm
Obstacle no 105cm 111 cm 59 cm
All* yes 88cm  75cm 70 cm

*The number of samples in the transition corridor and the obstacle room was artificially
lowered to match the number of samples in the search room.

noticeable advantage. Note that 28.56 % of the full model data came from the transition
corridor.

Eye tracking, on the other hand, did not prove useful in the transition corridor. When
trained on all data and when trained on only the transition corridor data, the model with
eye tracking data gave even slightly worse results than the model without eye tracking.

Obstacle Room

In the obstacle room, participants had to walk to a target object while avoiding an obsta-
cle along the way (see Figure II.1). Participants moved at an average speed of 0.62 m/s
through the obstacle room. They passed 90 % of all right obstacles on the right and 87
% of all left obstacles on the left. When the obstacle was placed in the centre, 68 % of
all obstacles were passed on the right. For the model, this bias should not matter since
half of the data were mirrored.

Every fourth walk contained no obstacle and participants could walk straight to the
target. Comparing gaze data in these trials to those trials that contained an obstacle al-
lowed us to look at differences in the eye movements depending on whether the obstacle
was present or not. Figure I1.5 shows the proportion of gazes (gaze prevalence) that were
directed to the target (blue), obstacle (green), ground (orange), or walls (pink) as a func-
tion of time from the start of the walk. Conditions with an obstacle are plotted as lines,
conditions without an obstacle as dashed lines. The figure shows that, at the start of the
walk, within the first second, participants looked mostly at the ground. Then, when no
obstacle was present, they looked at the target object and kept their gaze there most of
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Figure I1.4: Results of the experiments’ three parts (all participants). (a) Orthographic
Projection of the search room with its 7 objects. Each black dot represents a position
that one of the participants occupied in that room. The transparency represents path
frequency (more frequently walked paths are shown darker). The black spot at the top
right shows the entrance to the room. (b) Bird’s eye view of the transition corridor. The
black line is the average walking path of all participants (standard deviation in gray).
The blue lines show the mean viewing direction at the respective position.

the time. When an obstacle was present, participants looked less frequently to the target,
partially because they looked at the obstacle, but also because they looked more often
to the ground than when no obstacle was present. Overall, over the course of walking to
the target, our participants looked progressively more often at the target and less often
at the ground. Right after start, half of all gazes were directed to the obstacle when an
obstacle was present. Gazes to the obstacle became less frequent after three seconds. At
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Figure II.5: Where did participants look in the obstacle room? The coloured lines rep-
resent the relative prevalence of looking at the target, ground, wall, or obstacle as par-
ticipants walked from the buzzer to the target. Conditions with and without obstacle
are indicated by continuous and dashed lines, respectively. Coloured areas between the
lines identify phases in which participants looked to the respective object more often
when the obstacle was absent than when it was present. Shaded areas indicate phases
in which participants looked to the respective object more often when the obstacle was
present than when it was absent.

that time, in many trials, the obstacle had been passed and was no longer visible.

The MDE in the obstacle room (59 cm) was smaller than the mean error over all
rooms (see Table II.1). When the model was trained specifically on obstacle room data,
the error was even smaller (57 cm). 57.08 % of the data originated in the obstacle room.

The inclusion of eye data provided a small advantage to predictions, both when data
from all rooms was used for training and when only the obstacle room was used.

Comparison Between Rooms

When comparing the rooms, the best prediction result was achieved in the obstacle
room, followed by the transition corridor and the search room. While there were differ-
ences in the amount of data collected in different rooms, the prediction results still hold
when the amount of data was artificially reduced to the same number of observations
in all rooms (see Table II.1). Training the model on only a single room’s data slightly
improved the predictions in that room at the expense of prediction accuracy in the other
rooms.
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Dependence of Eye Tracking Benefit on Locomotor and Gaze Be-
haviour

Eye movements provided the biggest benefits in the Search and Obstacle Room. This
indicates that task and behaviour can influence the importance of eye tracking data for
the model.

Figure I1.6a shows the improvement of prediction error for a model with eye move-
ments compared to a model without eye movements as a function of the mean accelera-
tion in the 2.5 s input data segment. Colours indicate the different rooms, transparency
shows the amount of data that was available. Prediction quality improved when accel-
eration was larger, most notably in the obstacle room. This shows that eye movements
were particularly useful when the data segment contained high acceleration. Figure 11.6b
shows how the prediction error varies with the mean acceleration in the 2.5 s data seg-
ment that was to be predicted. Here, prediction quality was best when the user deceler-
ated in the obstacle room. This suggests that eye movements are most useful for predic-
tion in situations in which the user is likely to stop, presumably because she is close to
the target. The search room and the transition corridor did not show such dependencies.
However, in these rooms, large accelerations and decelerations were less likely to occur,
because they were not part of the typical task-related behaviour in this room.

Besides the acceleration in the walking data, gaze data were also useful to indicate
situations in which eye tracking reduces the prediction error. Figure II.6¢c shows the
improvement of prediction error for a model with eye movements compared to a model
without eye movements as a function of the gaze distance in the 2.5 s input data segment,
i.e. the distance to the object at which the user currently looks. In the obstacle room,
prediction quality benefits the most from eye tracking when the gaze target is close.
This tendency was also present in the search room, but not in the transition corridor.
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Figure I1.6: Added value of eye tracking in the model. (a) shows the model advantage
as a function of the acceleration in the input sequence position data. A 0.25 m/s? long
Gaussian rolling window (standard normal distribution) was used to smooth the data.
(b) shows the model advantage as a function of the acceleration in the true output paths.
The same rolling window was used. (c) shows the model advantage as a function of the
gaze length, i.e. the distance between the observer and the point where their gaze hits the
world, at the moment of prediction. A 1.25 m long Gaussian rolling window was used.
The transparency of the line colours indicates the number of observations that factored
into each data point.
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Questionnaires

The mean SSQ total simulator sickness increased from 7.48 (SD = 7.70) before the ex-
periment to 20.36 (SD = 34.55) after the experiment. However, mean values around 20
should not be automatically attributed to a bad simulator in novice VR users (Bimberg
et al., 2020). Therefore and because we did not notice a high occurrence of motion sick-
ness, when talking to the participants after the experiment, we would interpret the value
increase as a typical result from an experiment that included a 14 minutes long physi-
cal task (walking with a VR backpack) and was done by novice users. Moreover, such
physical activity has led to increased sweating, which is also represented as a sickness-
symptom in the SSQ.

The results from the SUS questionnaire indicated that the users perceived the pre-
sented VE as immersive. Participants scored an average of 4.99 (SD = 1.28, min = 2.83,
max ="17).
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Discussion

We investigated whether data obtained from eye tracking devices in current VR hard-
ware can be used to enhance an LSTM model of locomotor path prediction for natural
walking in VR. The model predicted future walking positions trained on position, ori-
entation and eye tracking data from a free walking scenario, in which users performed
different tasks in differently structured rooms. The full model produced good predic-
tions that exceeded those of linear regression and simple extrapolation models.

To evaluate the use of eye tracking in this model, we compared it against models
that used only position and orientation, or only position data for training. The model
including eye tracking significantly improved prediction compared to those models, al-
beit only to a small amount overall. We evaluated the impact of eye tracking data in the
model specifically for the different rooms, tasks, and walking behaviours. We found eye
tracking benefits in search and obstacle avoidance tasks, and especially in situations in
which users changed their walking velocity.

Quality of Eye Tracking in VR

A prerequisite for the predictive utility of eye data in VR is the quality and stability of
the eye tracker. Different currently available eye trackers have different temporal reso-
lutions, making them more or less usable for studies needing temporal accuracy in the
millisecond range (Stein et al., 2021). For the present study, temporal accuracy was less
critical since we averaged data over 50 ms intervals and based our prediction on data
segments of 2.5 s. Since locomotor behaviour in walking is usually smooth, a small
temporal lag of the eye tracker would not be detrimental in our prediction scenario.
However, during extended periods of walking, on average 14 minutes in our study, spa-
tial accuracy of the eye tracking might deteriorate, for example, if the HMD slips on the
head during user movement.

To check eye tracking quality, we measured fixations to a standard set of five fixation
targets before and after the experiment. We evaluated both the average error before and
after the experiment and the within-subject change of the fixation positions before and
after. There was an average error of 2° in the eye tracking data within our 30° FOV,
which did not increase significantly after the experiment. The average within-subject
change of the fixation positions was 1.38°. Therefore, we consider the stability of the
eye tracking suitable for our purpose of measuring general directions of gaze in walking
experiments. While this is encouraging for the use of eye tracking in VR, we believe that
applications that require eye positions should include such a before-and-after calibration
check.
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Gaze and Locomotor Behaviour in VR

Gaze behaviour during locomotion in the real world shows certain characteristics, like
looking on the ground in front in cluttered environments (Calow & Lappe, 2008; Matthis
et al., 2018; Patla & Vickers, 1997; ’t Hart & Einhduser, 2012), looking at the target in
approach (Durant & Zanker, 2020; Hollands et al., 2002), or looking towards the inside
of a curve (Grasso et al., 1998; Imai et al., 2001). The observed behaviour in the different
rooms is consistent with these specifics, suggesting that participants acted naturally in
these virtual tasks.

The walking speed in the transition corridor was higher than in the other rooms.
This might be explained by a lack of task-relevant object interaction, which allowed
the participants to pass through quickly. In the search and obstacle rooms, participants
walked more slowly and interacted with objects more deliberately. In the obstacle room,
participants glanced more frequently to the ground in the first 3 s of their way to the
target when an obstacle was present, consistent with looks to the ground in natural
behaviour for negotiating a path containing obstacles (Calow & Lappe, 2008; Matthis
et al., 2018; Patla & Vickers, 1997; ’t Hart & Einhiuser, 2012). As the obstacle blocked
the view towards the target, participants may have had to look sideways towards their
path. Since gaze precedes path (Hollands et al., 1995; Matthis et al., 2018), it would
also be possible that curves to avoid the obstacle necessitated smaller shifts of the gaze
here. In the search room, the systematic search patterns shown in Figure 11.4a revealed
that short distances were preferred to arbitrary trial and error.

Use of Eye Tracking for Prediction

Our results show that eye tracking can help to estimate future actions. Gandrud and In-
terrante (2016) previously showed that gaze data are useful when predicting choice be-
tween two potential walking targets in a VR hallway. Likewise, Zank and Kunz (2016a)
identified eye data as especially advantageous for binary walking path predictions in
long, narrow environments. We expanded their results by following a more general ap-
proach, not limited to binary predictions. This provides the potential to be applicable to
a broader range of environments and applications. Users were instructed to walk freely
in the VE. Our aim was to predict their future position in space. Therefore, a direct
comparison of the performance of our model to the prediction methods in those previ-
ous papers is not possible with the current data-set. However, it is possible to compare
whether eye tracking data were a significantly useful addition for the prediction in the
different studies. Eye movements provide useful information when approaching a target
(Durant & Zanker, 2020; Hollands et al., 2002). This fits well with the results of the
binary prediction studies. However, when walking in a curve with no task, the head ori-
entation is likely to include the same information as the gaze (Grasso et al., 1998; Imai
et al., 2001). Accordingly, gaze provided no benefit for the model using only data from
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the transition corridor.

In the obstacle room, an advantage from the inclusion of eye data was observed for
decelerating paths and paths following accelerated motion. It seems possible that the
presence of the obstacle influenced the motion and gaze patterns in a way that eye data
improved model performance. However, since the obstacle was only looked at for a short
time (see Figure IL.5), it is not clear if this alone has caused this effect. The advantage
could also be caused by a change in gaze behaviour when stopping in front of the target.
However, the obstacle room was the only room where stopping was part of the task.
Therefore, we cannot clearly differentiate if eye movements were most beneficial for
predictions during stop-and-go, obstacle avoidance or a combination of both tasks.

The link between gaze and locomotor activity in natural behaviour and VR suggests
that eye tracking might be useful for predicting upcoming user actions. The results from
our LSTM prediction model confirm that the addition of eye tracking data can provide
a significant benefit in predicting future walking paths. Overall, the MDE of the best
model including gaze data was 66 cm for a 2.5 s prediction. The average distance walked
during 2.5 s was 165 cm. It remains to be evaluated in future studies how effective this
prediction is for different applications.

Possible Application Scenarios

For walking in VR, a particular application scenario is RDW, in which users are steered
along a physical trajectory that differs from the virtual trajectory to optimally use the
physical space available for tracking (Razzaque et al., 2001). In dynamic RDW, one
has to decide in which direction and by how much the user should be redirected at any
given point in time. Knowledge of where the user most likely intends to go can be ad-
vantageous for implementing RDW fast and effectively (Nilsson et al., 2018). Since our
prediction model worked well in different rooms and tasks and since it only uses data di-
rectly from the user, it can be considered a useful tool for a generalised RDW controller.
Future user studies are needed to evaluate if an RDW controller using eye tracking data
for redirection outperforms previous approaches regarding the needed number of resets
and the user experience in different physical and VR scenarios.

A very simple way to include our prediction in RDW is to focus on whether a user,
at a particular point in time, should be redirected leftward or rightward. In such a case, a
simple left/right prediction of the user’s intent could be sufficient. To quantify the quality
of such a prediction in our model, we took the predicted future positions at each point
in time and subjected them to a simple left/right discrimination. The results showed that
the model could predict whether the user will turn left or turn right with an accuracy of
84.8 %. A model explicitly trained to distinguish between left curves and right curves
would likely achieve even better accuracy. Additionally, there might be some potential
for synergistic effects with other methods, such as following behaviour (Nguyen et al.,
2020) to improve performance even further.
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Our method of locomotion prediction might also be useful in other scenarios. For
example, control of non-player characters could benefit from user prediction to avoid
collisions. Moreover, valid predictions of upcoming behaviour could be helpful in de-
termining the objects and locations where computational resources should be focused
to for example increase their responsiveness or level of detail.

An important feature of our method is that it relies exclusively on egocentric data
and does not need information about the environment. This feature makes the method
very versatile. By using inside-out tracking, head worn IMUs and eye trackers, the data
for prediction can be gathered by sensors worn by the user, not only in VR. For example,
similar models could likely be trained to provide rough predictions of locomotion inten-
tions in augmented reality scenarios. Moreover, the anticipation of human actions, such
as walking, can also play a key role in the development of assistive robots (Koppula &
Saxena, 2015).

Limitations

Although we tried to create an experiment with a representative sample of typical VR
walking tasks, our data set is limited to our selection of rooms and tasks. This could
compromise the performance of our model in new contexts, as movements associated
with our tasks could be disproportionately represented in the data set. This effect is
already observable in our results since the models that limited access to some rooms
during training produced worse results in the other rooms, compared to the full model
(see Table 1I.1). While the overall smaller amount of data might have decreased pre-
diction accuracy, the discrepancy between known and unknown environments indicates
that the transfer from one of our rooms to the others has only been successful to a lim-
ited extent. This suggests that performance of our model is likely to drop when used
with tasks that were not included in the training phase. However, even these higher er-
rors are still in a range far below the distances travelled. Therefore, we think that our
model’s path prediction can be used in new situations as long as an error of about 1 m
in comparison to the real path is tolerable for the application.

Another limitation is concerned with the predicted variable we used in our model.
Minimizing the error between the real and the predicted end position of a 2.5 s subset of
data gave us valuable information about the range of MDE and the incremental value of
gaze data for the prediction. However, it does not include information on the deviation
between the predicted and the true trajectory during the walk. Prediction of the full
trajectory could be valuable for some application scenarios and therefore should be
considered in extended path prediction models in the future.
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Conclusion

eye tracking data from current VR hardware improves deep learning path prediction for
natural walking in VR. Eye tracking benefits appear especially in situations in which the
user interacts with the virtual environment during locomotion. Including eye tracking
data while considering the user’s task and behaviour is a useful tool for deep learning
path prediction.
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How Does Visual Input Guide Our
Gaze?

Many eye movement patterns can be mapped to different task demands. Some task-
related gaze patterns, such as turning, are very similar in different scenes and seem to
be part of our natural motor programme for the task. Thus, it is possible to predict future
actions based on our eye movements to a certain extent.

However, this does not apply to all eye movements and does not fully explain how
we decide which objects to inspect next. How do we, for example, decide which object
to look at first when there are multiple task-relevant options available? Where does our
gaze wander when we look around without any particular intention?

Some of these gaze movements can be explained by general eye movement patterns:
For example, when looking at images we seem to have a bias for making horizontal
eye movements (Foulsham et al., 2008). This seems to also be the case, while we are
searching for something (Gilchrist & Harvey, 2006). Furthermore, we seem to choose
locations close to our current fixation as our next fixations when we look around in a
natural environment (Gajewski et al., 2005; Tatler et al., 2006, 2011). One possible ex-
planation for this pattern is that we adjust our fixation targets based on the available
information and thus on the basis of the distribution of the resolution of the retina (Na-
jemnik & Geisler, 2008).

