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ABSTRACT
Moving through a virtual environment (VE) by real walking is
beneficial to user immersion, feeling of presence and way finding.
However, the available physical spaces are of limited size and usu-
ally much smaller than the VE. One solution to this problem is
using redirection techniques (RDTs). While the focus of existing
research has been mostly on continuous RDTs, work on discrete
RDTs is still limited.

In this paper, we present our research results on the discrete rota-
tion of a virtual scene during walking. A study with 14 subjects was
conducted to identify the detection threshold of the scene rotation
in two conditions: during blinking and when eyes are open. Results
showed that on average, users failed to detect a scene rotation of
9.1 degrees during blinking, as compared to 2.4 degrees when eyes
are open. Simulations were then performed to investigate the ef-
fects of incorporating discrete scene orientation during blinks into
existing algorithms such as steer-to-center and steer-to-orbit when
different predefined paths are followed. Results showed that on
average the number of resets is reduced by 13%, and the minimum
space required for encountering no reset is reduced by 20%. A reset
technique was also proposed and shown to give better performance
than the existing two-one turn reset technique.
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• Human-centered computing → Virtual reality; • Applied
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1 INTRODUCTION
Compared to using joysticks and walking-in-place, real walking
is desirable for maximum immersion in a VE [Usoh et al. 1999].
Users moving through virtual sceneries by real walking are also
better at way finding and size estimation of the VEs [Peck et al.
2011]. However, the problem with real walking arises when the VE
is larger than the available tracking space. One approach to solving
this problem is introducing redirection techniques (RDTs) where
non-identical mappings between different aspects of the real and
virtual trajectories such as translation and rotation are introduced.

Depending on howRDTs are applied andwhether they are notice-
able or not, RDTs can be categorized into continuous and discrete,
and further divided into overt and subtle [Suma et al. 2012]. All
continuous RDTs involve continuously injecting translation and ro-
tation to users’ virtual trajectories. Overt continuous RDTs usually
involve the use of metaphors such as seven league boots [Interrante
et al. 2007] or virtual elevators and escalators [Nguyen et al. 2017].
In subtle continuous RDTs, the amount of translation and rotation
injected (quantified as translation, rotation and curvature gains
[Steinicke et al. 2010]) is within certain thresholds such that they
are unnoticeable and immersion remains intact [Razzaque 2005].
Discrete RDTs refer to the instantaneous relocation or reorienta-
tion of users in the VE. Some examples of overt discrete RDTs are
teleportation [Bowman et al. 1997] and portals [Freitag et al. 2014].
Meanwhile, subtle discrete RDTs can be performed when users do
not notice the relocation and reorientation due to imperfections in
human perception such as visual suppression caused by saccadic
eye movement or blinking [Bolte and Lappe 2015] [Ivleva 2016].
In general, overt RDTs offer a higher range of motion and thus
enabling users to travel in a much larger VE. However, it has been
shown that subtle RDTs produce fewer breaks in presence [Suma
et al. 2012] and therefore are generally preferred for a more im-
mersive VR experience. Among the subtle RDTs, most attention
has been paid to continuous RDTs including many experiments
on detection thresholds and factors that influence them [Steinicke
et al. 2010] [Neth et al. 2011] [Nguyen et al. 2018a]. Many existing
algorithms that direct users to particular locations in the tracking
space such as steer-to-center, steer-to-orbit, steer-to-predefined-
target [Razzaque 2005] and model predictive control [Nescher et al.
2014] so far employ only continuous RDTs. Up till now, research
on discrete RDTs, especially using eye tracker information (e.g. eye
movements, blinks, gazes), is still quite limited.

In this work, we investigate the discrete rotation of a VE dur-
ing blinking and its contribution to the current state of research.
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We first conduct an experiment to identify howmuch rotation could
be applied during blinking as users walk around in a VE. Based on
the obtained results, we run a series of simulations to investigate
the effect of implementing this technique on top of existing con-
tinuous RDTs in the steer-to-center and steer-to-orbit algorithms
when a simulated walker follows certain predefined paths.

2 RELATEDWORK
2.1 Blink Physiology
We blink for different reasons, as a reflex to protect our eyes when
objects move towards them, during natural breaks in attention such
as when a speaker pauses [Nakano and Kitazawa 2010], when a
movie scene changes [Nakano et al. 2009], or just spontaneously to
moisten our corneas. Spontaneous blinks occur 10 to 30 times per
minute [Sun et al. 1997][Doughty 2002] and last about 100 to 150
ms [VanderWerf et al. 2003]. During the closing phase of a blink, the
eyes move typically downward and nasal-ward and then move back
to their previous position when the eyes are open [Riggs et al. 1987].
These eye movements result in gaze direction instabilities and gaze
position errors which are then corrected by microsaccades [Costela
et al. 2014]. Due to the inherent gaze position errors, targets could
be displaced up to one degree laterally during blink without users
noticing and they started to correct their gaze in the direction of
the displacement [Maus et al. 2017]. Furthermore, during blinks
the eyelids cover the pupils and prevent light and visual inputs
from entering the eyes, resulting in a disruption of the image on the
retina. However, this disruption is rarely noticed due to the fact that
our brain suppresses visual information during blinks, so-called
visual suppression. As a result, people sometimes experience tem-
porary blindness to changes happening to the scene such as color
change, target appearance/disappearance or target displacement
[Kevin O’Regan et al. 2000]. This phenomenon is called change
blindness. Change blindness due to visual suppression does not
only occur during spontaneous blinks, but also during reflex and
voluntary blinks [Manning et al. 1983] and saccades (rapid eye
movements that abruptly change the fixation point) [Bidder and
Tomlinson 1997].

