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Figure 1: LEFT: a user is selecting a target with eyes in an AR headset. A head endpoint and an eye endpoint are recorded after
each selection. RIGHT: Multiple repetitive selections form a head endpoint distribution and an eye endpoint distribution. The
distributions are used by our models to predict the likelihood of selecting each object. The object with the highest selection

probability will be chosen as the predicted target.
ABSTRACT

Target selection is a fundamental task in interactive Augmented
Reality (AR) systems. Predicting the intended target of selection
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in such systems can provide users with a smooth, low-friction in-
teraction experience. Our work aims to predict gaze-based target
selection in AR headsets with eye and head endpoint distributions,
which describe the probability distribution of eye and head 3D ori-
entation when a user triggers a selection input. We first conducted
a user study to collect users’ eye and head behavior in a gaze-based
pointing selection task with two confirmation mechanisms (air
tap and blinking). Based on the study results, we then built two
models: a unimodal model using only eye endpoints and a multi-
modal model using both eye and head endpoints. Results from a
second user study showed that the pointing accuracy is improved
by approximately 32% after integrating our models into gaze-based
selection techniques.
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CCS CONCEPTS

" Human-centered computing ! HCI theory, concepts and
models; Mixed / augmented reality ; User studies.

selecting a target with speci ¢ cursor positions/orientations). How-
ever, prior work has mainly focused on endpoints-based models
for one-dimensional (1D) or two-dimensional (2D) target selection
tasks (e.g.,4, 26 33 39). While in immersive three-dimensional
(3D) virtual environments, the endpoints-based models are mainly
about hand-/head-based selectiodg[63. To the best of our knowl-
edge, limited research has explored an endpoints-based model for
gaze-based target selection tasks in AR. Due to the promises and
ACM Reference Format: uniqueness_ of gaze as an input modal_ity, it _is essenti_al to under-
Yushi Wei, Rongkai Shi, Difeng Yu, Yihong Wang, Yue Li, Lingyun Yu, _stand how |nt_erface features (e_.g.,_ object size and dlst_ance) and
and Hai-Ning Liang. 2023. Predicting Gaze-based Target Selection in Aug- INPUt mechanisms (e.g., eye blinking and air tap) can in uence
mented Reality Headsets based on Eye and Head Endpoint Distributions. USers' gaze selection endpoints and to further provide prediction
In Proceedings of the 2023 CHI Conference on Human Factors in Computidpsistance in AR systems.
Systems (CHI '23), April 23 28, 2023, Hamburg, GerngBiyl, New York, To |l this gap, we present two models for gaze-based target
NY, USA, 14 pages. https://doi.org/10.1145/3544548.3581042 selection. One considers only the eye endpoint when a user triggers
a selection, i.e., the endpoint distribution is with eyes-only (see Fig-
ure 1, the blue scattered points). The other model adds the head end-
1 INTRODUCTION point to provide additional information in addition to the eye-only
Target selection is one of the most common and fundamental tasks model, which further explains how a user's head and eyes collabo-
in Augmented Reality (AR) systems. Modern AR Head-Mounted rate during the selection process (see Figure 1, the multimodal uses
Displays (HMDs), such as Magic Leap and HoloLens 2, allow users to both eye and head endpoints). To do this, we rst conducted a user
select virtual objects via handheld controllers or mid-air gestures. study to investigate how factors including target width, distance,
However, there are situations where users cannot interact with and selection con rmation mechanisms could in uence endpoint
AR HMDs using controllers or gestures because one or both of distributions and collect data for our models. We then conducted
their hands are preoccupied with other tasks, such as carrying another user study to compare our target prediction models with
tools or other items. Such cases would become common as AR a baseline. We show that the pointing accuracy can be improved
HMDs gradually become more incorporated into people's daily approximately by 32% after integrating our models into gaze-based
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lives in the same way as personal computers or mobile phones in
the foreseeable future. With eye-tracking capabilities increasingly
integrated into AR HMDs, gaze-based input can help solve this

selection techniques. We also nd that our unimodal model o ers
slightly better performance than the multimodal model.
The primary contributions of this paper include:

dilemma as a complement to the hand-based selection approaches.

Eye gaze is generally fast as it could scan a wide range of areas
with little physical e ort [ 9, 64. It is also lightweight and often
indicates selection intention][d. However, gaze-based selection
can often be inaccurate due to the noisy patterns of gaze points and
limitations in today's tracking devices.

There have been extensive discussions about strategies to im-
prove the accuracy of eye-based selection, such as expanding the
target size #§, adding supportive visual cuegi{], and integrat-
ing multi-stage re nements B5. However, due to frequent visual
changes, target expansion or visual cue strategies inevitably sac-
ri ce the consistency of a user interface and lower users' immer-
sion [68. On the other hand, a multi-stage technique may introduce
extra complexity to the selection procedure. We deem that a user
behavior modeling approach can potentially avoid these shortcom-
ings. It helps understand a user's target selection process and their
behavioral pattern, and ultimately, supports target selection pro-
cesses with probabilistic-based model predictiofisd5 38 63 67].

This could implicitly improve the target selection accuracy that
does not involve visual changes or additional interaction steps,
which eventually saves users' e orts in a target selection task and
make the process more usable and e cient.

Several models based on movement dynamics and selection end-

points have been explored for predicting the intended target of selec-
tion [6, 24 63. More relevant to our work are endpoint-based mod-
els that describe the probability distribution of a selection pointer
when a user triggers a selection input (i.e., the likelihood of the user

Two endpoint distribution models for predicting gaze-based
target selection: a unimodal model with eye endpoints only
and a multimodal model with both eye and head endpoints.
Results and interpretations of the behavioral characteristics
of the eye and head during gaze-based target selection. We
recorded participants' behavioral data in our studies (such
as selection time, trajectories, head direction, and endpoints
coordinates). We have also evaluated the in uence of various
factors on the outcomes (such as target width, movement
amplitude, and con rmation mechanism).