Even though these biases can explain some of our eye movements, they are not
sufficient to fully explain where we intuitively look and which objects are particularly
eye-catching. In some situations, this seems to happen almost automatically. When a vi-
sual stimulus suddenly appears in our FOV or starts to move, we tend to look at it (Irwin
et al., 2000; Tatler et al., 2011; Theeuwes et al., 1998, 1999). Similarly, visible optical
flow intuitively triggers saccades and subsequent smooth pursuit movements towards
the focus of expansion (Chow et al., 2021). To prepare such a reactive saccade towards
an appearing object, we only need between 150 and 200 ms (Smit et al., 1987). In con-
trast, the preparation time for a voluntary saccade towards a memorised or continuously
visible target while viewing a scene is likely to be somewhat longer. However, the exact
preparation time is difficult to quantify, as we do not know the exact moment when the
decision to move the eyes is made (Gremmler & Lappe, 2017). If we consciously alter
a reactive saccade, for example, by making an eye movement to a memorised location
in the opposite direction of an appearing stimulus (anti-saccade), our saccade latency
increases even further, reaching values between 300 and 500 ms (Smit et al., 1987).

Whenever we make a saccade towards an interesting object, our visual system must
somehow select a future fixation point and plan an eye movement towards it, even be-
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fore it can be seen with the high resolution of the fovea. One theory describing this
process is the principle of attentional shift. According to this principle, before each eye
movement, our focus first shifts to the location of the next fixation, even before our eyes
move. Objects at the location of attention are then processed in a targeted manner. Visual
attention could therefore be interpreted as a process that highlights part of our sensory
impressions in order to make better use of the information available at that location.

In so-called cueing experiments, participants have to press a button as soon as they
perceive a visual target that could either be at an expected position (cued) or somewhere
else. If the target appears at a location that was previously indicated by a cue so that the
participants could shift their attention before answering, the reaction time is shortened
(Posner et al., 1980). In the first experiments of this kind, participants were instructed
not to move their eyes. In later experiments, in which participants were asked to fixate on
the target when selecting it, it turned out that cueing also had an influence on the timing
of the onset of saccades towards the target (Shepherd et al., 1986). In other words, if
our attention is already focused on a location that will later be the target of a saccade,
the eye movement can be performed more quickly. First, we seem to make a voluntary
shift of attention towards the cue. As instructed, our eyes follow this shift to the same
location, once the target appears. In contrast, if we first receive an attention cue on the
right side, while a saccade target subsequently appears on the left side, our saccade
preparation time increases. In this case, we seem to make a reactive shift of attention
towards the non-target followed by a second voluntary shift of attention towards the
target in preparation for the saccade that follows. This additional shift of attention to a
different location just before the saccade increases the latency.

Interestingly, this also means that shifts in attention can occur even when we direct
our gaze to another point (covert attention) and when no saccade is ever executed to-
wards the point of focus. Thus, it is possible that our attention has already shifted while
our eyes are still fixating the previous target. While we focus our attention on a new
object, it is also possible that, at least for a short period of time, two objects are simulta-
neously in the focus of our attention (Coral Gabbay & Lamy, 2019). Our eye movements
therefore do not always reveal where we are focusing our attention and lag slightly be-
hind any ongoing shifts in attention. Accordingly, the terms ’fixation’ and ’focus of
attention’ should not be used interchangeably in the context of attention research.

When we focus our attention on a specific location, we can better and more rapidly
process targets at that position (Boynton, 2005; Posner et al., 1980; van Ede et al., 2012).
However, there is also plenty of evidence that our representation of the visual world is
built from a combination of the content we are currently paying attention to and a non-
selective global view of what is visible in our FOV (Wolfe et al., 2011). For example,
when looking at a forest, we are able to perceive and process the scene as a whole
without looking at the details of any individual tree using the so-called non-selective
pathway of our visual system (Greene & Oliva, 2009). However, if we want to focus
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our attention on a tree to inspect individual branches or leaves, it would require us to
use the selective pathway (Evans & Treisman, 2005). As a result, shifting attention is
an important mechanism to process the details of objects in our FOV. This in turn leads
us to a series of new questions: why do we focus our attention on certain stimuli and
not others? What are the characteristics of objects that we intuitively focus our attention
on? And finally: how are these processes implemented in our brains?
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Visual Search and Salience

In many situations, even before we enter a room, we already have a preconception of
what we want to do there and which objects we want to interact with. To do this, it
is important to be able to locate these target objects in the FOV. The psychophysical
paradigm of visual search provides some insights in the basic functions of this process.

Visual search was originally developed to investigate the capacity limits of the at-
tention system (Treisman & Gelade, 1980). During these experiments, participants are
asked to search for a target object among a set of distractors as quickly as possible.
Usually, a search ends either immediately because the search target pops out quickly to
the participant, or after a longer search period. One explanation for this pattern could be
that objects in the FOV are either processed serially one after the other, or in parallel.

In their theory of guided search, Wolfe and Horowitz (2017) assume that the type
of search (parallel or serial) depends on the salience of the target. They postulate that
salience increases with the visible difference between target and distractors and also
with the homogeneity of distractors. In other words, if a target is particularly unique
and stands out from very similar distractors, it pops out and attracts our attention. Thus,
we can solve this search task in parallel. The most important property dimensions in
which targets and distractors can be unique or similar are referred to as the basic (or
guiding) features. These special features are capable of drawing attention in a way that
other factors cannot (Higuchi et al., 2019; Wolfe & Horowitz, 2017): The list of guid-
ing features includes colour, sudden appearance, motion onset and target shape. Other
factors that can create such a pop-out effect in search tasks are object size, stereoscopic
depth and tilt, optic flow, luminance, line termination and curvature. Indeed, individual
targets that differ from the distractors in one of their basic characteristics, usually catch
our attention immediately (Treisman & Gelade, 1980; Treisman & Sato, 1990; Wolfe
& Horowitz, 2017) and can be found without or within only a single saccade (Binello
et al., 1995). Moreover, these stimuli seem to automatically draw our attention towards
them since we intuitively execute saccades towards their location when we detect them
in a search display (Hulleman & Olivers, 2017).

If no salient target is available because the distractions do not have at least one clear
basic guiding feature that differs from the target itself, individual stimuli or groups of
stimuli are examined one after the other. In these conjunction searches, the length of the
search, during which we typically perform multiple saccades and fixations, is influenced
by the time required to examine and reject each distractor (Wolfe & Horowitz, 2017).
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The Visual Pathway

To understand how attention shifting, target perception and, to a certain extent, eye
movement planning work, it is also necessary to examine the neural structures that per-
form these processing steps. This section provides an overview of the various elements
of the visual pathway in our brain and how these structures are linked to some of the
behavioural findings presented in the previous sections.

After light is detected by the photoreceptors, the biochemical signal, which from
then on represents our visual input, is transmitted first via bipolar and then via ganglion
cells, while horizontal and amacrine cells form lateral connections between the retinal
layers (Prasad & Galetta, 2011). To maintain high spatial acuity, the input from the
central areas of the FOV is passed on to individual bipolar cells, while in the periphery
one bipolar cell has a receptive field that combines several photoreceptors (Prasad &
Galetta, 2011). Next, visual information is carried from the eyes towards the brain via
the optic nerve which is formed by the axons of the ganglion cells (Prasad & Galetta,
2011). At the optic chiasm, the information from both eyes partially crosses sides, so
that from here on a combined image from the perception of both eyes is available.

About 10 % of retinal axons from the optic nerve end in the tectum of the midbrain
and in the hypothalamus (where they most likely contribute to the regulation of our
circadian rhythm (Joukal, 2017)) the pretectal nuclei and the superior colliculus (SC).
Together with input from other sensory organs, such as the vestibular and somatosen-
sory systems and the visual cortex, these connections are important for various ocular
functions. For example, they regulate the pupillary reflex and the VOR (De Moraes,
2013; Joukal, 2017). Of these structures, the SC in particular has been shown to be a
likely candidate for coordinating our head and eye movements and may even be in-
volved in the preparation of saccades. Indeed, a number of experiments with monkeys
suggest that the brain cells in the SC contain a representation of the FOV and are in-
volved in planning and executing our eye movements (Bollimunta et al., 2018; Groner
& Groner, 1989; Krauzlis et al., 2013). Already in 1972, Goldberg and Wurtz observed
an increase in the activity of individual cells in the SC as soon as the eyes of a mon-
key began to move. Artificial lesions of the same area led to an increase in saccade
latency of 150-300 ms when a saccade was directed to the receptive field of the lesioned
brain cells. At the same time, saccade velocity decreased slightly after the lesion (Wurtz
& Goldberg, 1972). Interestingly, however, targeting accuracy remained unchanged. In
addition, further experiments showed that when a monkey performed hand movements
instead of eye movements towards a target, the firing rate of cells in the SC did not
increase. Accordingly, the previously observed cell discharges were linked to the prepa-
ration of saccades, but not attention shifting (Groner & Groner, 1989; Wurtz & Mohler,
1976).

Further down our visual pathway, the majority of all retinal axons (90 %) form the
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optic tract and send signals to the lateral geniculate nucleus (LGN) of the thalamus
(Joukal, 2017). Although neighbouring cells can inhibit each other, the visual pathway
still appears to run mainly unidirectionally from the eyes towards higher-level areas of
the brain. Thus, up to this point, the activity of the cells involved is mainly driven by
the incoming light. In the LGN itself, however, the retinal axons account for only 5-
10 % of the synapses and most of them originate from upward-downward modulating
connections from other brain areas such as the reticular nucleus of the thalamus, the
pulvinar nucleus and the visual cortex (De Moraes, 2013). Retinal signals in the LGN
travel to the visual cortex via three pathways. The parvocellular pathway that includes
the information for high spatial acuity and red-green colour vision, the magnocellular
pathway that holds the signal for achromatic visual sensitivity and motion vision and
a third pathway via heterogeneous koniocellular tracts (Solomon, 2021). We still know
very little about the koniocellular pathways, but the lower sampling density suggests
that they could provide only a rough sketch of the retinal image, which could still be
used to regulate the other pathways and perhaps emphasise particularly important areas
of the retinal image (Solomon, 2021).

Processing in the Visual Cortex

From the LGN visual information is transmitted to the two occipital lobes, where the
more retinotopic areas are arranged in parallel mirror-symmetrical bands (Grill-Spector
& Malach, 2004). Current research suggests that the organisation of visual information
in the cortex follows two different basic principles: hierarchical processing and func-
tional specialisation (Grill-Spector & Malach, 2004). Thus, a particular brain function,
such as recognizing a particular shape, is typically achieved through a stepwise process.
The information is first reflected locally and retinotopically in the brain and then trans-
formed into more abstract and even multimodal representations through a sequence of
processes (DeYoe & Van Essen, 1988; Grill-Spector & Malach, 2004). Therefore, many
of the early cortical areas of our visual system are defined by their retinotopic maps,
whereas others are defined by their function, like their preference for certain classes of
visual images such as faces or scenes (Kanwisher, 2010; Wandell & Winawer, 2011;
Winawer & Witthoft, 2015).

In general, the average size of the receptive fields in the retinotopic regions is small-
est in primary visual cortex (V1). From secondary visual cortex (V2) to third visual
cortex (V3), third visual complex accessory (V3a) and visual area V4 (V4), it then in-
creases continuously (Grill-Spector & Malach, 2004; Kastner et al., 2001; Press et al.,
2001; Smith et al., 2001). Even in the visual cortex, the representation of the centre of
the FOV is magnified. The connections of 1 mm? around the fovea (representing the cen-
tral 10° or about 2 % of the total FOV) represent about 60 % of cells in V1 (De Moraes,
2013). Interestingly, while V1-V3 have representations of the full FOV, the receptive
fields of cells in V4 are mostly located within 3-4° of the fovea, which suggests that this

86



The Visual Pathway

area is specialised for functions that depend heavily on foveal and para-foveal vision
(Winawer & Witthoft, 2015). Anatomically, the foveal representations in V1, V2, V3
and V4 are very close to each other at the occipital pole, which suggests they are part of
one common map cluster (Winawer & Witthoft, 2015).

The visual cortex is classified not only on the basis of its anatomical structure but
also on the basis of its functions. Broadly speaking, the visual pathway in the brain is
often divided into two pathways (Joukal, 2017): The ventral ‘what’ pathway extends
from the occipital lobe downwards to the temporal lobe and is responsible for functions
related to the recognition of object information such as shape, contrast and colour. The
dorsal ‘where’ pathway extends from the occipital lobe upwards to the parietal lobe
and is responsible for functions such as spatial features and movement. Grill-Spector
and Malach (2004) investigated hierarchical processing based on retinotopy, motion
sensitivity and object selectivity: They found that early retinotopic areas V1, V2 and V3
showed a high degree of retinotopy, but only low specificity for stimulus motion and
form. Thus, in principle, V1 and V2 are active in every type of visual task and activation
in V1 increases, for example when the contrast of a visual stimulus increases.

In V1 itself, there are three different systems that fulfil separate functions (Joukal,
2017). The first system is formed by three cortical columns and is specific for binocular
vision and is thus fundamental for depth perception. The second system consists of cells
with identical retinal positions and preferred orientation axes and enables the perception
of movement. The third system is responsible for the perception of colours and shapes.
As we move from one area to the next, features to which the neurons respond become
more complex. Some functions are also represented in several areas: For example, in
both macaque monkeys and the human brain, there is a relationship between the areas
V1 /V2 and higher areas including V4 for colour processing and the areas V1 /V2 and
middle temporal visual area (V5), medial superior temporal (MST) and V3a for motion
perception (Brewer et al., 2005; Grill-Spector & Malach, 2004; Winawer & Witthoft,
2015; Zeki et al., 1991). In general, intermediate visual areas such as V3a and V4 show
a lower degree of retinotopy and, to some extent, stronger responses to objects and
moving low-contrast gratings (Grill-Spector & Malach, 2004). In subsequent studies,
V4 neurons were associated with a range of other functions (Roe et al., 2012), such as
selectivity for binocular disparity (Hinkle & Connor, 2001), disparity-defined shapes in
random-dot stereograms (Hegdé & Van Essen, 2005) and three-dimensional orientation
of bars (Hinkle & Connor, 2002). A similar area was found in humans (Hansen et al.,
2007) and could also be associated with the encoding of shapes (Dumoulin & Hess,
2007), surfaces (Bouvier et al., 2008) and object-selectivity (Konen & Kastner, 2008).

For higher-order areas further down the processing stream, Grill-Spector and Malach
(2004) found that retinotopy continues to decrease, while a higher degree of speciali-
sation develops. Neurons in V5 showed a strong preference for moving over stationary
stimuli, while having no object selectivity. Neurons in lateral occipital complex (LO) re-
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spond more strongly to objects compared to scenes and textures, but show little response
to moving compared to stationary gratings (Grill-Spector & Malach, 2004).

Neural Basis of Attention

With regard to the results of the visual search, we can now ask ourselves which areas
of our brain recognise the features of, for example, a salient search target. It seems
plausible that neurons that enable basic feature recognition rely on visual input, but not
necessarily multimodal input. The fact that we are able to use these features in a parallel
search to quickly identify the location of the target anywhere in our FOV suggests that
these features are represented in a brain area that is retinotopically organised. In addi-
tion, many guiding features require at least the detection of contrast, colour and motion.
These considerations suggest that the neurons that can control our attention may be
located in one of the intermediate areas of the visual cortex.

In line with these thoughts, Bichot et al. (2005) conducted experiments in which
macaque monkeys searched for a target defined by colour and shape, and found in-
teresting neurons in V4. Throughout the search phase, the neurons showed enhanced
responses as soon as a stimulus in their receptive field matched a feature of the target.
Thus, this detection mechanism worked in parallel across the entire visual field display,
even before the target was localised. This could potentially represent the parallel pro-
cessing of all stimuli in our FOV while we search. The neural response of these attention
neurons encodes position and specific target features. Signals are sent from V4 to other
areas, such as the inferotemporal and frontal cortex. This signal could therefore ulti-
mately direct spatial attention to a potential target and trigger an eye movement to the
same location. This mechanism could explain how, for example, when attention is di-
rected to a stimulus with lower contrast, the influence of this stimulus can outweigh the
influence of a competing stimulus with higher contrast (Reynolds & Desimone, 2003).

Interestingly, Bichot et al. (2005) also found that the same neurons responded more
strongly to potential targets selected for saccades or foveation, which could potentially
represent shifts of attention during serial search when we move our eyes from one po-
tential target to the next. This is consistent with results by Theeuwes et al. which suggest
that detecting the presence of a coloured target is always associated with a shift of spatial
attention to the location of the object (Theeuwes, 2010; Theeuwes et al., 2008).

Therefore, V4 is likely an important area for mediating attentional effects that recog-
nises or is indirectly involved in detecting important features and then uses them for at-
tentional mechanisms in a spatially and functionally specific manner (Roe et al., 2012).
Interestingly, this list of selective features that have been found in V4 could potentially
also explain some of the results in visual search. In particular, it might shed light on why
some unique features of a given target create a pop-out effect while other features lack
the capability to make a target salient.