While change blindness due to visual suppression is undesirable
in tasks that require constant monitoring of visual input such as
driving [Galpin et al. 2009], in the context of redirected walking, it
offers a new possibility for applying discrete RDTs. When a blink
or saccade occurs, the VE could be instantaneously reorientated
and relocated to direct the users to a desired location without them
noticing. Using an electrooculography tracker combined with an
HMD, it was found that during a saccade with an amplitude of 15
degrees, the detection threshold is approximately 0.5m for trans-
lation along the gaze line and 5 degrees for rotation around the
users’ vertical axis [Bolte and Lappe 2015]. In another study, a
blink sensor was used with the HTC Vive to identify the detection
thresholds for reorientation and repositioning during blinking but
no specific threshold values were obtained [Ivleva 2016]. A more
thorough study was conducted to identify the detection thresholds
of scene rotations around users’ 3 main axes, and scene translation
along users’ 3 main axes during blinks [Langbehn et al. 2018]. The
rotation detection thresholds were found to be about 2 to 5 degrees,
and translation detection thresholds 4 to 9 cm. One constraint of all

the aforementioned studies is that the users were not performing
locomotion when the detection thresholds were identified. Without
the additional movements generated during real walking such as
head rotation and swaying, which would potentially lead to more
sensory noise and make it more difficult to detect scene changes,
the obtained threshold values are only conservative estimates. To
our knowledge, no study has been performed to identify the de-
tection threshold of discrete scene rotation and translation during
saccades or blinks when users are performing real walking. This
has prompted us to conduct the first experiment, where we focus on
identifying the detection threshold of scene rotation during blinks
as users walk in a VE.

2.2 Redirected Walking Algorithms
In order to implement RDTs into real walking applications, differ-
ent algorithms can be used. In classical algorithms such as steer-
to-center (S2C), steer-to-orbit (S2O) and steer-to-multiple-targets,
fixed targets (or trajectories) are predefined [Razzaque 2005]. The
algorithms determine the next redirection action that steers users
towards these targets based only on users’ current real position
and heading. In a dynamic path planning for obstacle avoidance
algorithm, the map of the physical space (boundaries, static and
moving obstacles) and users’ possible virtual position in the next
time step (weighted by visibility and distance to users’ current
virtual position) are also taken into account. Based on this, a cost
function that penalizes close proximity to the physical space is
defined and the next redirection action is the action that minimizes
this cost function [Sun et al. 2018]. In a model predictive control
(MPC) algorithm, in addition to the map of the physical space, the
map of the VE and users’ possible virtual paths in the next N time
steps in the future are also considered. A cost function that penal-
izes resets (the application of rotational gain to reorient users away
from physical boundaries) is defined and the next redirection action
is selected to minimize this cost function [Nescher et al. 2014].

Given awide selection of redirected walking algorithms, research
effort has been spent on identifying which algorithm delivers the
best performance. Performance of redirected walking algorithms
can be measured by the number of times users have to be stopped
to perform a reset, causing a break in immersion. It was shown
in simulations and live user studies that S2C performs the best in
open VEs whereas S2O is most suitable for structured and con-
strained VEs [Hodgson et al. 2014]. S2C algorithm that employs
translational gains on top of rotational and curvature gains out-
performs the rest (S2C without translational gains, S2O with and
without translational gains) and is the most robust when the shape
of the physical space is moderately elongated [Azmandian et al.
2015]. MPC algorithm was shown to reduce the number of resets
by 41% compared to S2C in a maze-like environment [Nescher et al.
2014] but has not yet been shown to improve performance in an
open environment. With error saving ratio as a performance met-
ric, dynamic path planning algorithm was shown to outperform
S2C [Sun et al. 2018]. Although these experiments were performed
in different settings such as virtual environments, users’ virtual
paths, size and shape of the physical space, the trend suggests that
algorithms such as dynamic path planning and MPC perform better
than classical algorithms as they incorporate more information
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into their planning step. However, dynamic path planning requires
computational power of high end GPUs for the optimization step;
and MPC requires the VE maps to be formally defined, which at the
moment cannot be achieved for open unstructured VEs [Zank and
Kunz 2017] . Overall, classical algorithms are simpler, less hardware
demanding to implement, and more applicable to generic VEs.

Until now, most of the aforementioned algorithms employ only
subtle continuous RDTs (rotational, curvature and translational
gains). In one study where additional rotation was continuously
injected during saccades, even at a rate of 0.14 degree/frame it was
shown that higher error saving could be obtained compared to
using only rotational and curvature gains [Sun et al. 2018]. While a
higher degree/frame rotation could be achieved using subtle discrete
RDTs (at least 5 degrees/frame during saccades [Bolte and Lappe
2015], and 2-5 degrees/frame during blinks [Langbehn et al. 2018]),
the combination of continuous and discrete RDTs has not been
much explored. In the second part of this work, using the detection
thresholds for discrete scene rotation during blinks obtained in
the first experiment, we use a series of numerical simulations to
investigate how the combination of discrete RDTs during blinks
with continuous RDTs affect the performance of the classical S2C
and S2O algorithms.

