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Automated Filtering of Eye 
Movements Using Dynamic AOI 
in Multiple Granularity Levels
Gavindya Jayawardena, Old Dominion University, USA

Sampath Jayarathna, Old Dominion University, USA

ABSTRACT

Eye-trackingexperimentsinvolveareasofinterest(AOIs)fortheanalysisofeyegazedata.Whilethere
aretoolstodelineateAOIstoextracteyemovementdata,theymayrequireuserstomanuallydraw
boundariesofAOIsoneyetrackingstimuliorusemarkerstodefineAOIs.Thispaperintroducestwo
noveltechniquestodynamicallyfiltereyemovementdatafromAOIsfortheanalysisofeyemetrics
frommultiplelevelsofgranularity.Theauthorsincorporatepre-trainedobjectdetectorsandobject
instancesegmentationmodelsforofflinedetectionofdynamicAOIsinvideostreams.Thisresearch
presents the implementationandevaluationofobjectdetectorsandobject instancesegmentation
modelstofindthebestmodeltobeintegratedinareal-timeeyemovementanalysispipeline.The
authorsfiltergazedatathatfallswithinthepolygonalboundariesofdetecteddynamicAOIsand
applyobjectdetectortofindbounding-boxesinapublicdataset.Theresultsindicatethatthedynamic
AOIsgeneratedbyobjectdetectorscapture60%ofeyemovements&objectinstancesegmentation
modelscapture30%ofeyemovements.

KEywORDS
Area-of-Interest, Eye Tracking, Filtering

1. INTRODUCTION

Eyetrackingcanrevealobjectiveandquantifiableinformationaboutthequality,predictability,and
consistency of the underlying covert process of the human brain when carrying out cognitively
demandingtasks(McCarleyandKramer2008;Radachetal.2003;VanderStigcheletal.2007).
Accordingtotheeye-mindhypothesis(JustandCarpenter1980),observersattendwheretheireyesare
fixating.Thus,eyetrackingmeasurementsenableustoinvestigatecognitivebehaviorwhenvisually
exploringastimulus.Withtheadvancementofeyetrackingtechnology,gazetrackingmeasurements
havebecomereliableandaccurate.

Eyegazemeasurementsincludevariousmetricsrelevanttooculomotorcontrol(Komogortsev
etal.2013)suchassaccadictrajectories,fixations,andotherrelevantmeasuresincludingvelocity,
duration, amplitude, pupil dilation (Krejtz et al. 2018). Studies have shown that the size of the
pupildiametercorrelateswiththetaskcomplexity(Koschetal.2018)enablingtheuseofpupillary
behaviorasbiomarkersofmentalworkloadwhencompletingatask.Severalstudies(Gehreretal.
2018;Jayawardenaetal.2020)have incorporatedeye tracking toobtain insights intounderlying
covertprocesses.Asastandardpracticeinthecommunity,uponsuccessfulcompletionofthestudy,
performanceofusersismeasured,traditionalpositionalgazemetricsandadvancedgazemetricsare
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calculated,andstatisticalsignificanceofcomputednumerousmetricsareevaluated(Gehreretal.
2018;Jayawardenaetal.2020).

Eye tracking experiments utilize area of interests (AOIs) to the aid the analysis process by
extractingeyegazemetricswithinapredefinedAOIs.AnAOIisaregionofstimulithatisusedto
studytheeyegazemetricsandlinkeyemovementmeasurestothepartoftheareaofthestimuli
(Hesselsetal.2016).Studiesinvisualattentionandeyemovements(NotonandStark1971;Privitera
andStark2000)haveshownthathumansonlyattendtoafewAOIsinagivenstimulus.Analysisof
eyegazemetricswithinAOIscanprovideimportantcumulativecluestotheunderlyingphysiological
functionssupportingtheallocationofvisualattentionresources.Forinstance,inthecontextofuser
interfaceinteraction,thenumberoffixationswithinanAOI(e.g.,auserinterfacecomponent)indicates
theefficiencyoffindingthatcomponentamongothers,whereasthemaximumandaveragefixation
durationwithinthatAOIindicatestheinformativenessofthatcomponent(GoldbergandKotval1999).
Inaddition,thefixationfrequencyandblinkfrequencywithinAOIscanindicatecognitiveworkload
wheninteractingwiththeparticularcomponentoftheuserinterface(VanOrdenetal.2001).

TheanalysisofeyemovementsindynamicAOIs,suchasinvideosequencesisnotnew(Marchant
etal.2009;Goldsteinetal.2007;Crosslandetal.2002;Timberlakeetal.2005).Studieswiththe
primaryfocusondetectingfixationsequenceswithinidentifiedAOIhaveusedclusteringtechniques
togroupgazelocationstodeterminetheAOI(Nguyenetal.2004),andvariousimageprocessing
algorithms(PriviteraandStark2000)toautomaticallyidentifytheAOI.Fortheanalysisofcognitive
workloadandallocationofvisualattentionresources,manystudies(Santellaetal.2006;Shanmuga
Vadiveletal.2015;Khosravanetal.2016;Wangetal.2019)haveutilizedsaliencymodelsofviewers
inconjunctionwithvisualinformationfromvideoframes.Inaddition,computervisiontechniques
(Weibeletal.2012)havebeenappliedtogenerateAOI-mappedgazecoordinatesbyusingatemplate
ofthedesiredobjectderivedfromasingleframeoftheeyetrackingstimulivideo.Butitonlyworks
forpre-recordedeyetrackingstimuliusingthemanualspecificationoftheAOItemplategenerated
beforehand.

