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ABSTRACT

Weconstantlymoveourgazetogatheracutevisualinformationfromourenvironment.Conversely,as
originallyshownbyYarbusinhisseminalwork,theelicitedgazepatternsholdinformationoverour
changingattentionalfocuswhileperformingatask.Recently,theproliferationofmachinelearning
algorithmshasallowedtheresearchcommunitytotesttheideaofinferring,orevenpredictingaction
andintentfromgazebehaviour.Theon-goingminiaturizationofgazetrackingtechnologiestoward
pervasivewearablesolutionsallowsstudyinginferencealsoineverydayactivitiesoutsideresearch
laboratories.Thispaperscopestheemergingfieldandreviewsstudiesfocusingontheinferenceof
intentandactioninnaturalisticbehaviour.Whilethetask-specificnatureofgazebehavior,andthe
variabilityinnaturalisticsetupspresentchallenges,gaze-basedinferenceholdsaclearpromisefor
machine-basedunderstandingofhumanintentandfutureinteractivesolutions.
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INTRodUCTIoN

Gazetrackinginpsychological,cognitive,anduserinteractionstudieshasrecentlyevolvedtoward
mobilesolutions,whichenabledirectassessmentofusers’visualattentioninnaturalenvironments.The
capabilityforreliablytrackingusers’locusofattentionwithwearabledeviceshasdevelopedquickly
asthedevicemanufacturershaveminiaturizedtheirtechnologytowearableeye-glass-likeframes,
withanumberofopen-sourcesolutionsaddingtheircontributiontothevariety1.Also,increasesin
signalprocessingpowerandrecentdevelopmentsingazetrackingalgorithmsnowenablecomplex
trackingmethodstooperateinportabledevices,eveninreal-time(Toivanenetal.,2017).

Human eye movements shift the focus of attention to gather visual information for action
planning.Conversely, theycanbeusedtoprovideinformationfor inferringusers’ intentionsand
nextactions.However,gazebehaviorinnatural,unstructuredtasksismarkedlycomplex.Models
createdincontrolledlaboratoryenvironmentsdonotoftensatisfactorilyexplainsuchnaturalgaze
behavior.Whilelaboratorystudiesingazetrackingtypicallyaimforisolatingsinglecomponentsof
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behaviortoaccuratelymodelandstudysomepartofthehumanvisualsystemorcognition,natural
gazebehavior involvesacomplex interplayof thesecognitiveprocesses.Themodelingof these
processescomputationallyisdifficult,notleastbecauseoftheunknownsinvolved:itisachallenge
toconstructanexperimentalsetupwithaknown“groundtruth”fortraining,e.g.,amachinelearning
model.Inaddition,themethodsandimplementationsofmachinelearningappliedtogazedataare
stilloftencustomizedandfine-tunedforeachtaskathand.Thisresultsinasetofisolated,individual
contributionstogaze-basedinferencewhichareslowlyconvergingtoamoregenericunderstanding
ongaze-actionbehavior.

Theissueofinferringuseractionwithmobilegazetrackingishighlymultidisciplinary,requiring
deepunderstandingofavarietyofresearchfields.Theseincludethefunctioningofhumanvisual
system, mathematical modeling, computer vision, machine learning, cognitive processes, user
interaction,andpsychology.Here,wereviewcurrentadvancesinattemptingtoinferthecognitive
taskofusersbasedontheirgazebehavior.

BACKGRoUNd

Motivation
Worktowardthispaperstartedfromorganizingtheworkshop2on“Inferringuseractionwithmobile
gazetracking”aspartoftheMobileHCI2016conferenceinFlorence,Italy(Toivanenetal.,2016).
Theobjectiveoftheworkshopwastomapoutthedevelopingfieldoftaskandintentrecognitionin
naturalgazeinteraction.Theround-uptalkaftertheworkshopformsthebasisofthiscontribution.

eye and Gaze
Thehumanvisualsystemconstantlysamplestheenvironmentthroughaspatialwindow,where–
duetothedistributionofphotoreceptorcellsontheretina–highacuityinformationcanonlybe
obtainedfromthecentralareaofthefovea,spanningabout1.5degreesofvisualangle.Whilethe
perceptweexperienceseemsstable,weinspectthescenethroughaconstantstreamofrapid,ballistic
eyemovements,saccades,toacquirenewfeaturesfromwithinthevisualfield.Theacquisitionof
informationtakesplaceinbetweensaccades,whentheeyestabilizestheretinalimageduringfixations
andslowsmoothpursuitmovements.

Eyemovements,andtheresultinggazepathsarehighlytaskandcontext-specific(Rothkopfet
al.,2015):thedurationofafixationiscorrelatedwiththecomplexityofthetaskperformedandthe
informationobserved,andthedistributionandtime-courseofsaccadesacrossvisualstimuliholds
informationonthetaskperformed.Theactivenatureofeyemovementswhenperformingatask
makesgazedirectionagoodproxyofattentionalfocusandeventheunderlyinginternalcognitive
andcontextualstate.

Vergence movements (convergent, independent movement of the eyes) can provide further
evidenceonthedepthplaneofvisualfocusinbinocularviewing.Pupillometry–thestudyofchanges
inpupilsize–hasalsoprovedtoprovideinformationoncognitiveactivity,butasthesearemaskedby
pupilreactivitytoluminosityvariationsinthestimulusenvironmenttheirapplicationinnaturalistic
settingsseemsunlikely.Eyelidmovementsandblinks,however,provideanaturaladditiontothe
trackablefeaturesofvisualactivity,e.g.,increasingconcentrationappearstoreduceblinkfrequency
(Wangetal.,2014).Sleepinessandshifts invigilancehavebeenshown tobe reflected inblink
duration,amplitudeandeyeclosingtimes(Papadelisetal.,2007;MorrisandMiller,1996).

