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Figure 1. GazeProjectoenables seamless gadmsed interaction with multiple displays from arbitrary locations and orientation,
such as wallsized displays (a), horizontal interactive screens (b), and handheld devicesfyithout active recalibration.

ABSTRACT Miscellaneous.
Mobile gazebasedinteraction withmultiple displaysmay INTRODUCTION

occ_utr frqm ha}rlﬂtrary pos;ﬂonfs and 0r|ent_T|1t|0|hﬂ)wevter, Gaze is gowerful modality for interactingwith the rapidly
maintaininghigh gaze estimation accurasyll represents: increasing number ofyblic displaysaround usGazenatu-

significant challengeTo address this, evpresenGazePo- rally indicates what wevisually attend to andvhat weare

jector, a system that combines accurateintof-gazeest- interested i 28], andis faster tharother pointing devices

mation with ngtural feature Erackmgp d|splays to detg such asa mouse 21]. Consequentlygazebasednteraction
mine the mobile eye trackerOs position relative to a displa

Yeceived considerable attentiamith applications ranging
The detected eyeogitions are transformed onto that display : ; )
allowing for gazebasedinteraction This allows for sean- from controlling desktop$31, 1], eye typing[17], to tar

S . . . . et selectionZ6], and password entry]. Recent dvances
less gaze estimation and interactan(1) multiple displays g 46] P v d

: : : ~ ” in mobile eye tracking point the way towards unobtrusive
of glrbl_trarty t'SIfteSt(r?) Ig_delpenldenry of th? (l;serclzﬁ Egsmon interfacesthat will allow us to interactvith gazein every-
and onentatiorlo the dispiay.in a user study wi pa day settingg6]. A key challengewith suchpervasivegaze
ticipants we compate GazeProjectorto existing well-

: : based interfaces is how spontaneous and transpgaest
estabhshednethodgsuch asisual or-screermarkers ana basednteraction can be facilitated on arbitrary displays.
stateof-the-art motion capture system Our results show
that our approachs robust to varying head posesjenta- Monocular headmounted eye trakers are typically
tions, and distancet® the displaywhile still providing high equipped with two cameras scenecamerathat captues
gaze estimation accura@cross multiple displaywithout part ofthe userOs current field of vieand an eye camera
re-calibration The system represents an important stepthat recordsa closeup video of the userOs pupil position
towards the vision of pervasigmzebased interfaces. andeyemovementsSuch ge trackerdave to be calibrated
to a specific useffor a specific displaypeforefirst use.The
calibration establishes a mapping between 2D pupil- pos
tions and 2D positions in the scene cameraOs coordinate
system. For gazebasedinteraction with displays in the
ACM Classification Keywords environment these sceneamera coordinates have to be
H.5.m. Information interfaces and presentation (e.g., HCI): mapped furtheto correspondin®2D gazepositions on the

displays. During operation arbitrary omnscreengaze pos-
tions canthenbeestimated by interpolatinigetween known
calibrationpoints
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Eyetracking gaze estimatiorgalibration;largedisplays;
multi-display environmentshaturalfeature tracking
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The problem with headmountedeye trackersis that this ~ Our work builds onmethods for(1) gaze approximation
calibrationis typically performedfor a fixed position and andestimation ordisplays (2) gaze interaction using head
orientationof the usetto a particulardisplay. While this is mounted eye trackergs well as(3) trackingthe spatial
less of an issudor stationary settings andV-sized dis- relationship betweensersand displays

plays, mobile everydaylife settings and multipld poten-
tially large B displaysevoketwo types of motion: (1user
movements in front o& singledisplayto inspectotherparts

of the displayOscontent and (2) head movement® reach
targets outside ahe ocular motor rang§10]. In addition,
there might be multiple displays present, evoking further
movements.These types of motionconsiderably reduce
gaze estimation accurac$][ This problem has beerda
dressed by tracking theye trackermelative toa particular
displayby augmenihg the environmentwith visual markers
[30, 5] or using visionbased motioncaptuing systems
(e.g., OptiTracK). Although these approachgsovide high
tracking accuracythey are impractical for spontaneous
gaze interactionparticularly wherinteractingwith multiple Accurategaze estimation on displays remainsignificant
displaysin mobile everydaylife scenariosSimilarly, mark- challengeb particularly when remote eyteackers(i.e., eye
er-free trackerssuch aghe Kinect, work well for tracking trackers placed in front of a displagfe usedSuchtrackers
coarseuser postion but are not accurate enough to track only allow a single useto interact with a displayt any
head orientatioand failwhen people occlude eaother. point in timeandany interactionis restricted tahe tracking
rangeof typically 50-80 cmin a central area in front dfie
display, therebyseverely limiing user©mobility [23, 26].
Previouswork either focused onextendng the tracking
range of remote trackerg1l, 18, or on calibratiorfree
(spontaneoysinteractionbut waseitherlimited to intera-
tion alonga horizontal axis, i.ewithout full 2D gaze est

Gaze Approximation and Estimation on Displays
Severalprevious workaisedheadorientation as an appxe
imation of where people look For example,Sippl et al
used a remote cameta detecffacial featuressuch as eyes
and nose tipand estimate head pose on four areas on the
display[22]. Nakanishi et alrelied on a stereo face tracking
systemand the3D head pose as approximation of gaze
direction [L9]. Finally, ViewPointer aimed to detect eye
contact between users and devices using a wearable camera
and IR tags placed in the environméggd]. While useful

for coarse attention measurememsne of these approhe
esallowedfor accurateggazeestimation on the display.