3 EXPERIMENT 1: THRESHOLD
IDENTIFICATION

3.1 Blink Detection
For this experiment, we use an Oculus DK2 with an integrated
SMI eye tracker which provides gaze direction, gaze base point and
pupil diameters of both eyes, etc. at 60Hz. Whenever the eyes close,
the eye tracker loses track of the pupil and returns zero values
for the pupil diameters. Figure 1(a) shows typical pupil diameter
signal from the eye tracker. It can be noticed that during blinks
both eyes do not close and open at the same time, and there are
occasionally spurious noise as can be seen in Figure 1(b). It is
crucial that blinks are detected reliably and there must be no false
positive to ensure that redirection is not applied when eyes are
open. Therefore, the following conditions need to be satisfied for
an event to be considered a blink: the sum of both pupil diameters
must step from nonzero to zero and a new blink only can occur
after a timeout period of 1.5 seconds has passed. The timeout period
is calculated to be long enough to avoid spurious noise but shorter
than the period between blinks, which is about two to three seconds
(10-21 times/minute). As an example, using the proposed rules, for
each subfigure in Figure 1, only two blinks will be detected.

3.2 Threshold Identification
The relationship between the intensity of physical stimuli and hu-
man responses can be generallymodeled as a psychometric function.
Threshold identification refers to the process of identifying differ-
ent aspects of this function. A classical way of determining the
psychometric function, so-called the constant stimuli method
(CSM), is to present the whole range of stimuli in random order
and collect the corresponding responses. While CSM enables the
whole psychometric function to be identified, it is generally not
efficient since it requires many repetitions at each stimulus level
and most of the time, only certain aspects of the function are of
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Figure 1: Diameter of left and right pupils of a participant
during walking

interest, such as the 50% point, or the slope of the function at that
point. To the contrary, adaptive methods such as adaptive stair-
case, Bayesian maximum likelihood, etc. do not present the whole
range of stimulus but the next stimulus level is determined based
on users’ previous responses. Adaptive methods are more targeted
at the range of stimuli where the detection threshold lies, and there-
fore more efficient when only the detection threshold is of interest.
Among the adaptive methods, Bayesian maximum-likelihood meth-
ods are recommended when only the threshold is to be identified
[Treutwein 1995]. While most existing redirected walking studies
employed CSM, for our experiment, in order to reduce users’ expo-
sure time in the VE, we selected a Bayesian maximum likelihood
method called QUEST [Watson and Pelli 1983].

3.3 Experiment Design
The goal of this experiment is to identify the detection threshold
for scene rotation during blinks as users freely walk around in
a VE. In existing redirected walking thresholds studies, the par-
ticipants were usually informed about the purpose of the study
and questions such as "did you walk to the left of right?" were
posed to collect their responses. The same design cannot be used
for our experiment. If the participants are informed that during
blinks the scene will be rotated and asked to identify the rotation
direction, they will potentially try to fixate on a reference point
and voluntarily blink, without even performing locomotion. The
threshold values acquired in that case would be only conservative
estimates, and do not necessarily reflect the true values when users
are walking and unaware of the manipulation. As a result, the real
goal of the study cannot be disclosed. Instead, a cover story is given
to the participants that they are testing a new system which may
contain some technical bugs and are encouraged to inform the ex-
perimenter whenever such bug occurs. When a subject reports a
bug, the experimenter first makes sure that a scene rotation has
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Figure 2: User view of the VE: a forest with randomly placed
targets

just been applied and then verifies if the subject has really noticed
the rotation rather than something else. When it is confirmed that
the subject has noticed the rotation, it will be considered a correct
detection response. Otherwise, when a stimulus has been presented
without the subject making any comment, it will be considered a
no detection response. Depending on the type of responses, the
next stimulus level is selected accordingly.

In order to test our hypothesis that larger changes can be in-
troduced during blinks as compared to when eyes are open, each
subject is exposed to two conditions for threshold identification:
scene rotation during blinks and scene rotation one second after
each blink (when eyes are open). The range of tested values for
rotation during blinks is 0 to 15 degrees (similar to the range used
in [Ivleva 2016] and [Langbehn et al. 2018]) and 0 to 10 degrees
for rotation when eyes are open. In addition, since there may be
asymmetry in users’ ability to detect scene rotation of different
directions, we identify thresholds for left and right rotations sep-
arately. In total, four threshold values are obtained per subject
and the identification of these values are handled by four separate
interleaving "QUESTs".

The context of this experiment is a virtual forest of 250m x 250m
where the subjects are required to walk around to collect targets
that have been randomly placed in the environment (Figure 2).
The virtual forest was created using free Unity assets from Nature
Starter Kit 2. The VE is much larger than our available physical
space and therefore whenever the subjects come close to the walls
they will be prompted to perform a reset. During resets, no scene
discrete rotation will occur even if the subjects blink.

3.4 Experiment Setup
The experiment setup consists of an Oculus DK2 with a built-in
SMI eye tracker and an Intersense IS-1200 inside-out optical track-
ing system mounted on top, providing 6-DOF positional track-
ing at 180Hz. The scene is optimally designed in Unity to run at
the HMD’s maximum frame rate 75Hz. The users also wear noise
canceling headphones with microphone to communicate with the
experimenter during the study. The whole setup is powered by
a backpack-mounted notebook carried by the users. During the
study, in addition to users’ responses to the scene rotations, their
positional tracking and eye tracking data are also recorded. The
available tracking space is 13m × 6m.