Tracking Methods
Trackingeyemovementsandgazehasgrowntoarichmethodologyfortrackingtheoculomotor
activity, attentional focus, and cognitive activity of a user or patient population. The two most
firmlyestablishedeyetrackingtechniquesatpresentaretheelectro-oculogram(EOG)andvideo-
oculography(VOG).
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EOGisgenerated frommeasurementsofelectrical activityassociatedwitheyemovements,
quantifiedbyrecordingfromelectrodesappliedtotheskinsurfacearoundtheeye(s).EOGsetups
varybutaremostoftenperformedwithfourelectrodes:apairofhorizontalelectrodesattheouter
canthioftheeyes,summingthemovementoftheelectricaldipolesofthetwoeyes;andapairof
verticalelectrodes,placedaboveandbelowoneeyefortrackingverticaleyemovementsandeyelid
activity.EOGprovideshightemporalresolution(uptoseveralkilohertz)andcanevenbeusedwhen
theeyesareclosede.g.,duringsleeporatsleeponset.EOGhoweveroffersonlyalimitedspatial
resolution,hasadriftingbaseline,andexhibitshigh-frequencynoise(Eggert,2007).EOGisthus
suitableforwearabledevicestoaccuratelytrackoculomotorparametersorcontextualinformation,
butlessapplicableforprovidingactualpoint-of-gaze.

DevicesforVOGmeasurementsarecamera-based,trackingthemovementsoftheeyeviachanges
invisualfeaturessuchasthepupil,iris,sclera,andreflectionsoflightsourcesonthesurfaceofthe
cornea.VOGnaturallyalsoprovidespupillarymeasuresanddataoneyelidmovement.Inthisreview,
wefocusonmobile,naturalsettings,andthusconcentrateonmobileeyetrackingequipment.These
varyintheircapabilities,butprovidebetterspatialresolutionthanEOG(around0.5–2degreesof
visualangle),withframerates,however,typicallyaround30–60Hzdependingonthesystem.Hence,
VOGsystemsarebettersuitedtotrackingthepointofgaze,examininggazepathandpatterns,and
utilizingevent-basedmetrics,whilesomesystemswithhigherframeratescanalsodeliveraccurate
oculomotorparameters.

Gaze Features
Eyetrackersenableextractionofseveralparametersforeachtypeofeyemovement.Forfixations,
typicalparametersare location,duration, frequency,anddriftwithinfixations.Forsaccades, the
usualparametersconsideredarefrequency,duration,amplitude,averagespeed,andspeedprofiles.
Inadditiontotheeye,trackerscanprovideinformationoneyelidmovementandblinks,andcommon
parametersforthesesuchasfrequency,blinkduration,andeyelidclosingandopeningtimes.More
complex,derivedparametersincludedwelltimes(thesumoffixationtimeswithinadefinedarea
ofinterestorobject),gazepathsandpatterns,theareacovered,andthefrequency,numberof,and
sequenceofareasofinterestvisitedinvisualstimuli.Bullingetal.(2009)list90differentparameters
usedforactivityrecognitiondemonstratingthebreadthofpossibleinformationsourcesattainable.

Intent Modeling
Inhisformativework,Yarbus(seeTatleretal.,2010)examinedgazepathsofsubjectsviewinga
paintingbyIljaRepin(“Theunexpectedvisitor”,1884)undersevendifferentcognitivetasksranging
fromfreeexaminationtomemorytasks,andestimatingthesocialstatusandactivityofthepeople
depictedinthepainting.Yarbuswasthefirsttoshowthatgazepatternsvariedconsiderablyunder
differentinstructionswhileobservingthesamevisualstimulus–thatgazepatternscanbeusedtoreveal
theobserver’stask.Withtheadventofmachinelearningapproaches,there’sarecentrenaissancein
studyingtheinversequestion:canweinferaperson’sintentions,cognitivetask,orattentionalfocus
fromobservingtheirgazebehavior?

Aconsiderablepartoftheinferenceworkongazedatahasdiscussedthebottom-upapproach:
predictingfixationdistributionsbasedonthelocalsaliencyfeaturesofthepresented(static)stimulus
material.Whilesaliencyislikelytoexplainsomeoftheattention-grabbingfeaturesofstimuli—
especiallyinfree-viewingconditionswheretask-relatedfactorsdonotguidetop-downprocessingof
visualstimuli(Abolhassani&Clark,2011)—itprovidesanoverlysimplisticanswertoprediction
ofactionandintent.SaliencymodelshaverecentlybeensummarizedbyBorji&Itti(2014).

Astepfurtherfromthebottom-upmodels,Olivaetal.(2003)integratetheoverall“gist”ofa
sceneforguidingvisualsearch:contextualprimingguidesobjectsearchtothemoreprobablelocation
ofatargetobjectwithinthescene(taskedwithlookingforpeopleinastreetphotograph,theattention
ismorelikelytoconcentrateonthestreet-level,wherepeoplewouldbeexpected).Morerecently,
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O’ConnellandWalther(2014)suggestthatsalience-driven(exogenous)andcontent-driven,scene
categorybased(endogenous)spatialattentioncanbedissociatedandseemtoinfluenceattentionin
slightlydifferenttimeframes.Imageorscenesaliencehasastrongerinfluenceongazebehavior
intheinitialcyclesataround600msofperceptionandinfree-viewingsituationswithoutatask
objective.Scenecontextandthe“gist”kicksinataround2000ms,andafterwehaveconstructeda
personal(3D)representationofthespacearoundusthroughvisualexamination,saliencebecomes
morelikelytoinfluencegazeattheverylocallevel.Taskandcontextrelatedfactorsguidethegaze
todifferentloci,or“prunethesearchtree”withinthescene(e.g.,Navalpakkam&Itti,2002),andthe
salientfeaturesinteractinfine-tuningthefinallocationoffixationswithinnarrowtargetwindows.