In this paper we presei@azeProjectora system thatla
lows for accurate gaze estimation on arbitrary displays
independery of the userOs position and orientat{sae
Figure 1) GazeProjectorequires a ond¢ime calibrationof

the headmounted eg tracker per useso that the userOs

pupil position can be mapped to positions in stenecam- mation [32] or requireddynamic interface$29]. None of

eraOscoqrdmate systenThe Ca"b'.ra“f’” can b.e performed these works addresdthe problem of users interacting with
on any display and not necessarily on the display the user,

wants to interact withAfterwards the systemautomatically the display frontifferentpositions and orientations.
transformshis calibrationto otherpositions andlisplaysin Gaze Interaction Using Head -mounted Eye Trackers

reattime. In contrast to previous approach&azeProje- Headmounted eye trackers are more flexible as they allow
tor doesnot requirea heavyweighimotion captuing system  the user to movéreely in front of the display. &ly work

or visual markers Instead, the eye trackecontinuously ~ On using heaemounted eye trackerfor interaction still
tracksitself relative todifferent displaysusingnatural fa-  required calibration to aingle, stationarydisplay prior to
ture tracking GazeProjectortherefore mabkes seamless  first use P]. More recent approachesmedto estimate gaze
gaze estimation and interaction acraifferent displays  dynamically but either required visual markersto be at-

and allows users to freely move arouim front of them  tached tothe display 0] or in the environment tdetect

while maintain a high gaze estimation accuracy gaze ona set ofpre-defined interaction areas.g, to can-

) ) o trol a TV set or music playeb].
In acontrolled laboratoryexperimentwith 12 participants

we Corrpargj our approach t@ stateof-the-art OptiTrack With advancesn computer vision, visual markec®uld be
motion captuing systemas well as a markdrased p- SUbStitUEed withdetecting the display directly in thecene
proach In the first task, prticipantslooked at on-screen ~ cameraO$eld of view. Mardanbegi et aldescribe an
targets fromvariouspositions and orientatioria front of a approach to detect screens basedjoadrilateralfound in
largedisplay.ln a second task, weomparedsazeProjector the sceng16]. Turner et al extenged that work to multiple
to the markebased approach on multiple displays (here: adisplays(based on the displaysO extpratios)by adding a
wall-sized display, a tabletop, and a tablet Pi@).both second camera as well as a method for transparentlyhswitc

tasks, we found that owumpproach compensatedell for ing between two calibration®7]. However,in contrast to
head movements (i.e., changeooientation) and user re- ~ GazeProjector both approaches requitéhat the display
cation (i.e., change ddcatior). was fully visible in the scenecameraOfields of view

which is problematic when usem@re mobile orclose to a
very large display.Furthermore relying on a set of aot
matically selected kepoints andfeaturesinstead of screen
bordersis more robusto changinglight conditionsand
! https://www.naturalpoint.com/optitrack/ generalzesbetterto displays of arbitrary shape and size
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Tracking Spatial Relationships of Users and Displays _ to reflect their current content (i.e., in case of quicky u
Tracking thespatial relationship of usergand the usersO dated content, such as video3he server is thusnly
devices respectivelyjan be done in two ways. Firskter-  aware ofthe physical dimensions afach displayi.e., size
nal tracking equipment can be used to deiee a deviceOs and resolutionjs well agher current contentbut not their
exact position in 3D space (and thus its spatial relationshigphysical location.This is especially important for mobile
to a display in the environmentlhe Proximity Toolkit  devices, whicHrequentlychange their position and orieat
makes use of such higirecision tracking equipment and tion over time

provides an interface to acquire spatial relationshgs. [ . .
While such a setup results in extremely high accuracy, it isThe_ server then processes the incoming screenshots as well
often impractical for outdoor use. as incoming frames from the field camera _uslﬁgST

- featuredetectos [15] and FREAK featuredescriptos [1].
Alternatively the deviceOs cameayan be usetb identifyits The idea is to use currentreenshots atemplateimages,
spatial relationship to a displajany approaches exist, which the server tries to find in tlebservedmages (here:
such astemporarily showing oscreen visual marker2][  the field cameraOs videtf)a template matches an observed
or using dynamic markers following a cameraOs positionimage, the algorithm calculates thnsformationmatrix
[20]. More recently, natural feature tracking was used to(i.e.,a homography which describes thansformation of
deermine spatial relationship$ierbert et al. uskScale points from one image plane (say: a video fram&) an-
Invariant Feature Transfori¢8IFT) to determine the ca- other image plane (say: the displayOs screenshot).
eraOs spatial relationship dadisplay [12]. Their system
tried to identify a screenshot of the display in the devicef)g
camera streanVirtual Projectionextended this approach to
dynamically updated display$8][ Touch Projectofurther
allowedfor trackingmultiple displays provided thatisplay
content differsufficiently [4].