The neural activity found in V4 in monkeys could explain findings of conjunction
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searches in which the target does not pop-out and a serial search is necessary. In these
searches, the distractors, which shared some but not all characteristics of the target, led
to neuronal activity similar to that of the actual target (Bichot et al., 2005). The positions
that the animals then worked through serially corresponded to the activity map resulting
from the receptive fields of these neurons. In other words, the serial search was the result
of several target candidates based on a basic feature-guided parallel pre-selection.

In summary, the neurons found in V4 seem to enable an important part of our attention
processes and have a receptive field that encompasses all potential stimuli of a search
display in the FOV. Thus, one could conclude that our attention system also operates in
a retinal coordinate system.

However, when we search for something in the real world, our target is often not yet
visible in our FOV. Instead, we often use a combination of eye and head movements
to inspect different parts of our environment. Therefore, we might ask ourselves what
guides our head movements? How does the attentional system guide our eye move-
ments while we move our head to extend our FOV? From behavioural observations, we
already know that both types of movements are closely linked and that we can intuitively
plan ahead and perform our comparatively slow head movements while inspecting our
surroundings. Studies on walking have shown that we can gather knowledge about the
structure of our environment and even about other people in it, and use this knowledge
to adjust our gaze distribution accordingly. However, how exactly our attention system
deals with head movements and how these influence our eyes during a search is still an
open question.

In Study III, we used an HMD with eye tracking capabilities to closely monitor eye
and head movements while participants performed a visual search in a controlled and
simplified VE.
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Abstract

In natural environments, head movements are required to search for objects outside the
FOV. Here, we investigate the power of a salient target in an extended visual search array
to facilitate faster detection once this item comes into the FOV by a head movement. We
conducted two VR experiments using spatially clustered sets of stimuli to observe target
detection and head and eye movements during visual search. Participants completed
search tasks with three conditions: (1) target in the initial FOV, (2) head movement
needed to bring the target into the FOV, (3) same as condition 2, but the periphery
was initially hidden and appeared after the head movement had brought the location of
the target set into the FOV. We measured search time until participants found a more
salient (O) or less salient (T) target among distractors (L). On average, O’s were found
faster than T’s. Gaze analysis showed that saliency facilitation occurred due to the target
guiding the search only if it was within the initial FOV. When targets required a head
movement to enter the FOV, participants followed the same search strategy as in trials
without a visible target in the periphery. Moreover, faster search times for salient targets
were only caused by the time required to find the target once the target set was reached.
This suggests that the effect of stimulus saliency differs between visual search on fixed
displays and when we are actively searching through an extended visual field.

90



Introduction

Introduction

Detailed knowledge of how we search an array of visual stimuli for a unique target has
mostly been acquired using stimuli that onset in front of a participant on a computer
monitor. Participants are often instructed to keep their heads still and initially focus
their eyes on a central point on the screen. Outside controlled experimental conditions
like these, we often search for items beyond our current FOV. The work presented here
compares visual search when targets are presented within the visual field at the start of
a search, to when they appear due to the act of moving the head and eyes to bring them
into view. We compare the effect of salience on visual search under these circumstances,
anticipating that a more salient stimulus entering the FOV after a head or eye movement
would assist the participant in orienting to this stimulus.

Experiments limiting search to a fixed FOV have provided a detailed understand-
ing of how target stimuli are located amongst distractor stimuli. Some targets are found
with very little delay after onset within the visual field, regardless of the number of
distractors also presented. These are said to ‘pop out’ relative to surrounding distractor
objects, which means they are found without the need to make any exploratory sac-
cadic eye movements, or within only a single saccade (Binello et al., 1995). Targets that
pop out are differentiated from distractors by some basic attribute (for example oppos-
ing colours) (Treisman & Gelade, 1980; Treisman & Sato, 1990; Wolfe & Horowitz,
2017). Otherwise, an effortful search must take place. This involves serially select-
ing/inspecting each stimulus or ‘clumps’ of stimuli (Hulleman & Olivers, 2017). This
kind of ‘serial search’ is suggested to occur by establishing a priority map (Fecteau &
Munoz, 2006; Serences & Yantis, 2006), which is a planned sequence of locations to
allocate attention toward and thereby explore ordered by the weighted average of the
bottom-up salience, top-down feature guidance, scene guidance, historical performance
and value according to past reward (Wolfe & Horowitz, 2017). Serial search can be un-
dertaken by shifting covert attention (i.e. by making no overt gaze change) via a priority
map of stimuli that can be ascertained within the current functional FOV (Wolfe, 2020).
The functional FOV can be considered to encompass the region of the visual field that
is resolved well enough that stimuli can be identified for response or rejection without
making a gaze shift and is therefore a smaller region than the entire FOV. Outside the
functional FOV, the priority map may also take into account what we know about the
likely location of any particular target object within that scene. In this case, previous
knowledge in the form of spatial memory becomes an input to the search plan. This is
referred to as contextual cueing (Tatler & Land, 2011).

Visual search involving a search array that extends beyond the FOV of the partici-
pant and therefore requiring head and eye movements, has been less often investigated.
To achieve an extensive search array like this, studies must be carried out beyond a
2D computer monitor. Stimuli need to be situated in the real world or presented via
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a simulation; either through immersive simulators or VR. In this study, we use VR to
present a search array extending beyond the participant’s initial FoV. Previous studies
have investigated visual search in a VR environment and found effects transferred from
2D screens in terms of the overall effect on reaction times of target—distractor discrim-
inability (Botch et al., 2023; Olk et al., 2018). Shioiri et al. (2018) have shown that
contextual cueing builds up across trials even when the search display covers 360° and
the participant must look around themselves to find the targets. As yet, whether more
salient targets are able to support a pop-out-like search when the target comes into view
due to the participant’s own movement during an ongoing search has not yet been sys-
tematically investigated. This is despite the fact that it is of great importance for guiding
the attention of users in virtual and natural environments.

On the one hand, Lukashova-Sanz and Wahl (2021) showed that blurring salient
regions of a visual scene can guide the observer’s attention away from those regions and
enable better search performance. On the other hand, studies using naturalistic search
stimuli or tasks suggest eye movements are not guided by salience as predicted via
image statistics (Haskins et al., 2020; Henderson et al., 2007; Vogel & de Freitas, 2008).
In addition, contextual cues and memory of the likely location of targets have been
shown to play an important role in search strategy in naturalistic virtual environments
(Lietal., 2016, 2018). This opens up the possibility that stimuli found to ’pop-out” when
appearing in the FOV at the start of a visual search trial may not *pop-out’ when they
appear in peripheral vision due to a head turn or eye movement. However, naturalistic
environments present a complex salience landscape, whereas traditional visual search
experiments tightly control the appearance of the visual scene. As such, pop-out may
not be changed in this context, despite extensive FOV shifts.

In the following experiments, we investigate visual search beyond the initial FOV
by asking participants to find a target stimulus presented within one of four search ’sets’
presented in VR. The ’sets’ are arranged such that two were presented in the periphery
at the start of the trial (inner panels) but the remaining two are only viewable after
participants make a large eye or a head movement (outer panels). Therefore, this is
a controlled environment within which participants are instructed to freely move their
head and eyes to find more or less salient targets as quickly as possible among distractors
that are placed around them.

We report two experiments that differ in the number of distractor stimuli presented
on each panel. The first experiment shows eight stimuli per set, while the second experi-
ment presents a reduced set of two stimuli (see Figure III.1). Additionally, in Experiment
2, we introduce a condition in which the stimuli on the outer panels are hidden until the
participant’s gaze is directed almost directly at the panel. Both experiments aim to an-
swer what the effect of salience of a peripheral stimulus on saccade and head movement
planning during visual search in an extended FOV is.
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Experiment 1

Method
Participants

35 participants (18-25 years old, M =20.1, SD = 1.3, 17 female, 18 male) were recruited
via a combination of personal approach and online advertising to gain course credit or
a £5 reimbursement. 5 participants were excluded according to data quality criteria (see
below in Data analysis), leaving 30, enough for 80% power and a medium effect size
(dz=0.4) for a 2 x 2 repeated measures ANOVA (27 participants required) (Brysbaert,
2019). All had normal or corrected-to-normal vision and gave written informed consent
to participation on the study. The study adhered to the tenets of the Helsinki Declaration
(2013). Experimental procedures were approved by the Royal Holloway, University of
London Ethics Committee.

Equipment

Experiment 1 was conducted in the VR lab of the Psychology Department of Royal Hol-
loway, University of London. Stimuli were presented on an HTC Vive headset retrofitted
with Tobii eye trackers with a resolution of 1080 x 1200 pixels per eye, a frame rate of
90 Hz and a nominal FOV of 110°, which was connected to a Lenovo ThinkStation
P510 desktop with an NVIDIA Quadro M5000 graphics card. The virtual display was
created by drawing 2D 3840 x 1920 pixel images which were presented by Tobii Pro
Lab version 1.130 software as a 360° image using equirectangular projection in the HTC
Vive headset display. Two Vive Lighthouses 1.0 were used to track the head movements
and the position of the headset in the room. Head and eye movements were recorded
using Tobii Pro Lab software, gaze output frequency was 120 Hz. During typical usage,
we expected eye tracking accuracy of 1.08° — 2.74° for the Vive Pro Eye (Schuetz &
Fiehler, 2022).

Procedure & Stimuli

All participants were seated on a standard office swivel chair that could be rotated 360°
and the headset was fitted. They were told they could swivel the chair round during the
experiment. The cabling was laid out in such a way that the participant could move their
heads freely and without resistance. Participants were given a practice session in which
four trials were shown, one each O/T, inner and outer.

At the start of the experiment, after a 5 point eye tracker calibration, four crosses
were shown, arranged in a square around the fixation cross location and the participant
was asked to look at each in turn (in no particular order). This was partially to make
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Figure III.1: Illustration of the VR search experiments with head movements. (A)
Schematic illustration of the experiments. Participants were instructed to find a target,
either a ‘more salient’ letter O or ’less salient’ letter T amongst distractors (L) that were
arranged in four sets, two of which were visible in the initial FOV while the other two
were outside of it. There was only one target in each trial. In the hidden set condition in
Experiment 2, the letters in outer locations appeared after gaze passed the correspond-
ing invisible threshold at 55° (blue line). (B) In Experiment 1, each set contained 8
letters. Sets were presented in a uniform grey environment, the bounding box around
each set (19.6° x 19.6°) was not visible and 2D images were projected on a sphere using
equirectangular projection. (C) In Experiment 2, each set was presented as a grey 2D
panel (19.6° x 19.6°) with visible borders containing two letters spaced 4.9° and -4.9°
from the centre of the panel. The sets were positioned in a uniform grey environment
facing the participant.

sure the participant was facing in the correct direction, so that the fixation cross would
appear in front of them, and was also used as a calibration check.

The virtual search environment was arranged in a fixed layout that was consistent
throughout the whole experiment (see Figure III.1). A fixation cross was presented at
0° of horizontal and vertical angle straight ahead. At 35° (inner) and 70° (outer) left
and right from the fixation cross were sets of letters, each containing 8 letters randomly
spaced out within a defined area. Inner sets were visible peripherally from the start,
outer sets could only be reached through a head movement. In each trial, participants
had to start at the fixation cross and search as fast as possible for a more salient (O)
or less salient (T) target in an environment with 31 distractors (L). They were asked to
fixate it and press any button on the keypad in their hand. The keypad was not visually
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represented in the virtual environment. Participants were not aware whether the target
would be an O’ or *T” on each trial. After the button response, the stimuli for that trial
disappeared and only the central fixation cross remained on screen in the intervals be-
tween each trial for 3s. At the end of the experiment the four crosses appeared again
with the same instruction as at the start. To further ensure eye tracking data quality, the
experimenter remained present and monitored how the stimuli appeared to the partic-
ipant, their real-time gaze location and the Tobii Pro Lab visual indicator of how well
the eyes were being tracked.

Within one experimental run, the target appeared in each of the sets 10 times, yield-
ing 2 (O/T) x 4 (set location) x 10 = 80 trials. This resulted in 20 measurements per con-
dition (O/T and inner/outer). Five different full experimental stimuli were pre-generated
(randomizing the locations of the letters within sets each time) and each participant saw
one of these. The order of stimuli was randomly shuffled for each participant.

Data analysis

To stabilise an object on the retina, for example when the head catches up with an eye
movement after a saccade, the eyes then move into the opposite direction of the head
(Gresty, 1974; Morasso et al., 1973). Therefore, in contrast to head fixed experiments, a
fixation can not be identified by just using the eye tracking data and a standard velocity
threshold. Instead, the sum of eye and head movement (gaze) needs to be analysed.

The raw gaze data was filtered using the default Tobii Pro Lab I-VT attention fil-
ter with 60 ms minimum fixation duration and the velocity threshold parameter set to
100°/s. The reported time of a fixation was the first time point at which a gaze fixation
was identified. Gaze-contingent stimulus presentation was not possible, so trials were
excluded post hoc if the fixation at the start of the trial was further than 9.4° (100 pixels)
away from the fixation cross. This arbitrary threshold was chosen based on inspection
of trials containing obvious non-compliance with task instructions. Each fixation was
assigned a ’set’ label according to the set the nearest letter belonged to (having moved
more than 9.4° from the fixation). We use this label to report the time of the start and
the distance from target of the first fixation within a set and the last fixation within a
set. If none of the final three fixations before responding were in the set containing the
target, or the participant never fixated within 9.4° of any letter, these trials were also
excluded (as incorrect trials). Participants with more than 10% of trials excluded were
fully excluded.

Results

Altogether from the 30 participants included, 3.6% of the trials were excluded, and we
used 2313 trials for further analysis. On average, over all trials, there was a median
search time (to final fixation on target set) of 1.36 s (1. Qu 0.83 3. Qu 2.22) and it took a
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median time of 2.09 s (1. Qu 1.50 3. Qu 2.87) until the button response. Median button
response search times averaged across participants for the inner target locations were
1.48 s (more salient targets) and 2.11 (less salient targets). For the outer target locations,
search times until button response were 2.52 s (more salient targets) and 2.77 s (less
salient targets).

Based on final fixation time on the target set, targets in inner sets were found faster
(median = 0.84 s) than targets in outer sets (median = 1.97 s) and more salient targets
(median = 1.10 s) were found quicker than less salient targets (median = 1.84 s).

First Search Direction

As a first step, we analysed whether the direction of the first gaze movement went in
the correct direction in all searches (Figure I11.2 A). Only when a salient target was in
an inner set were participants able to reliably initiate their first gaze direction change
in the correct direction. When the target was in an inner set, a paired t-test revealed
a significant difference between the more salient (M = 84.1 %) and less salient (M =
52.9 %) condition (¢t = 12.78, df = 29, p <.0001), while the confidence interval of the
less salient condition overlapped chance level (50 %). As expected, in searches with
outer targets (that were not initially in the FoV) the proportion of correct first gaze
movements was at chance level and there was no significant difference between the two
salience conditions (M = 50% and M = 47.2%) (t = 0.94, df =29, p = .35).

Timing of Head-, Eye- and Gaze Movements

To be able to summarise search times from different trials in a sensible way, we sorted
all trials based on the order in which participants looked at the different sets. Participants
reliably searched in one of the inner sets first (98.0% of trials). If the target was not in
the inner set, they then typically moved their gaze to the outer set on the same side
(72.6%) (based on the location of the first gaze movement on a set). In 90 % of trials,
the target was found after 4 sets were inspected. In 73% of trials, the target was found
after 3 sets were inspected. In 61% of trials, the target was found after two sets were
inspected. In 34% of trials, the target was found after 1 set was inspected.

We defined two common types of searches that we analysed further. The first cate-
gory were search trials in which participants started their search in the correct direction
and found the target in the first set they looked at (minimal search with target in the
inner location). The second category included trials in which participants started their
search in the correct direction, did not find a target at the inner set, and continued their
search in the same direction to find a target there (minimal search with target in the outer
location). In these trials we then defined the timing of the first saccade offset (i.e. fixa-
tion onset) on the inner set, the start of final fixation in the set containing the target, and
the button response. For the minimal outer searches, we also defined the timing of the
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Figure II1.2: Gaze during searching in experiment 1. (A) Percentage of trials in which
participants started the search in the target direction based on the position of the first
fixations in Experiment 1. (B) Averaged timing of key events in searches across all
participants in Experiment 1. Vertical lines show median times, box thresholds indicate
lower and upper quartiles. (C) Distance between the location of the initial fixations on
the target set and the target in Experiment 1 (for all trials).
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saccade offset on the outer set (i.e. beginning of first fixation on the outer set). The three
gaze related timings were defined based on the fixation filter from the Tobii software
(see Experiment 1 Methods — Data analysis).