Figure 1 presents a simple schematic of the propositions above. Here, we concentrate on
studiesinferringintentinactiveviewingcircumstancesinnatural(andvirtual)environments,and
inapproachesthatincludescenecontext—thatis,approachingtheobjectiveofinferencefromthe
right-handedgeofthefigure.

Machine Learning
Extractingusefulinformationfromgazecanbechallenging,astheobservedgazepatternistheresult
ofanextremelycomplicatedprocessthatincludestheoften-noisymeasurement,thecognitivestate,
activityandcurrentobjectivesoftheuser,andthe(dynamic)featuresoftheenvironment.Whilein
additionthegroundtruthforanyofthesecanalmostneverbeperfectlyknown,gazestillcontains
usefulinformationformodelingthetaskathand.Unfortunately,nogenerallyapplicablemethods
thatwouldworkacrossconditionsandcircumstancesareavailable.

Thetwomainapproachestoanalyzinggazeare(1)makinguseofwell-knownstatisticsandmodels
ofcognitiveprocesses,and(2)approachesbasedonmachinelearning.Simplermetrics,suchasthe
(accumulated)gazelocationcanhelp,e.g.,todistinguishwhetherauserhasnoticedavisualtarget,
andstatisticsofgazeandstimulusfeaturesmaybesufficientforsomeobjectives.However,should
thetaskrequiremorecomplexunderstandingofuseractivitywithdifficult-to-modelinteractions,
simplemodelscannotsupplysufficientinformation,andwetypicallyresorttomachinelearningto
extractmoreintricatedetailsofuserbehavior.

Successfulapplicationofmachinelearningrequiresknowledgeabouttheunderlyingcognitive,
physiological,andtask-specificaspects.However,machinelearningmethodsthemselvesarequite
genericandindependentofthesedetails.Typically,thesetupisthatofsupervisedlearning,inwhich
theobjectiveistopredicttheclassofeyemovements,tasktype,orpropertiesoftargetobjectsfrom
gazepatternsandothercontextualfeatures.Machinelearningmethodsoftenprovidea“blackbox”
solution,combiningvarioussourcesofinformation,eveninsurprisingandunintuitiveways,which
mayleadtounexpectedresultswhenappliedoutsidetheirtrainingcontext.Theblackboxnatureof
theresultingsolutionimpedesgeneralizability,andmakesapplyingmethodsacrossreallifeconditions
moredifficult.

Figure 1. Modes of inference
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Themachinelearningmethodstypicallyusedinmodelinggazecanberoughlysplitintotwomain
classes:First,generalpurposehigh-performanceclassifierssuchassupportvectormachines(SVM,
Cristianini&Shawe-Taylor,2000)orrandomforests(Breiman,2001)canbeusedintheprediction
task.Here,thechoiceofinputfeaturesiscritical:whilethetimeseriesnatureofthegazeneednotto
bedirectlymodeled,thisinformationisusuallycontainedintheselectedfeatures.Thesecondmain
approachisthedirectapplicationoftimeseriesmethodssuchasHiddenMarkovModels(HMM)or
rulebasedalgorithms.Thesemaybettercapturethepersistenceofcognitiveprocessingstates,and
thereforemodelhumanbehaviormoreaccurately.Literatureonapplyingmachinelearningmethods
togazedatarangesfrompurenatural/mobilecontext,e.g.,ininformationretrieval(e.g.,Granka,
2004;Puolamäki,2005)toscreeningclinicalpopulations(e.g.,Tsengetal.,2013).

MATeRIAL ANd MeTHodS

Theareaofintentmodelinginnaturalgazetrackingrequirescontributionsfromtwoverydifferent
fields:eyemovementresearchandtherelatedcognitiveaspects,andthefieldofmachinelearning
andpatternclassification.WeoptedtoperformstudywhoseexecutionisdetailedinTable1.Our
approachismotivatedbytheprocessforascopingstudybyLevacetal.(2010),althoughwerelax
someof themore rigorousprocess stepsdue to theopennatureof theapplication fieldand the
availableresources.Scopingstudiesaremoreroutinelyappliedinthefieldofhealthcare,andthat
aimstoanswerabroaderneedforscopinganareaofliteraturetomapkeyconceptsandtypesof
evidenceavailable(Arksey&O’Malley,2005),summarizeanddisseminateresearchfindings,and/
oridentifygapsintheexistingliterature(Levacetal.,2010).Werecognizethatinastudylikeours
itisimpossibletofitallrelevantpublications,aloneduetolimitationsofthebibliographicdatabases
anddifferentterminologiesused.Ourpurposeisinsteadtoprovidearepresentativesampleofthe
contributionsandtherebygiveanoverviewofthefield.

Table 1. The procedure of our study, motivated by Levac et al. (2010)

1.Identify(broad)research
question

Weaimtoanswerthequestion:“Howhasgaze-basedintentmodellingbeenperformed,
inwhat(naturalistic)environments,andwhichapproachesseemmostpromising?”