aze Estimation

s mentioned beforehé transformationmatrix allows for
mappinglocations in thescenecaneracoordinate systerto

the coordinag system of the target display and vice versa.
In this procedure hie display does not have to Wigible in

full in the sceneview. Instead, a subegion is sufficient

ENABLING GAZE INTERA CTION ON LARGE DISPLAYS givenenough features within that regitmallow for robust
As mentionedbefore estimating a userOs gaze olarge  tracking.Similar to Touch Projectofwhere touctpositions
display and in multidisplay environmentsising a head are transformed)GazeProjectorfinally uses the transfe

mountedeye tracler facestwo challengesthe eye tracker —mation matrix to estimate gaze positions on the display.
has to becalibratedand usedfrom fixed positiors and oi-
entatiors for all displays. Furthermoreduring calibration
and usehe entiredisplay has to beisible in the eye trak-
erOscenecamera Ideally, the eye trackeonly has to be

calibratedonce This can be achieved b1) calibrating puter drivingthe display. Laptopand desktop computer are

pupil postions to the scenecameracoordinate systepand . n g .
(2) tracking thespatial relationship between the eye tracker ponngcted vilvifi. The eye tracking software on the laptop

I . e : is written in Python and is based BPILO®pen source
22;?;2%;?;%?22 é?crggﬂ?gs%zi;g?ze positions in mobile eye tracking platformThe software running on the

desktop computer is written in C# ((NET Framework 4.5)
Eye Tracker Calibration For feature detection, description and matching, we use
GazeProjectoruses a onetime calibrationto map pupil EmguC\# as wrapper for OpenCV\/For faser processing,
positions tothe scene cameraOs coordinate system. Becausge dowrscaledisplay screenshots t884 ! 240 pixels and

of this, there is no need to perform the calibration on the camera frameto 320! 240 pixels.

display one intends to interact with. Instead, the system can h I for di ing f -
be calibrated once on any display in the environment (e.g.T esystemallows for distances ranging from 0.5 tistne

a laptop). This independence of the target displaytivas displayf)g diagonal up $ix times the displayOs diagonal.
advantagesThe calibation is not dependent on the distance When being furth.er away, the accuracy dgcreaseheas t )
and/or orientation to a display as this is handled bysétie dllsplay observed in the cameraOs field of view decreases in
localisationdirectly; andthe calibratiordoes not depenadn S'ZT,(thuf' removmﬁ sfeveral festuréﬁ)lle_ believe tEat a

a single display, thus allowing for seamless gaze estimatiornulti-scale approach of screenshots will increase theaoper

across several displays in midiisplay environments. tional range, yet we dgmded not_t_o include it n this proof
of-concept imptmentation.In addition, the tracking en-

Tracking the Spatial Relationship to Displays pensates for an angular offset60;. While this is sufi
To determine the spatial relationship betweeneye trak-  cjent for most interactions, fast eye/head movements will

er and aspecificdisplaywe use theapproach described in  have a slight impact on accuracy. However, we believe that
[3]. Specifically, our systenmstreamsthe scenecameraOs

video to a server that is aware of all displays in the ienv
ronmentas well as their displayed contenddl displays in 2 http://pupitlabs.com/pupil/

the environment repeatedly stream screenshots to the servéhttp://www.emgu.com/
“ http://opencv.org/

Implementation

Our system consists dfireecomponents(1) a monocular
headmountedeye traker” connected to a laptdd4]; (2) a
10n? backprojecteddisplay wall; and (3) a desktop cm-




the increasing processimgpabilitiesof future devices will ~ EXPERIMENT I: ASSESSING GAZE ESTIMATION

allow for both faster image pressing onlarger images We conducted a controlled laboratostudy to assess
GazeProjectoDs gaze estimation accuracgomparisorto
existingbut moreheavyweightapproaches

Independent Variables

Flight Destination hed. We had two independent variables in this experimdotde
(i.e., the gaze estimation method used), bodation (i.e.,
where participants stood in front of the display).

Mode: We chose three different modes for gaze estimation:
GazeProjector (GP) implemented as described before;
Marker Tracking (MT), which uses a set of estreen
markers for tracking the orientati between the eye tracker
e and the displayrovided by thePUPIL framework and a
LANZAROTE simple Head Orientation(HO) approach, which tracks the
ISTANBUL SAW participantOs head using an external OptiTrack system. For
each of these modes, walibrated the eye trackémom two
different locations. Both locations, however, were placed
TIRANA centrally in front of the display with one location being

E close to the display and one being further away. We further
calibrated the eye tracker for each participant separately
instead of using onealibration (see limitations section for
further details).