Open-sourced gaze-based selection dataset collected from
our two user studies which contain 20160 data trials.

2 RELATED WORK

2.1 Gaze Behavior and Eye-Head Coordination

Gaze behavior is a well-studied and trending research domain.
Prior work has leveraged eye-gaze as a single input modality in
conventional interactive systems, such as desktops, phones, and
tablets R, 30, 39. In these studies, researchers have investigated
how users' eyes could be used to select targets on 2D screens with
limited sizes at certain distances. More recently, researchers have
considered the role of the head during gaze-based interaction, espe-
cially in HMDs, which are attached close to users' eyes. Di erent
from conventional 2D interfaces, when interacting with HMDs,
users carry" the displays when searching and selecting the target.
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This search and selection process often involves coordination be-
tween the eyes and hea®], 57. For example, previous research
has utilized head movement to support gaze-based selecdn [  gestures 17, 67, handheld devices3q, or body movements32.
or to predict probable gaze positiond]]. Therefore, the role of the For example, Klamka et al3§] incorporated gaze with foot strokes
head becomes vital to understand users' gaze behavior while using so that when the user needs to zoom in on a 2D picture or map, in-
HMDs. stead of dragging the mouse to select the target, the area where the
The existing literature provides some understanding of how eye is currently looking at is the zoom center and the foot strokes
users' eyes and head coordinate with each other to achieve a com- are the triggers. In a multi-modal method, the eye is often used for
fortable viewing experience. The visual eld of the human eyesis controlling the cursor to locate the target, while a second modality
usually around 21%horizontally and 120vertically [51. When an is adopted for con rmation. Given the di culty of controlling eye
eye movement is greater than 3ffom the center of the sight, peo-  movements precisely, many prior studies have used eyes as a coarse
ple tend to move their head together with eye movemen®§[ For localizer and performed ne-tuning of the selection via other inter-
short-distance eye movements that are smaller thaf 8te head action methods to improve the selection accurady?[35 60. This
typically contributes one-third of the whole amplitude, and the  approach is e ective in improving selection accuracy, but it also
percentage of head movements in the whole amplitude increases lowers the naturalness and intuitiveness of the selection procedure
as the distance gets longeb(]. When people intend to look at a with higher learning e orts and interrupted experience.
target, they typically move their eyes towards the target position, When considering using only the eyes to perform a gaze-based
followed by head movements in about the same directi@h When selection, dwell is a common and usable con rmation mechanism.
the remaining amplitude is comfortable enough for eye movements, After aiming at the target, a user can stay or hold the gaze at the
the head movement may stop its assistan2€][ Such “assistance' target for a certain amount of time to con rm the selection (i.e., a
behavior varies from person to person, where some people tend dwell time). The e ciency of using dwell to select targets mainly
to move their heads to keep their eyes in a narrower and more depends on the dwell criteriord9, 39. It is usually restricted to spe-
comfortable range while some others do n&]]. This di erence ci c tasks, such as text selection or selecting static targets in sparse
in eye-head coordination can have a signi cant e ect on the use of environments. First, due to their nature, people's eyes constantly
HMDs, which typically requires head-supported gaze movements have motions when gazing at a target, which results in tremors,
to search and select the target, especially for those targets located drifts, and microsaccade4§. This means the eyes cannot maintain
outside a user's eld-of-view (FoV). a steady gaze for a long period§. In complex scenarios when
Prior work has identi ed that when the head is not disturbed by  objects are small, moving, or occluded by each other, selecting the
extra factors, the amplitude of saccadic eye movements (i.e., rapids target becomes more complicated and possibly causes serious eye
movement of the eye between xation points) can be expressed as a fatigue 4, 59. Blinking is another typical con rmation mechanism
function of the head's spee®. However, it is unknown whether in gaze-based selectiodd. It can be classi ed as spontaneous
the HMD's weight would a ect the head movement speed, and (short) and voluntary (long) blinking, where a spontaneous blink-
thus a ect eyes and/or head movements. While previous work has ing typically lasts around 100 milliseconds, but a voluntary blinking
discussed head-eye collaboration in immersive VR HMBX $7, may last over 200 millisecond84]. A camera and an algorithm are
it is still unclear whether the position and depth of the holographic  needed to determine an intended blink for selecting a tarded [
projections generated in realistic scenes in AR devices will have an When AR HMDs do not have built-in eye-tracking camera(s), an
impact on users' eye and head movements. external USB eye-tracking camera is normally required to utilize
blink behavior for interaction (e.g., the setup of HoloLens head-
set with Pupil Lab's eye tracker3q). It should be noted that the
selection using dwell or multi-modal methods is usually continu-
ous, whereas blinking creates an interruption to the process. For
With the upgrade of eye-tracking technology and the increasing a blinking action, a user would close the eyes and this ceases the
demand for using implicit eye data as an additional modality, a indication of the gaze point in the selection process. It is unknown
growing number of studies have focused on gaze-based selection.whether these two types of con rmation mechanisms have a direct
Gaze-based selection has been applied to various scenarios, includ-e ect on gaze-based pointing selection.
ing but not limited to gaming [L8 53, object manipulation b5 64,
text input [20, 43 44, and text selection41, 47]. In gaze-based . .
selection, users are able to locate the target using their eyes in a 2-3 Modeling Target Selection
fast and natural way but may su er from low accuracy. Consider- One of the most common ways to determine if a target has been
able attention has been devoted to improving gaze-based selection selected is the Visual Boundary Criterion (VBC), where a target
accuracy. One aspect is to design and enhance the con rmation is considered to be selected only if the cursor (controlled by hand,

In addition to the eyes, gaze-based selection is often combined
with other parts of people's bodies, such as the he&@,[hand