Toovercomethesechallenges,weproposeacomputervision-baseddeepneuralnetworkapproach
toidentifytheAOIsinvideostreamsinreal-timetofiltergazelocationsthatfallintotheidentified
AOIsfortheanalysisofbothpositionalandadvancedeyegazemetrics.Wefocusontwofiltering
techniquestodynamicallygenerateAOI-mappedgazelocationsonvideostreams:

• Pre-trainedobjectdetectorstoidentifyboundingboxesofdynamicAOIinvideosequences,and;
• ObjectinstancesegmentationmodelsforofflinedetectionofdynamicAOIviaprecisepixel-

wisemasks.

Sincecomputervisiontechniquescanbeadaptedtodetectawiderangeofobjects,weapply
computervisiontechniquestoextractdynamicAOI-mappedeyemovementdata.Weusetransfer
learningtoremodelexistingimageclassifiersfordynamicAOIdetection.Upondetectionofdynamic
AOIs,weextracteyemovementdatawhichfallswithinthedetecteddynamicAOIsbycheckingifthe
gazecoordinatefallswithinanydynamicAOIs’polygonalboundaries.Ourapproachrepresentstwo
levelsofgranularityinAOIs,(1)alowerlevelofgranularity(i.e.boundingbox),and(2)ahigherlevel
ofgranularity(i.e.pixel-wisemask).Weevaluateourfilteringmethodologyintermsofthepercentage
oftheeyemovementscapturedfromeachfilteringtechniqueproposed.Weutilizeourpriorworkon
Real-TimeAdvancedEyeMovementsAnalysisPipeline(RAEMAP)(Jayawardena2020)designed
toanalyzetraditionalpositionalgazemeasurementsaswellasadvancedeyegazemeasurements.

IncontrasttotheexistingstudiesonanalyzingeyemovementswithinstaticAOIs(oftenpre-
determined),whichonlyworksforpre-recordedeyetrackingstimuli,ourproposedmethodologycould
extracteyemovementdatafromdynamicallydetectedAOIsinrealtime.Inthisstudy,wepresent
pre-trainedobjectdetectorsandobjectinstancesegmentationmodelsforthedetectionofdynamic
AOIsastheinitialsteptowardsextractingeyemovementdatafromdynamicallydetectedAOIsin
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realtime.Weevaluatetheobjectdetectorsandobjectinstancesegmentationmodelstobeintegrated
intoourRAEMAPeyemovementanalysispipeline.

WeareparticularlyinterestedinusingthesedynamicAOIsinreal-timetolabelindividualfaces
toallowestimationofgazeswitchingwithinfacesbetweentheeyes,mouth,andnose,aswellas
betweenfaces.Wearemostinterestedinextendingtheresultsofthisworkoverstaticfacestimuliby
capturinggazeattentionduringlivesocialinteractions.Inparticular,wewanttorecordgazetransitions
withinandamongAOIs,i.e.,onfacesaswellasonspecificobjectsduringsocialinteractions.From
theapplicationpoint-of-view,dynamicAOI-basedfilteringcanbeappliedtoscreen-magnifiersfor
low-visionusersusingautomaticzoomingofAOIofthecontextacrossframes(Aydinetal.2020),
andapplicationsonneurodiverse(e.g.AutismSpectrumDisorderandAttention-Deficit/Hyperactivity
Disorder)populationduringsocialinteractions.

WebeginbyoutliningexistingstudiesthatincorporateAOIsfortheanalysisofAOI-mappedgaze
data.Next,wediscussexistingmethodologiestogeneratetheAOI-mappedgazelocationandpresent
ourimplementationandevaluationfortheextractionofdynamicAOI-mappedeyemovementdata.

2. RELATED wORK

EyetrackingexperimentsusuallyinvolveAOIsfortheanalysisofeyegazedataastheycouldreveal
potentialcognitiveloadandattentionalpatternsoftheparticipants.StaticAOIsarewidelyusedto
captureeyegazemetricsfordetectingneurocognitiveindicesofAttention-Deficit/Hyperactivity
Disorder(ADHD)symptomatology(G.Jayawardenaetal.2019),includingvariousgazefeatures
withinAOIstopredictadiagnosisofADHDwith86%accuracy.Similarly,(Gehreretal.2018)
exploredeyegazepatternsandstatisticallycomparedgazetransitionsbetweenstaticAOIsinagroup
ofantisocialviolentoffendersthroughanemotionrecognitiontask.Analysisofgazepatternswas
basedonfourpredefinedAOIs,i.e.,lefteye,righteye,nose,andmouth.Theeyegazemetricswere
processedinvariousstaticAOIsoftheface(suchaseyes,mouth,andnose)torevealinsightsinto
theunderlyingcategorizationprocessofemotions.

TheanalysisofeyemovementsusingdynamicAOIs,suchasinvideos,hasrecentlygainedtraction
(Kurzhalsetal.2014;Burchetal.2013;Zhangetal.2018;Fichteletal.2019).Thisincludesvisually
andstatisticallyanalyzedviewers’experienceusingeyemovementdataonvideofeeds(Marchant
etal.2009),andeyemovementsof20normalvisionedsubjectsaseachwatchedsixmovieclips,to
examinethesimilaritiesintheirviewingbehaviors(Goldsteinetal.2007).Thecentersofinterestin
moviesceneswerecalculatedusingtheareasofthebest-fitbi-variatecontourellipses(Crossland
etal.2002;Timberlakeetal.2005)obtainedfromthegazepointsofsubjects.Intermsofpotential
applications,thedynamicallycontrolledmagnificationaroundthesecentersofinterestcanaidpeople
withvisualimpairments.