KRAKOW

Location: We chose six different locations in front of the
display to simulate a more realisgetting Three of thse
locations were close to the display and three were further
away. The eyetracker was only calibratefbr the central
near and far central locations. This is more realistic, as
users would not calibrate for every position in a wialk
anduse scenario. Note that we calibrated the eye tracker for
each participant separately instieof using one calibration
(see limitations section for further details). Since no visual
feedback was given tihemand to keep the experiment at a
reasonable lengthparticipantshad to peform the set of
tasks only once. W then computed the gaze estition
(i.e., less or no scaling required) for highecuracy accuracy poshoc for each of the calibrations.

Figure 2. Our example gplication: when users select froma
time table of departing flights (a), the corresponding infa-
mation is shown on theirmobile device.

Example Application Task & Procedure

We built an example application to demonstrate the use ofVe implemeted a gaze pointing task which participants
GazeProjectorin a distributed multi-display enwionment had to fixatenine differenttarget locations represented as
(e.g., an urban public space). We chose such a setting, as ited circles on the display (see Figu8g A pilot study
showed hat participantsvere affected by visualizing their
gaze point on the display. Especialfytiie gaze position

was incorrect, people tended to OmoveO the gaze point to
compensate for the ertdVe therefore opted to not provide
Considera timetable on onefdhe many large screens at an any visual feedback to the grticipants.Participarts were
airport, showing flights departingwithin the next hours instructed to look at eadhrgetas quickly and accurately as
Users can look aa specificflight and its flight numbeor possible Each target locatiowas shown for five seconds.
destinationrespectively.Once the system recognizes the
point users look at, additional informatiosuchasa picture

of the destinatiomr detailed flight datas transferred to the
userOs mobile device (e.g., a tablet R&)zeProjector
further allows for tracking gaze also on the tablet, allowing
for content adaptationf the user now gazes at the picture,
the tablet will show more specific information, such as the
weather at the destinatiofrigure 2 shows the example
application, and the video figure explains it in more detail.

underlines how people can make usecoftinuous gaze
estimation with reasonable accuracy while freglpving
around in the environment.

For eachMode particpants first alibrated from thenear
centerlocation and performed the tasks fafl otherloca-
tions Afterwards,the calibration for théar-centerlocation
was recordedand @ze positionsas well aserrors were
evaluated poshoc.Following best practicgin gaze estira-
tion experiments we validatedall calibratiors by asking

® http:/iwww.pupitlabs.com/blog/2013/12/03@lease.html



participants to fixateonce on each poindn the same -9
point pattern. At the end of thetudy we asked for dem
graphic information

We collectedgazedata from the eye tracker amnsfa-
mation matrices calculated yP as well asMT. Furthe-

more, we recorded data about the head position and arient

tion with OptiTrack Data wassampledat 30 Hz(i.e., 150
samplesper onscreentarge) leading to atotal of 1350
samples for eactMode and Location combination We

discardedsamplesfor which participants® pupil was not
detected. Welroppedthe first two seconds (60 samples) for

each target, which was the maximum tineguired to find
the targefAll together we dropped 276.985 samplestotal
we recorded06.215samples, 1@.532for GP, 165683 for
MT, which was the basisample setisedfor HO.

Experimental Design

We used a withirsubject desigmvith the independent var
ablesMode (GP-near, GP-far, MT-near, MFar, HO-near,
HO-far) and Location (front-left, front-center front-right,
backleft, backcenter backright).

We counterbalanced the order lofcation across partie
pants using a Latin Squarklthough it is possible to record
all position information in parallel, we opted to ha@®
andMT separate, as markers would fa®azeProjectods

tracking. TheHO mode was recorded while participants

were using theMT mode. Half of our participants started
with the MT, andthe other half withGP. Thus, each pardi
ipant performed the task twice pec#tion.For eachmode
and locationthe nine targets (equally distributed in d 3
grid on-screef were presented in random order.

Figure 3. Experimental setup showing all locations L4.6 and
orientations relative to the display as well as the nine differen
positions T1-T9 of the visual targets on the display.

Apparatus

Figure 3shows our experimental setupewsed a large
front-projected wall with a size &©.75! 2.07 meters (dig-
onal:3.44 meters).The six locations werdistributed within
a ninesquare meter area in front of the dispéesyfollows:
three locationsat a distance of 1.65 rfnear), and three
locationsat a distance 0f3.05 m (far). The left and right
locationsfor near were exactly2.33 meteraway from the

displayOs centerline (i.e., an angular offset4)+ those
for far were locate®.52 maway from the displayOs cante
line (i.e., an angular offset of38j). Naturally, the two
centerlocationsfor nearandfar had an angular offset of 0.
Locationslocated far allow participants to observihe e-
tire screenat once(the display covers 482j), while for
locations located near the display covers’9.60; b thus
exceeding the fulscale ocular motor range £55; [10]).