Figure III.2 B shows the results of the gaze timing analysis for minimal searches.
Since search times are naturally skewed, we used non-parametric tests to compare the
individual means of the two salience conditions.

For the first category, participants initiated a gaze change with the same reaction time
no matter the stimulus but took less time to complete their search to a salient target. A
paired Wilcoxon signed rank test for the initial fixation time on the inner set showed no
significant difference between the more salient (median = 0.4 s) and less salient (median
=0.41 s) condition (W =450, p =.99). There was a significant difference between final
fixations on the target set in trials with more salient (median = 0.65 s) than less salient
(median = 0.8 s) targets in the inner set (W = 240, p = 0.00161).

For the minimal searches with an outer target, there was no effect of salience on
search timing. A paired Wilcoxon signed rank test indicated no significant difference
between the salient (median = 0.88 s) and less salient (median = 0.89 s) condition (W =
444, p = .93) for the initial fixation time on the outer set. There was also no significant
difference between final fixations in trials with more salient (median = 1.22 s) and less
salient (median = 1.35 s) targets (W =352, p = .15).

Gaze Landing Position

As a final step, we analysed distances of the landing points of the gaze movements from
the target of all trials from the experiment (Figure III1.2 C). Participants were able to
use the more salient stimulus to better guide gaze behaviour toward the target in both
the inner and outer sets. When the target was in an inner set, a paired t-test revealed
a significant difference between the more salient (M = 5°) and less salient (M = 7.5°)
condition (t = 7.64, df = 29, p <.0001). In minimal searches with outer targets a paired
t-test also indicated a small significant difference between the more salient (M = 6.4°)
and less salient (M = 7.1°) condition (t = 3.37, df =29, p =0.002127).

Discussion

We find that for the inner targets, the results are as expected. In terms of search times, the
more salient targets are detected from the fixation cross more often and are found more
quickly. Analysis of landing positions and timing of the final fixation from minimal
searches (where gaze moved in the correct initial direction) confirms that the gaze lands
more accurately on target for more salient inner targets.

For outer targets however, although in the minimal searches (where gaze continues
in the correct direction to outer targets) the gaze landing position for the more salient
targets is still a little more accurate, a more salient target does not significantly decrease
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the time it takes to move the eyes towards the target set. Although it seems clear that
peripheral information could influence gaze planning, we found no evidence for this in
search time.

We considered whether our results might be due to the difficulty of finding either
type of target, perhaps not allowing for the effects of salience to be fully seen. The lack
of ability to extract real time fixation measures and provide feedback led to participants
not always fixating accurately on target, meaning we had to use a measure of ’final fixa-
tion on target set’ rather than ’final fixation on target’, which is a less accurate measure
of gaze based search time. These considerations led to Experiment 2.
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Experiment 2

In Experiment 2, we reduced the number of distractors per set to make the peripheral
target even more visible, potentially enhancing the effect of saliency. We also wanted
to find out whether the effects of salience weakened when stimuli were not visible in
the periphery after the first change in eye position. Therefore, we added a new hidden
condition in which outer sets became visible after gaze crossed 55° on the corresponding
side.

Method

Participants

Thirty-three participants took part in the study (18-35 years old, M =22.3, SD =3.6, 23
female, 10 male). Participants received student credits or 4€ for taking part in the ex-
periment. All participants had normal or corrected-to-normal vision. They gave written
informed consent to the participation on the study. The study adhered to the tenets of
the Helsinki Declaration (2013). Experimental procedures were approved by the Ethics
Committee of the Department of Psychology and Sports Science of the University of
Miinster.

Equipment

The experiment was conducted at the Department of Psychology and Sport Science at
the University of Miinster. Stimuli were presented on an HTC Vive Pro Eye headset with
a resolution of 1440 x 1600 pixels per eye, a frame rate of 90 Hz and a nominal FOV
of 110°, which was connected to an MSI GE63VR 7RF Raider laptop with an NVIDIA
GTX 1070 graphics card. The virtual environment was created using Unity3D and the
Unity Experiment Framework UXF (Brookes et al., 2020). Two Vive Lighthouses 2.0
and the gyroscope of the HTC Vive Pro Eye were used to track the head movements
and the position of the headset in the room. During the entire experiment, head and eye
tracking data were collected with a target frequency of 90 Hz.

Procedure & Stimuli

All participants were instructed to face towards a desk with a keyboard on it and sit in a
steady, straight position at the beginning of each trial. They sat on a chair that could be
rotated 360° and whose height they were allowed to adjust. The cabling was laid out in
such a way that the participants could move their heads freely and without resistance.
Experiment 2 was a re-implementation of the previous experiment as an interactive
three-dimensional environment instead of a 360° image. Moreover, the custom software
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enabled more control over the head and eye tracking data to produce further insight
into the search behaviour. At the start of the experiment, participants followed the eye
tracking default calibration procedure implemented in the SRAnipal Software (version
1.3.6.8) of the head mounted display.

Again, participants were asked to search for a more salient (O) or less salient (T)
target as fast as possible. The environment contained a total of 7 distractors (L) evenly
distributed across 4 panels. Participants were asked to fixate the target and press the
space bar of an external keyboard in front of them. The keyboard was not visually rep-
resented in the virtual environment, therefore participants were instructed to keep one
hand on the space bar during the whole experiment. The visual environment was ar-
ranged similarly to the first experiment (Figure III.1 A). At the beginning of a search, a
fixation cross was presented at 0° of horizontal angle and participants were asked to fix-
ate it while keeping the head steady and facing forward. At 35° (inner) and 70° (outer)
left and right from the fixation cross were two grey panels each. After the fixation cross
was fixated for 0.5 s the trial started and the fixation cross disappeared. Now, each panel
showed two letters in fixed positions (see Figure III.1 C). Again, the inner sets were vis-
ible peripherally from the start, the outer sets could only be seen after a head movement.
In the hidden set condition, objects in the outer locations only became visible after their
gaze passed a threshold of 55° on the correspondent side.

Each participant performed 320 trials in which an O’ or a *T” was presented at one
of the 8 possible positions. Each type of trial was repeated 10 times. Target positions
were balanced and presented in a pseudo-random order. Trials in which the participant
did not gaze at the correct target when pressing the space bar were counted as error trials
and were repeated at the end of the session. Errors could also result from participants not
fixating the correct target or inaccurate eye tracking of a fixation of the correct target. As
before, we expected an accuracy of 1.08° — 2.74° for the Vive Pro Eye during typical
use (Schuetz & Fiehler, 2022), which was expected to be accurate enough to fixate
the targets used in this study. However, because potential headset slippage could have
resulted in invalid data, the eye tracker was automatically calibrated every time 10 error
trials were reached before the next trial was started.

Data analysis

For Experiment 2 we used the raw eye movement and head movement data to define
gaze movements and use the offset of these on the letter sets for the search timings.
To get a valid gaze and gaze velocity signal, eye- and head tracking data need to be
perfectly synchronised to each other. Otherwise, eye and head movements in opposite
directions would result in a noisy gaze signal and overly large velocities during gaze
fixations. Based on previous studies (Stein et al., 2021) and pilot studies of participants
fixating a target while moving the head using the HTC Vive Pro Eye, we assumed that
the eye tracking data measured with Vive Pro Eye headsets is delivered with some delay.
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Therefore, we shifted the eye tracking data 4 frames (.44 ms) back and calculated gaze
as the sum of the head- and shifted eye tracking data.

Results

Data were collected at an average frame rate of 89.3 Hz. Overall, participants had to
repeat 14.76% error trials, because they did not fixate the correct target when pressing
the space bar. These trials were excluded from further analysis, resulting in 320 trials
per participant. In 9.53% of trials, participants moved their head faster than 15°/s at the
start of the trial (-100ms to the start of the search). During the same period, in 5.49%
of the trials, the head was not aligned with the centre (more than 10° away from 0°).
In 9.83% of the trials, participants did not fixate the fixation cross stably enough at the
start of the trial. 3.11% of trials included missing eye tracking data for more than 100ms
at the start of the trial. Therefore, we excluded 22.085% of trials and used 8227 search
trials for the further analysis.

On average, participants needed a median search time (to final fixation on target) of
0.94 s (1. Qu 0.53 s 3. Qu 1.76 s) and took a median time of 1.56 s (1. Qu 1.14 s 3. Qu
2.31 s) until the button response. Median search times averaged across participants for
the inner more salient targets were 0.48 s (1. Qu 0.37 s 3. Qu 0.62 s) and 0.6 (1. Qu 0.46
s 3. Qu 0.83 s) for less salient targets. For the outer target locations, the median search
time was 1.63 s (1. Qu 1.0 s 3. Qu 1.65 s) for more salient targets and 1.66 s (1. Qu 1.12
s 3. Qu 2.13 s) for less salient targets. In the hidden condition at outer target locations,
the median search time was 1.75 s (1. Qu 1.12 s 3. Qu 2.21 s) for more salient targets
and 1.67 s (1. Qu 1.16 s 3. Qu 2.18 s) for less salient targets.

Typically, the search was initiated with a synchronous head and eye movement.
However, in some rare cases, participants made one saccade towards one of the inner
sets at the start of the search while keeping the head still and then continued the search
with a combined head- and eye movement to the opposite side.

Participants reliably searched on one of the inner sets first (91%). If the target was
not in the inner set, they then typically moved their gaze to the outer set on the same
side (61%). In 92 % of trials, the target was found after 4 sets were inspected. In 76% of
trials, the target was found after 3 sets were inspected. In 64% of trials, the target was
found after two sets were inspected. In 37% of trials, the target was found after 1 set
was inspected.

First Search Direction

As a first step, we analysed whether the direction of the first gaze movement went in
the correct direction in all searches. The first search direction was defined based on a
10° threshold around the fixation cross. When the target was in an inner set, a paired
t-test revealed a significant difference between initially moving gaze in the correct di-

102



Experiment 2

inner target more salient
inner target less salient

outer target more salient

outer target less salient

R outer target more salient hidden

L@ outer target less salient hidden
100 75 50 25 0 00 25 50 75 100
Searches started in the correct direction (%) Distance between gaze offset and target (deg)
B
first initial fixation initial fixation | final button
saccade onset inner set outer set fixation response
Outer Set
) M
Target T T T[S [wyspes S 1 D saiianiiisllcaze
55
~ /——\—— Head
>
o
z o
it
2 Inner Set I
2
<
Rl
3
//‘11“ \1‘%
%\/ .
0 W
P |
00 05 10 15 20
Time (s)
C

0.5

10
Time (s)
{l} first saccade onset  {J} initial fixation inner set {]} initial fixation outer set {} final fixation ~{]} button response

inner target more salient

inner target less salient

outer target more salient

outer target less salient

outer target more salient hidden

outer target less salient hidden

15

0.0 20

Figure II1.3: Gaze during searching in experiment 2. (A) Percentage of trials in which
participants started the search in the target direction in Experiment 2. (B) Sample trial
of gaze-, head and eye movements during a minimal search for a salient target in an
outer set. Key properties are represented as vertical lines. (C) Averaged timing of key
events in minimal searches across all participants in Experiment 2. Vertical lines show
median times, box thresholds indicate lower and upper quartiles. (D) Distance between
initial fixations on the target set and the target position in Experiment 2 (for all trials).
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rection in the more salient (M = 73.3 %) and less salient (M = 63.6 %) condition (¢
= 3.07, df = 56.362, p = 0.003), while neither confidence interval overlapped chance
level (50 %). In searches with outer targets the proportion of correct first gaze move-
ments was at chance level for all conditions as expected (means (confidence interval
from one sample t-test, df = 32): more salient = 50.1% (46.8%, 53.3%), less salient =
49.5% (46.1%, 52.9%), more salient hidden = 48.5% (45%, 51.9%), less salient hidden
=50.9% (48.3%, 53.5%), all p >.05) and therefore there was no difference between any
of the conditions. Figure I11.2 A shows an overview.

Timing of Head-, Eye- and Gaze Movements

Again, we defined two common types of searches that we analysed further. In these,
participants either inspected an inner set and found a target, or inspected an inner and
outer set on the same side and found a target at the outer location (see Figure II1.3 B for
a sample trial).

Differentiating clearly between fixations, saccades and eyes that move opposite to
an ongoing head movement in free headed experiments is challenging (Lappi, 2015).
To detect fixations, every eye tracking sample was labelled based on collisions of gaze
ray and objects in the virtual environment. We then calculated a gaze velocity signal
and smoothed it with a Gaussian filter with a width of 5 samples. Fixations were then
defined based on a velocity threshold of 50°/s. Only gaze sequences with the same label
for more than 3 samples were kept as eye movement offsets/fixations.

Across all searches from the first and second category, the first gaze movement was
detected at 0.3 s. The following fixation on the inner cluster was 33.4° away from the
centre and was detected at on average 0.442 s. In minimal searches with an outer target,
the participants’ gaze then remained on the first inner set for a mean time of 0.656 s at
an average horizontal position of 36.4°. Then, participants typically initiated a big gaze
movement to reach the outer panel.

To compare trials from both categories, we defined the following key properties
in each trial (see Figure III.3 B): 1) First saccade onset: the first sample in which the
standard deviation of the horizontal eye angle on a moving window of 100 ms starting
from trial start reached a threshold of 1°. 2) Initial fixation on inner panel: the first
sample labelled as fixation in which gaze was on one of the inner target sets. 3) Initial
fixation on outer panel: the first sample labelled as fixation in which gaze was on one of
the outer target sets. 4) Final fixation: the first sample of the final fixation on the target
object, before the button response was given. 5) Button response: the first sample with
a button response while fixating the target.

Since search times are naturally skewed, we used non-parametric tests to compare
these key properties. Participants were able to use the salience of the target, as seen
from the periphery, to undertake a faster search. For the initial fixations on the inner set,
there was a significant difference between the more salient (median = 0.43 s) and less
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salient (median = 0.44 s) condition (W = 416, p = 0.014). For inner searches a paired
Wilcoxon signed rank test revealed also a significant difference between the timing of
final fixations in trials with more salient (median = 0.45 s) and less salient (median =
0.52 s) targets in the inner set (W =532, p < 0.001).

Participants were not able to speed up the time it took to undertake gaze changes to
bring a salient peripheral target into the direct FoV. For the initial fixations on the outer
set with outer targets, a Friedman test for paired rank sum group comparisons indicated
no significant difference (x? = 3.58, p = .31, df = 3) between any of the conditions
(medians: more salient = 0.82 s, less salient = 0.84, more salient hidden = 0.84 s, less
salient hidden = 0.84 s).

Once gaze was directed at the set containing a target, the more salient target did
reduce search time. For the final fixation in searches with outer targets a Friedman test
for paired rank sum group comparisons indicated significant differences (y2 = 24.75, p
< .001, df = 3) between the conditions (medians: more salient = 1.01 s, less salient =
1.09 s, more salient hidden = 1.02, less salient hidden = 1.08). Bonferroni corrected post
hoc paired pairwise Wilcoxon signed rank tests revealed significant differences between
more salient vs less salient (p <.001).

For this to occur, the target did not need to be visible in the periphery prior to direct-
ing gaze toward the target containing set. Bonferroni corrected post hoc paired pairwise
Wilcoxon signed rank tests revealed significant differences between more salient hidden
vs less salient hidden (p = 0.011), less salient vs more salient hidden (p = 0.019) and
more salient vs less salient hidden (p <.001).

Participants performed the same whether or not they had the opportunity to ’see’ the
target in the periphery while gazing at the inner set (see Figure I11.3 C). There were no
significant differences between more salient vs more salient hidden (p = .16) and less
salient vs less salient hidden (p =.99).

Gaze Landing Position

As a final step, we analysed the distance of the landing points of the initial fixation from
the target of all trials from the experiment. When the target was in an inner set, a paired
t-test revealed a significant difference between the more salient (4.6°) and less salient
(5.9°) condition (t = 8.44, df = 32, p <.0001). In searches with outer targets, a paired
t-test also indicated a small difference between more salient (7.2°) and less salient (7.6°)
condition (r = 3.03, df = 32, p = 0.005). When outer targets were hidden, there was no
significant difference between more salient and less salient targets (f = 1.93, df =32, p
=.06202). Figure II1.3 D shows an overview.

Therefore, the peripherally visible, more salient target was better able to guide accu-
rate fixations within the set when it appeared under traditional search conditions. Like
in Experiment 1, we also found a small increase of accuracy when the target was in an
outer set. As expected, salience did not influence the gaze landing point within the outer
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set in the hidden set condition.

Discussion

The results are similar to Experiment 1. With a reduced number of stimuli, gaze moves
initially in the correct direction a significant proportion of times even when there is a
less salient target in an inner set in this case, but still an even higher proportion of times
for salient targets. The gaze landing point within the set is also closer to the target for
salient targets. Thus, participants were able to use the available peripheral information
of the target to guide their initial search behaviour. Participants’ gaze change behaviour
also indicated that they were able to identify the more salient target faster when it is in
an inner set than less salient targets. This is expected from typical visual search findings
on 2D screens.