Shot-based,spatio-temporalclustering(KurzhalsandWeiskopf2013)ofdatahasalsobeenused
tofindpotentialAOIsinatimesequencetoidentifytheobjectsthatreceivedmoreattention.The
visualanalyticswhichprovidesmultiplecoordinatedviewsforanalyzingvariousspatio-temporal
aspectsofgazedataondynamicstimulifocusedonidentifyingtrendsinthegeneralviewingbehavior,
includingobjectswithstrongattentionalfocus.Similarly,(Tienetal.2012)hasmeasuredthegaze
pathoverlapsoftaskvideosbetweentheexpertsurgeonandthird-partyobserverscomparinggaze
datafilesbycalculatingtheEuclideandistancebetweenthegazepointsinpixelsandbycomparing
withthetargetseparation.Fortheanalysisofcognitiveworkloadandallocationofvisualattention
resources, studies (ShanmugaVadivel et al. 2015;Khosravan et al. 2016)haveutilized saliency
modelsofviewersinconjunctionwithvisualinformationfromvideoframes.Thesealgorithmsextract
salientobjectswhichattractvisualattentionfromvideosandperformvideosegmentationutilizing
eyetrackingtoobtainfavorableobjectextraction.

TheexistingtoolswithAOIstoextracteyemovementdatafortheanalysisofgazemeasurements,
requireuserstodrawboundariesofAOIsoneyetrackingstimulimanuallyorusemarkerstodefine
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AOIsinthespacetogenerateAOI-mappedgazelocations.Forinstance,TobiiProStudioeyetracking
software allows researchers to export both the raw eye tracking data and the AOI-mapped gaze
locationsforfurtherprocessingandvisualization.ButitrequirestodrawboundariesofAOIsonstatic
stimulioruseinfrared(IR)markerstodefineAOIsinspacetogenerateAOI-mappedgazelocations.
Similarly(LessingandLinge2002;Stellmachetal.2010)hasintroducedtoolsfordefiningAOIs
andforextractionofAOI-mappedgazelocationsincludingannotationsforgazedataindynamiceye
trackingstimuli.ThesetoolsallowuserstovisualizethedynamicchangesofAOIsandtoexplorethe
eyetrackingdataofmultipleparticipantsovertime.Inaddition,(Weibeletal.2012)introducedan
approachthatappliescomputervisiontechniquestomaptheirgazecoordinatestoobjectsofinterest
usingatemplateofthedesiredobjectderivedfromaselectedsingleframeoftheeyetrackingstimuli
video.IfanAOIisdetectedinaframe,thetoolcancheckwhethertheraweyegazecoordinatesfor
thatvideoframefallwithintheboundsoftheAOI.Thisapproachonlyworksforpre-recordedeye
trackingstimuliusingthemanualspecificationoftheAOItemplategeneratedbeforehand.

ThoughIRmarkersandtoolsprovidethecapabilitytomanuallydefineAOIstoextractAOI-
mappedgazelocations,therearechallengeswhenusingthem.Forinstance,whenplacingtheIR
markersinthefieldofviewofthesubject,theremightbeirregularsurfacesormotionofthesurface.
Furthermore,manuallyannotatingtheAOIsframe-by-frametakestimeandeffortforlargevideo
sequences, which demands costly labor. To overcome these challenges, we propose a dynamic
AOI-mappedgazeextractionworkflowthatusesdeepneuralnetworksforobjectdetection.Since
improvementsinthefieldofcomputervisionhaveenabledthesuccessfulidentificationofobjects
andregionsofpossibleinterest,weincorporatecomputervisiontechniquestodetectdynamicAOIs
ineye-trackingstimuli.

3. METHODOLOGy

Weutilize the extractionofdynamicAOI-mappedeyemovementdatausingour eyemovement
processing framework RAEMAP (Jayawardena 2020), designed to analyze traditional positional
gazemeasurementsaswellasadvancedeyegazemeasurementsinrealtime.Theadvancedgaze
measurements include gaze transition entropy (Krejtz et al. 2015), and complex pupillometry
measurementssuchastheindexofpupillaryactivity(IPA)(Duchowskietal.2018;Duchowskiet
al.2020).ThearchitectureofthispipelineisshowninFigure1.

We select four convolutional neural networks based on real-time object detectors that were
pre-trainedonMSCOCO(Linetal.2014)imagesdatasetasthebaselinemodelsfordynamicAOI-
mappedgazeextraction.Theselectedobjectdetectorsrepresenttwocategoriesofobjectdetection,
(1)one-stageobjectdetectionusingdenseprediction,and(2)two-stageobjectdetectionusingsparse
prediction.One-stageobjectdetectorsdenselycoverthespaceofpossibleimageboxesusingafixed
samplinggrid,whereastwo-stageobjectdetectorsclassifyimageboxesatanyposition,scale,and
aspectratio.WeusetheYOLOv3(RedmonandFarhadi2018)methodtorepresentaone-stageobject
detectorandfasterregion-basedconvolutionalneuralnetworks(fasterR-CNN)(Renetal.2015)to
representtwo-stageobjectdetectors.Table1providesasummaryofeachobjectdetectorused.