Participants

Twelve participantstfireefemale)between?2 and32 years
(mean =27.45 years, SD = 3.years) were recruited from a
local university campus. All participants had normal or
corrected to normal visigmonereported any form ofisu-

al impairments (e.g., color blindness)

GAZE ESTIMATION RESULTS

We correctedall reportedgaze estimatioraccuraciesby
subtracting theneancalibration error. The mean calibration
errorwas2.04j (SD = 069;). To verify that we could do so,
we performed aoneway ANOVA with a Bonferroni
corrected poshoc analysis on calibration accuracies across
all Modes and found no significant differences. In albsu
sequent post hoc analyses, we used Bonfeoomected
confidence intervals to retain comparisons agédi = 0.05.
Furthermore, we used Greenhoweisser correction in
cases where sphericity had been violated.

Gaze Estimation Error

To assess the gaze estimation error, we calculated the ave
age gaze estimation error in degreésisual angleThat is,

the difference of the visual angle between the predicted on
screen gaze point and treetual fixation targets for all
ModesandLocations We then performed 6! 6 (Mode!
Location) within subjects ANOVA on gaze estimation
errors and found a main effect félode (Fy.9g921.879=
8.526,p < .002), a main effect fdrocation(Fsss= 7.363,p

< .00, butwe did not find arinteractionbetween the two

We performed podhoc tests to further understand thain
effect of Mode Most importantly, we found significant
differences withinMT andHO for the two calibrationsiear
andfar (all p < .033. In both cases, theear calibration lel

to lower estimation errorsGP, on the other hand, did not
show such an effect, suggesting that the point of calibration
does not effect its gaze estimation error significardlyd
the difference inmeans was alstower than for the other
two (GP: 0.28%; MT: 0.93%; HO: 0.948) Dyet, also for
GP, the mean estimation errors were slightly lower for the
nearcalibration tharfor thefar one.

This is further reflected when comparing acrddedes
GP-near differed significantly from bothMT-far and HO-
far (all p < .01). However, there was no significant diffe
ence between thBlodesfor the near calibration. Furthe
more, GP-far did not differ significantly from any other
Modedespite having relatively large differences in error.

Overall, GP-nearshowed the lowest errokM(= 1.8Q, SD=
0.2G), followed by GP-far (M = 2.0§, SD = 0.2%), and



HO-near (M = 2.03, SD = 0.23). Also MT-near M =
2.23, SD = 0.3%) has an estimated gaze error less than
degrees.

HO-near [l GP-near
HO-far \\\ GP-far
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Figure 4. Mean gaze estimation error for every location for
MT -near, MT-far, HO -near, HO-far, GP-near and GPfar.

The other twaModesperformedslightly worse and hadra
error of morethan 3 degreedMiT-far (M = 3.1, SD =

0.3%) andHO-far (M = 3.04, SD= 0.3%;). Figure4 sum-

marizestheses results.

Posthoc tests onlLocation revealed thathe significant
main effect stems from whether participants were farther
awayfrom the displayor not: front-left differed significan-
ly from backcenterand backright (all p < .019. Front-
right also differed significantly fronbackcenter(p < .011).
Overall, backcenterled to the least estimation errdid =
1.93, SD= 0.23), followed bybackright (M = 2.0%, SD
= 0.17%), andbackleft (M = 2.22, SD= 0.3Q). The front
locations performed worse wiffont-centerresulting in the
least estimation erro® = 2.45, SD= 0.28), followed by
front-left (M = 2.8, SD = 0.29) and front-right (M =
2.86j, SD = 0.3Q). Thus, on average, thgack locations
had a lower estimation error of 2;0865D = 0.23) com-
pared to thdront locations with 2.72(SD= 0.29).

MT

HO GP

near

far

Figure 5. Visualization the mean gaze error (ellipses

for the three modes MT, HO and GP and all caliba-

tions averaged over all targets. Additionally the meal
gaze points are visualized by black circles.

Differences for On -screen Target Positions

3We did notexpecthigh gaze estimation errors feach of

the Modes However, we wanted to analyze whether the on
screen targets resulted in different estimation ersord
thusanalyzed the results separately for eacksaren ta
get. For MT, we found no significant main effects on gaze
estimation error forTarget. We found the same foHO.
Only for GP we found significant differencesfgaze est
mation forTarget Our analysis revealed that predominantly
the bottomleft target T7 differed significantly from few
others (T2, T3, T6 and T&nd led to higher estimation
erors We assume that this is due to the scene camera se
ing too few featureswhich in turn increased the error of the
transformation matrix.Figure 5 shows gaze estimation
errors for the different modeseraged over all targets

Eye and Head Movements

We were further interested in whether participants mainly
moved their head or themyes to point at an escreen
targetlocation As expected 9], we found that the average
normalized gaze position in the field cameraOs vidsox