2.Identifyandselect
relevantstudies

Theimplementedsearchstrategyaimsforcomprehensivenessandbreadthwhilekeeping
thenumberofpapersincludedwithinacontrolledrange.
•Westartedofffromwiththepaperspresentedintheworkshop,andtheworkreferenced
inthosepapers
•Wethensearchedforadditionalsourcesfromtwodatabases:ScopusandWeb of 
ScienceusingBooleanpermutationsofkeywords“(inferORpredict)AND(intentOR
task)ANDgaze”
•Wedecidedtoexcludeinfantandanimalresearchandmedicalandneurological
conditions
•Asmobiletrackingmethodsandmachinelearningmethodshavedevelopedbyleaps
andboundsduringthelastdecade,welimitedthesearchfurthertothelasttenyears.

3.Studyselection

Thisresultedin181(Scopus)+255(WoS)papers
Representativepaperswerethenselectedbasedontheirtitlesandabstracts,andafter
removingduplicatesthisresultedin27(WoS)+17(Scopus)papers
Afterthefinalroundofreading,29paperswereincludedfromthesearch,addedwith2
fromtheworkshop,and4papersknownofbytheauthorsoutsidethesearchresult

4.Chartingthedata
Theobjectivesandmethodsinthepaperscoveralargetopicarea,butthemethods,
successrates,equipmentandfeaturesusedweretabulatedtotheextentpossiblefora
quickcomparisonchart.

5.Collate&summarize
Finally,anoverviewwasprovided.Astheinitialquestiondoesnothaveadefinite
answer,andtheapproachisexploratory,nonumerical,orcomparativeanalysiscanbe
provided.
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Generally,theinferenceliteraturecanbecharacterizedbyafour-foldTable2.Themodelsapplied
inthepaperscanroughlybedividedtobottom-upapproaches,evaluatingandpredictinggazebehavior
basedonlow-levelfeaturesofthestimuli,orinferringtask-specificbehaviorsbasedontop-down
control.Ontheotherhand,thebulkoftheresearchhasbeendoneincontrolledlaboratoryconditions,
withsimplified2Dgenerated/projectedstimulusmaterial,whilesomemorerecentworksaimtoward
studyingnaturalisticbehaviorinreal-world,orsimulated,three-dimensionalvirtualenvironments.

ReSULTS: INFeRRING INTeNT IN NATURAL eNVIRoNMeNTS

Weaimtoreportabreadth-firstviewoftheavailableliterature,deliveringabroadreviewofthe
applicationareas.Theresultsoftheinitialliteraturesearchrevealedthatevenwithtargetedkeywords,
thebulkofthepapersdealwithbottom-up,saliencedrivenapproaches.Ageneraloverviewofthe
reviewedpapersshowsthatthestimulusenvironmentsvaryconsiderably,andasnaturalitydictates,
sometimes even within studies. Also evident is considerable inter-individual variation in (gaze)
behaviorandresponsesbutalso inbasicgaze trackingperformance.Thestudies included in the
literaturesearcharesummarizedlaterinTable3(seeAppendix).

Forinferenceof(cognitive)taskfactorsortaskidentitybasedongazebehavior,themostpopular
applicationareasincludecardrivinginbothnaturalandsimulatorenvironments,pathnavigation,and
variationsoftheinverseYarbusprocess.Inlinewithourexpectations,severalstudieswereperformed
usingvirtual/augmentedrealityasthestimulusenvironment.Theseaffordabetterwaytocontrol
thestimuli,anddelivergroundtruthon,e.g.,gazetargets,albeitlimitingthenaturalitytoanextent.
Thereseemstobesurprisinglyfewpapersaddressingreal-worldworkinglifetaskssuchasinstallation
work,industrialwork,orroutineworksuchascustomerservicewhilethesecouldprovideresearch
withstructuredoperationalenvironmentsandrelevantresearchapplications.

Partof thepapersapproachrecognitionoffline, fromsummarystatistics,whilefewerworks
attemptatinferringintentonlineapplyingrunningdiagnostics.Afewstudies(Kitetal.,2016;Peng
etal.,2015;Vrzakova&Bednarik,2015)studytheeffectivelengthofthepredictionwindow:how
longofasampleoftask-relatedbehaviorisneededforinference,andhowlongbeforeactualaction
canthepresentedsolutiondeliverreliablepredictions.

Cardrivingoffersasemi-controlled“movinglaboratoryenvironment”,wherethesubjectstays
relativelyputinawell-controlledthree-dimensionalstimulusenvironment,whileparticipatingin
a complex,dynamic taskwith continuouscomponents (stay in lane), distractors, taskobjectives
(navigation)etc.Pengetal.(2015)wereabletopredictonline(accuracy85.4%1.5sbeforeinitiation)
whenthedriverwasabouttochangelanesbasedon“visualsearchbehavior”usingaback-propagation
neuralnetworkmodel.Anotherlane-changingstudy(Wenetal.,2015)usedahiddenconditional
randomfields(HCRF)modelcombininggazepositionandvehicledata,andshowedthatitwasable
tooutperformSVM’sandHMM’switha99%recognitionrate0.5sbeforelanechange,and85%

Table 2. Four-fold classification of inference papers. The analysis here will focus on the upper right-hand square.