3.5 Pilot Study
A pilot study was conducted to evaluate the experiment design.
Five naive subjects (3 men, 2 women, age: 20-29, with normal vision
or wearing contact lenses) who were students at the university
volunteered to participate in the study. The subjects were first told
the cover story, and then the study began. The first pilot subject
mentioned to the experimenter each time he noticed a technical
"bug" such as: "the color is weird", some things "seem a bit blurred", or
"the scene just glitched". However, the next two subjects seemed to be
too immersed in the VE and did not mention anything even though
the scene rotation was increased up to its predefined maximum of
15 degrees. When asked if they had noticed anything, they replied
"I sometimes saw the scene jump" and "I have seen it for a while
now but forgot to mention it". Since it is crucial that the subject’s
responses are timely and correctly collected to update the QUESTs,
we changed the experiment protocol for the last two pilot subjects
and added a training session. In this training session, the subjects
were exposed to the same environment but the scene rotation was
always 15 degrees. This ensured that the subjects experienced the
stimulus and understood what they should point out during the
experiment. In addition, keywords were assigned to each "bug" that
the subjects discovered in the training session such as: "blurred",
"jump", "color", etc. This way, during the experimental session, the
subjects only need to use these keywords when they detect a "bug"
and do not have to stop and explain in full sentence what just
happened. This adjusted protocol worked well for the last two pilot
subjects and was adopted for the main study.

After the experimental session, all pilot subjects were debriefed
and asked if they could guess why the technical bugs occurred. All
subjects recited the cover story and none of them identified that
they were associated with their blinks. This indicates that the cover
story is sufficient to conceal the real purpose of the study.

3.6 Participants and Procedure
Fifteen right-handed subjects (10 men and 5 women, age 19 - 29,
mean = 23.1, SD = 2.5) who were students and staff of the university
volunteered to participate in the main study. The subjects all had
normal vision, or wear contact lenses, had no vestibular dysfunction
and no injuries that affect their walking.

Before starting the sessions, the subjects were asked to fill in
questionnaires regarding their gender, age, handedness, experience
in VR and experience in gaming, the pre-exposure simulator sick-
ness questionnaire (SSQ) [Kennedy et al. 1993] and then received
the description of the experiment. Similar to the pilot study, the
same cover story was given to the subjects and once they confirmed
that they had understood the task (walk around the forest to collect
the targets), the training session began. During the training session,
a scene rotation of 15 degrees was applied every time the subjects
blinked. The training session ran until the subjects have identified
the scene rotation as one "bug" and agreed on a keyword for this
"bug". Once the training session ended, which took about 5 to 10
minutes, the experimental session started. During the experimental
session, each time the subjects noticed the scene rotation and said
the keyword, this indicated a detection response, otherwise a no
detection response. These responses were recorded by the experi-
menter, and the corresponding QUEST was updated automatically.
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When a scene rotation had occurred but the subjects’ response had
not yet been recorded, no further scene rotation would be applied
even if the subjects blinked. Scene rotation was also not applied
during blinks during resets. The experimental session ended once
120 scene rotations (4 separate QUESTs x 30 runs per QUEST) have
been applied. The duration of the experimental session ranged from
16 to 45 minutes, depending on how often the subject blinked, how
much time they spent in resets, etc. Subsequently, the subjects filled
the post-exposure SSQ and received step-by-step debriefing about
the experiment.

3.7 Results and Discussion
Out of 15 subjects, one female subject could not complete the exper-
iment due to motion sickness after about 10 minutes of exposure in
the VE. Her threshold data is therefore excluded from the thresh-
old calculation, but the positional and eye tracking data are still
included in other analysis. The remaining 14 subjects completed
the whole experiment and did not report any significant discom-
fort. During the debriefing process, when asked about the possible
causes of the scene jumps, all subjects attributed the scene jumps
to the computer performance, and did not identify that these jumps
occurred as they blinked.

From the recorded 6-DOF positional tracking data, subjects’
translational and rotational speeds were obtained. On average, sub-
jects walked at 0.66 ± 0.12 m/s during exploration, and rotated at
49.1± 14.8 degrees/s during resets. Men andwomen have almost the
same mean translational and rotational speeds and a two-sample
t-test shows no significant difference of either speed between the
genders (p = 0.81 and 0.88 respectively). Subjects spent on average
25 minutes in the VE, and about 33% of that time performing resets.