= 0.44 andy = 0.47 GD, = 0.21;SD, = 0.25). Thusgaze
positions remaied nearthe center of the participant&éd

of view. We subsequently analyzed the gaze position for
everyLocationin front of the display and found no signif
cant differences between them. The largesrage diffe-
ence was 0.03. Table 1 lists these results for kachtion

Location Mean (x,y) SD (x,y) Var (x,y)

front-left 0.43,0.45 0.19,0.24 0.038,0.060
front-center 0.45,0.47 0.20,0.25 0.040,0.062
front-right 0.46,0.46 0.22,0.27 0.052,0.076
backleft 0.46,0.48 0.23,0.25 0.054,0.065
backcenter 0.45,0.48 0.20,0.24 0.044,0.058
backright 0.43,0.48 0.20,0.23 0.043,0.057

Table 1. The table shows the mean, standard deviation and
variance for the x,y-coordinates ofnormalized gaze positios
in the participant sCfield of view.

The OptiTrackdata providd detailed information opartic-
ipantsChead orientation HO). We found that the largest
head turns covered the entire width of the displtay:
51.2j, near. 83.66j) On averagéead motioncovered an
angle of 3161j (SD = 2.04j). This further confirms our
results in thatHO might be a suitabl@pproximationfor
gaze estimation with aawverage error of 2.094SD= 0.23)
for HO-nearand 3.04 (SD= 0.3%) for HO-far.

EXPERIMENT II: MULTIPLE DISPLAYS

We conducted a secorabntrolled laboratorystudy to as-
sessGazeProjector0gaze estimation accuracy acrossl-mu
tiple displays of varying form factof® with only a single
calibration performed on one of the displays.

Inde pendent Variables

We had two independent variables in this experimdode

(i.e., the gaze estimation method used), Saden(i.e., on
which display was the target showhye did not use fixed
positions as we wanted to create a more realistic scenario in



which participants were free to move in thgace between were again placed in B 3 grids (i.e., nine per display) on
the displays. each display. In total, participants acquired 54 targets.

Mode:In this experiment we chose to use oBlgzeProje- Apparatus

tor (GP) andMarker Tracking(MT), but nothead oriers- We used the same froptojectedWall as in the first expe
tion, as we believe it will perform similarly across displays. iment. In addition, we had a 400 Microsoft Surfadeb-

We again calibrated for two locations (as in the first expe letop display $urface, and a 9.70 iPad Air tabléP#d).
iment), but additionally recorded calibrations on a 4®© ta Figure 6 shows the setup including the tabletop and the
letop display Burfacg, as well as on a 9.70 iPad Air tablet tablet PC. The tabletop display was placed in front of the
(iPad). We chose to do so to investigate the effectgaze  projection wall in an area where the participant woutd o
estimation accuracyf calibrating (1) on surfaces not-o  clude the beamer pjection. Participants held the tablet in
thogonal to the participant, and (2) on personal dewidts hand during the experimenthey could freely choose their

a considerably smaller displaparticularly the latter e~ location within a nine square meter area.

sembles a more relistic scenario in which users calibrate
their eye trackeonceon their personal devicds in expe-
imentl, calibrations were analyzed post hoc.

Screen:In addition to the large display used in the first
experiment Yall), we chose to add the other two displays
used for calibration as well (her@urface andiPad).

Task & Procedure

The task used in this experimemasthe same as in the first
one: participants had to fixate -@ereen targets. However,
since we had thredgplays, participants now had to acquire
nine targets per display in total) as shown irFigure 6
As mentioned before, participants could freely chomse
changetheir positionbetween the display$Ve againopted

to not provide any feedback to panantsfor the same
reasos as before Participarts were instructed to look at
each target as quickly and accurately as possibiach
target locatiorwas shown for ten seconds to give the parti
ipants enough time to find the target on the correct display.
There was onlypnetargeton onedisplayshownat a time.

iPad Air

Figure 6. Experimental setupshowing the three used screen
The procedure in this experiment was nearly the same as for and the nine targets on each seen (wall, surface tabletop,
the first experimenbut with an additional calibration for ~ iPad). Additionally the area (blue) is marked, where the user
Surfaceand iPad after all tasks were completedn the was free to choose the location.

additional displays we used the sa®oint calibration
pattern. At the end of thetudywe asked for demographic
information

MULTI-DISPLAY RESULTS
We againcorrectedyaze estimatioaccuracyby subtracting
the meancalibration error. The mean calibration erveas
We collected the same gaze data from the eye tracker a2.18j (SD= 0.69). We again verified that we coultb so
well as the transformation matrices fradP and MT as in by performingan ANOVA with a Bonferronicorrected
the first experimentData wassampledat 30 Hz(i.e., 300 posthoc analysis on calibration accuracies across all
samples for eactarget 8100samples for eachModé, and Modes and found no significant difference&s in exper
samples were discarded if the participantsO pupil was natentl, we used Bonferroriorrectedconfidence intervals
detectedAs we expected an increase in search time for thein all post hoc analyses and GreenheGsssser correction
target, ve dropped the first fivesecondg150 samples) for  in cases where sphericity had been violated.
each target. In total we record289,7/45 samples124,421 G N

aze Estimation Error

for GP, for 135,324for MT. We calculated the average gaze estimation error ag-in e
Experimental Design peiment | and subsequently performed8 ! 3 (Mode!