A timing difference between more salient and less salient targets was also observed
for targets in the outer sets. This was the case whether or not the target was available
to enter the FOV from the start of the trial or required gaze to be beyond 55° before
the outer set’s onset (hidden set). Despite an overall search time advantage for more
salient targets, the gaze behaviour across both conditions showing targets in the outer
sets confirm this advantage mostly emerges after the participants are directly inspecting
the set containing the target. This means that salience does not contribute to a faster
search time at the time the target set appears in the periphery during a search.

Like in Experiment 1, the participants’ initial gaze did land closer to more salient
targets in outer sets. However, when comparing the landing distance between the inner
and outer sets, the overall accuracy was still worse for the outer sets, even though the
number of stimuli was reduced compared to the previous experiment. This suggests
again that peripheral information might have been available before an outer set was
approached. To investigate whether this information was used by the participants for
their search strategies, we set up an ideal observer model.
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Ideal Observer Model

To analyse the participants’ search strategy, we set up an ideal observer model that
derives decisions based on two latent parameters. The first, ¥, describes the proportion
of times that a participant saccades in the direction of a target in the periphery when there
is no information from the periphery to guide their decision. Thus, y could be considered
a guess rate, but it could also model a bias, if participants tend to prefer one direction
over another, for example continuing on the same side for the second decision as for the
first. Specifically, ¥ may vary across different target locations, due to the layout of the
stimulus. The second parameter, ¢, describes the proportion of time that the participant
makes a saccade to a peripheral target when the target is present, over and above what
could be expected based on y. Thus, ¢ is a measure of the behavioural effects of the
target, i.e., how often the target guides the decision. Salient targets should result in high
o values, as they make it more likely that a target is seen in the periphery. Less salient
targets should lead to a smaller o-value. The combination of ¢ and 7y determines the
percentage of correct decisions P.:

c
P. = v+ (100 y)*m (IIL.1)
The two parameters can be estimated from the data of the first decision, i.e., when
the participant sees the two inner panels, which may or may not contain a target. If the
panels do not contain a target, ¢ is 0 and choice is driven by y. Based on the setup of
the stimuli, we expect 7y at the start of the search to be ~ 50% as the two locations to
chose from are equidistant, and the target is equally likely to occur either side. Indeed,
in both experiments, when there was no target in the inner locations the proportion of
correct first gaze movements was at chance (Experiment 1: Y =48.5% (46.0%, 51.1%),
for single conditions see Experiment 1: First Direction and Figure II1.2 A; Experiment
2:7=49.7% (48.9%, 50.6%), for single conditions see Experiment 2: First Direction
and Figure II1.3 A).
Looking at the percentage correct (F,) data from trials that did contain a target at an
inner location, we can then calculate ¢ for the two salience conditions (more salient and
less salient) by inverting Equation 1:

o= ¥

100 —y

In Experiment 1, participants initially went to a location in the correct direction in

P. =529% (48.8%, 56.9%) of trials when a less salient target was present in one of

the inner locations. This equates to a value of ¢ = 5.5% (-4.9%, 15.9%). In trials with

a more salient target in inner locations, participants chose the correct location in P,

= 84.1% of trials (o = 67.9% (59.8%, 75.9%)). Therefore, they were able to use the
peripheral information at the start of the trial when a more salient target was present.

* 100 (IIL.2)

107



Eye and Head Movements in Visual Search in the Extended FoV

In Experiment 2, participants initially went in the correct direction in P, = 63.6%
(60%, 67.2%) of trials when a less salient target was present, which results in ¢ =
30.6% (23.7%, 37.6%). When a more salient target was present, participants initially
went in the correct direction in P. = 73.3% (67.9%,78.7%) of trials, which results in ¢
=49.1% (38.8%, 59.4%). Therefore, they were (as expected) able to use the peripheral
information at the start of the trial in both salience conditions.

We can now use the ideal observer model to consider the next step of a search, when
the target is not present in the inner locations. We consider what should happen after
the gaze has moved to one of the inner locations in the correct direction, i.e. the target
is now present in the peripheral outer location, for example the target is in a set at 74.9°
and the observer has moved their gaze to 35°. This, hence, is the second decision to be
taken by the participant. Here, the value of ¥ is less clear a priori, as the layout is less
balanced. For example, the observer might have a bias to carry on towards the outer
location rather than changing direction. This would be reflected in a biased value of y
for the second decision. We can estimate Y for the second decision from the data in the
hidden condition in Experiment 2, in which no information about the outer target was
present before the saccade to the outer panel was initiated. In this condition, participants
on average continued their search in the same direction (i.e. with a saccade to the outer
panel) in ¥ = 73.3% (69.7%, 76.9%) of trials (Figure 111.4). Hence, our participants
were strongly biased towards continuing their search in the same direction as in the first
decision.

How much should target salience then affect choice probability in the second deci-
sion? If salience is used in the same way as in the first decision at the start, we can use
the values for o estimated from the first decision to calculate an expected percentage
correct for the second decision from Equation III.1. Using the previous ¢ values of each
participant to predict P., the model predicts an average value of 84.7% (80.4%, 89%) in
the more salient condition and 80.6% (76.1%, 85%) in the less salient condition. These
predictions are clearly at odds with the data: the measured P, in Experiment 2 remain
very similar to the 73.3% mark both for more salient (73.9% (68.3%, 79.4%)) and less
salient (71.8% (66.5%, 77%)) targets present in the periphery. Thus, our observers did
not follow an ideal observer strategy, or they could not use saliency in the second de-
cision in the same way as in the first decision (for an overview of all decisions and all
search times in all conditions see Figure I1L.5).

Experiment 1 did not include a hidden condition, and we cannot compute Y for the
second decision in the same way as in Experiment 2. However, we may use data from
trials in which no target was present on the corresponding side (because the first decision
was wrong) to estimate Y for the second decision and then predict P. based on the o-
values obtained from the first decision. When no target was present in the outer location,
participants continued on the same side in 71.2% (62.6%, 79.8%) of trials. This is close
to the 7y calculated from the hidden condition in Experiment 2 (73.3%). Then, from the
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Figure II1.4: Distribution of y of the second decision in experiment 2. Individual values
of v were estimated using the results from the hidden condition. They represent how
often a participant continued their search on the same side as in the first decision when
no information about targets in the outer set was available. The black dot represents the
mean across participants, the black error bar represents the confidence interval.

o estimated in the first decision on the more salient target (67.9%) the model predicts
P. = 89.8% (83.3%, 96.2%) for the second decision with the more salient target. As
in Experiment 2 these predictions are not consistent with the observed data (P.= 77.7%
(69.1%, 86.3%)). For the less salient target, ¢ estimated in the first decision was already
very small (5.5%), indicating little effect of salience already at the start of the search in
this experiment. Consequently, the model prediction for P, was determined mostly by 7.
The model predicted P, =73.4% (64.1%, 82.7%), which is both in the range of ¥ (71.2%)
and in the range of the observed data (P, =77.8% (68.6%, 87%)). In summary, therefore,
the values for o obtained from the first decisions in either experiment provided poor
predictions for P, of the second decision, indicating little effect of salience when the
target was in an outer set.
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the second decision (orange) participants preferred to continue their search on the same
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General Discussion

General Discussion

We tested whether there was a difference in visual search for stimuli that became visible
in the periphery by appearing at the start of a trial versus those locations that only be-
came visible in the periphery as the participants moved their eyes and heads to inspect
the scene. We designed two experiments in which participants were required to choose
between and inspect up to four sets of letters across different locations, to detect a tar-
get. These sets were arranged such that two were visible to participants when the trial
began, whereas two required participants to move their head to bring them into view. We
manipulated the salience of the targets, the number of distractors and how the stimuli
become visible to investigate the way in which the location and salience of peripheral
targets influences the planning of search strategy and the associated landing positions.
Analysis of gaze dynamics highlights key differences in the effect of salience on visual
search when targets were in the initial FOV versus when they appear in the FOV due to
head and eye movements.

When targets appeared in the FOV at the start of the trial, both experiments showed
faster identification of the more salient target. Participants were requested (Experiment
1) or required (Experiment 2) to fixate the target when responding, which involved
making a large change of gaze direction to complete the task. Accordingly, both ex-
periments showed participants reliably made an initial gaze movement in the direction
of the salient target. When there were two stimuli per set, participants still reliably made
an initial gaze direction change in the direction of the less salient target. With 8 stimuli
per set, participants were unable to reliably make their initial gaze in the correct direc-
tion of the less salient target. The ability to better identify the more salient target from
the periphery was accompanied by a gaze movement that landed closer to the target.

We anticipated that a stimulus capable of supporting 'pop out’-like search, as found
when the target was in the inner sets, would also facilitate faster target detection when
the stimulus appeared in the FOV on the basis of the participant’s own head and eye
movements as part of the ongoing search task. We expected participants would first
fixate an inner set and from there a more salient target would allow participants to ac-
curately and immediately continue on to the outer target set, facilitating faster target
fixation in these trials. This was not the case. Both experiments showed that it took
equally long for the participant’s gaze to arrive at the correct outer set no matter the
target saliency, even when we reduced the stimuli to two per set. Experiment 2 also
introduced a hidden set condition whereby the outer sets only appeared after gaze di-
rection crossed 55° of visual angle, to further test if peripheral information had any
influence on gaze movements. This was not the case. There was no difference in search
performance whether the outer sets were available in the environment throughout the
whole trial or appeared under the hidden set condition, suggesting that the process to
reach the target cluster differed between inner and outer sets.
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In addition, we found that participants’ gaze lands closer to the target on salient trials
than on less salient trials (Experiment 1 = -2.5°, Experiment 2 = -1.3°). However, this
difference becomes smaller for the outer target sets (Experiment 1 = -0.7°, Experiment
2 =-0.4°), while the absolute distance between initial gaze landing point and target is
also higher in these sets. This also indicates that the participants approach sets that are
brought into the FOV during an ongoing search differently.

The more refined gaze direction analysis in Experiment 2 showed that once partic-
ipants had fixated within the correct outer set, more salient stimuli were responded to
faster, which is in line with previous studies on visual search without head movements
in a fixed FOV. Thus, our results show a difference between visual search when stimuli
appear in the periphery as in a traditional visual search experiment, relative to when
they are brought into the FOV by a head movement as part of the ongoing search task.
In other words, a highly salient stimulus shown to ’pop out’ from the periphery under
the same conditions as typical visual search, does not show this property when it enters
the FOV due to the participants’ own head and eye movements as part of an ongoing
search task. The fact that there is no difference between the two outer target conditions
in Experiment 2 (hidden vs always visible), further confirms that peripheral information
was not used in this experiment during the search task after the initial gaze change has
occurred.

There are two possible explanations for participants apparently not using the periph-
eral information about the stimulus to reach the target faster after they have started to
actively look around the stimulus sets. The first is that they are unable to use the periph-
eral visual information in the same way as they could at the start of the trial. The second
is that participants were able to gather the presence of the more salient stimulus from
the periphery but did not use this information to guide their search behaviour.

Participants may have been unable to see the peripheral stimuli when they entered
the FOV because they were actively shifting their gaze at this time. For example, it
could be that the gaze on the inner set was never stable enough or at the equivalent
distance from the target-containing set relative to fixation. When examining the more
detailed eye tracking data in Experiment 2, we find that participants look at an inner set
for a sufficiently long time and at a sufficient proximity to the outer set. Figure II1.3 B
exemplifies the typical gaze on the inner set prior to moving to the outer set containing
the target. It also shows a pattern we observed that suggests that despite gazing at the
inner set for a period, the participant had decided to inspect the outer set at the point
of making the first gaze change. The example trial shows one large head movement,
with the eyes acting to stabilise the gaze on the two sets around the single large head
movement. This behaviour was common across participants and indicates participants
may have decided on a course of action already after the initial view of the stimuli.

Although saliency alone has been shown not to predict gaze direction when freely
viewing 360° environments in VR (Xu et al., 2018), in our experiments the salient target
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was relevant to the task and the visual scene was controlled as in traditional visual
search experiments. Therefore, we expected the reduced visual search environment and
the task relevance of the salient stimulus would allow salience to guide search. This
did not occur consistently across stimulus locations, suggesting that salience even when
relevant to the task is not the key predictor of gaze direction when active exploration is
occurring around a scene with strong spatial layout cues. In studies with more natural
environments, other factors like memory (Li et al., 2018) and scene context (Boettcher
et al., 2018; Lukashova-Sanz et al., 2022) have been shown to influence searching for
objects in a simulated real world context in VR. Other research has also suggested that
encoding of stimulus salience and its utility in driving gaze behaviour in a naturalistic
scene is time-limited and diminishes throughout a trial (Anderson et al., 2015; Donk
& van Zoest, 2008; Schiitt et al., 2019). In addition, it has been shown that saccades
with a short latency are guided by salience, while saccades with a long latency are more
likely to take value information into account (Schiitz et al., 2012). Visual search in the
extended FOV could therefore be influenced by the use of strategies. However, these
search patterns could also make use of salience.

To find out whether target salience affects search strategy, we then analysed two key
decisions during each search trial and compared them to an ideal observer model: first,
the initial search direction and, second, the decision whether to keep on searching on
the initially taken side vs changing sides. The ideal observer model was based on two
parameters: 7, an indicator of uninformed choice bias and ¢ an indicator of choice based
on target salience. The results indicated that o influenced the first decision as expected,
providing a measure of the salience of each target. However, ¢ had little predictive
power for the second decision, indicating that the second decision was not affected by
salience. Instead, the second decision was dominated by 7, a bias to continue search
on the same side in 73% of trials, no matter whether a salient target appeared in the
periphery or not.

This indicates that the participants followed a predetermined strategy in the second
decision, rather than using peripheral vision to guide their search. If no peripheral in-
formation is gathered for the second condition, an ideal observer should decide between
continuing on the same side and changing sides based on minimal effort and time loss.
We can estimate effort based on the median search times of Experiment 2. The search
time advantage of continuing the search on the same side, vs changing sides after in-
specting the first set, was 0.18 s. Searches with an outer target in which the search was
continued at the second decision took a median search time of 1.61 s, searches with
an outer target in which the search direction was changed at the second decision took
a median search time of 1.79 s. Shifting gaze from an inner panel to an outer panel
(35°) took on average 0.17 s while shifting gaze from one inner panel to the other in-
ner panel (70°) took on average 0.22 s. Hence, continuing on the same side leads to a
slightly faster search on average. Therefore, an ideal observer should always follow this
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strategy when no peripheral information is used. However, our participants continued to
search on the same side only 73% of the time. This is not ideal behaviour. Yet, similar
patterns, following non-ideal strategies in two- and threefold decisions have been de-
scribed in humans (Gardner, 1957; Lo et al., 2021) and animals (Bullock & Bitterman,
1962; Saldana et al., 2022) before. While an ideal observer would always minimise the
effort, distance and trial time and should therefore choose the ideal move in every trial,
humans often deviate from this behaviour and follow a strategy that can be described
as probability matching. In pattern matching, participants show a discrete behavioural
pattern that asymptotes at the probability of success, instead of always picking the most
probable choice. The occurrence of pattern matching is quite common and has shown to
be influenced by the effort needed to implement a strategy (Schulze & Newell, 2016),
reward (increased task reward makes pattern matching less likely) (Siegel & Goldstein,
1959) and task expectations (for example setting a local focus to look at each trial sep-
arately makes the occurrence of pattern matching less likely) (James & Koehler, 2011).
Cognitive load during the decision does not change the likelihood that participants use
pattern matching (Otto et al., 2011; Schulze et al., 2019). After numerous trials, partic-
ipants typically overshoot the initially observed probability of success (Vulkan, 2000).
Therefore, pattern matching can also be described as part of a learning trajectory that
could at some point lead to the ideal strategy of maximizing the ideal choice and there-
fore going for the best option in every trial (Montag, 2021).

Looking at the distribution of y in Figure III.4, we can see that although three par-
ticipants reached an individual y-value of 100% (and therefore always continued on
the same side at the second decision) most participants show individual y-values around
75%. In our experiments in particular, once the participant has determined that the target
is not in any of the inner sets, the distance to the set on the opposite side is three times
larger than the distance to the set on the same side (105° vs 35°). Therefore, a strategy
that matches behaviour to the expected upcoming gaze movement distance could result
in 75% staying on the same side vs 25% switching sides.