Context \ Model Bottom-Up Top-Down

Natural(like)environments Saliencyinphotographicstimuli(video,
virtualreality)

Inferringuseractivityandintent
throughtop-downunderstanding
ofgazepathactivityinnatural
environments

Controlled2Dlabstimuli
Inferenceonprobablefixationlocations
infreeviewingorsimpletasksforstatic
stimulibasedonfeaturesalienceetc.

Task-guidedgazeactivitywith
generatedstimuliinstaticcontexts



International Journal of Mobile Human Computer Interaction
Volume 9 • Issue 4 • October-December 2017

47

performancelevel2.0sinadvance.Lethausetal.(2013b)wereabletopredictlanechangeuptofive
secondsbeforetheactualevent.Johnsonetal.(2014)approachedtaskmodelinginadual-taskdriving
scenario(adheretoagivenspeedrequiringfrequentgazesatthespeedometer,followaleadcar)by
decomposingvisualbehaviorintoindividualtaskmodulesinordertomodelthedistributionofgaze
ontask-relevantobjects.TheirsoftmaxbarriermodeloutperformsItti&Koch(2001)saliencyand
centralbiasmodelsinpredictingfixationstotask-relevantitems,andtheyclaimthatmodelshould
begeneralizabletootherrealmsoutsidedriving.Lethausetal.(2013a)compareddifferentmachine
learningalgorithmstopredictdriver’sintentandfoundoutthatartificialneuralnetworksperformed
slightlybetterintheirdatathanBayesiannetworksandnaiveBayesianclassifier.Borjietal.(2012a)
developedaKernelDensityEstimationmethod,combiningbothbottom-upandtop-downinfluences
intheirmodelingofdriver’sintentinavideogame,andreportoutperformingthecompared“state-
of-the-art”methodsby15%.

Theplethoraofstudiesondifferentmodelsofvisualattentionwhichcanberoughlysplitinto(1)
bottom-upmodelssuchassaliencybasedapproachesand(2)top-downmodelssuchasobject-based
theories.Thesehavebeenstudiede.g.inBorjietal.(2012b)andBorji&Tanner(2016).Mathe&
Sminchisescu(2015)trainsaliencydetectorsbasedonactualfixationdataandshowthatthesecan
reliablypredicthumanfixationsinvariablevisualmaterial.

Inpredictinguserpreferenceandattentionallocation,Huangetal.(2015)succeededinpredicting
whichfoodingredientasandwichshopcustomerwasabouttoaskfor1,8sbeforethespokenrequest
witha76%accuracybyfeedingsimplegazefeaturestoaSVM.Asteriadisetal.(2008)usedgazeto
inferuserattentivenessreachingan88%performancelevel,whileHamedetal.(2016)exploredthe
problemofusingGaussianprocesseswithgazetoassessusers’preferencebetweendifferentkeyword
clouds,reachinga63%classificationaccuracyinabinaryclassificationtask.Ajankietal.(2011)
integratedrelevanceestimationbasedongazeintensitytoanaugmentedrealityheadset.

Whilepathnavigationoffersaseeminglysimple,overlearnedtask,theresultinggazebehavior
differsconsiderablyfromstaticscenesbecauseofthecomplexitiesofdynamicinteractionwiththe
environment.t’Hartetal.(2012)providesummarystatisticsforgazeallocationinnaturalisticpath
navigation. Rothkopf (2016) developed a codebook of gaze locations and modeled HMMs with
varyingnumbersoflatentvariablesabletogenerategazesequencescomparabletoactualhumandata
innavigatinganenvironmentwithtargetsandobstacles.Zank&Kunz(2016)succeededinimproving
thepredictionofuserlocomotioninvirtualrealitybyutilizinggazeinformation.

Eye-handcoordination isacentralactivity inallournatural interactions.Carrasco&Clady
(2010)combineaneyetrackerwithacameraattachedtotheuser’shand,andreportrecognizingthe
reachtograbgesturewith80–90%probability.Vrzakova&Bednarik(2015)showthatconsideringthe
“quieteye”—thestablefixationjustbeforeactioninitiation,originallysuggestedbyVickers(1996)
—canconsiderablyincreasepredictivepower,althoughwithinaconsiderablyshortenedtimeframe.

Informationretrievalisanotheressentialtaskwithindifferentcontexts.Puolamäkietal.(2005),
Puolamäkietal.(2008),Ajankietal.(2009)areexamplesofusinggazetrajectoriesinfacilitating
informationretrievalbyestimatingtherelevanceofthetextreadbytheuserorofpredictingthe
searchtermsrelevantfortheuser.Liuetal.(2009)excelledindistinguishingnovicesandexperts
usingHMMswhilereadingandmanipulatingconceptmaps.Voisinetal.(2013)wereabletopredict
perceptualerrorsinreadingmammographyimagesusingmachinelearningalgorithmsforfusinggaze
andfeaturesfromradiologyimages.

The(inverse)Yarbusprocesshasrecentlyreceivedfairattentionintheliterature.Thismight
be attributable to Greene et al. (2012) claiming that the task could not be performed, refuting
Yarbus’originalassertion.Thiswasfollowedupbyasetofworkprovingtheopposite:KananHaji-
Abolhassani&Clark(2013)successfullyusedHMMstomodelthecognitivesearchprocess,Kanan
etal.(2014)showedthatwithGreene’soriginaldata,predictionispossibleusingbetteralgorithms.
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Boisvert&Bruce(2015)appliedrandomforests,andBorji&Itti(2015)usedkNNwithBoostingfor
goodclassificationresults.Vincent,2012modeledthedifferentmechanismsforutilizingthepast
observationsinpredictingtarget’sfuturelocation.