Table 1. Object detectors

Method Backbone Head

FasterR-CNN ResNet-50-FPN Two-stage

FasterR-CNN ResNet-101-FPN Two-stage

FasterR-CNN ResNet-50-DC5 Two-stage

YOLOv3 Darknet-53-FPN One-stage
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Weselectthreemodelsforobjectinstancesegmentationtoachieveahigherlevelofgranularity
inAOIusingavariantofthefasterR-CNN(Renetal.2015)calledMaskR-CNN(Heetal.2017).
MaskR-CNNextendsFasterR-CNNbyaddingabranchforobjectmaskpredictioninparallelwith
theexistingboundingboxrecognitionprocess.Table2providesasummaryofeachobjectinstance
segmentationmodelused.

3.1 Faster R-CNN
WeusedthreefasterR-CNN(Renetal.2015)objectdetectorswithabackboneofdepth50and101
ResNets(Heetal.2016).AmongthethreefasterR-CNNobjectdetectorsused,twohadaFeature
PyramidNetwork(FPN)(Linetal.2017)constructedontop,whereasoneusedaResNetconv5
backbonewithdilationinconv5i.e.Dilated-C5(DC5)(Daietal.2017).AllthefasterR-CNNmodels
weretrainedontheCOCOimagesdatasetusinganimagescaleof600pixelswiththe3xschedule
(37COCOepochs).

FasterR-CNNobjectdetectorshavethecapabilityofclassifyingimageboxesatanyposition,
scale,andaspectratio.TheFasterR-CNNisimplementedwithan(n×n)convlayerfollowedby
two(1×1)convlayers.ReLUsareappliedtotheoutputofthe(n×n)convlayer.Itusesregressionto
achievethebounding-box.WeapplyfasterR-CNNintwostages,(1)RegionProposalNetwork(RPN)
togeneratecandidateobjectboundingboxes,and(2)featureextractionusingRoIPool(Renetal.
2015)fromeachcandidateboxtoperformsclassificationandregression.Weminimizelossfunction:

Figure 1. The Architecture of the RAEMAP (Jayawardena 2020). The API distributes tasks among the nodes using Message Passing 
Interface (MPI). Each node hosts an instance of the RAEMAP providing the functionality to extract raw gaze data, along with parallel 
processing of process and graph steps. The Process step calculate fixations, fixations in AOIs, saccade amplitudes, saccade 
duration, and IPA, whereas graph step generate visualizations. MPI gather function facilitates the aggregation of calculated eye 
gaze metrics in collate step, which provides data for statistical analysis in stats step.

Table 2. Object instance segmentation models

Method Backbone Head

MaskR-CNN ResNet-50-FPN Two-stage

MaskR-CNN ResNet-101-FPN Two-stage

MaskR-CNN ResNet-50-DC5 Two-stage

ii: 
c( 

Eye-Tracking Cl. MPI MPI i ~ c( 
Data :; 0 w u 

c( 
a: 
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3.2 yOLOv3
We used the YOLOv3 object detector (Redmon and Farhadi 2018) with DarkNet-53 backbone.
Darknet-53usessuccessive(3×3)and(1×1)convolutionallayerswithshortcutconnectionsand53
convolutionallayers.YOLOv3wastrainedontheCOCOimagedataset.Itpassesan(n×n)image
onceinafullyconvolutionalneuralnetwork(FCNN)forobjectdetection.YOLOv3selectstheentire
frametoapplyaneuralnetworktopredictboundingboxesofdetectedobjectsandtheirprobabilities.
YOLOv3splitstheimageinto(m×m)gridsandgeneratesboundariesaroundeachdetectedobject
andtheirclassprobabilities.Itusesalogisticregressionwithathresholdtocalculatetheclasslabel
ofanobjectandabinarycross-entropylossforeachlabelfortheclassificationloss.

3.3 Mask R-CNN
WeutilizeMaskR-CNNobjectinstancesegmentationmodelswithabackboneofdepth50and101
ResNetswithanFPNconstructedontop,orResNetconv5backbone(i.e.DC5).ForMaskR-CNN,
weapplythesametwo-stageproceduresoffasterR-CNNinparalleltopredicttheclassandbox
offset.MaskR-CNNalsogeneratesabinarymaskforeachAOI.DuringthetrainingofMaskR-CNN,
amulti-tasklossoneachsampledRoIisdefinedusing:

L L L L
cls box mask

= + +  (2)

whereLcls is theclassification lossandLbox is thebounding-box loss.Lmask is theaveragebinary
cross-entropy loss,and itallows thenetwork togeneratemasksforeveryclasswithouthavinga
competitionamongclasses.

3.4 Video Frame Object Detection
Wefirstloadthepre-trainedobjectdetectorsandCOCOobjectnames(classlabels)usingOpenCV
andDetectron(Linetal.2017).Next,weconfigureourRAEMAPeyemovementprocessingpipeline
tousetheseobjectdetectorstodynamicallydetectAOIsineachframe.Foreachframe,themodels
outputtheCOCOclasslabelandlocationofdetectedobjectsinthatframeintheformofbounding
boxcoordinates.Thegoalhereistoprovidethecapabilityofdefininganobjectofinterestintheeye
trackingstimulisuchthattheRAEMAPcanprocesstheeyetrackingstimulitodynamicallydetect
thecorrespondingAOIs.