Overall, our results indicate that saliency plays a subordinate role in visual search
in the extended FOV. In our two experiments, participants selected where to look based
on information from the periphery only at the beginning of the search. All subsequent
directional decisions appeared to be selected largely depending on the known arrange-
ment of the stimuli. It is possible that the structure of the environment, alongside stored
memory content, knowledge about the current task, the expected reward and cues from
the environment are the more important information for the ongoing active exploration
of our environment. This could also explain why salient objects are not always found at
first sight when searching for them in the real world. However, this does not mean that
salience plays no role at all. Once gaze is directed to a set through head movements, the
mechanisms known from classic visual search paradigms take effect again and salient
stimuli facilitate the last part of the search.
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The use of VR technology has enabled us to bring experimental control to a less con-
strained FoV, however we cannot say for certain that viewing behaviour in this virtual
space is not changed by the constraints imposed by the smaller FOV or the weight of the
headset, for example. We also observed interesting differences between Experiment 1
that did not use a gaze-contingent design and Experiment 2 that measured whether par-
ticipants were looking at the target when they responded via the keyboard. Experiment
1 presented a challenge for data analysis, as we observed participants were often eager
to return their gaze to the fixation cross before responding, but were likely unaware of
this. More detailed gaze data analysis in Experiment 2 was facilitated by the gaze con-
tingency, however this controlled behaviour is a departure from the more naturalistic
behaviour found in Experiment 1. While we feel these differences do not interfere with
the findings in this research, it is important to keep in mind that fully virtual worlds
introduce the necessity to explicitly make the trade-off between producing data struc-
tured via experimental control such that complex tasks can be aligned for analysis and
allowing the participant to interact naturally with the environment. Our final observa-
tion is the importance of awareness of the temporal shift between the different sensors
available in commercial headsets. The constraints on each sensor used to track a person
in virtual space are that they produce a good enough experience for the user. Our ex-
periences show that this may not be good enough for research purposes and temporal
alignment cannot be taken at face value. With these caveats in mind, we feel there is
great value in taking well established visual and cognitive tasks off two-dimensional
screens and enacting them in virtual three-dimensional or immersive situations.

In summary, using VR to measure visual search in an extended FOV we found that
salient targets do not produce *pop-out like’ search when they enter the FOV after partic-
ipants have started to move their gaze around the scene. This suggests that visual search
using a traditional visual search array does not occur in the same way when active ex-
ploration outside the initial FOV is necessary. Instead, participants follow a pre-planned
gaze sequence, likely informed by knowledge of the layout of the scene.

Data Availability

All data is available in an open science framework repository https://osf.io/ewsj5/
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Today, HMDs have become powerful devices with impressive tracking capabilities, and
to a certain extent, Sutherland’s ideas of seamlessly experiencing and walking through
virtual worlds have become reality. To top it off, HMDs with built-in eye tracking sen-
sors enable VEs and user interfaces that automatically react to the user’s eye movements.
As a result, tracked eye movements can be transferred to virtual agents and VR buttons
can be selected using fixations.

The research results presented in this paper show that we have reached a point where
we can use VR as a research method to expand our knowledge of visual perception. In
particular, when investigating the connections between vision and locomotion, VR eye
tracking offers great potential for gaining a better understanding of how we perceive and
explore the world around us. The investigation into how VR can be used to observe eye
movements during natural behaviours was driven by two goals. We wanted to gain more
insights into typical gaze patterns to increase our knowledge of human visual perception
and hoped that the knowledge of these patterns might be used for VR applications.

As a first step, we developed and utilised a method for measuring the latency of
eye tracking in HMDs. Our results make it possible to precisely match the eye track-
ing signal to the stimuli displayed on the screen. Our results also enable a more in-
formed assessment of whether a specific VR setup can be used for gaze-contingent
experiments. We followed this with Study II, in which gaze, movement and orientation
data were recorded during several natural tasks. Subsequently, we tested how well fu-
ture waypoints could be predicted based on this information. Here, we were particularly
interested in whether eye tracking data improves prediction accuracy. In Study III, eye
and head movements during visual search tasks in VR were recorded, to get a broader
understanding of how our gaze is guided in this common scenario.

The following general discussion first examines the current methodological limita-
tions of VR eye tracking and provides an outlook on possible directions for the future
development of the method. Next, the prediction of our movement based on gaze data
is revisited and new proposals for improving the method are summarised. In addition,
the influence of salient objects that may obscure the gaze while walking on the pre-
diction of movement is discussed. The discussion then reflects upon the findings on
gaze behaviour during searching, specifically with regard to the factors that influence
the interaction between bottom-up and top-down guidance of coordinated head and eye
movements. This is followed by a summary of the current limitations of VR that should
be taken into account when designing future psychophysical experiments, as well as a
brief outlook on the future of the method. Finally, the discussion concludes by reflecting
on the most important features of this work.

117



General Discussion

VR Eye Tracking Latency

To transfer human behaviour to virtual worlds, HMDs record data from a wide range
of sensors. This means that the VR equipment simultaneously captures multiple facets
of user behaviour in great detail, providing a range of opportunities to observe human
behaviour. When recording eye movements for psychophysical studies, it is important
to have accurate information about the latency of the measuring devices in order to be
able to associate the tracked movements with the stimuli displayed in the VE. Moreover,
experiments with gaze-contingent stimuli, require latencies that are small enough to go
unnoticed by participants when moving their eyes across the screen.

In Study I, we developed a method that can be used to accurately measure the eye
tracking delay and end-to-end latency in VR headsets with included eye tracking. By
simultaneously recording eye movement data based on VOG, EOG and the light emit-
ted by the HMD using a photodiode, we measured the latency of the sensors of dif-
ferent headsets. We measured eye tracking delay (time from the occurrence of an eye
movement to the availability of the corresponding data) and latency (time from an eye
movement to a corresponding change in the screen content). Delays ranged from 15 to
52 ms, latency ranged from 45 to 81 ms. Compared to the Varjo VR-1 and the HTC
Vive Pro Eye, the Fove-0 was the fastest device and seemed best suited for time-critical
psychophysical research.

The end-to-end latency (from an eye movement to a visible change on the screen) is
the result of a chain of different processes (see Figure E). Initially, latency can be caused
by the camera directly when the eyes are recorded. Then, the eye tracking algorithm that
interprets the recorded image can add further delays (especially if temporal filters are
applied to smoothen the signal by averaging the direction of gaze over several samples).
The process of reading in the eye movement data can also lead to further time loss
(e.g. due to the limited bandwidth of the connection). The time required to perform all
these steps results in a specific eye tracking frequency. This frequency indicates how
often this series of steps can be performed per second. At the same time, the virtual
image is created at a certain rendering frequency. If both frequencies are not perfectly
synchronised, this can lead to additional end-to-end latency. The total latency can also
be increased by the rendering itself (e.g. when particularly complex scenes have to be
generated, which slows down the time required to create a frame and thus reduces the
frame rate). Finally, latency can increase by a few milliseconds due to the latency of the
screen when displaying the image. Interestingly, in our comparison the Fove-0Os display
had the lowest refresh-rate (70 Hz vs 90 Hz in the Varjo VR-1 and the Vive Pro Eye),
which should translate into a slightly shorter display latency of about 3 ms for both the
Vive Pro Eye and the Varjo VR-1.

With this in mind, our results contribute to a better understanding of which step in
this chain causes how many frames of latency. It is therefore possible to combine our
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latency measurements with the results of other studies to draw further conclusions. In an
earlier study with the HTC Vive (the predecessor model of the Vive Pro Eye, which also
uses an OLED display and the same position tracking system but is not equipped with
eye tracking sensors) Niehorster et al. (2017) measured the end-to-end latency between
the physical movement of the HMD and a corresponding change on the display. They
found a latency of only 22 ms or 2 frames at 90 Hz. Combined with our measurements
of the latency between receiving gaze data and updating gaze dependent screen content
(see Table I.1), this suggests that motion tracking can be completed in under 1 frame,
while rendering and displaying a frame based on this data can take up to 2 frames.
The remaining latency is therefore probably caused by the eye tracking itself. Like us,
Sipatchin et al. (2021) also measured the time lag of the Vive Pro Eye. In contrast to
our experiment, they used an infrared light source that was used as an artificial eye
instead of real eye movements. With this setup, they found an end-to-end latency of 5
to 6 frames at 90 Hz. In our study we measured an eye tracking delay of 4 to 5 frames
from saccade onset to recording gaze data and an end-to-end latency of 7 frames at
90 Hz from saccade onset to measured changes on the display. As a result, it seems
that recording an image of the users eyes, detecting the pupil and transforming these
measures into eye tracking data, takes multiple frames. A direct comparison between
the two studies shows that this latency varies depending on whether a real eye is tracked
or a pupil reflection is simulated (see Figure E).
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Figure E: Components of end-to-end latency in VR eye tracking in the HTC Vive Pro
Eye. Latency from an eye movement to display change (black) takes 7 frames, while
eye tracking delay from eye movement to data collection (red) takes 4 -5 frames (Stein
et al., 2021). End-to-end latency when using an artificial eye (blue) led to a latency of 5
— 6 frames (Sipatchin et al., 2021). Latency from moving the HMD to a change on the
display (green) takes 2 frames (Niehorster et al., 2017).

In a realistic gaze-dependent experiment, detecting the onset of saccades, could in-
crease the overall latency even further. However, in the latency measurement studies
presented here, each eye movement could be detected from one sample to the next.
End-to-end latency is too high for gaze contingent rendering, if the user perceives stim-
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uli that have not yet been adjusted to the current eye position after a saccade. To deter-
mine the maximum latency for a gaze-contingent setup, only a few empirical studies are
available. Loschky and Wolverton (2007) found that user performance in a blur detec-
tion task did not change until up to 60 ms latency. In addition, Loschky and McConkie
(2000) reported that users fixated slightly longer at a latency of 45 ms compared to a
latency of 15 ms. Other recommendations for maximum end-to-end latency are based
on unpublished results and expert opinions. Overall, the maximum latency for GCDs
recommended in previous articles varies between 20 and 80 ms (Albert et al., 2017;
Carmack, 2013; Loschky & McConkie, 2000; Loschky & Wolverton, 2007; Melnyk et
al., 2025). As a result, a clearly defined maximum end-to-end latency is not available.
At the same time this range of recommended values fits well to the expected length
of saccadic suppression of saccades with typical amplitudes (Stevenson et al., 1986;
Volkmann, 1986).

Our results suggest that among the HMDs we tested, the Fove-0 is best suited to
present gaze-contingent stimuli in VR without the user perceiving this manipulation. To
be able to measure gaze-contingent psychophysical experiments in VR, however, the
exact parameters, such as a detection threshold as a function of saccade amplitude and
parameters of stimulus manipulation detectability such as contrast, or degradation gra-
dient would first have to be systematically determined for the specific task. Furthermore,
even if previous measurements suggest that head movements can be detected relatively
quickly, the latency of head position and orientation tracking also needs to be taken into
account in order to display gaze-contingent stimuli in VR.

Eye tracking devices mainly used for research, such as the Eyelink 1000, achieve
low latency times through a combination of very high recording frequencies, efficient
algorithms for analysing the eye tracking camera images and fast forwarding of the eye
tracking data via network interfaces. In VR eye tracking, recording frequency has also
increased in some more recent devices, such as the Fove-480 (480 Hz) and the Varjo
XR-4 (200 Hz). In both HMDs the recorded images of the eyes are forwarded to the
computer, where they are analysed to generate gaze direction data. On the one hand,
the improved temporal resolution can be used to recognise saccades earlier and better
display their trajectory, on the other, the precision of eye tracking can be improved by
applying a temporal filter to the eye tracking signal (Holmgqvist et al., 2011).

At the same time, there are new approaches to further develop the recording fre-
quency in mobile eye tracking using a combination of several recording methods. In ad-
dition to good data quality and new algorithms for merging data from different sources,
energy consumption, waste heat and the weight of the additional sensors also play arole.
For example, experiments with a combination of VOG and photo sensor oculography,
which were combined with the help of machine learning algorithms, showed interesting
results that could lead to VR eye tracking hardware with higher temporal resolution in
the future (Katrychuk et al., 2019; Palmero et al., 2023; Rigas et al., 2017): As with lim-
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bal eye trackers, the photo sensor provides a measurement of the location of the white
sclera of the eye, which reflects more infrared light than the iris. With today’s sensors,
this data has high spatial and temporal resolution. In addition, it is possible to only for-
ward data from sensor input that changed since the previous sample. This event-based
approach reduces the amount of data so that transmission can be faster. This data stream
is then fused with the lower-resolution video recordings to create a data set with a high
temporal and spatial resolution.

Another area of development is new algorithms that can predict future eye move-
ments. Komogortsev et al. (2009) predicted saccade amplitudes based on the first two
gaze samples using an eye tracker with 120 Hz. Although their model was good enough
to predict the saccade direction with a high degree of certainty, it was not able to predict
the exact landing position, as it gave an average prediction error of about 5°. Further-
more, Arabadzhiyska et al. (2017) predicted the saccade landing point during an eye
movement using the data recorded at the start of the saccade with 300 Hz. Their predic-
tion results in an average error of less than 4° if the prediction is made on the basis of
data up to the middle of the saccade. At 80 % of the saccade, the error even drops to less
than 1°. Interestingly, the best prediction according to their model is based exclusively
on the last data point of the saccade. Based on their prediction, Arabadzhiyska et al.
(2017) were able to reduce the detection rate in an experiment with foveated rendering.

One other approach is to use machine learning models trained on large eye move-
ment datasets to predict the onset of a saccade based on a series of recent incoming
eye movement samples (Rolff, Stein, et al., 2022; Rolff, Steinicke, & Frintrop, 2022;
Rolff et al., 2023). So far, however, the models predict saccades with an average error
of more than 0.12 s and are therefore not suitable for replacing conventional saccade
detection algorithms. In the future, however, it may be possible to adaptively adjust the
saccade threshold based on such predictions in order to reduce the time required for an
eye tracking system to detect eye movement.

Since the publication of our study, in addition to updated eye tracking headsets con-
nected to a computer, a number of stand-alone HMDs with inside-out positional track-
ing, controller and hand tracking capabilities and eye trackers have come to market (for
example the HoloLens 2, the Apple Vision Pro, the Neo 2 Eye, Neo 3 Pro and Neo 4 En-
terprise from Pico, the Varjo Aero, the HTC Vive Focus 3 and the Meta Quest Pro). For
updated HMDs connected to a computer, such as the Fove-480 or the Varjo XR-4, our
method of measuring latency by simultaneously recording eye movements using EOG
can still be used. To measure the latency of stand-alone devices, however, a different
synchronisation method is required to determine the latency between VOG and EOG.

Until today, researchers favoured the Quest Pro (Aziz et al., 2024; Wei et al., 2023).
The Vive Pro Eye was also widely used to record fixation positions in many different
scenarios (Moreno-Arjonilla et al., 2024). In contrast to the Fove-0, both headsets offer
support for the use of controllers, additional trackers, large-area position tracking and a
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wireless mode. Even though end-to-end latency is comparably high, accuracy and preci-
sion of the eye tracking sensors in the Vive Pro Eye appear to be good enough to record
fixation points in VR, at least in the central FOV (Schuetz & Fiehler, 2022; Sipatchin
et al., 2021).

Within this context, our research showed that the latency of VR eye trackers can be
reliably determined using a direct comparison with EOG. We found that the end-to-
end latency between an eye movement and a display change varies depending on the
device. In some cases, the latency even appears to be longer than the expected dura-
tion of saccade suppression for saccades with typical amplitudes. When conducting a
gaze-dependent experiment with such latency, participants would see the visual stimuli
jump from one position to another after each saccade. In principle, the latency measure-
ment method we developed can also be applied to newly introduced devices, although
a new type of signal synchronisation is required to determine the latency of stand-alone
HMDs. It may therefore be possible to reduce latency by filtering gaze data less or by
detecting pupils and reflections more quickly. Nevertheless, VR eye tracking can cur-
rently be used to transfer our eye movements to avatars, record fixation points in virtual
space and even track travel-gaze-fixations while a user is walking. Moreover, VR eye
tracking can be used for foveated rendering. In such cases, only the central part of the
current FOV is rendered in high detail, allowing virtual worlds to be simulated more
efficiently. However, as mentioned before, the latency of some current HMDs is in a
range where it is seems likely that users can perceive that the method is applied. To
reduce the detection rate, the resolution degradation factor can be carefully adjusted to
increase the foveated area. In addition, algorithms for predicting the start or progression
of the saccade can help to make the detection of the manipulation less likely.

The results from our study provide valuable information for analysing the behaviour
being tracked in order to synchronise recorded eye movements and presented stimuli. In
addition, our analysis provides an estimate of how much faster VR eye tracking would
need to become in order to display stimuli in a gaze-contingent manner. Together with
other studies that provide valuable insights into other parameters of data quality, such
as the accuracy and precision of eye tracking and the latency of head tracking, our study
contributes to a better understanding of VR eye tracking for applications in psychophys-
ical research, which could ultimately help to enable gaze-contingent HMDs.
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Next Steps in Gaze-based Locomotion Prediction

When walking, our gaze usually precedes our progress by about two steps (Hollands
et al., 1995; Matthis & Fajen, 2014; Matthis et al., 2018). In contrast to grasping, for
example, the execution phase between planning an action and reaching the visual target
is quite long. The planning phase therefore potentially involves the selection of an action
goal, which is reached comparatively far in the future.