2.2 Gaze-Based Selection

mechanism to make it stable and e cientl[9, 32 49. Similar to
other pointing-based selection, gaze-based selection is normally
a two-step procedure. In the rst step, a user's eyes work as an
indicator to search, navigate to, and locate the target. While in the
second con rmation step, the user needs to trigger the selection,
either using the eyes or an additional modality [51, 52].

stylus, etc.) falls within the target's boundary. An ongoing research
topic is designing new target selection methods to achieve selection
e ciency and accuracy using VBC. Several approaches have been
proposed, such as modifying the size of targe3s§, 46, 48 65,

or using visual cues to indicate where the target (. These
approaches inevitably require visual changes in the immersive
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environment and break the consistency of the interaction, which same as where the eyes are looking at. For the multimodal model,
ultimately lowers the usability and interactivity [56, 68]. we incorporate the probability distribution of the head-pointing

One open challenge is how to improve the selection accuracy direction into the existing eye-based model to provide additional
without changing or distorting the interface and achieve a better information for target prediction. We hypothesize that the end-
understanding of human behavior in the selection process. Fitts' law point distributions of both modalities (i.e., eyes and head) to be
is one of the well-known models for understanding human behavior bivariate Gaussian distribution, and di erent task factors including
when selecting a target. Its extensive generalization allows it to target size and target distance could in uence the parameters of
calculate the movement time (MT) in di erent scenarioS, 57, 5§. the distribution.

Fitts' law has also been applied to eye-based selection. For example
Zhang [6€ proposed the IDeye model, which accurately predicts
the eye's MT and pointing time (EMT) in 2D screens. Isomoto et
al. [29 proposed a gaze model based on Fitts' law that e ectively
reduces the dwell time of acquiring a target.

Fitts' law helps to understand human behavior in target selection;
however, improving the e ciency and accuracy of target selection
cannot be achieved only with Fitts' law, especially in a dense en-
vironment, or the targets are moving or small. Understanding the
selection endpoints can be one potential solution to Il this gap.
Bi et al. [6] proposed an approach applying Bayesian theory for
touch screens, which treats the nger touch input as an uncertain
process and reduces the selection errors compared to a VBC ap-
proach by calculating the Bayesian Touch Distance (BTD). Bi et al's
later work has shown that the endpoint distribution with nger
pointing follows a bivariate Gaussian distribution and it is possi- ] % j)°%8) °
ble to predict selection behavior, such as selection accuracy, using %) o= T oy o 1)

this approach §]. These models have been generalized in several  tperefore, our model needs to learn the endpoint distribution
apphcgﬂon scenarios in 2D interfaces, mcl_udlng pointing-based 4 sers' eyes when they select potential targets with di erent
selection for 1D moving targets2[]], 2D moving targets 2§, 2D widths and distances to derive the likelihood of selecting a particular
moving targets with arbitrary shapesi[], and crossing-based se-  (4rget given a gaze-pointing direction. THe with the highest
lection for moving targets 24. In addition, they have been adapted  opapility will be recognized as the intended target (Equation 2).

to pointing selection for static targets in 3D VR environments with The likelihood function should be derived from an empirical user
head- and hand-based approaché§ Zhu et al. [6§ used end-  g,dy. To this end, our rst study served as a data source to help us
point distribution as a likelihood model in their Bayesian model. Li quantify the distribution of endpoints. The derived parameters of

et al. [3§ also built the Bayesian-based pointers to select targets hq jikelihood function are described in Section 5.1.
with 2D movements.

Our work provides some unique contributions as compared to )
prior work: (1) While prior endpoint distribution-based models
have discussed head- and hand-based interactionin 3D 8HS[ 37 5 Myltimodal ModeDur multimodal model further extends
our work extends this to gaze-based selection in AR HMD scenar- o \\nimodal model by incorporating head-pointing direction to
i0s. (2) Previous eye-based models considered the eye as a singl§ye(ermine the intended target of selection. In this case, the probabil-
input modality [39. However, we consider both the eye and head ., ot selecting a targe} with a gaze pointing direction and head
and combine them to build a multi-modal model. (3) Prior eye- pointing direction can be expressed &) j + °. Similarly,
based models utilized users' eyes' trajectories but not the endpoint 4 c6rqing to Bayes' theorerf§) j + © can be expanded based
distributions. In contrast, our work focuses on the endpoint distri- on Equation 3.
bution of gaze-based selection, which represents the probability

'3.1.1 Unimodal ModeThe basic idea of our unimodal model is to
automatically select the target with the highest probability based
on their gaze-pointing direction once a user triggers a selection
input. The concept is similar to previous works that leverage Bayes'
theorem for target prediction, 27, 63. Supposing a list of potential
targets in the environmen} 1¢)2¢ """+3, the probability of selecting
a particular targed with a gaze-pointing direction is%) j °.
According to Bayes' theorem (Equation 28) j ©°is based or{1)
98) ©, the probability of selecting a target which is usually sette=;
(2)98 ©, the probability of gaze pointing at the particular direction

, which is assumed to be a constant value; a8)% j)°,
the likelihood of selecting a particular targét with gaze-pointing
direction , which can be calculated based on the eyes endpoint
distribution probability density function.