Workongeneralactivityrecognitionwasaddressedinonlyafewworks.Bullingetal.(2009)
distilled90differentfeaturesofeyemovementsmeasuredusingEOG,andusedanSVMapproachto
obtaina76%accuracyinrecognizinguseractivitywithinfivetypicalofficeactivitieswith70.5%recall
overallsubjects.Kit&Sullivan(2016)classifiedtasksbetweenfivedifferenteverydayactivitiesfrom
sandwichmakingtofrisbeecatching.UsingHMMsforonlytimeseriesdataforsaccadicdirection
andamplitudetheyreachedanoverallrecognitionperformanceof36%,opposedto20%chancelevel.

CoNCLUSIoN ANd FUTURe dIReCTIoNS

Haji-AbolhassaniandClark(2014)labelledtheextractionofintentfromgazepatternan“inverse
Yarbusprocess”,asYarbus’originalinvestigationwasintotheeffectofinstructionongazepatterns.
Asconfirmedbythecurrentworkaswellasothers,thispresentsalucrative,yetdemandingtarget
forresearchofferingnumerousapplicationsandconsiderableimpact.

Simplified,theprocessofinferringintentfromgazewalksthroughthefollowingsteps:
record gaze data, identify and extract features, associate cognitive models and knowledge
about human information processing (capacity, speed), train a machine learning model to
recognize and classify states and behaviors, and apply this model in practice. Ultimately,
theendproductshoulddothisinrealtime,withoutthewearer’sintrusionorguidance,and
deliverareliablemetricofthingsattendedoractionsintended,preferablyproactivelybefore
thewearerhaseveninitiatedtheassociatedmotoraction.Anotherobjectiveistobroadenthe
bandwidthbetweenmanandmachine throughsupplying reliablecontext recognitionwhile
performingtasks,applicableinusecaseswherethe(deviceswithinthe)environmentwould
“know”whattheuserwantswithoutexplicitcommunication.Yetanotherevidentapplication
issafetyassociatedwithhumanintentionandactivityintraffic,anddemandingoperational
environments.Also,toescapetheuncannyvalley(Morietal.,2012),futurehumanoidrobots
maywellneedtomatchhumansintheirnaturalunderstandingofotherpeople’sintentions,
derivedfromminutebehavioralhints.

Isolatedgazefeaturesorsummarystatisticsofeyemovementsdonotappeartoelicitsufficient
amountsofinformationtoreliablyidentifythevisualtaskperformed(seealsoHaji-Abolhassani,2014).
However,thisdoesnotruleoutthepotentialofother,moreinformativemeasuresthatconsiderthe
temporaldynamicsofeyemovements,orcombinegaze-basedinformationwithotherdataregarding
thetargetofoperationortheoperationalenvironment.Ontheotherhand,oneofthepioneersof
eyetrackingresearch,Rayner(2009),warnsthatitmightbehazardoustogeneralizeeyemovement
metricsacrossevensimpletasktypessuchasreadingandvisualsearch.Aseyemovementmetricsare
highlytask-andsubject-specific,movementsintherealworldcanperhapsultimatelybeunderstood
onlyinthecontextofaparticulartask.

OftenusingsomesortofpersistentstatemodelssuchasHMMsandMarkovchains,farebetter
indeducing(sequencesof)actionsthantime-agnosticclassifiers(Griffithsetal.,2008).Thisisto
beexpected,asthehumancognitionshowssimilarpersistenceinperformingasingletaskatatime,
anditwouldseemthatthestrategyistoresorttorapidtask-switchinginsteadof“multitasking”,even
undertimepressure.

Untilthefieldsuccessfullyconstructsstandardizedapproachesandtoolboxesforconsistently
andsuccessfullyinferringintentfromgaze—possiblyincombinationwithotherpsychophysicalor
environmentalsignals—thecontributionsarelikelytostayisolated,task-dependent,andappropriate
onlywithinnarrowapplicationareas.Asalargeproportionoftheexistingstudieshavelookedat
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eyetrackinginlaboratoryconditions,studyingandapplyinggazeinteractionandgaze-baseduser
modelling in natural environments presents a substantial opportunity. However, individual-to-
individualvariabilityandthetask-specificnatureofeyemovementsshouldbecarefullyconsidered,
ifoneistodeliversuccessfulapplicationsofeye-awareuserinterfacesandinsightsintothecognitive
stateofusers.
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APPeNdIX

Table 3. Review summary

Reference Application Area / 
Context Eye Tracker Tracked Features Approach Results / Performance

Ajankietal.,2009

Information
retrieval(e.g.,
searchengine
queries).Predict
relevantkeywords
currentlyinthe
user’smind.

Tobii1750
remote

Featuresbasedon
fixationsequence Bayesianmodeling

Gazeinformationhelpsto
predictrelevantkeywords
thatarerelevantfortheuser
andthatcouldbeusedinIR.

Ajankietal.,2011

Mobilevirtual
assistantfor
AugmentedReality
glasseswitheye
tracking.

Mobile
experimental
gazetrackerwith
ARdisplay

Gazeintensity
(proportionoftotal
timeonobject)

Integratedsystem Virtualassistantisafeasible
solution

Asteriadisetal.,2008
Attentionprediction
whilereadingona
display

Self-made
remotetracker Rawgazedirection Fuzzyneural

networks
88%successratein
predictingattentiveness

Bernhardetal.,2014

Identifyingtarget
objectsforgazein
3Drenderedstatic
anddynamicstimuli
onamonitor.