Blink frequency varies highly across different subjects. Across all
subjects, the average blink frequency is 13 ± 5.5 times/min, which
falls within the normal range of 10 - 30 times/min. The lowest blink
frequency was 4.78 times/min, and the highest blink frequency
was 22 times/min. For men, the mean blink frequency was 11.8
± 5.1 times/min, whereas it was 15.2 ± 5.9 times/min for women.
Although the difference was not statistically significant (p = 0.277),
the trend agrees with existing results that women tend to perform
spontaneous blink more often than men [Sforza et al. 2008]

A two sample t-test was also conducted to compare the SSQ
scores before (mean = 11.49, SD = 12.05) and after (mean = 41.14, SD
= 38.84) the experiment. There was a significant increase in score
in the after condition (p = 0.01). More than half of the subjects
reported an increase in sweating, general discomfort and nausea.
Possible causes of such result could be the high number of resets (on
average 90 resets/subject) that subjects had to perform due to the
limited room size, the long exposure inside the VE while carrying
a heavy backpack or the discrete scene rotations during and after
blinks. Nevertheless, it is not possible to pinpoint the exact cause(s)
or draw conclusion about the effect of adding discrete scene rotation
on simulation sickness based on our obtained data. The usability
of this technique in terms of simulation sickness remains to be
investigated in more controlled experiments.

For each subject, four detection threshold values corresponding
to two rotation directions (left and right) x two eye states (closed
and open) were obtained. A summary of the results can be found
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Figure 3: Detection thresholds for scene rotation of all sub-
jects. Green and purple colors represent thresholds during
blinks and when eyes are open. Bright and dark colors rep-
resent thresholds for left and right rotations.

in Figure 3. In order to investigate the effect of rotation direction
and eyes state on detection thresholds, we fitted a linear mixed
model which included rotation direction and eyes state as fixed fac-
tors, and subjects as a random factor. We also included gender and
gaming experience as fixed factors. Gaming experience is classified
as ’low’ if playing less than once a month and ’high’ if playing
more than once a week. As curvature gain thresholds have been
consistently shown to correlate with walking speed [Neth et al.
2011] [Nguyen et al. 2018b], we also test this effect by including
it in the model. With all the factors defined, the full mixed-effect
model becomes: Threshold ∼ 1 + RotationDirection + EyeState +
Gender + GamingExperience + WalkingSpeed + (1|Subject).

Results show no significant effect of rotation direction (p = 0.7),
indicating that right-handed subjects tend to perform equally well
at detecting discrete scene rotations either to the left or right. There
is also no significant effect of gaming experience on the threshold
values (p = 0.44), which means gamers do not have an advantage
over non-gamers at detecting discrete scene rotations. Men and
women were equally good at detecting discrete scene rotations as
there is no significant effect of gender (p = 0.73). While gender dif-
ference has been shown to exist in curvature redirection thresholds
[Nguyen et al. 2018b], the mechanism of detecting multi-sensory
conflicts introduced by curvature gains could be different from that
of detecting discrete scene rotations. Therefore, it is possible that
there is no gender difference in detecting scene rotations. However,
further research with larger sample size and more even gender ratio
is required to confirm this result. The effect of walking speed on
detection thresholds is almost significant (p = 0.07) with the 95%
CI:[−12.885, 0.68]. In Figure 4, a negative trend could be observed
indicating that as walking speed increases, the detection thresholds
tend to decrease. Nevertheless, as the experiment was not designed
to identify the effect of walking speed on discrete scene rotation
thresholds, the range of speed was probably too small (0.48m/s -
0.87m/s) for a significant effect to be detected.

Finally, there is a significant effect of eye state on the threshold
values (p < 0.001) indicating that larger discrete scene rotations
could be applied without being detected during blinks than when
eyes are open. This result supports the fact that during blinks, visual
suppression causes temporary blindness to changes in the scene that
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tion thresholds
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Figure 5: Adjusted response plot: Effect of blinks on discreet
scene rotation thresholds

would normally be detected under eyes open condition. Threshold
values vary largely across subjects, especially in the during blinks
condition (see Figure 5). On average, the detection threshold for
discrete scene rotation during blinks is 9.1 ± 3.2 degrees and when
eyes are open is 2.4 ± 0.97 degrees.

4 SIMULATIONS
The aim of the numerical simulations is to provide an estimation of
how the incorporation of discrete scene rotation during blinks on
top of the commonly used rotational and curvature gains affects
the performance of classical redirected walking algorithms such as
S2C and S2O.

4.1 Algorithms
The S2C and S2O algorithms used in our simulations were originally
proposed in [Razzaque 2005]. Firstly, based on the user’s current
position, a "steer-to" target can be determined (Figure 6). For S2C,
the "steer-to" target is always the center of the tracking space.
For S2O, two potential targets can be found: if the user is outside
the orbit, the two potential targets are tangent points created by
tangent lines drawn from the user’s position to the orbit; if the user
is inside the orbit, the two potential targets are the intersection
points between the orbit and the equiangular lines (here defined
to be 60 degrees [Hodgson and Bachmann 2013]) to either side
of the line passing through the user and the center. From these
two potential targets, the selected target is the one that requires
a smaller angle change from user’s current heading (indicated by

Figure 6: "Steer-to" targets in S2C and S2O algorithms

the blue and green arrows in Figure 6). Once a "steer-to" target is
defined, the remaining procedure is the same for both algorithms:
determining the continuous rotation θcont to be applied each
frame and the discrete rotation θdis to be applied during blinks.