—argmax%) | °=argmax% j)° )
) )

distribution of pointing direction when a user triggers a selection om o Y ) WO°
input. %) jo °= e o 3)
We can use the conditional probability formula ¢¥# « °to

3 RESEARCH OVERVIEW further expand the equation. Therefore, we derive Equation 4 as
follows.

3.1 Models orows

In this research, we aim to build two endpoint distribution models %) je o= % j)° W° @

(aunimodal modeand amultimodal modélfor gaze-based target % j ° 9w ©°

selection in AR headsets. For the unimodal model, we consider end- To determined) j « °©, we need1) %) °, the probability of
point distribution as the probability distribution of gaze-pointing  each object being selected (set to 1/(B) % °, the probability
direction in 3D space when a user triggers a selection input. In this of gaze pointing at the direction (set to a constant value)3)
case, the cursor orientation (i.e., the Raycasting direction) is the %3 | ©°, the probability of head pointing direction , given that
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the gaze pointing direction . We treat this value as a constant
within a particular 3D space(4) % «  j) °, the probability of
gaze pointing direction and head pointing direction , for a
given target. The likelihood of gaze and head pointing direction
% « ©should be di erent for each potential target.
Therefore, to determin&d) j « ©°, our primary concern is to
compute%d «  j) °, meaning the likelihood of gaze pointing at
and head pointing at for each potential target (i.e%8 « 9
for each) ). We further expand the term through the condition
probability formula (Equation 5).

%We O =08 j O o o (5)

Here, we thus want to determinél) %8 | 9  the probabil-
ity of head pointing direction , give a gaze pointing direction
for a speci c target. This can be calculated based on the relative
probability distribution of the head by treating the gaze pointing
direction as the origin for selecting a targe2) % © , the prob-
ability of gaze pointing direction when selecting a target. Both
terms can be determined from an empirical user study where we
require users to perform gaze-based target selection on objects of
di erent sizes and distances. After computing these values from
the probability density functions, our multimodal prediction model
can then pick the object with the highest « 9 as the intended
target) (Equation 6). The derived parameters of the likelihood
functions are described in Section 5.2.

) =argmax¥) j e °
)

e

i

= arg max%g ¢
)

(6)

= arg max% % o

)

3.2 Study Outline

To build the models, we rst conducted a data collection study to
explore how factors including target size and target distance can in-
uence endpoint distributions of users' eyes and head. Additionally,
we investigate two con rmation mechanisms (blinking and air tap)
as they could result in di erent endpoint distributions. The data

from the rst study would allow us to t both models for target

CHI 23, April 23 28, 2023, Hamburg, Germany

Figure 2: LEFT: Experimental physical environment setup.
RIGHT: Holographic projection in the scene. Participants
selected the targets (in blue) based on the order indicated by
the arrows. The arrows are only for illustration and were not
shown to participants.

4.1 Participants and Apparatus

Twenty participants (4 females and 16 males) were recruited from a
local university. They were aged between 19 and 25 yeadd€ =
2310 B"3% 129. Eight participants had prior experiences with
AR HMDs. All of them reported they were able to clearly see all
the virtual objects during the experiment.

We used a Microsoft HoloLens 2 AR HMD for this user study.
It has a horizontal eld-of-view (FoV) of 43a vertical FoV of 29
and a 2K display resolution. While the program was deployed and
run on the HoloLens 2, we connected the headset to a desktop
PC to monitor participants' behavior in real time. The program
was developed using C# in Unity3D with MRTK (Microsoft Mixed
Reality Toolkit).

Prior work has suggested that luminance levels of the environ-
ment would a ect human eyes' pupil variation, and as such a ect
target selection accuracylf. We thus conducted this user study
in an empty room without natural light, where participants would
face a white wall approximately 2.5 meters away from them, and
the holographic projection would be projected two meters in front
of the participants. Participants sat in a chair to complete the ex-
periment (see Figure 2.LEFT).

4.2 Task
We adopted a similar Fitts' ring design (1ISO9241-9) as in previous

prediction. In a second study, we compared three gaze-based seyorks [54, 63. There were 21 virtual grey spheres in front of a

lection techniques: target selection with visual boundary criterion
(baseline), target prediction with our unimodal model, and target
prediction with our multimodal model. This would allow us to
quantify the performance improvement brought by the prediction
models.

4 USER STUDY 1: DATA COLLECTION

The goal of this study was to collect data on eyes and head endpoints
when performing gaze-based target selection in AR HMDs. With
the collected data, we were able to better understand how interface

participant. In each trial, one sphere would turn blue, representing
the target for that trial, and the participant needed to move the
gaze-based cursor to select it. If a target was selected, the next target
would appear opposite to it, which yielded a consistent movement
amplitude for all selections. Overall, the alternating sequence pro-
ceeded in a clockwise manner (see Figure 2. RIGHT). To simulate
users' selection behavior in a real-world scenario, we asked them
to select their target comfortably and naturally.

4.3 Input Mechanisms

features (object size and distance) and input mechanisms (air tap and We included two input con rmation mechanisms: air tap and blinking

blinking) may in uence endpoint distributions. We could also learn

about how users' eyes and head collaborate in a selection. Moreover,

we derived two models based on the eye and head endpoints.