TobiiX50
remote

Fixations,gaze-to-
objectmapping

Bayesianinference,
withsixfixation-
objectmapping
methods

Variablesuccessrates
between20-95%with
considerableintersubjectand
interscenevariation

Boisvert&Bruce,2015

Taskrecognition
(free-viewing,
object-search,
saliency-viewing,
explicitsaliency)

Datafrom
Koehleretal.
(2014)

Fixationstructure,
fixatedimage
contentandscene
structure

Randomforest
classifier

Taskdetectionratesclearly
abovechance(approx
chancelevel+20%in
accuracies)

Borjietal.,2012a

Combining
bottom-upandtop-
downmodelsfor
predictingfixations
inareal-world-like
setup(playingvideo
games)

IScanRK-464

Previoussaccade
locations,gist,and
motoractionrelated
tothegame(suchas
2Dmouseposition
andjoystickbuttons)

HiddenMarkov
Model(HMM)

Theapproachisableto
predictgazeandhuman
attentionbetterthanchance.

Borjietal.,2012b

Predictingdriver’s
attentionin
computerdriving
games

IScanRK-464 Fixations,saccades

Integratedtop-
downandbottom-
upinfluencesinto
alinearmodel

Combiningthefeatures
givesslightlybetterresults
thanusingindividual
featuresalone

Borji&Itti,2015

Yarbus-like
taskprediction
underdiffering
instructions

SRResearch
Eyelinkwith
chinrest

Smoothedfixation,
imagefeatures(Itti
model)

kNNwithboosting
Itispossibletodetecttask
fromthegazetractory(+
imagefeatures)

Borji&Tanner,2015

Comparingsaliency
andobject-based
(center-bias)visual
attention.

SRResearch
Eyelinkwith
chinrest

Distributionof
fixations -

Bothsaliencyandobject
center-biascontributes
togazelocationsatfree
viewingtask.Model
combiningbothtoobtain
betterestimatesofgaze
trajectoriesproposed.

Bullingetal.,2009

Activityrecognition
whileperforminga
setoftypicaloffice
activity

Aself-made
EOGsystem

90differentfeatures
ofeyemovements SVM 76.1%averageprecision,

70.5%averagerecall

Carrasco&Clady,2010

Predictingreach-
to-graspintentand
targetobjectwith
realobjects

ASLEye-Trac6
Saccadevelocity
(inverseofgaze
stability)

HiddenMarkov
Modelsfusingeye
trackerscenevideo
andhand-mounted
camerafeed

Recognitionperformance
between80-90%

continued on following page
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George&Routray,
2015

Biometric
identificationusing
gazetrajectory

SRResearch
Eyelink

Fixationsequence
basedquantities
suchasfixation
duration,itsstandard
deviation,path
length,skewnessetc.

RadialBasis
FunctionNetwork
(RBF)

Claimthatgazecouldmake
agoodbiometricidentifier,
iftrainedoveralongperiod
oftime

Greeneetal.,2012

Yarbus-like
taskprediction
underdiffering
instructions

SRResearch
Eyelink1000

Featuresderived
fromfixation
sequenceaswell
asdwelltimeon
regionsofinterest

Negativeresultclaiming
thatpredictioncannotbe
performed

Hamedetal.,2016

User’spreference
predictionwhile
readingkeyword
clouds

SMIRED500
remotetracker

Fixationlocation
anddurationbased
features,pupilsize

Gaussianprocesses
Theaccuracyofthebest
featureinthebinary
classificationtaskis63%.

Haji-Abolhassani&
Clark,2013

Yarbus-liketask
classification
betweenhardand
easyvisualsearch

IscanRK-
726PCIremote
tracker

Gazepoints

HiddenMarkov
Model(HMM);
Differentmodel
foreasyandhard
tasks.

HMMoutperformssimple
top-downmodels

Huangetal.,2015

Predictingcustomer
selectedingredients
basedongaze
insalesperson-
customersandwich
makingscenarios

SMIGaze
trackingglasses

Fixationsonfood
ingredients

Supportvector
machine(SVM)

76%accuracyinprediction
1.8sinadvanceofspoken
request

Johnsonetal.,2014

Predictinggaze
behaviorwhile
drivingina
simulatorinthree
tasks:controlling
speed,following
aleadcar,and
followingalane

Notreported,
integratedtothe
HMD

Fixationspertargets,
dwelltimes

Asoftmax
“barrier”model
integratingtask
importanceand
noiseestimates
toallowfor
uncertainty

“Similar”performance
comparingKLdivergence
betweenindividualhumanto
averagehumanandmodelto
averagedistributions

Kananetal.,2014

Yarbus-like
taskprediction
underdiffering
instructions

Useddata
collectedby
Greeneetal.
(2012)

Preprocessed
featuresof
gazetrajectory,
inludingtemporal
information

Many

Taskcanbeinferred
byusingonlymotor
information,i.e.,no
informationoftheimage
byusingoff-the-shelfstate-
of-the-artclassificiation
algorithms.However,
summarystatisticalone
(withouttimeseries
information)maynotbe
sufficient.

Kit&Sullivan,2016
Everydaytasks
innaturalistic
environments

SMIMobileEye

Chronologicallistof
discretizedsaccade
directionsand
amplitudes

HMMs;maximum
likelihoodand
maximuma
posteriorifor
classification
speedand
robustness

overallperformanceof36%
acrosstaskswithchance
at20%

Lethausetal.,2011 Predictingdriver’s
intentinasimulator

SMIiViewX
HED(head-
mounted)

Gazepoints,dwell
times

ArtificialNeural
Networks

Leftlanechangeispredicted
betterthanrightlanechange

Lethausetal.,2013

Predicting
driver’sintentina
simulator;howearly
canintentionbe
predicted?