Next,wedefinetheobjectofinterestintheeyetrackingstimulipriortotheprocessingofeye
movementdata.Basedonthedefinedobjectofinterest(norestrictionontheobjectofinterestby
default),theRAEMAPprocessestheeyetrackingstimuliofflinetodetectcorrespondingdynamic



International Journal of Multimedia Data Engineering and Management
Volume 12 • Issue 1 • January-March 2021

55

AOIsusingtheobjectdetectors(seeFigure2).NotethatwhenextractingdynamicAOIsfromthe
selectedmodelsthedefaultcoordinaterepresentationoftheboundingboxesreturnedbythefaster
R-CNN and YOLOv3 models are different. The YOLOv3 object detector returns the bounding
boxes in the form of (x_center, y_center, width, height), where x_center and y_center represent
coordinatesofthecenteroftheboundingbox,whilewidthandheightrepresentitswidthandheight.
Incontrast,fasterR-CNNobjectdetectorsreturnstheboundingboxesintheformof(x_top_left, 
y_top_left, x_bottom_right, y_bottom_right),wherex_top_leftandy_top_leftrepresentthetop-left
coordinateoftheboundingbox,whilex_bottom_rightandy_bottom_rightrepresentitsbottom-right
coordinate.Therefore,wereconfiguredtheRAEMAPtotransformallboundingboxcoordinatesinto
(x_top_left, y_top_left, x_bottom_right, y_bottom_right)form.Foreachvideosequence,RAEMAP
firstidentifiestheboundingboxcoordinatesofAOIsdetectedineachframeandwritesthemintoa
file.Next,RAEMAPextractstheraweyegazedatawhichfallswithinthedetecteddynamicAOIs
bycheckingifthegazecoordinatefallswithintheboundingboxes.Theadvantageofthisapproach
isthatitdoesnotrequirepriorannotationoftheAOIorphysicalequipmenttomarktheboundaries
oftheAOIindynamiceyetrackingstimuli,thuseliminatingtheneedformanualannotationofAOIs.

Similartoobjectdetection,foreachvideosequence,RAEMAPidentifiespixel-wisemasksofAOI
detectedineachframeusingobjectinstancesegmentationmodel.Next,wefilterandextracttheraw
eyegazedatawithinthedetecteddynamicAOIbythegazecoordinatewithinthepixel-wisemasks.

4. EVALUATION

4.1 Dataset
Weevaluateourmethodusingapubliclyavailableeyetrackingdataset(Hadizadehetal.2011)from
15participantswhilewatching12videosequences.Participants(2Fand13M)wereagedbetween
18and30(Hadizadehetal.2011)andhadnormalorcorrected-to-normalvision.Theeyemovement
datawerecollectedusingLocarna“Pt-Mini”head-mountedeyetrackerwithtwo30fpscameras,
(1) theeyecamera,and(2) thescenecamera.Participantswerepresentedwith the twelvevideo
segmentssequentiallyinuncompressedat(352×288)resolutionand30fps.Eachrowintheoriginal
datafilescorrespondstoaparticularframeinthevideosequence,andthecolumnsprovidethe(x, y)

Figure 2. The Workflow of Object Detection and Segmentation for Dynamic AOI Filtering an Eye Movement Processing. Raw video 
sequence is given to the object detector and object instance segmentation model. Upon defining object(s) of interest, object 
detector outputs bounding box coordinates of each object detected, whereas, object instance segmentation model outputs 
identified pixel-wise masks of AOI detected in each frame. These dynamic bounding boxes and pixel-wise masks are considered 
as dynamic AOIs. Raw eye tracking data is filtered if they fall inside the boundaries of dynamic AOIs. For the evaluation, raw video 
sequences are manually annotated using BeaverDam (Shen 2016) software to create the ground truth of dynamic AOIs. Raw eye 
tracking data is then filtered if they fall inside the boundaries of manually annotated dynamic AOIs. Finally, detected dynamic 
AOIs (bounding boxes) are evaluated using intersection over union (IoU) and mean average precision (MAP), and filtered eye 
movements are evaluated using precision, recall, accuracy.

Raw Data 

Object 
Segmentation 
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gazecoordinatesofallparticipantsatthatframe.Allcoordinatesweremeasuredfromthebottomleft
cornerofcurrentthevideosequence.Thedatasetalsoprovidedabinaryflagmatrixindicatingthe
accuracyofgazelocations.Gazelocationsareconsideredasincorrectif,(1)thegazelocationisout
offrameboundaries,(2)thegazelocationisattheframeboundariesorwithin5pixelsoftheframe
boundaries,or(3)thegazelocationremainsconstantfor30consecutiveframes.Wepre-processed
gazedataofeachparticipantseparatelyforeachvideoandfilteredouttheincorrectgazelocations
fromthegazedatabasedonthebinaryflagmatrix.Thegoalherewastoseparatethegazelocations
ofeachparticipanttopassintotheRAEMAP,sincethecalculationsofeyegazemetricsofeach
participantrequireaseparateprocessingoftherawdata.