Study II made it possible to observe how gaze precedes complex actions in a series
of typical locomotor patterns. Typical gaze shifts during locomotion serve to capture
visual information for the execution of upcoming movements and to monitor ongoing
behaviour. We therefore assumed that eye behaviour would contain information about
the selection of the next waypoint. Thus, we assumed it should be possible to predict
future locomotion waypoints based on this data. Indeed, we were able to show that
it was possible to combine this unsorted stream of gaze information with their corre-
sponding position data to predict walking targets 2.5 s in the future with an error of 66
cm. We also found that eye movements enable a more accurate prediction of movement
behaviour, especially in situations involving varying walking speeds. These could be
decision-making situations, such as turning around or selecting an object with which to
interact. Our results therefore suggest that our gaze plays an important role, especially
when modifying an ongoing movement. Since a decision such as right or left or turning
around has a strong impact on the selection of future walking destinations, it is pre-
cisely these phases (in which walking speed changes) that are particularly interesting
for applications that use these locomotion predictions.

This result supports earlier theories that postulate gaze is an important part of plan-
ning our walking trajectories. Moreover, it appears that eye movements associated with
planning our future locomotion make up a sufficiently large proportion of the total
amount of gaze data to contribute to a significant improvement in prediction in LSTM
models without further filtering. It seems that the previously proposed connection be-
tween our gaze and walking patterns during different tasks (that were observed in previ-
ous studies) are strong enough to systematically and automatically predict future walk-
ing actions using gaze and motion data. This means that this method of data processing
could be used in various applications, for example, in improving redirected walking to
reduce the number of user resets (Jeon et al., 2025). In addition, using a similar ap-
proach, it might even be possible to gain other information from gaze data to achieve
such aims as decoding user preferences in product design (Palacios-Ibéfiez et al., 2023).

Further Improvements

Since the publication of our research, two other studies have confirmed our main re-
sults. Bremer and Lappe (2024) found that gaze data improved predictions of the future
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pathway in two environments in which participants navigated using a joystick. More-
over, just like in our experiment, Y. Kim et al. (2024) found that gaze can improve the
prediction of future waypoints in a walking task. However, in contrast to our model,
which used 2.5 s of gaze and movement data to predict waypoints 2.5 s in the future,
their model used 3 s of past data to predict waypoints 2 s in the future which resulted in
overall higher prediction errors (between 113 and 126 cm) compared to our study (66
cm).

One reason for this could be the 0.5 s shorter input stream for each prediction. The
association between waypoint fixation and future waypoint peaks approximately 1.5 s
before a waypoint is reached (Matthis et al., 2017). Thus, the proportion of relevant in-
formation for the prediction of locomotion in the data stream from 2.5 s before reaching
a waypoint could be greater than in a data stream from 3 s before reaching the waypoint.
However, a post-hoc analysis of our data from Study II does not suggest this: a series of
new LSTM models trained with input data of 0.5 s, 1's, 1.5's, 2 s and 2.5 s predicting
the movement positions for the same time span into the future yielded average errors
between 68 and 62 cm. Thus, the total error range did not change dramatically with
changes of 0.5 s. Furthermore, in this analysis, the largest error occurred at 0.5 s and
the smallest error at 2.5 s. It therefore seems more likely that the trained LSTM already
reflects the typical information distribution during natural walking. Other reasons for
the larger prediction error in the experiment by Y. Kim et al. (2024) could be the smaller
amount of training data or differences in data quality resulting from different HMDs and
the lower sampling frequency of the eye tracker used in this study.

Nevertheless, it might be interesting to systematically investigate in future exper-
iments how the prediction error changes under identical conditions with even longer
input lengths. Such an analysis was carried out by Bremer and Lappe (2024), who inves-
tigated prediction errors as a function of how far into the future their models predicted
locomotion behaviour. They found that the prediction errors increased overall for longer
predictions. However, based on an LSTM model, it was relatively constant between 1
s and 2 s, until it increased again after about approximately 2 s in the future. However,
with Bremer and Lappe, 2024’s prediction model based on a transformer architecture,
the trend of increasing prediction errors for longer predictions appeared to be smaller.

Based on our results, some suggestions were made to further improve the prediction
of locomotion: For example, Mayor et al. (2024) investigated the use of quaternions
instead of directional angles with a range of 0° - 360°. They argued that jumps from
360° to 1° for a movement of only 1° would be especially difficult to learn for the ma-
chine learning algorithm. Quaternions, on the other hand, contain the same information
without this problem. In their study, they found this to be an advantage, especially when
predicting the movement position 2.5 seconds in the future. They go on to suggest that
research into other machine learning algorithms could lead to further improvements.
Indeed, in a direct comparison of different architectures trained on the same dataset,
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Bremer and Lappe (2024) showed that changing the network architecture to a trans-
former model can also reduce the prediction error.

Saliency-guided Eye Movements During Walking

As mentioned in the previous chapters, there are usually different types of fixations and
eye movements in our gaze movements during locomotion. While visual salience is of-
ten described as an important factor in screen based visual search tasks, its influence
often seems to be diminished when the ongoing tasks demand collecting additional vi-
sual information. Nevertheless, we kept the VE that we used to record the gaze data
sparse and ensured that only objects related to one of the instructed tasks were present.

Thus, our recorded gaze data most likely consists of multiple types of fixations.
First, there are travel-gaze-fixations that are associated with gathering just-in-time in-
formation to find the next waypoints (which are typically about 1.5 s in the future).
Second, there are long-term planning travel-gaze-fixations that are on objects unrelated
to the current destination, but are potentially helpful for future waypoints. Then there
are other travel-gaze-fixations that are not directly related to locomotion and are used
to remember properties of objects that are relevant for future tasks. Finally, there might
be a small proportion of gaze movements related to monitoring grasping actions when
interacting with the VE.

In walking experiments on flat terrain we usually spend slightly more than half of our
fixations on the ground (Matthis et al., 2018; Patla & Vickers, 2003; Pelz & Rothkopf,
2007). In their study, Y. Kim et al. (2024) added a condition in which the amount of dis-
tracting and moving objects in the background was varied. They found that as visual dis-
tractions increased, participants performed more gaze fixations towards the background
while solving the three different locomotion tasks. Normally, our travel-gaze-fixations
are shorter than 0.6 s (Patla & Vickers, 2003) and tend to be directed in our current di-
rection of motion (Hollands et al., 2002; Rothkopf et al., 2016). This facilitates getting
environmental and self-motion information from the optic flow, which could be helpful
for directing our feet to the planned landing positions (Patla & Vickers, 2003). In an
environment with moving objects, our gaze must compensate for the visible movement
of the objects to enable continuous fixation on the same target. When we walk and look
at moving objects that are close to us, our gaze must compensate for both the movement
of the objects and our own progress. However, in the study by Y. Kim et al. (2024), the
objects were presented in the background. As a result, although our gaze continues to
compensate for the movement of the target, it does not have to compensate for locomo-
tion, as the objects remain in the background no matter how far we move. Therefore,
it may be more difficult to extract information about future waypoints from the gaze,
which could explain why the prediction error increased under conditions of a moving
background.

Looking at salient objects that guide our eye movements as we walk raises new
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questions, such as where do we normally focus our attention while walking? Previous re-
search suggests that particularly in direct comparison to situations without locomotion,
the periphery contains relevant information (Craybiel et al., 1955; Franchak & Adolph,
2010; Geruschat et al., 1998; Hassan et al., 2002). Walking seems to be a highly auto-
mated action that we can perform without much cognitive effort, so it is likely that we
have some reserve capacity to process other visual content as we move forward. Thus,
even if our gaze is directed towards a salient non-task-relevant object, we may still be
focusing covertly on walking-relevant elements of the scene. This is supported by previ-
ous experiments that suggest that our visual perception and eye movements are (at least
to a certain extent) influenced by walking (Barnes et al., 2025; Cao et al., 2020; David-
son et al., 2023, 2024; Haegens et al., 2011). This process is not perfect, as shown by
Matthis and Fajen (2014) who suggest that there is a certain time window in which we
can absorb the visual information required for each step. If this information is not avail-
able, our steps tend to be less precise. It could therefore be interesting to investigate if
shifting attention during this critical time-window has an influence on locomotion. Fol-
lowing the approach of Davidson et al. (2024), one could also investigate whether the
direction of our attention can be assigned to three-dimensional positions relative to the
head position and whether and how this relationship is modulated by our steps.

Although there are still several open questions regarding the influence of distracting
objects during walking, this does not necessarily mean that predicting locomotion using
gaze data is only possible in sparse environments in which the participants focus exclu-
sively on walking tasks. Conversely, Bremer and Lappe (2024) found that gaze data can
be valuable for predicting movement in various contexts, even when the link between
gaze direction and future waypoints was particularly weak, as participants were solving
a visual search task while moving forward in the VE.

As an alternative approach to improve locomotion prediction, Y. Kim et al. (2024)
suggested adding additional gait sensors to collect data that are not influenced by salient
stimuli and are therefore able to improve predictions. Another approach to improve pre-
dictions is to classify gaze data in terms of their expected information for the prediction.
This could be done, for example, following the approach of Bremer et al. (2022), who
trained an LSTM model that was able to distinguish gazes directed at future waypoints
from gazes directed at other features of a scene. Similarly, Sharma et al. (2024) were
also able to distinguish between targets and non-targets in fixations when searching for
icons on desktop backgrounds and finding tools in a cluttered workshop, using a com-
bination of eye tracking and EEG data.

In summary, although prediction accuracy varies slightly depending on the task and
environment, gaze data can generally be used to improve prediction models for walking
behaviour. By combining data from multiple locomotion tasks, we achieved an average
prediction error of 66 cm.
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Since the publication of our results, there have been well-founded suggestions as to
how this accuracy could be further improved in the future. New findings about salient
objects in the background that can distract our eye movements during locomotion may
suggest that important information for movement prediction is encoded in gaze move-
ments related to fixations on objects near us. However, further research is needed to
confirm this hypothesis. More generally, the influence of salient background objects
raises further questions about where we look while planning upcoming behaviour and
how visual information and task requirements jointly control our eye movements. Our
study not only shows that predicting walking goals based on gaze data is a potentially
useful method for various VR applications, but also provides a clear example of how
VR research can be used to better understand how we plan our behaviour.
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Gaze Guidance

In Study III, we observed the trajectories of eye and head movements in a head-free
search in a VE. Unsurprisingly, the results showed that some eye movements during
searching are guided by the salience of visual stimuli. Initial saccades at the start of a
search especially, seemed to be guided by information from the original FOV. Thus,
salient targets visible in the periphery of the FOV were found quicker than less salient
objects and initial eye movements landed closer to the target compared to less salient
objects.

We additionally observed how top-down head movement strategies became an influ-
ential factor when the search space expanded naturally when the target was not found
in the initial FOV and head movements were required to complete the task. Therefore,
our results indicate that saliency plays a subordinate role in the second searching phase.
Interestingly, the same stimuli which produced pop-out effects when they were visible
in the FOV at the beginning of the search, did not have this capability when they were
brought into the FOV by turning our head. Search behaviour was no longer influenced
solely by the salience of visual stimuli and expected eye movement biases. Instead, the
decision to make a particular head movement seemed to depend largely on the known
arrangement of stimuli.

Peripheral targets that only became visible during the search through head move-
ments were reached in similar search times, regardless of their saliency. In addition,
initially hidden targets (that could only be seen when they were in the central FOV
when the head movement towards them was almost complete) were found in a similar
amount of time. This supports the conclusion that peripheral information was not used
to guide the gaze. After head movements brought a set of potential targets close to the
centre of the FOV, the search within this central set seemed to be again facilitated by
salience.

Bottom-Up & Top-Down Factors

Our gaze can be guided at different stages by two different principles: by bottom-up
visual features that are directly related to a visible salient object and by more top-down
cognitive planning that is not always related to something currently in our FOV. The
influence of salience often seems to be reduced when eye movements are driven by task
demands. Schiitz et al. (2011) assumed that bottom-up guidance is off duty whenever we
perform a task. However, this does not mean that bottom-up guidance is always the most
important factor when no instructions are given. Nystrom and Holmqvist (2008) com-
pared the fixations on images of three different categories and found that edge density
and contrast at the fixated location did not influence initial fixation or the time course of
viewing, even when no task was given. Thus, Wolfe and Horowitz (2017) hypothesised
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observers would internally intuitively follow a task, even without specific instructions,
or when asked to view the presented scene freely.

Implicitly, these ideas imply some kind of modular structure with a bottom-up and a
top-down pathway that can replace each other in different situations. This aligns with the
results of Lin et al. (2008), who found that suddenly appearing (and therefore salient)
objects during an ongoing search strongly attract attention, especially if they approach
from the periphery or threaten to collide with us. In other words, switching between
bottom-up and top-down control can take place during a task, based on visual input.
Naturally, this means that information from the bottom-up path is continuously avail-
able to our control system, even if it is not currently the main guiding factor. This is
consistent with the results of a few other experiments in which bottom-up mechanisms
seem to continuously have the capability to distract us during free headed searches in
natural VEs. For example, blurring of salient regions in a visual scene enable an over-
all better search performance for less salient targets (Lukashova-Sanz & Wahl, 2021).
Conversely, Bektas et al. (2019) reported that a gaze-contingent reduction in peripheral
detail accuracy could improve visual search performance.

To better understand this, Einhduser et al. (2008) set up a study on how both fac-
tors are weighted against each other. In their study, the influence of visual input as a
guiding factor was first established using high- and low-contrast stimuli or flickering
targets. Then the bottom-up influence was overridden by setting a simple search task
for a clearly visible bulls-eye target. In the condition where participants initially pre-
ferred salient, high-contrast parts of the screen, they then developed a preference for
low-contrast stimuli. This suggests that instead of completely overriding one channel
of information, we are sometimes guided by a combined stream of bottom-up and top-
down information. However, when using a less salient search target, contrast was not a
relevant guiding factor. In the condition where flicker was the initially established as a
guiding factor, the salient bullseye search target also neutralised the original influence
of flicker. Therefore, Einhéduser et al. concluded that the extent to which one factor over-
rides the influence of another also depends on the overridden feature and the salience of
the objects relevant to the new task, while the initial salience features in the environment
appear to play a subordinate role.

The weighting of top-down and bottom-up factors can also be shifted by non-visual
changes as a study by Foulsham and Underwood (2007) shows. They found that objects
with higher salience were fixated earlier and more frequently than objects with lower
saliency, while participants memorised different complex scenes. Once the task was
changed to searching for a target defined by a category or example, salience was no
longer the decisive guiding factor. A similar result was presented by Longstaffe et al.
(2014), when participants searched in a room with a series of illuminated buttons on
the floor to find a target that changed colour when pressed. Some buttons flashed while
others remained lit. Participants chose the flashing buttons more often, even though
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they knew that doing so had no effect on the search results. At the same time, they were
able to choose a sensible search sequence and avoid selecting the same switches twice.
Nevertheless, in a condition where memorisation was not necessary because the already
selected targets were visually marked, participants were less likely to explore flashing
locations. Thus, in this task, top-down guidance was not able to completely override the
influence of bottom-up information. Interestingly, in these experiments, salient targets
were chosen even more often when a memorizing task was done simultaneously. This
suggests that our memory capacity can also influence how highly we weight salient
visual stimuli as a guiding factor.

In summary, it can be said that various guiding factors are integrated with each
other in a common module. One possible outcome is that one factor neutralises all oth-
ers. Tatler et al. (2011) assumed that this is particularly the case when non-visual factors
such as time pressure or behavioural costs come into play. They assumed that this would
allow particularly important fixations to be carried out without distraction and with par-
ticular precision in time-critical situations such as driving or walking. However, given
the findings of Longstaffe et al. (2014), their assumption that salience prevails particu-
larly in situations with low cognitive load appears overly simplistic. Nevertheless, it is
possible that top-down factors such as instructions and working memory load modulate
the effect of bottom-up factors.

Timing

The influence of different guiding factors on our eye movements changes depending
on the visual content and over time. Schiitz et al. (2012) observed that saccades with
short latency were mainly guided by salience, while saccades with long latency could
also be influenced by value information. Similar conclusions can also be drawn from
a screen-based study by Wolf and Lappe (2021), in which participants were instructed
to look at either the centre of a picture, a salient object, or a position between the two
options. Their results showed that quickly executed saccades (triggered between 80 ms
and 250 ms after the appearance of visual stimuli) are susceptible to involuntary dis-
tortions caused by salient objects or the centre of the image. However, saccades with
a longer latency and without any instructions on where to look frequently landed on
salient stimuli. This suggests an interaction between the guidance of the instructions
and the timing of the execution of the eye movement.