SMIiViewX
HED(head-
mounted)

Gazepoints,dwell
times

ArtificialNeural
Networks

Abovechangepredictionup
to5secondsbeforeevent

Table 3. Continued
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Lethausetal.,2013
(Neurocomputing)

Predicting
driver’sintentina
simulator;Which
modelworksbest
andhowwell?

SMIiViewX
HED(head-
mounted)

Gazepoints,dwell
times

ArtificialNeural
Networks,
Bayesian
Networks,and
NaiveBayes
Classifiers

ANNseemstobethebest
predictorbutwithasmall
difference

Liutetal.2009

Predictdifferences
inskill-level
(novicesvs.experts)
whilereadingand
buildingconcept
maps

Tobii1750 Gazelocationand
fixationdurations

HiddenMarkov
Models

96%accuracyin
differentiatingnovicesfrom
experts

Mariust’Hartetal.,
2012

Pathnavigation
inreal-worldcity
environments

EyeSeeCam
Eye-in-headand
gaze-in-world
coordinates

Rough
classificationof
gazelocation

comparisonsofbasiceye
movementmetrics,statistics
anddistributionsbetween
differentconditions

Mathe&Sminchisescu,
2015

Viewingshort
videoclipsfrom
Hollywoodmovies
andvarioussports

SMIiViewX
Hispeed,500Hz Fixations

Dynamicsaliency
forvideocontent
usingdynamic
histogram-of-
gradientand
motionboundary
histograms

trainingsaliencypredictors
basedongazedata;two
annotatedactionrecognition
datasetsforgazedata
supplied

Oerteletal.,2011

Involvementin
spontaneous
conversation,how
topredictusing
gaze,blinks,audio
cues

None

Blinksandwhether
apersonlookedat
theconversation
partnerornot

Usestandard
SVM(radial
basisfunction)
toestimate
involvementusing
covariatessuchas
case,blinks,audio
cues.

Accuracyofprediction68%,
gazeseemstocorrelatewith
involvement.

Pengetal.,2015

Predictinglane
changingwhile
drivinginreal
traffic

faceLAB5

Gazelocations
onpredefined
targets(windshield,
dashboard,rearview
mirror)

Back-propagation
neuralnetwork
model

Predictionaccuracywas
85,4%1,5sbeforelane
change

Puolamäkietal.,2005

Inferring(word)
relevancein
information
retrieval

Tobii1750
Featurescomputed
fromfixation
sequence

HiddenMarkov
Models

Informationextractedfrom
gazecanbeusedtoaid
ininformationretrieval
taskwhencombinedwith
contextualinformation

Puolamäkietal.,2008

Gaze-based
proactive
information
retrieval;supporting
informationfinding
whilebrowsing
hypertext

Tobii1750

19eyemovement
features:numberof,
duration,offixations
etc.

Applyingterm-
specificeye
movementpatterns
toaSVMbased
documentsearch

Gaze-enhancedmethod
outperformsbaselineBM25
rankingmethod(p=.047),
althoughperformanceis
modulatedbysearchtask

Rothkopf,2016 WalkinginVR
AppliedScience
Laboratories
501

Sequenceofgaze
locationsconverted
toacodebook

Modeling
codebook
sequencesofgaze
withHMMswith
variablenumberof
latentvariables

Thepresentedmodels
generatesimilargaze
sequencestohuman
observers.

Vincent,2012

Understanding
mechanismsin
visualsearchwhile
searchingfortargets
onadisplay

SRResearch
Eyelink1000
remotetracker

Gazelocation
Different
modelsofsearch
mechanisms

Bestaccuracywiththe
modelassuminglearning
2ndorderstatisticsandthat
worldisdynamic

Table 3. Continued
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Voisinetal.,2013

Predicting
diagnosticerrors
inmammography
analysisbasedon
radiologists’gaze
behavioronalaptop
screenandimage
characteristics

MirametrixS2
ROI-basedeye
movementandpupil
dilationfeatures

Genetically
selectingbest
performing
machinelearning
algorithmsper
subject/subject
groupandfeature
set

Initialresults(limited
bynumberofcasesand
participants)showingthat
machinelearningmethods
canbeappliedtopredicting
humanerrorindiagnostic
scenarios

Vrzakova&Bednarik,
2015

Organizingon-
screencontent
usingamousein
aproblem-solving
task

Tobii1750 54gazefeaturesper
gazesequence

SVMwithan
radial-basis-
functionkernel

Whileincreasingfixation
sequencelengthbefore
actionimprovesintent
recognition,includingthe
“quieteye”fixationjust
beforeactioninitiation
outperformslength
optimizationbyapprox.15%

Wenetal.,2015
Predictinglane
changingin
simulatordriving

SMIRED500 Gazexposition,and
it’sderivative

Hidden
Conditional
RandomFields
(HCRF)

Predictionaccuracywas
99%0.5sbeforelanechange,
85%2.0sbefore.

Zank&Kunz,2016

Predictinguser
locomotionto
alleviateredirected
walkingin3D
virtualenvironment

SMIeyetracker
integratedin
anOculusDK2
HMD

Gazepoints

Bayesianmodelfor
locomotiontarget
andgazepoint/
location

Improvesthepredictionto
someextent,ascomparedto
approachwithoututilizing
gaze

Table 3. Continued