Depending on user’s current linear and rotational velocity, three
types of continuous rotation can be applied to the virtual scene:
baseline rotation, rotation from rotational gain and rotation from
curvature gain. Baseline rotation θB is applied when the user is
not performing any movement, i.e. his/her linear velocityvr eal and
rotational velocityωr eal are below predefined thresholdsVmin and
Ωmin , respectively. Baseline rotation θB is calculated as follows:

θB = ΩB × ∆t

where ΩB is a predefined baseline rotation rate and ∆t is the sam-
pling interval. If the user’s rotational velocity ωr eal is larger than
Ωmin but there is no linear movement, rotation from rotational
gain θR can be calculated as follows:

θR = min (ωr eal ×GR ,ΩR ) × ∆t

where GR =
ωv ir tual
ωr eal

is the predefined rotational gain and ΩR is
the maximum allowable rotation rate when a rotational gain is used.
GR is set to be larger than 1 if the user is rotating towards the target,
and smaller than 1 if the user is rotating away from the target. If
the user’s linear velocity vr eal is larger thanVmin , rotation from
curvature gain θC can be calculated as follows:

θC = min (
vr eal ×GC × 360

2 × π
,ΩC ) × ∆t

where GC =
1
R is the predefined curvature gain with R being

the desired curvature radius and ΩC is the maximum allowable
rotation rate when a curvature gain is used. From the three proposed
rotations, in order to steer to the target as quickly as possible, the
largest rotation is selected:

θmax = max (θB ,θR ,θC )

Furthermore, in order to prevent large alternating rotations when
the user is almost facing the target, or just walked past the target,
the selected rotation θmax can be dampened by two coefficients cθ
and cd calculated as follows:

cθ =



sin(∆θ ), if |∆θ | ≤ π
2

1, otherwise
(1)

cd =



d
Dmin

, if d ≤ Dmin

1, otherwise
(2)

where ∆θ is the angle between the user’s current heading and the
target heading, d is the distance from the user to the target, and
Dmin is the predefined distance to the target where dampening
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Table 1: Predefined parameters

Parameters Value Comments

Dmin (m) 1 Dampening distance
GR 0.67; 1.24 Rotational gain *
GC (1/m) 0.13 Curvature gain (radius R = 7.5m) *
Ωmin (deg/s) 1.5 Rotation threshold †
ΩB (deg/s) 0.5 Baseline rotation rate †
ΩC (deg/s) 15 Max allowable rate for curvature gain †
ΩR (deg/s) 30 Max allowable rate for rotational gain †
S 0.125 Smoothing factor †
Θblink (deg) 9 Blink detection threshold
Vmin (m/s) 0.2 Movement threshold †

* Obtained from [Steinicke et al. 2010]
† Similar to [Hodgson and Bachmann 2013]

starts. The coefficient cθ ensures that if the user is turning towards
the target, the applied rotation becomes smaller as the user’s head-
ing converges to the target heading, and the rotation is zero when
the user is exactly facing the target. Unlike the algorithm proposed
by [Razzaque 2005], our implementation will not dampen the rota-
tion by cθ if the user is facing away from the target. The coefficient
cd ensures that when the user is within a radius of Dmin to the tar-
get. The applied rotation is the smaller the closer the user is to the
target, while no rotation is applied if the user is on the target. Finally,
to prevent abrupt changes in applied rotations between frames, a
smoothing function is applied. The final continuous rotation θcont
to be applied is calculated as follows:

θcont = (1 − S ) × θprev + S × cθ × cd × θmax

where θprev is the applied rotation in the previous frame and S is
the smoothing factor.

Contrary to the continuous rotation that is calculated and ap-
plied every frame, discrete rotation is only calculated and applied
only when a blink occurs. A maximum rotation Θblink is defined
based on the result of the threshold identification experiment, and
depending on the user’s current position and heading, the discrete
rotation θdis can be determined:

θdis = cθ × cd × Θblink

where cθ and cd are dampening coefficients that can be obtained
from Equations 1 and 2. A summary of all predefined parameters
used in the simulations can be found in Table 1.

4.2 Simulations Setup
Based on the Redirected Walking Toolkit [Azmandian et al. 2016],
the S2O and S2C algorithms employing both continuous RDTs and
discrete RDT as described above were implemented in Unity.

4.2.1 Reset Techniques. Reset trigger was implemented to sim-
ulate the user reaching the physical boundary where a reset action
is required. There exists a reset technique called two-one-turn re-
set which involves users performing a 180-degree turn in reality,
while it is a 360-degree turn in the VE [Azmandian et al. 2016].
The equivalent rotational gain is always 2, which is larger than the
average detection threshold of 1.27 [Steinicke et al. 2010]. Moreover,

(a) Two-one turn (b) To-center (c) To-corner

Figure 7: Reset techniques used in the simulations. Red and
green arrows indicate user’s physical heading before and af-
ter resets. Shaded areas indicate safety margin.

because it is a fixed 180-degree turn in reality, the user’s heading
after the reset is dependent on his/her heading just before reset,
which does not always guarantee that he/she could walk the longest
possible distance before encountering a reset again (see Figure 7a).
In fact, it has been observed in our pilot studies that in some cases
the user is stuck walking back and forth in a corner for a long
time, resulting in a high variance in reset count. This high variance
could potentially mask the effect of adding discrete rotations on
the performance of the S2C and S2O algorithms. This limitation
could be overcome if regardless of his/her previous heading, the
user faces a predefined target in the tracking space after reset. In
[Peck et al. 2010], this target is the center of the tracking space. In
this work, we propose that this target could also be the furthest
corner of the tracking space. From hereon these reset techniques
are referred to as to-center reset and to-corner reset, respectively.
Using these reset techniques, the user has to perform a real rotation
of 360 degrees + the smallest angle between his/her heading and
the target (center or corner), in the direction of the smallest angle
(Figures 7b and 7c). The equivalent rotational gains used by these
two techniques are not fixed, and are within thresholds when the
angle between the user’s heading and target is less than 120 degrees.