This aligns with a range of findings from van Zoest et al. (2004), in which saccades
with latencies below 250 ms were stimulus driven, whereas later eye movements were
more goal driven. This suggests that visual input is likely used for bottom-up guidance
as soon as it is available. However, some visual features are decoded relatively late in
the visual pathway from the visual inputs and are therefore only available with a certain
latency. For example, Palmer et al. (2019) found that it takes 200 — 300 ms to utilise
colour information in a guided search. Then again, there are some search tasks that we
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can solve surprisingly quickly: it only takes 150 ms to recognise whether an animal
is visible in an image or not (Thorpe et al., 1996). However, looking at the results of
the influence of top-down processes after 250 ms, it seems that even with these highly
efficient search processes, there is a very limited time frame in which bottom-up factors
such as salience can have an effect in situations where an instruction is given.

One explanation of the potential functions leading to the reduction of the influence
of bottom-up salience was given by Donk and van Zoest (2008). Based on two experi-
ments, they concluded that salience could be represented in the visual system only for a
limited period of time after it is received. In both experiments, participants were asked to
find the most salient object among two salient objects and many distractors. Again, per-
formance varied with timing. Initially, participants were able to detect the most salient
object. However, in trials with saccade latencies longer than 300 ms, participants were
not able to distinguish the most salient object from the other salient object. In a second
experiment, the presentation time of the stimulus was systematically varied. If objects
were visible longer than 83 ms the average proportion of correct answers fell by about
10%. From all of these results Donk and van Zoest concluded that the relative salience
between objects is represented in neural response map via latency: Following this idea,
neurons representing the salience map with receptive fields containing highly salient
objects would fire earlier than neurons with receptive fields containing less salient stim-
uli. After the latency offset, the neurons corresponding to the location of the less salient
object also fire. Then, the two may no longer be distinguishable in terms of their rela-
tive salience. Instead, the saliency map would then only contain information about the
locations of all salient objects in the FOV.

Similarly, such temporal effects could potentially explain some of the typical ob-
servations made when shifting from bottom-up to top-down control. For example, Wolf
and Lappe (2020) found that this shift did not simply depend on the duration of the
task, but rather on how long salient objects that initially appeared distracting had al-
ready been visible. They concluded that the visually available bottom-up saliency must
first be suppressed to allow the influence of top-down factors. In theory, this suppression
mechanism could be related to the loss of relative salience information and a therefore
more spread-out saliency signal.

In many situations, the first saccade could already be carried out while relative
salience is still represented in the visual system. Thus, in many arrangements of objects
in our FOV the first saccade is guided by bottom-up factors. This fits well to observa-
tions by Brouwer et al. (2009) , who found that when we look at an object that we want
to grasp, the first saccade tends to go towards the centre of gravity of the target object.
The following second fixation, however, is often more task-related and brings areas rele-
vant for grasping into foveal vision. In line with the findings of Donk and van Zoest, van
Heusden et al. (2021) found that relative salience appears to be represented long enough
to guide the first saccade, even when it is directed towards peripheral targets, where the
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planning and execution phases are somewhat prolonged. Moreover, they found that in
this scenario the whole process of switching from bottom-up to more top-down guid-
ance seems to start up to 50 ms later. One could therefore argue that the weighting of
the guiding factors is also influenced by the actual sequence of eye movements based
on the structure of the scene.

Head Movements

Many processes in our visual system are organised retinotopically. This is also the case
for the neurons processing bottom-up salience signals (Bichot et al., 2005). As a result,
salient objects can pop-out from the FOV during searching and trigger eye movements
towards them. In line with many experiments on guidance during searching in the FOV,
also Study III showed that initial saccades at the start of a search are guided by salient
visual stimuli.

At the start of a head movement no visual information about the head movement tar-
get in the extended FOV is available. Therefore, we need to rely on non-visual informa-
tion when planning and initiating the head movement. In general, contextual guidance
or the use memorized or learned content is an established principle for visual guidance.
For example, there is experimental evidence that top-down information about scenes can
be used to refine the search space in a scene (Hwang et al., 2011; Kanan et al., 2009;
Neider & Zelinsky, 2006). In addition, many of the regions involved in the selection
and generation of saccades are sensitive to the expectation of reward (Jovancevic-Misic
& Hayhoe, 2009). For example, in monkeys saccade-related areas in the cortex (lateral
intraparietal area, frontal eye field, supplementary eye field and dorsolateral prefrontal
cortex) all show sensitivity to rewards (Dorris & Glimcher, 2004; Platt & Glimcher,
1999; Stuphorn et al., 2000; Sugrue et al., 2004). As a result, it makes sense to assume
that we rely more heavily on memorised content to plan our head movements while the
FOV is being updated.

The use of a non-visual signal to plan our head movements suggests that this move-
ment plan is not represented retinotopically in the visual system. This raises the question
of which coordinate system we use to plan our movements instead. Crowe et al. (2025)
investigated search time differences for search displays that were occluded with a mov-
able aperture. In separate conditions participants could use a mouse to either move the
aperture or the presented stimuli behind it. They found that the search time was shorter
when participants moved the aperture instead of the stimulus. This suggests that the
non-visible search space is not organised in absolute world-coordinates, but relative to
the hand movements. This was also the case when an additional visible reference was
present and even when the aperture and the search display were constantly wobbling.

However, if the assignment between mouse movements and the movement on the
screen was reversed, the search time pattern inverted. The search then became faster
when the search display was moved instead of the aperture. This suggests that the con-
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gruence between the moving direction and the visual change was more important for
the speed of the search than which object is moved.

Head movements result in a reliable shift of the current visual input. Therefore,
the representation or organisation of the surrounding objects could also be organised
using the movement signal. In our experiments, it seemed as if this head movement
strategy was based mainly on the structure of the scene. This fits well with the results
of Shioiri et al. (2018) who found that participants are able to quickly learn the spatial
arrangements of displays placed around them, while doing a search task. As a result,
the area in which we can move our eyes is determined by head movements that are
guided by top-down factors. Consequently, the influence of top-down factors increases
as soon as scenarios are considered in which head movements are necessary to reach
a target. Using 360° scenes, Haskins et al. (2020) compared eye movements between
two experimental conditions. In the first, simulated head movements were presented.
In the second condition, participants were free to move their heads as they explored
the scene. Haskins et al. found that during active viewing, participants used shorter,
more exploratory fixations, while the influence of salience decreased and the effect of
meaningful scene areas increased.

Generally, once a head movement has started, we could in theory use visual infor-
mation that became available through the shift of the FOV to alter the ongoing head
movement. In our experiments this did not seem to be the case. However, previous ex-
periments found that individuals use extraretinal cues such as neck proprioception, in-
formation about the neck movement and vestibular information to perceive visual input
while turning our heads (Crowell et al., 1998), which might explain behavioural dif-
ferences between simulated and actual head turns. Then again, the image on the retina
is not completely stabilised during head movements (Skavenski et al., 1979; Steinman
& Collewijn, 1980), which suggests that guidance of head movements is more likely
based on a combination of top-down factors, such as memory and previously learned
structures. One could therefore argue that at the start of a search, bottom-up salience
is guiding our first saccade towards the first object to inspect. If the search target is
not in the initial FOV, we need to expand the search space by moving our head to ob-
tain more information in the extended FOV. During this process, we typically follow
a saccade and catch-up strategy in which first a rapid eye movement towards potential
targets in the periphery is made and simultaneously a head movement is initiated. Once
the head movement has caught up and the previous saccade target is close to central
vision, another saccade follows to inspect new objects located in peripheral regions of
the newly established FOV. This means that no bottom-up visual information is avail-
able when planning a head movement. Although head movements are slow and visual
stimuli can be stabilised to a certain extent on the retina even during continuous head
rotation, it appears, at least in our experiments, that when searching for a scene with
a known structure, we do not change our planned head movement trajectory based on

133



General Discussion

the information received during the shift of the FOV. Once a new FOV was established
and the head movement ended, bottom-up information seemed to be able to guide gaze
again.

This leads us to conclude that our attentional system has both bottom-up and top-down
information available at the same time, so that the weight given to different guiding
factors can change rapidly. It seems that both, bottom-up and top-down guidance, can
modulate each other to a certain degree. For example, our eye movements may initially
be strongly action-related, but can then be distracted by a salient stimulus. Conversely,
we can also give ourselves instructions in an environment with a lot of salient factors to
find relevant objects in our surroundings. Bottom-up guidance becomes available ear-
lier than the influence of top-down factors, the latter usually becoming more important
after a few hundred milliseconds, when specific instructions are given. After this delay,
we often do a second, more top-down driven, saccade. The delay can be longer when
salient objects are located in the periphery. Finally, it is clear that no visual information
is available as a guiding factor for the initial planning of head movements towards the
extended FOV. In line with this, our results suggest that these are planned based on
the structure of the scene. In our experiments, it also appeared that head movements
were not influenced by information that may have become visible during their execu-
tion. As soon as head movements are necessary to reach a target, top-down factors gain
importance overall, as top-down-controlled head movements determine the area of our
environment in which we can perform eye movements.
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Limitations and Outlook for VR Research

The experiments in this thesis show that it is possible to collect behavioural data us-
ing VR that meets scientific standards. Nevertheless, it is reasonable to ask how VR
measurements compare to data previously collected in simplified environments using
desktop setups and whether there are systematic differences between the two. There are
several experiments which suggest that eye movement patterns are similar when per-
forming the same task in the real world and in realistic simulations (Drewes et al., 2021;
Gulhan et al., 2021; S. Kim et al., 2018). Then again, studies have shown that VR al-
ters the perception of walking speed (Banton et al., 2005) and can influence walking
dynamics when walking on a treadmill (Sloot et al., 2014). Moreover, there are several
other potential reasons why, even in ideal conditions, users may not act naturally in VR
researchers should be aware of. First, wearing an HMD feels different from not wearing
one. Therefore, although the devices are becoming lighter with every generation, right
now the additional weight of more than 700 g on the head is still clearly noticeable. The
extra weight on the head and joints can make many natural movements more strenuous,
which can lead to unnatural compensatory movements. Second, on current devices, the
FOV is more limited than in reality, which could potentially alter visual perception for
example during locomotion.

In light of these limitations, it is important to distinguish between undesirable side
effects of VR and differences that arise because the task is closer to natural human
behaviour. For example T. C. Wu and Tsotsos (2025) conducted a real life search task, in
which participants walked around a room to find objects that were presented on a screen.
All movements of the head and eyes were tracked throughout the whole task. In their
experiment, T. C. Wu and Tsotsos reported an average fixation duration of about 200
ms which is similar to results from other more simplistic studies. However, the reported
average saccade amplitude was 10.4° which is higher than in 2D natural image search
with average saccade lengths of 5-6°. They also found several environment fixations
in which participants did not look at task relevant objects, but looked at other objects,
for example, when navigating the room. Similar conclusions can be drawn from our
data in Study II. In a direct comparison between VR and simple desktop studies, it
would be easy to dismiss such differences as VR bias. In this situation, it is important to
consider carefully whether the deviation in the behavioural data could also be a result of
observing more natural behaviours in VR, which may describe typical human behaviour
even better than the results of desktop studies.

Finally, some differences in measured behaviour may result from using different
measuring equipment. Compared to some desktop-based eye trackers such as the Eye-
link 1000, which has established itself as the gold standard in eye tracking research, VR
eye trackers are still rather imprecise. Therefore, when conducting a VR experiment,
more data is required to achieve a similar level of precision by averaging the informa-
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tion about eye movements across multiple trials. The overall lower accuracy means that
it is not possible to distinguish eye movements with very short amplitudes, such as fix-
ational eye movements. Our latency measurements in chapter I showed that measuring
eye movements usually takes several frames. In addition, due to its significantly lower
spatial and temporal resolution, the currently available VR eye tracking hardware can-
not be readily used for online measurement of saccade dynamics. It also does not seem
possible to use it to detect saccade onsets quickly enough to present VEs with gaze-
contingent experimental stimuli. This would require the positions of the virtual objects
to be adjusted to the gaze, which would require low latency eye and head tracking. Nev-
ertheless, it is possible to use HMDs to observe eye and gaze paths of saccades and
pursuit movements, as well as gaze points and fixations, if the data is analysed retro-
spectively and averaged across several trials.

When doing so, we should consider that the gaze signal resulting from combining
eye and head tracking suffers from imperfections that must be taken into account when
planning VR experiments and interpreting their results. Based on recordings during the
pilot phase with the HTC Vive Pro Eye, we suspect that eye and head tracking are not
recorded perfectly synchronised. For example, when horizontal head movements are
recorded while we are fixating a point, our eye movements compensate for our head
movements so that we can see the fixation target clearly while moving our head. If we
calculate the difference between the speeds of eye and head movements, we often find
rapid velocities of over 30 °/s when using current VR hardware. Then again, finding
perfect stabilisation at speeds close to 0°/s seems to be unlikely based on previous re-
sults (Harris, 1994). Nevertheless, we cannot distinguish between actual retinal slip and
additional errors caused by asynchrony between eye and head tracking with the current
setup. This makes it difficult or even impossible to identify fixation objects based on an
eye velocity threshold, as is often used in desktop eye tracking experiments. One method
for determining gaze points and gaze patterns in VR is calculating intersections between
the gaze ray and the positions of objects in the VE. When the same object is looked at
for multiple frames, we can assume that it was fixated, even though the output velocity
of the gaze signal wrongly suggests that the image on the retina was not perfectly stable.

In summary, as a scientific method, VR is no longer in its infancy and offers great
potential for systematically observing complex movement sequences (such as searching
for an object in a room). This means that although some previously established methods
need to be adjusted due to flaws in the currently available hardware, based on our tests,
the combined gaze signal provides a solid overview of where and how long a person
looked in a sequence, especially when combined with information about the VE. All in
all, this makes VR eye tracking particularly interesting as a method for observing eye
movements during actions and enables experiments in which participants can explore
their surroundings more naturally than in experiments in front of a desk. In situations
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like these, various processes simultaneously influence our behaviour. We can therefore
use VR to gain new insights into our perception and behavioural control. High temporal
resolution and the combination of detailed participant behaviour along with the exact
description of the stimuli presented in the experiment make it possible to describe the
timing and connection between perception and behaviour much more accurately than
before. The extensive amount of data enables new evaluation methods, such as machine
learning, to automatically classify the collected data.
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Conclusions

The rapid development of VR technology in recent years has led to the combination and
improvement of several different technologies for tracking human behaviour. Simulta-
neously, the possibilities for presenting visual stimuli that respond to our movements
have improved.

In this thesis, we showed how observing eye, head and walking movements in VR
can improve our understanding of how we perceive and explore our surroundings. As
a first step, we evaluated VR eye tracking latency to be able to use it as a new method
in psychophysics. We found that eye tracking latency ranged between 45 and 81 ms
on different devices. Second, we illustrated that eye and head movements offer pre-
dictive added value for locomotion forecasting. This fits well with previous knowledge
about the planning and execution of walking movements. In our study, we predicted
future movement behaviour in VR. Such prediction models could be used to minimise
errors in motion tracking by making plausibility assumptions based on such motion
predictions. Moreover, similar prediction models could be used to compensate for any
system latency with software by performing tracking based on a mixture of measured
and predicted data. Our predictions can also be used to create immersive VEs that au-
tomatically respond to intended behaviour and are thus able to keep users away from
obstacles. Since we relied exclusively on egocentric movement data, the same method
could also be applied in many real-world contexts. In such contexts, it is helpful if
controllable environmental parameters can react proactively to human movements. For
example, when learning new movement sequences, this prevents errors at an early stage
and avoids damage to work materials and the practice of incorrect movement patterns.
Such predictions could be helpful in surveillance systems for hazardous areas. These
safety systems would then no longer just react when a person enters a hazardous area,
but could also issue an early warning or automatically eliminate potential hazards based
on movement predictions using egocentric data. Finally, we used a combination of VR
eye and head tracking to expand the classic visual search paradigm. In two experiments
on search in the extended FOV, we observed how head and eye movements interact
with each other to form our gaze trajectory. We found that head movements in particu-
lar tended to be guided by top-down features and gaze was not immediately influenced
by stimuli that entered the FOV through a head movement. This description of search
behaviour suggests that salience plays a rather subordinate role when searching in real
and virtual environments.

On this basis, new experiments using VR eye tracking can be developed to describe
the entire search process with its various subtasks in greater detail. To this day, there
remain numerous unanswered questions about the extent to which the distribution of
attention when walking or retrieving memories interacts with the control of search pro-
cesses, especially when a target enters our FOV through self-motion.
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Conclusions

VR and eye tracking technology has made significant advances over the past decade.
Ivan Sutherland envisioned many of these developments when he contemplated the pos-
sibilities of the ultimate display. Although his vision of a space in which a computer
can control the existence of matter has not (yet) been realised, the technology that has
continuously evolved towards his ideas can already help us to observe more accurately
how we process and perceive our environment. This is because the rapid development
of VR hardware has been accompanied by increasingly detailed behavioural measure-
ments. As a result, HMDs are useful tools for improving, refining and expanding dozens
of experiments and existing theories. This makes VR a method with great potential for
improving our understanding of how we see, perceive and act.
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