4.2 Dynamic AOI Detection
Weselected fourvideo sequences (Foreman,Bus,Mother andDaughter, andHallMonitor) out
ofthetwelvesequencesavailabletoevaluateourmethod.Thesevideoswereselectedastheyhad
dominantobjectstodrawboundariesforAOIs,whichwasalreadyaclasslabelintheCOCOnames
list.WeidentifiedonedominantobjectfromeachvideosequenceanddefineditastheAOIlabel
forthatvideosequence.

Foreachvideosequence,weappliedanobjectdetector,anddynamicallydetecttheAOIateach
frame.Werepeatedthisstepforeachobjectdetectorandobtainedapredictionfortheboundingbox
coordinatesateachframeofthevideosequences.Similarly,weappliedobjectinstancesegmentation
models,andobtainapredictionforthepixel-wisemaskforthedynamicAOIateachframe.Next,
weutilizedtheRAEMAPtofilterandextracteyegazedatawithintheboundingboxesorpixel-wise
masksofdynamicAOI.

WhenevaluatingthedynamicAOIsdetected,wecreatedagroundtruthdatasetbymanually
annotatingeachvideosequencewiththeexpectedAOIintheformofboundingboxesusingBeaverDam
(Shen2016)videoannotationtool.BeaverDamisdesignedfordrawingboundingboxesonvideo
framesandannotatingthemwithclasslabels.Italsoallowsarbitraryannotationofframesinthevideo
sequenceasitprovidesaparameterindicatingwhetherlinearinterpolationshouldbecontinuedfor
eachAOIannotatedarbitrarily.VideoannotationsmadeinBeaverDamcanbeexportedinJSONfile
format.Exportedannotationsconsistofboundingboxcoordinatesateachmarkedframealongwith
thelinearinterpolationparameter.WegeneratefourJSONobjectscorrespondingtoeachvideofile,
andlinearlyinterpolatetheboundingboxesbetweenthestartandendframestoobtainacontinuous
annotation.Weusethisinterpolatedresultasthegroundtruthforevaluatingeachobjectdetectorand
subsequentlyextractedthegazedatausingthem.

Next,weuseintersectionoverunion(IoU)andmeanaverageprecision(MAP)astheevaluation
metricsofdynamicAOIsgeneratedbyobjectdetectors.IoUisameasurementoftheoverlapbetween
twoboundaries(seeequation(3)),whereastheMAPisametricusedtoevaluateobjectdetectors:

IoU
Area of Overlap

Area of Union
=

  

  
 (3)

We use IoU to calculate how much of the boundaries predicted using each object detector
overlapswiththegroundtruthboundingboxes.WeempiricallydefineIoUthresholdtobe0.5to
classifythepredictedboundingboxes.Thepredictedboundingboxisclassifiedastruepositive(TP)
ifIoU≥0.5andfalsepositive(FP)otherwise.Theprecisionandrecallarecalculatedbasedonthe
classificationofthepredictedboundingboxes.Finally,wecalculateMAPinbothCOCOstyleand
PascalVOC2008(Everinghametal.)styleusingAveragePrecision(AP).InPascalVOC2008,an
averageforthe11-pointinterpolatedAPiscalculated,whereas,inCOCO,anaverageforthe101-point
interpolatedAPiscalculated.
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4.3 Eye-Movement Extraction
AfterdetectingdynamicAOIsonvideosequences,wepasstheraweyetrackingdatatotheRAEMAP
andextractseyegazedatathatfallwithintheboundingboxesofdynamicAOIsasgeneratedbyeach
objectdetectorandeyegazedatathatfallswithinthepixel-wisemasksofdynamicAOIsasgenerated

Figure 3. AOI in Video Sequences. (a,b,c) Manually annotated AOIs using BeaverDam annotation tool. (d,e,f) Bounding boxes 
representing a lower level of granularity, and pixel-wise masks (shaded area) representing a higher level of granularity of dynamic 
AOI. (g,h,i) Salience of objects revealed by OpenCV’s static saliency spectral residual detector.

Figure 4. Dynamic AOI Detection. Visualization of manually annotated AOIs (blue), AOIs detected by faster R-CNN object detector 
(red), the gaze positions of a participant (green) in five consecutive video frames in Bus and Foreman video sequences.
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byeachobjectinstancesegmentationmodel.Wealsocomputetraditionalpositionalgazemetrics
suchasfixationcountandfixationdurationusingtheextractedgazedata.

Next,wepassthegroundtruthboundingboxesofAOIstotheRAEMAPandextracteyegaze
datawithinintheformof(xi,yi,ti)wherexiandyirepresentthecoordinatesofthegazepositionattime
ti.ToevaluatethedynamicAOI-mappedeyemovements,weclassifytheeyemovementsaccording
totheconfusionmatrixinTable3.Weusestandardinformationretrievaldomainevaluationmetrics
suchasprecision,recall,andaccuracyfortheevaluationoffilteredeyemovements.

ForthecomparisonofthedynamicAOI-mappedeyemovementsfilteredfromboundingboxes
andpixel-wisemasks,wecalculate thecapturedpercentageofeyemovementswhenusingeach
filteringtechnique.Weexpectanoverallpercentagereductionofeyemovementdatafilteredfromthe
baselineboundingboxes,objectdetectors,andobjectinstancesegmentationmodelsasthelevelof
granularitychanges.WeareinterestedininvestigatingwhichAOImethodwouldgiveusthehighest
percentageofeyemovementsfilteredfromthesemodels.