both of them were common in gaze-based selection but could po-
tentially lead to di erent eye and head endpoints. Air tap requires
participants to perform a pinch action with their dominant hand.
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Blinking requires participants to close and open their eyes to con- removed because of the short amplitude (the distance between the
rm the selection. start point and the rst target was 0.5%). In eachCM condition,
We followed a previous approactdB 44 to detect eye blinks: we applied a Latin-Square design W andA accordingly. Even-
the system checked if the HoloLens 2 headset lost eye tracking data tually, we collected A 3W 2CM 20 participants 20
(which happened when eyes were closed) for a certain period of repetitions = 14,400 trials of data, including eye trajectories, head
time. We run a pilot study with 5 participants to determine the trajectories, and endpoints. The trajectories and endpoints were in
time duration threshold for blinking with 0.1s, 0.15s, and 0.2s, and angular representations using a spherical coordinate system, which
asked participants to complete an additional condition using air consisted of an x-axis representing the direction of movement and
tap for comparison. We collected 900 trials for each condition. Our a y-axis perpendicular to it. The origin was placed at the center of
results showed that using a 0.1s time threshold would lead to a high the target [63].
error rate (9.7%), most of which were false positives due to users'  Before the experiment, participants were rst asked to complete a
spontaneous blinking34. A threshold of 0.15s received a 6.2% questionnaire to collect their demographic information. Then, they
error rate, which was comparable to air tap (6.4%). A 0.2s threshold were briefed about the research goal, task, and controls, followed
received the lowest error rate (4.6%). However, participants reported by an introduction to the AR HMD. After that, the participants
that using a 0.2s threshold could cause extra eye fatigue compared wore the HMD and run an eye calibration procedure. A training
to a 0.15s threshold. Thus, we chose a threshold of 0.15s for the session without a time limit was given before the formal trials. As
formal experiments. This threshold also aligns with a previous a result of the inaccuracy of the calibration system, we took the
work [43]. following steps to carefully calibrate the eye tracking system: (1)
Head and eye endpoints were recorded if a selection input was maintaining the same physical environment for all participants to
triggered. For air tap, the endpoints were logged at the moment of minimize the in uence of external factors, such as lighting and
the registration of a pinch action. For blinking, the endpoints were  background distractions; (2) requiring participants to follow the
determined based on the timestamp that the HoloLens 2 headset calibration procedure strictly; (3) during the training phase, we
received the last valid gaze-pointing data before the blinking action. proactively asked the participants if they felt the cursor did not
When a user closes her eyes, the HoloLens 2 loses the eye tracking follow their eye movements or was inaccurate when looking at a
data. During this period, the eye cursor would stay stationary at  certain position, and if so, they were asked to re-calibrate their eyes.
the position right before the eye-close event. We carefully pre- Participants could practice as much as they wanted to ensure that
processed the collected data to ensure that irregular data generated they got familiar with the device and the controls.
from the two input mechanisms were not used for further analyses We required participants to orally say “start experiment' before

(discuss more in Section 4.5). aligning their head and starting the formal trials. The head positions
were calibrated at the beginning of the training session and formal
4.4 Design and Procedure trials. The whole experiment lasted approximately 50 minutes per

Ourstudyuseda6 3 2 within-subjects design with three factors: ~ Participant.
movement amplitudeA (14, 17, 20, 23, 26, and 29), target width
W (1.5, 1.75, and 2.9%, and con rmation mechanism€M (air 4 l
Lo - ey . iers Removal
tap and blinking). As mentioned, due to the limited FoV of an AR 5 Outliers Re _0 a ) _
HMD, it is common that a virtual object appears outside of users' e removed the following three types of outliers: (1) Data trials that
FoV. We conducted preliminary tests to determine the values of exceeded three times the standard deviations from the averaged
A andW so that three di erent cases were tested. (1) Whan results in the x-axis, y-axis, or movement time following previous
was 14or 17, users could observe and select the objects without WOTKS [25 63. Through this process, 155 (or 2.15% of the total
moving their head, i.e., the entire Fitts' ring was inside the Fov., (2) Nnumber of trials) and 144 trials (1.58%) were removed from the air
WhenA was 20 or 23, it was possible for users to select the target &P andblinking condition, respectively. (2) Afterimplementing step
without head movement but mild eye fatigue/discom t may occur. 1 we co_uld stlll_ nd data trials that contalned_a_bnormally short
The head movements were dependent on individual prefereisdg [ trajectories, which pould_ be .because of participants mistakenly
(3) WhenA was 26 or 29, users could not see the target from the ~ €N rming the selection twice (i.e., d_ouble-cpn rmatlon).. _Therefore,
initial position, so they had to move their head to support the target e further removed 286 (3.79%) in the air tap condition and 436
selection. We adjusted the values\af accordingly to ensure that (6.05%) trials in the blinking condition if the selection time was
no object occlusions would happen in any condition. smaller than 0.4s or the distance between the eye endpoint and
The experiment was divided into two sessions 6y, the rst the previous target center was less thah £3) We also removed
session used air tap, and the second used blinking. This was to the sub-sequential data trial of the double-con rmation trial if
prevent eye fatigue generated in the blinking condition to aect ~ the participant did not select the target correctly. We wanted to
the selection performance in the air tap condition in reverse order. Minimize the impact of double-con rmation altering the movement
We also ensured that participants had enough rest between the traJectory of the participants once they detected the mis-triggering
two sessions to prevent potential order e ects. EashW com- of the selection. We removed 269 (3.73%) and 349 (4.84%) trials from

bination contained 21 targets, but the data of the rst targetwas the air tap and the blinking condition, respectively. In total, 710
trials of data were removed in the air tapping condition, and 899

IThe absolute distance were 488.60mm, 539.30mm, 698.00mm, 802.70mm, 907.4omitialS Of data were removed in the blinking condition, representing
and 1012.70mm fok, 52.34mm, 61.08mm, and 69.80mmMbrand 2m fordepth 9.8% and 12.4% of total trials in each condition.
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In the following section, we present empirical results based on

eye endpoints (Section 4.6), relative head endpoints (Section 4.7),

and two con rmation mechanisms (Section 4.8). We then provide
our interpretation/discussion of the results (Section 4.9).

4.6 Results on Eye Endpoints

4.6.1 Normality tests and data processifig. rst run Kolmogorov-
Smirnov (KS) tests to examine the normality of the distribution of
endpoints in the x- and y-axis. The KS tests were not able to reject
the hypothesis that the data followed a Gaussian distribution. There-
fore, for simplicity, we treated all sets of endpoints to be normally
distributed. We then used maximum likelihood estimation (MLEs,
mle() in MATLAB) to obtain the mean and standard deviatioh of

the Gaussian distribution. The correlatiahbetween the endpoints

in two axes was calculated using the function obrrcoef() in
MATLAB. We also calculated the average movement time of target
selection 8<4) for each condition ( " ) as an additional
measure. We derive the values of the following six dependent vari-
ables based on our datag, f g, " ~,f ~, d, and) 8<4. Figure 3 shows
example distributions of eye endpoints whéil is 1.5.