We used a withirsubject8 Mode (GP-near, GP-far, GP- Scree within subjects ANOVA on them. We found main
Surface GP-iPad, MT-near, MTFfar, MT-Surface, MT- effects forMode (F7 77 = 21.733,p < .001), and foiScreen
iPad) ! 3 ScreengWall, Surface, iPagddesign.Half of our (F222 = 82.705,p < .001) as well asan interaction effect
participants started witlBP, the other half wittMT (as in between the twoHy415,= 9.100,p < .001).

experimentl). The targets were randomized, thus the next

target appeared on any of the thBmeensThe 27 targets Posthoc pairwise multiple means coamsons revealed

that GP-near and GP-far differed significantly fromMT-



far, MT-Surfaceand MT-iPad @ll p < .00]). Furthermore,  exceptMT-near (all p < .016). FurthermoreGP-Surface
GP-aurface differed significantly from MT-Surface and and GP-iPad differed significantly fromMT-iPad (all p <
MT-iPad (all p < .007). And finally,GP-iPad also differed .012). We found the most differences on ifhad, where all
significantly fromMT-far, MT-Surface andMT-iPad (all p GP modes are significantly less erprone than allMT
< .039). It is noteworthy, however, that bd@P and MT modes (alp < 0.03). Here we again did not find any diffe
did not show any significant differences between thdir di ences withinGP and MT for different calibration modes.
ferent calibrations, suggesting that the device on which theyFigure8 visualizes the mean gaze estimation exfor each

were céibrated on did noimpactaccuracy. of the three screens and its nine targets for the two modes
Overall, GP-near had the lowest estimation erroM (= MT andGP.
2.77, SD= 0.2Q), followed byGP-far (M = 3.0%, SD = near far S 1Pt

0.16), GP-iPad (M = 3.24, SD = 0.1%) and GP-Surface
(M = 3.3%, SD = 0.16) across allScreens For all MT

R
variations, the estimated gaze erravere larger than 4 T "%}’g °"a§§j
degreesFigure7 summarizesheses results. P na e )¢

R ey

As for the main effect foBScreen posthoc multiple means
comparisons revealed thefall was significantly different
from the other twdScreengall p < .001). However, there
was no significant difference betwe&urfaceand iPad.
Overall, targets on th@vall had the least estimation error

%o
D% ©

GP

Figure 8. Visualization of the mean gaze error (ellipses) for a

(M = 2.0%, SD.: 0.07), followed by Surface(M = 4.52, different modes, MT and GP, and all calibrations averaged
SD=0.22) andiPad (M = 5.12, SD= 0.23). over all targets over all screens. Additionally the mean gaze
estimations are visualized by black circles.
81 MT (near) MT (Surface) |l GP (near) M GP (Surface)
MT (far) MT (iPad) N\ GP (far) \ GP (iPad)

DISCUSSION & LIMITATIONS

Our results show th@&on a single displaip GazeProjector

6 achieves an average gaze estimation accurdcy.7§
compared t®.64j for MT, and2.65; for HO. When used on
multiple displays (and only being calibrated on a single
screen)GazeProjectomchieves an average gaze estimation
accuracyof 2.47; compared t@®.60; for MT over all modes
and target screens. Attugh his accuracy is slightly lower
than the 0.991 reported fothe PUPIL eye tracking glas
esunder ideal condition§i.e., in a stationary desktop tse
ting with a 2screen and optimal lighting conditioniA]),

we achieve this accuracy infally unconstrainedpervasive
Wall-sized display | Surface . iPad ] interaction setting

Z

gaze estimation error (in degrees)
S
1

i

N
.
.
N
.
.
§

target display Pervasive Settings

The first advantagef GazeProjectoris its suitability for
pervasive gaze interaction settings. [6urrent approaches
that allow for gaze interaction on multiple displays using
monocularmobile eye trackersrequire heavyweight exte

Upon inspecting Figurg, one can see that the source of the "al motion capturing systemsr visual markers While
Mode ! Screeninteraction is the increased difference-b ~Motion capture systems allow for highecision tracking,
tweenMT andGP (all calibration modes) between tigall  they are (1) costly and (2) cannot easily be installed in pu
and SurfacéiPad, with the Wall resulting in much lower lic environments. Markerseducethis, but have another
estimation errors than the other two. It is noteworthy, thatdrawback:all displayshaveto be augmented witthem B
MT-near performs similarly to allGP modes on theSu- eitherwith printed ones attached todisplayOsrame [0,
face but its estimation erroincreases drastically on the °I, or digital ones shown othe display. However, pinted
iPad, although allGP modes remain at their level. Websu markers quickly clutter the environment, in particular in
sequently ran separate ANOVAs Mrodesfor eachScreen ~ Setthgs with a large number of displaysivhile digital