5. RESULTS

5.1 Dynamic AOI Detection
Figures3(a),3(b),and3(c)showmanuallyannotatedobjectsinasingleframeofBus,Foreman,and
Hall Monitorvideosequences.Incomparison,Figures3(d),3(e),and3(f)showdetectedobjectsin
asingleframeofBus,Foreman,andHall Monitorvideosequencesusinganobjectdetectorandan
objectinstancesegmentationmodel.

Table4showstheMAPvaluesinbothCOCOstyleandPascalVOC2008styleforeachobject
detector.APcorrespondstotheaverageAPforIoUfrom0.5to0.95withastepsizeof0.05,AP@.50
correspondstotheaverageAPforIoU=0.5,andAP@.75correspondstotheaverageAPforIoU
=0.75.FasterR-CNNobjectdetectorwithResNet-101-FPNbackbonehasthehighestAPinboth
COCOstyleandPASCALstyle(seeTable4)withtheAP≥0.19.

Table 3. Confusion matrix for eye movements evaluation

Ground Truth AOI

Falls Within Falls Outside

Predicted AOI Falls Within TP FP

Falls Outside FN TN

Table 4. Comparison of bounding box AP of Object Detectors

Method Backbone COCO Style Pascal Style

AP AP@.50 AP@.75 AP AP@.50 AP@.75

FasterR-CNN ResNet-50-FPN 0.1812 0.3707 0.1768 0.1918 0.3926 0.1989

FasterR-CNN ResNet-101-FPN 0.1998 0.3877 0.1985 0.2180 0.4000 0.2136

FasterR-CNN ResNet-50-DC5 0.1406 0.3290 0.1111 0.1566 0.3238 0.1238

YOLOv3 Darknet-53-FPN 0.1269 0.3083 0.1123 0.1430 0.3123 0.1388
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5.2 Eye Movement Extraction
Figure4illustratesthedynamicAOIsdetectedfromafasterR-CNNobjectdetectorwithResNet-101-
FPNbackboneincomparisonwiththemanuallyannotatedgroundtruthAOIs.Redcolorbounding
boxesindicatethepredictedboundingboxes,whereasbluecolorboundingboxesindicatetheground
truth.Thegreencolorcircleindicatesthegazepositionofthatframe.

Table5showstheprecision,recall,andaccuracyofeyemovementsextractedusingdynamic
AOIsgeneratedbyeachobjectdetector.TheFasterR-CNNobjectdetectorwithResNet-101-FPN
backbonefilterseyemovementdatawiththehighestaccuracyof64.5%.

Table 6 shows the comparison of the dynamic AOI-mapped eye movements filtered from
boundingboxesandpixel-wisemasks,intermsofthepercentageofeyemovementscapturedwhen
usingeachfilteringtechnique.

6. DISCUSSION

OurevaluationofdynamicAOIsgeneratedbyobjectdetectorsindicatethatafasterR-CNNobject
detectorwithResNet-101FPNbackboneachievesthehighestAPinbothCOCOstyleandPASCAL
style(seeTable4).ThoughfasterR-CNNobjectdetectorwithResNet-101-FPNbackboneachieves
thehighestAPrate,weobserveittobeslowercomparedtoone-stagedetectorYOLOv3,supporting
theliteraturethattwo-stageobjectdetectorsaretypicallyslower(SovianyandIonescu2018).Two-
stageobjectdetectorsareslowbecausetheygenerateregionsofinterestinthefirststageandclassify
objectsandfindbounding-boxesbyregressioninthesecondstage.Ontheotherhand,one-stageobject
detectorstreatobjectdetectionasasimpleregressionproblembylearningtheclassprobabilitiesand
boundingboxcoordinates,thusreachinglowerAPrates,butperformingmuchfasterthantwo-stage

Table 5. Comparison of Filtered Eye Movements of Object Detectors

Method Backbone Precision Recall Accuracy

FasterR-CNN ResNet-50-FPN 0.648 0.717 0.644

FasterR-CNN ResNet-101-FPN 0.646 0.713 0.645

FasterR-CNN ResNet-50-DC5 0.647 0.697 0.639

YOLOv3 Darknet-53-FPN 0.637 0.717 0.641

Table 6. Percentage of eye movements filtered when using bounding boxes and pixel-wise masks as dynamic AOIs

Method Backbone Eye Movements%

ObjectDetection

ResNet-50-FPN
ResNet-101-FPN
ResNet-50-DC5

60.643
60.224
58.989

Segmentation

ResNet-50-FPN
ResNet-101-FPN
ResNet-50-DC5

30.574
30.088
30.531

BaselineBoxes - 56.183
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objectdetectors.Ourresultsindicatethattwo-stageobjectdetectors,despitebeingslow,performthe
bestinclassifyingobjectsandfindingbounding-boxesasdynamicAOIs.However,furtherevaluation
isrequiredwithalargerrepresentationofone-stageobjectdetectorssinceweonlyusedasingleone-
stageobjectdetector,YOLOv3fortheevaluation.