4.2.2 Virtual Path Types. Since it is not possible to simulate the
spontaneous nature of human walking behavior in a VE, in the
simulations, we assume that the user follows certain predefined
virtual paths as proposed in [Azmandian et al. 2015] including:

• Office: 80 segments of length l ∈ unif(2, 8) meters and turn-
ing angle between segments α = 90 degrees
• Small exploration: 100 segments of length l ∈ unif(2, 6) me-
ters and turning angle between segmentsα ∈ unif(−180, 180)
degrees
• Large exploration: 40 segments of length l ∈ unif(8, 12) me-
ters and turning angle between segmentsα ∈ unif(−180, 180)
degrees

The expected total path length for all path types is 400m, equivalent
to a 10 minute walk of an average user in the VE.

4.2.3 Tracking Space Configurations. It has been shown in pre-
vious research that the tracking space size significantly affects the
performance of redirected walking algorithms. With a sufficiently
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large tracking space, e.g. 40m × 40m, there is no difference in per-
formance between any redirected walking algorithms as users can
walk infinitely without having to perform any reset [Azmandian
et al. 2015]. However, in practice, obtaining a space of such size
could be challenging. Existing commercial products such as HTC
Vive offers a room scale tracking space of up to 4m × 4m, and the
HTC Vive Pro promises a tracking space from 6m × 6m up to 10m
× 10m. With such limited space, resets are inevitable and the main
goal is to improve algorithms’ performances to reduce the number
of resets.

4.2.4 Simulated Walker. Using the results obtained in Experi-
ment 1, the simulated walker was implemented to follow the paths
defined in 4.2.2 at a speed of 0.65m/s and rotate during resets at
a speed of 50 degrees/s. A safety margin of 1m to the boundaries
of the tracking space was set, and resets are triggered once the
simulated walker passes this safety margin (Figure 7). At the start
of each simulation, the simulated walker stands at the center of the
tracking space with two possible initial headings: facing forward
or a randomly generated direction between 0 and 360 degrees.

The simulated walker was also implemented to raise an event
at a predefined frequency, analogous to a blink of a real walker, to
trigger a discrete rotation. Since a higher total amount of rotation
can be applied if the users blink more frequently, we also investigate
the effect of blink frequencies on the algorithms’ performances.
From Experiment 1, the obtained blink frequency ranged from 4.7
to 22 times/min. Based on existing literature that blinks occur 10-30
times/min [Sun et al. 1997] [Doughty 2002], we extended this range
further and used the following blink frequencies: 5, 10, 15, 20, 25,
and 30 times/min in our simulations.

4.2.5 Simulation Procedure. Given the aforementioned setups,
the following simulations are conducted:

Simulation 1: This first simulation aims at investigating the
effects of adding discrete rotations during blinks on top of continu-
ous rotations on the performance of the S2C and S2O algorithms.
The simulation is run in tracking space sizes that can potentially be
obtained with current typical VR setups (e.g. HTC Vive), ranging
from 4m × 4m to 10m × 10m with three reset techniques (two-one
turn, to-center and to-corner). The simulated walker setup and
virtual path types are as described in Sections 4.2.2 and 4.2.4.

Simulation 2: We conduct a second simulation to determine
if adding discrete rotation has an effect on the minimum space
required for users to walk without having to perform resets changes.
For this simulation, tracking spaces ranging from 15m × 15m to
40m × 40m are used. The simulated walker setup and virtual path
types are the same as in Simulation 1.

Considering that there is a safety margin of 1m to the boundaries
before a reset is triggered, the S2O orbits have to lie well within this
safety margin (with at least 0.5m distance from the margin). The
radii of the S2O orbits for different tracking spaces are summarized
in Table 2. In all simulations, the algorithms’ performances are
measured by the number of resets.

4.3 Results and Discussion
4.3.1 Simulation 1. In this simulation, the simulated walker

performed 5 repetitions of 3 types of path (office, small exploration

Table 2: S2O orbit radii used in square tracking spaces of dif-
ferent side lengths

Simulation 1 Length (m) 4 5 6 7 8 9 10
Radius (m) 0.5 1 1 1.5 2 2.5 3

Simulation 2 Length (m) * 15 20 25 30 35 40
Radius (m) * 5 5 5 5 5 5

* Similar to [Azmandian et al. 2015]
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Figure 8: Effects of three reset techniques: two-one turn, to-
center and to-corner on the performance of S2C and S2O
algorithms using only continuous rotations. The to-center
line and the to-corner line mostly overlap in all subplots as
large axis limit had to be used to adapt high number of re-
set in the two-one turn reset condition. Tracking area corre-
sponds to tracking space of 4m × 4m to 10m × 10m.

and large exploration), 2 initial headings as described in Section
4.2.4, in 7 tracking space sizes ranging from 4m × 4m to 10m ×
10m, 3 reset techniques and 7 blink frequencies ranging from 0 to
30 times/min in interval of 5 times/min.