4.6.2 Significance Teste conducted repeated-measures ANOVA

(RM-ANOVA) regarding the six dependent variables. Table 1 sum-

marizes the factors that had a statistically signi cant main e ect

Figure 3: Distribution density map of eye endpoints when W
is 1.5° The red circles represent the boundaries of the targets.

To explore their potential collaborative behavior, we de neelative
head endpoinas the relative position (in angular representation) of

on the dependent variables (please refer to our supplementary ma- the head endpoint with regard to the corresponding eye endpointin

terials for the full results). The degree of freedom was adjusted
by Greenhouse-Geisser if the sphericity was not met. Overall, the
results indicated thaf had a signi cant main e ect on” ¢ and

fe, had asigni cant main e ect on’ g andf -; while " had a
signi cant main e ect on f ~. Additionally, we found a signi cant
interaction e ect of, " ond.

4.6.3 Linear Regressiok¢e found strong linear relationships
between the factors and the dependent variables through linear

aselection trial. ThatistiG s~ ©°=1G e~ © 1G e~ ©
where' stands for Relative Head Endpoint, stands for Head
Endpoint, and stands for Eye Endpoint. This allowed us to quan-
tify the movement behavior of the head in relation to the eyes.
Figure 5 shows examples of distributions of relative head endpoints
whenW is 1.5. We treated the direction of gaze movement towards

a target as the positive direction of the x-axis.

4.7.1 Normality tests and data processBimilar to eye endpoints

regressions (see Figure 4). According to the linear regression re- data, we run KS tests to examine the normality of distribution of

sults, we identi ed that:" g = 071541 , 0’1399 2 = 0'9278,
*¢=00084 073101 2=(078824,fg= 01243 , 04115 2=
0'9829, andf - = 00071 , 04307" 2 = 0'9444.

Table 1: Signi cant results of RM-ANOVASs for the eye-based
endpoints in Study 1 (U = "05. DV represents dependent
variable.

Factor DV 35cect  35error 2 [3
, ¢ 1722 32716 3549 .047 .157
‘¢ 3938 74.822 6.071 .000 .242
, f g 2 35.728 4.304 .023 .185
f . 3305 63642 5318 .002 .219
" fo- 1 19 9.28 .007 .328
, " d 1.985 37.712 3.432 .043 .153

4.7 Results on Relative Head Endpoints
The head often moves in conjunction with the eyes when selecting

atarget using the eyes. The technique of using the eyes and head si-tical e ect between

multaneously for target selection has previously been explorgd.[

relative head endpoints in the x- and y-axis. The KS tests were
not able to reject the normality hypothesis, and we treated all sets
of endpoints to be normally distributed. We also calculatgff ,

£ 403 ~ 403 f 403 andd493 values as in the previous section.
Note that, we use a superscript af03 in the math expressions
hereafter to represent relative head endpoints.

4.7.2 Significance tesBesults of RM-ANOVAs showed that,
,and " all had signi cant main e ects on" ¢% . Meanwhile,

, and had an interaction e ect on' 493 . Additionally, had

a signi cant main e ect onf $%3 . Factors that led to statistically

signi cant main e ects were summarized in Table 2. Please refer

to the supplementary materials for the full results.

4.7.3 Linear Regressiobsle to the interaction e ect of ,

we did not perform linear regressions of and, on &% sep-
arately but combined both of them into a single regression as
shown in Figure 6. The expression for the air tap condition is
*803 = 1'8068 10664 071960 ' 2 = 0"8248, and for the
blinking conditionis* §9% = 24852 (9959 (72069 ' 2=
0"8620. We also performed linear regression of the main statis-
andf 493 with the nal expression as

f 393 =54419 00142 v 2=(Q7307.
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Figure 4: LEFT: Linear regression of the mean of “gon W. MIDDLE-LEFT: Linear regression of the mean of “gon A. MIDDLE-
RIGHT: Linear regression of the mean of fgon W. RIGHT: Linear regression of the mean of f- on A.

Figure 5: Distribution density map of relative head endpoints.

Table 2: Signi cant results of RM-ANOVAs for the relative
head-pointing endpoint in Study 1 ( U= "05.

Factor DV 35:¢ct 35eror 2 [3

, > &% 1095 20797 18.728 .000 .496
C 8% 2763 52488 5262 .004 .217

w408 1 19 5.280 .033 .217

, © 808 1999 37.879 3.371 .009 .151
f 808 3029 57556 2752 .050 .127

Figure 6: Regressions for relative head orientation in Study 1.

~ 403

&"° was tted to di erent
LEFT: Fitting results for the air tap condition. RIGHT: Fitting
results for the blinking condition.

combinations using planes.

Figure 7: Comparison of selection accuracy for both air tap
and blinking conditions in each combination.

4.8 Results on the Two Con rmation
Mechanisms

4.8.1 Eye and Relative Head Endpokrsm Table 1, has a
signi cant main e ect on f - in eye-based endpoint distribution.
Results showed that gaze-based selection using air tap as the con-
rmation mechanism €40= = 054 B"3= 0"19 led to a smaller

f ~ than using blinking €40= = 063 B"3'= 025. In addition,

" also has a signi cant main e ect on §%3 (Table 2), with air

tap €40= = 78 B"3= 315 has a larger §% than blinking
(<40== 868B"3Z 252).

4.8.2 Movement Time (MWe veri ed Fitts' law by performing a
linear regression between the index of di culty (ID) and movement
time (MT). The tting results of air tap’ 2 = 0"8281and blinking

' 2 = 0"8917were high, indicating that gaze-based selection with
both con rmation mechanisms followed Fitts' law. Results from a
paired sample t-test showed that there was a signi cant e ect bf

on MT G7= 5"153?Y "00). Air tap €40== 1"31B-B"3* "16)
led to a shorter time than blinking(40= = 1"38B+B"3"'"14).