Figure4illustratesdynamicAOIsdetectedfromfasterR-CNN(ResNet-101-FPN)objectdetector
incomparisonwiththemanuallyannotatedgroundtruthAOIs.Weobservethatsomeeyemovements
thatfallwithinthegroundtruthboundingboxmaynotfallwithinthepredictedboundingbox,and
theyareclassifiedasFN.ThishappenswheneitherthereisnodynamicAOIdetectedinthatframe,
orthedetectedobjectissurroundedbyatighterboundingboxcomparedtothegroundtruth.Also,
eyemovementsthatdonotfallwithinthegroundtruthboundingboxmayfallwithinthepredicted
boundingbox,sincethepredictedboundingboxisrelaxedcomparedtothegroundtruthbounding
box(seethelastimageinthesecondrowofFigure4).ThoseeyemovementsareclassifiedasFP.
Eyemovementsextractedbyall fourobjectdetectors,donotdiffermuch in termsofevaluation
precision,recall,oraccuracy.AsshowninTable5,afasterR-CNNobjectdetectorwithResNet-101-
FPNbackbonefilterseyemovementsdatawiththehighestaccuracyof64.5%.Sinceeyemovement
classificationishighlydependentonbothmanuallydefinedboundingboxesandboundingboxes
foundbytheobjectdetector,webelieveitisessentialtoretraintheobjectdetectorstofindbetter
boundingboxesinsteadofusingpre-trainedobjectdetectors.

Thecomparisonofthepercentageofeyemovementswhenusingeachfilteringtechnique(Table
6)showsthatdynamicAOIgeneratedbyobjectdetectorshadtheleastreductionofeyemovements
comparedtothebaseline.Weexpectedanoverallpercentagereductionofeyemovementdataasthe
levelofgranularityincreased.Thoughthedifferenceofthepercentagereductionofeyemovements
filteredbydynamicAOIgeneratedbyobjectdetectorsandthebaselineisaround3%.Thedifference
iscausedbytighterboundsofthemanuallyannotatedboundingboxes.Amongallthreemethods,
dynamicallygeneratedAOIusingpixel-wisemasksyieldthehighestpercentageofeyemovements
reduction,sinceitrepresentsthepolygonalshapeoftheobjectwithatighterboundcomparedtothe
boundingboxes.Figures3(d),3(e),and3(f)showthepixel-wisemasks(shadedarea)representing
ahigherlevelofgranularityofdynamicAOIsgeneratedbyobjectinstancesegmentationmodels.
Figure3(g),3(h),and3(i)illustratesaliencerevealedbyOpenCV’sstaticsaliencyspectralresidual
detector.Thoughsaliencerevealedbytheeyemovementsofviewerscouldbeutilizedtodefinean
AOI,theycanintroduceextrabias,andadditionalstepsbeforegeneratingtheAOI.Incontrast,we
incorporatepre-trainedobjectdetectors,andobjectinstancesegmentationmodels,generalizingthe
overallprocessofdetectingdynamicAOI.

Interestingly,weobserve inbothevaluationcriteria, theFasterR-CNNobjectdetectorwith
ResNet-101-FPNbackbonescoredthehighestwithoneofthelowestpercentagereductionofeye
movements around 3% compared to the baseline. Based on the performance in both evaluation
criteria,wechoosetheFasterR-CNNobjectdetectorwithResNet-101-FPNbackboneastheobject
detectorintheRAEMAP.ApartfromtheRAEMAPintegration,theproposedpipelinewithfaster
R-CNN(ResNet-101-FPN)astheobjectdetectorcouldbeusedforofflineextractionofeyegaze
metricsfromdynamicAOIs.

7. CONCLUSION

Inthisstudy,wepresentpre-trainedobjectdetectorsandobjectinstancesegmentationmodelsforthe
detectionofdynamicAOIusingboundingboxesandprecisemasksinvideostreamsrepresenting
twolevelsofgranularityinAOI.Weevaluatetheobjectdetectors,andobjectinstancesegmentation
modelsintegratedintotheRAEMAPeyemovementanalysispipelinetofiltereyemovementdata
withinthepolygonalboundariesofdetecteddynamicAOI.OurresultsintermsofdynamicAOI
detectionandeyemovementextractionindicatethatfasterR-CNNwithResNet-101-FPNbackbone
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objectdetectorperformsthebestinclassifyingobjectsandfindingbounding-boxesasdynamicAOIs,
anditsuitsthebestfortheRAEMAPintegration.

WecomparethetwolevelsofgranularityindynamicAOIintermsofthepercentagecaptured
in filtered eye movements compared to a baseline model. Our results indicate that the dynamic
AOI-mappedeyemovementsgeneratedbyobjectdetectorscouldcaptureamaximumof60%ofeye
movements,whereasobjectinstancesegmentationmodelscapturedonlyabout30%ofeyemovements.
Sinceweobservemultiplelevelsofreductioninfilteredeyemovementsasthegranularityofthe
dynamicAOIs increases,we anticipate thiswould contribute towards a layered analysisofboth
positionalandadvancedeyegazemetricsinthefuture.

OurproposedmethodologyfordetectingdynamicAOIsistheinitialsteptowardsextractingeye
movementdatafromdynamicallydetectedAOIsinrealtime.Theproposedworkwillhelpdevelop
dynamicAOI-mappedeyemovementfilteringandtransitionworkflow.ToidentifytheAOIs,we
willapplyourproposeddynamicdeeplearningandcomputervisionbased,real-timeAOIdetection
architecture.Sincecomputervisiontechniquescanbeadaptedtoaccuratelydetectawiderangeof
objects,wewillapplythemtoextractdynamicAOI-mappedgazedata.Specifically,inthefuture
wewillusedeeptransferlearningtoremodelexistingimageclassifiersfordynamicAOIdetection
inrealtime.
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