A discrete rotation is applied when a blink happens and the
simulated walker is not performing resets. The amount of discrete
rotation therefore directly correlates with the blink frequency. In
order to investigate the effects additional discrete rotations on the
performance of the S2C and S2O algorithms, for each tracking
space size we fitted a linear model with blink frequency as a fixed
factor. We also included reset techniques, algorithm types, path
types and initial heading as fixed factors to check for possible effects
and the final model becomes: ResetCount ∼ 1 + BlinkFrequency +
ResetTechnique + AlgorithmType + PathType + InitialHeading. For
all tracking space sizes, initial heading is the only the factor that
does not have a significant effect on the number of resets.

Effect of reset techniques: For all tracking space sizes, results
show a significant effect of reset techniques on the number of resets
(p < 0.001). As shown in Figure 8, the number of resets is signifi-
cantly lower in the to-center and to-corner conditions as compared
to the two-one turn condition. In general, the two-one turn reset
technique performed much worse when the tracking area is ex-
tremely small (4m × 4m and 5m × 5m) and does not perform very
well with the large exploration path type even in larger tracking
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areas. Similar to the observations from our pilot studies, in some
cases the simulated walker is stuck walking back and forth in a
corner and only got out of the corner when he finishes the current
straight segment. The longer the segments are, the longer the sim-
ulated walker is potentially stuck in the corner before a direction
change and hence the higher number of resets in the large explo-
ration condition. Due to the high variance in reset counts when
the two-one turn reset technique is used, the analysis from hereon
excludes the two-one turn reset technique. Considering the two
remaining reset techniques, their performances only significantly
differ for tracking sizes of 6m × 6m or below, with the to-corner re-
set technique performing better than the to-center reset technique
(on average 3% lower in reset count).

Effect of path types: For tracking spaces of 5m × 5m or below,
the reset count in the large exploration condition is significantly
higher than the office and small exploration conditions. This could
be explained by the fact that the average segment length of the large
exploration condition is 10m, compared to 4m and 5m in the other
two conditions. As the applied rotation rate is limited, in a tracking
space where the straight segment is significantly longer than the
space dimensions, the algorithms will not manage to redirect the
user back to the center or orbit, and hence the higher number of
resets.

Effect of redirected walking algorithms: For all tracking
space sizes, there is a significant effect of redirected walking al-
gorithms on the reset count. It can be seen from Figure 9 that on
average, the S2C algorithm performs better than the S2O algorithm,
which is in line with previous findings [Hodgson and Bachmann
2013] [Azmandian et al. 2015].

Effect of blink frequencies: Blink frequencies only show sig-
nificant effects for tracking spaces of 6m × 6m or above, where
discrete rotation is applied more often, leading to lower number
of resets. In a tracking space of 10m × 10m, if a user blinks only 5
times/min (close to the minimum blink frequency obtained in Exper-
iment 1), the reduction in reset count is not statistically significant.
However, for the same tracking space size, at a blink frequency of
10 times/min or above, the reduction in reset count is statistically
significant. Reset count reduction is 13% at a blink frequency of 15
times/min (close to the average frequency of 13 times/min obtained
in Experiment 1), and 29% at a blink frequency of 30 times/min.

4.3.2 Simulation 2. Considering the results from Simulation 1
that incorporating discrete rotation with sufficiently high blink fre-
quency increases the performance of the S2C and S2O algorithms,
in this simulation, we hypothesize that the minimum space required
for walking without encountering any reset could also be reduced.
The simulation consists of the simulated walker performing 5 repe-
titions of 3 types of path, 2 initial conditions, 7 blink frequencies
ranging from 0 to 30 times/min in interval of 5 times/min, 2 reset
techniques and 6 tracking space sizes ranging from 15m × 15m
to 40m × 40m. The average reset count can be found in Figure 10.
It can be seen that in a tracking space of 40m × 40m, using the
S2C algorithm with only continuous rotations, users encounter on
average only 1.25 resets. If discrete rotation is also applied, the same
performance could be achieved in a tracking space of 30m × 30m if
the users blink 15 times/min. If the users blink up to 30 times/min,
the required space could be reduced further to 20m × 20m.
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Figure 9: Effects of blink frequency on the performance of
S2C and S2O algorithms
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Figure 10: Effects of tracking space size on the performance
of S2C algorithm. Tracking area corresponds to tracking
space of 15m × 15m to 40m × 40m. Blink frequency of zero
means no discrete rotation is applied.

5 CONCLUSION
In this paper, we presented an experiment to identify the detection
threshold of discrete scene rotation during blinks. We found that
right-handed subjects tend to be equally sensitive to either rotation
direction, and there is no significant effect of gaming experience or
gender on detecting discrete scene rotations. We also found that
the detection thresholds are significantly higher during blinks (9.1
degrees) as compared towhen eyes are open (2.4 degrees), indicating
the effect of visual suppression. From the obtained results, there
seems to be a trend that detection thresholds negatively correlate
with walking speed. However, the validation of this trend remains
to be investigated in future experiments.

Results from simulations showed that the to-center and to-corner
reset techniques give better performance than the two-one turn
reset techniques. It was also shown that given a sufficiently large
tracking space and high enough blink frequency, the reset count
and the minimum space required for walking without encountering
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a reset could be significantly reduced (potentially up to 29%). Fu-
ture work therefore involves identifying factors that induce more
frequent blinks in a VE.
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