4.8.3 Selection Accuradye compared the two con rmation mech-
anisms (* ) regarding their accuracy (i.e., whether an endpoint
falls within the target boundaries). The selection accuracy in each

, combination regarding the two" conditions is summa-
rized in Figure 7. The average selection accuracy was 71.8% for
air tap and 69.3% for blinking. Results from a paired sample t-test
revealed a signi cant main e ect of" on selection accuracy
(G7= 2278?7="036.

4.9 Discussion

49.1 Gaze-based selection endpoint distributiamgye selection
endpoint was produced once a user con rmed the selection in a trial.
After the repetitive selection process, the eye endpoints formed
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a distribution, which was shown to follow a bivariate Gaussian
(normal) distribution. Our signi cant tests and linear regression
analyses suggested that the distribution meaand standard devi-
ationf varied as we changed and

Our results suggest that both and could in uence" g, poten-
tially in a linear relationship. Speci cally, increasing decreased
* G (negative linear relationship 2 = 0°93), and increasing in-
creased g (positive linear relationship 2 = 0°89). The in uence
of, on gcould be potentially attributed to the lazy e ect, as
identi ed by a previous work B3. That is, participants were more
inclined to shorten their movement distance by performing the se-
lection earlier. This phenomenon got ampli ed as the target width
increased. However, the relationship betweerand * g showed
that the larger the , the closer the eye-based endpoint was to the
center of the target along the x-axis. This was unexpected and in
contrast to the relationship of and’ ¢ for head-based selection
mentioned in [63].

The positive correlation between and " g may not be solely
due to the eye behavior head and eye-head coordination may be
another factor. As increases, &9 is further away from its origin

while " ¢ gets closer to the eye endpoint (see Figures 4.MIDDLE-

LEFT and 6). This means participants moved their head more when

to be further away from the center of the view, even outside of the
FoV. Therefore, we hypothesized that with a largethe head may
provide more assistance in locating the target, resulting in a close
distance between the head and eye endpoint. However, the in uence
of, and, on ‘é‘O?’ was hard to parse from our results. It
was maybe because the di erence between di erent levels of
(1.5, 1.758, and 2.0 was too small to produce meaningful patterns.

Furthermore, we observed a negative linear correlation between

andf 492 . This suggested that when the participants utilized
their heads to assist with target selection, the variances in their
head endpoints became smaller when the target was located further
away from the center of the view.

4.9.3 The impact of di erent confirmation mechanisths.has
a signi cant main e ect onf ~ in the eye-based endpoint distri-
bution and‘é103 . Gaze-based selection using air tap led to fewer
variances of endpoint in the y-axis (i.e., the perpendicular direction
of movement) and made the relative head endpoints closer to the
gaze endpoints than using blinking. Additionally, gaze-based selec-
tion using air tap was slightly faster and more accurate than using
blinking.

All these ndings imply that participants were able to perform a

increased, because the limited FoV of the AR headset forced par-more stable, e cient, and accurate gaze-based selection using the

ticipants to move their head when was large and targets were

outside of their vision. With the support of head movements, partic-

ipants can select the target with their eye gaze more comfortably;

thus, this e ect could lead to a positive correlation betweenand

" &, With " g getting closer to the target center when the distance was

larger. On the other hand, when was small and the targets were

within the FoV, participants may not move their head, and thedid

not show such a trend (see=14 and 17 in Figure 4. MIDDLE-LEFT).
Our results also showed that has a signi cant main e ect

air tap as the input con rmation mechanism. This is in line with
our expectation air tap uses hand as an additional con rmation
modality which does not interrupt the eye-based target pointing
procedure. On the contrary, blinking uses the eyes for both pointing
and con rmation so it became di cult for the eyes to ne-tune
their direction for accurate selection. Furthermore, since blinking
is an eye-based approach, it is also a ected by the eye-tracking
modules. Thus, users may have a more diverse behavior pattern and
worse performance when using blinking as the input mechanism

onf g (see Table 1). Figure 4.MIDDLE-RIGHT revealed a positive in gaze-based selection. Given the signi cant main e ect bf on

correlation between andf g. These results are in line with the
ndings in nger-based selection in touch screen$][and head-
based selection in VR HMD6[F. In addition, has a signi cant
main e ect onf -: the greater the , the higher thef ~. That is,
as increases, the eye endpoint in the perpendicular direction of
movement becomes more spread. This nding is also in line with
prior work [22].

4.9.2 Relative head endpoints distributidnelative head endpoint
represents the relative position of the head endpoint with regard to
the corresponding eye endpoint. We found signi cant main e ects
of, , ,and, on &% . From the results, one observation
was that the values of §%3 were always smaller than zero. This
resonated with the ndings by Sidenmark etab], 52 who showed
that while head movements are often coupled with eye movements,
users seldom move their head fully toward a target to which they
have shifted their gaze. Since we treated the eye movement direction
as the positive axis, the relative head endpoints always resulted in
negative values.

From Figure 6, we also observed that for both conditions,
relative head endpoints became closer to the eye endpoints as

f_ and" &%, we constructed two dedicated models for the two
con rmation mechanisms (see next section).

The average selection accuracy was 71.8% for air tap and 69.3%
for blinking in our study, which was relatively low compared to
previous works B5. One possible reason is that our targets were
quite small (froml™ to 20 ) which represented a more challenging
scenario for gaze-based selection with our current equipméd.[

4.9.4 Summary - Study Ih this study, we collected eye and head
endpoint data in a gaze-based selection task in AR HMD and ex-
plored how the factors includingV, A, and CM can a ect the
endpoint distributions. We found target widths , movement am-
plitudes , and input con rmation mechanisms' all had sig-

ni cant e ects on either center or variance of the eyes or head
endpoint distributions. According to these results, our next step is
to t the unimodal model and multimodal model.