Figure 7. Mean gaze estimation error for every target
screen for MT-near, MT-far, MT -surface, HO-ipad,
GP-near, GP-far, GP-surface and GRipad.

and found several significant effects. On Wiall, only MT- markers could only be shown on demand, they still take
iPad and GP-near differed significantly p < .008) ndica- awaydisplayspace and OcompeteO withntiaén content.
ing that nearly all modes performed similarly. While binocular systems can automatically compensate for

On the Surface the differences become more prominent, Vergence error, estimating gazedisplay coordinates still
with GP-near and GP-far outperforming allMT modes requiresto trackchangs in the userOs positi@md oriena-



tion relative tothesedisplays. This seveely limits the use
of these devicesto instrumentedenvironments.GazePp-
jector, however, allows usersto interact from arbitray
locations andorientations relative tomultiple displays
without this needb and, as our experimental results show,
GazeProjectordoes so without lowering accuracyhus,
our approachallows for unconstrainedand seamlesgaze
interactionwith multiple displays while on the move

Display Visibility
Display tracking using visual markerequires the whole

SecondGazeProjectodsyaze estimation accuradgpends

on the quality of the image dat&@his concerns the scene
camera: as these cameras usually come with a wide angle
lens to cover as much as possible of a userOs field of view, a
target display may be rather small within the imags.
mentioned before, this may increase errors in the trensfo
mation matrixdue to insufficient image featurethis is, of
course, a technical limitatipwhich can be overcome by
using different lenses for scene cameras.

Nevertheless, we believe thaazeProjectoiis a promising

target display to be visibie the eye tracker scene cameraOsalternativethat realizes continuos gazebased interaction

field of view during calibratiorand interaction. In contrast
GazeProjectorrelies onnatural feature trackingand pro-
vides competitivegaze estimation accuracy even if only a
fraction of the target display is visiblNaturally, the larger
the visible portion of the display, the lower the tracking
error. However, we found that a quarter oé tilisplay is

usually sufficient, provided that enough features (e.g., high

frequencies) are found in that portiohhis allows Gaz-
Projector to work onmuch larger displayas well aswith
more extreme head movemetiian current ey&rackers.

Multi-Display Interactions

Our results showhat GazeProjectomprovides robustgaze
estimation accuracy for different displays of different size
without a need for recalibrating the eye tracte®reach of
the displaysinstead, theeye tracker only needs to beieal
brated oncgon any display) and gaze estimates are then
automatically mappetb the other displays during runtime.
Applying our calibration method irthe presente@xpei-
ments, we were still able to achieve an accuracy.?®4; 3
when the eye tracker tideen calibrated on a 9GiPadAir
screenThis isa significant advaneeentover stateof-the:
artgaze estimation approaches

Head Movement and Orientation

We further found thahead movements araore prevalent
in gaze interaction with large displagempared tesmaller
displays(e.g., mobile devices)rhis finding is in line with
controlled laboratory studies on human visidiumans
employhead movements for gaze shifts with ocular orbital
eccentricity exceeding 20j25]. While head movements
pose a significant challenge currentheadmounted eye
trackers GazeProjectomproved to beobust to head mev
ments which is an essential feature for using hezmlinted
eye tracking systems for large screens.

Limitations

Despite itsnumeous advantages over statd-the-art eye
tracking systemsGazeProjectoralso comes with some
limitations first, our current implementation requiresrco

tinuous snapshots of the target displays to be transferred to

a central server. Consequently, all désts need to be reg
tered with such a servex priori. Furthermore, increasing
the number of displays also increases the network load fo
transferring reatime updates of a displayOs contetuiw-
ever, we believe that future network technologies may
over@me this limitation.

in pervasive settings and multi display environments.

CONCLUSIONS & FUTURE WORK

In this paperwe presente@GazeProjectoran approachior
accurate gaze estimation and seamless interaction with
multiple large displays using headounted eye trackers. In
contrast toexisting systemsGazeProjectoonly requires a
single calibration performed with an arbitrary display and is
robust tothe serO%cationand orientationto the displays

as well as head movementurthermore,GazeProjector
works without external tracking equipment, such as motion
capturing systems or markers attached to display.

We conductedtwo experiment in which we compad
GazeProjector to existing, weHestablished techniques
(which require additional equipment), and found that our
approach compares well to these technigWgben being
used on multiple displays, tlesultsare evermore proms-

ing. Overall, our resultainderline the significant potential
to finally bring gazebased interaction into pervasivet-se
tings that involve gaze interaction with multiple displays.

We testedGazeProjectorin a laboratory environment to
gain first insights into itperformanceeomparedo existing
techniques. However, we want to take our approach one
step further. One obvious step istaie it to the real world
and evaluate its performance on (1) ulaeye displays,
such as media fasades, and (2) do so with multiple users
simultaneously.This will further add to the eye tracking
community as it has virtually been impossible to test eye
tracking systems in such large scales.
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