5 MODEL FITTING

In Section 3.1, we described that to calculate the likelihood of a user
selecting each target (i.e., making a target prediction), we needed
to collect the following information from the data: (1) the endpoint

increased. Previous research suggested that users could move theirdistribution of eyes when users select potential targets with di er-

heads earlier than their eyes to help locate the target if the target
was outside of the FoVH1]. In our case, a larger makes the target

ent widths and distances for both unimodal and multimodal models;
and (2) the endpoint distribution of the head by treating the gaze
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pointing direction as the origin (i.e., the relative head endpoint
distribution) when users select potential targets for the multimodal
model. These two endpoint distributions were modeled as bivariate
Gaussian distributions as in previous work§, 63, so we needed

to obtainN -« ©for each of them, where represents the center
of the distribution (a 2D vector, in both x- and y-axis) andis the
covariance matrix, containing the variances of the distribution and
the correlations (2 2 matrix).

For both models, we rst identi ed the factors that had signi -
cant e ects on the response variables (e.g., from the rst study, we
found, and had signi cant main e ects on" g). As in previous
research §3, we then applied a linear regression to quantify the
relationship between the factors and the response variable. For
example, we built a linear regression modey=4, , 5 , 6for
eye endpoint distribution and determined variabde 5, 6 based
on the empirical data from Study 1. We assumed the correlations
between the two axes to be 0 for simplicity.

5.1 Modeling the likelihood function of
endpoint distribution for eyes-only

Based on the signi cance testing results from the rst study, we
constructed a bivariate-Gaussian distribution model for gaze-based
pointing selection in AR HMD. This endpoint distribution model
of eyes can be used as the likelihood model in Bayesian theory,
thus forming our nal unimodal model. The model parameters are
shown below.

_ 4,5 .6 QW 102 0 @
- 0 - 0 12A, 302
, and are the target width and the movement amplitude,

while O 1+2+ 3+ 4+ 5@ constants. Using the data collected in the
rst study, as mentioned in Section 4.6.3, we hale: 0"12431=
041154 = (0"15415 = 00084and6 = 0"1702 Since the input
con rmation mechanisms" has a signi cant main e ect onf -,
we have2 = 000783 = 0"371when " s air tap, and2 = 0'0064

3 =04904when " is blinking.

5.2 Modeling the likelihood function of relative
endpoint distribution of head

To construct our multimodal model, we need a relative head end-
point distribution model in addition to the eye endpoint distribution
model. Therefore, we quanti ed how factors may in uence the rela-
tive head endpoint distribution through another bivariate Gaussian
distribution by treating the eye position as an origin. The model
parameters are presented below.

1A, 102
0

0

) (®)

0e 123+ 4€fe constant values. Given the statistical main e ect
between the" for " g, we have two sets dB+ 4« For the two "
Our data suggest, as mentioned in Section 403, 001421 =
544192 = 52460(the mean value of -), 3 106644 =
071966 5= 1"8968for air tap, and3 = (099594= 0220695=
2'4852for blinking.

Yushi Wei, Rongkai Shi, Difeng Yu, Yihong Wang, Yue Li, Lingyun Yu, and Hai-Ning Liang

6 USER STUDY 2: SELECTION PERFORMANCE
EVALUATION

The purpose of this study is threefold. (1) To assess whether our
two models have enhanced selection accuracy compared to the ap-
proach based on Visual Boundary Criterion (VBC). (2) To verify the
reliability and robustness of our models in complex environments.
(3) To check the predictive capability of our models in di erent
FoVs, especially in the out-of-view cases.

6.1 Participants and Apparatus

Sixteen participants were recruited (3 females and 13 males; aged
between 22 and 2640= = 2350 B”"3= 1"364. Thirteen partici-
pants had prior experience with AR HMDs. All of them reported
they could see the virtual environment clearly during the experi-
ment. The experiments were conducted using the same apparatus
and in the room with the same setup as in the rst study.

6.2 Task, Design, and Procedure

We compared three techniques in this experiment: VBC-based se-
lection (baseline scenario, the gaze pointer can successfully select
an object only if it is within the object), target prediction based on
the unimodal model, and target prediction based on the multimodal
model. VBC has been used as a common interaction mechanism in
virtual environments, such as text entryifl], Ul interaction [1Q

and game context37]. Notably, VBC is a single-step approach that
only requires users to perform one selection input. There are other
eye-based selection techniques that could be more accuB#&f.
However, many of them used a multi-step approach, where users
determine the selection region rst and then ne-tune their selec-
tion in a second stage. In this work, we chose VBC-based selection
as our baseline for comparison because it is simple and prevalent
in o -the-shelf applications.

We modi ed the Fitts' ring with four distractors surrounding the
intended target according to a previous workd. The intended
target was in blue, while the distractors were in grey and displayed
at the target's top, down, left, and right sides (see Figure 8). The
widths of the distractors were set to°s all trials. The distances
between the distractors and the target were set the same as the
width of the target W) in each trial. In other words, if theV
decreases, the distance between the distractor and the target also
decreases, rendering a more challenging selection task. Distractors
may alter a user's selection behavior to avoid potential errors and
we wanted to verify if our models could still be useful in this case.
Like in the rst study, the participants were asked to select the
target comfortably and naturally.

A3 3 2within-subjects design was used in this study with
three factors: movement amplitude (2@, 30, and 40), target width
, (0.5, 1° and 22, and " (air tap and blinking). We have in-
cluded an extreme condition of = 4Q in this study as we wanted
to test the generalizability of our model to conditions with longer
head movement distances. In terms of target width, we also in-
cluded another extreme case of = 0.5, where the target was
very small and the distractors were very close to the target. These
conditions represent complex environments that users may face

2The absolute distance were 698mm, 1047mm and 1396m#, ®75mm, 17.45mm,
and 34.90mm fow, and 2m fordepth
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