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Abstract

Prediction of gaze behavior in gaming environmentscan be a
tremendouslyusefulassetto gamedesigners,enablingthemto im-
prove gameplay, selectively increasevisual �delity , andoptimize
thedistribution of computingresources.Theuseof saliency maps
is currentlybeingadvocatedas the methodof choicefor predict-
ing visualattention,cruciallyundertheassumptionthatnospeci�c
taskis present.This is achievedby analyzingimagesfor low-level
featuressuchasmotion,contrast,luminance,etc.However, thema-
jority of computergamesaredesignedto beeasilyunderstoodand
posea taskreadily apparentto mostplayers. Our psychophysical
experimentshows that in a task-orientedcontext suchasgaming,
thepredictive power of saliency mapsat designtime canbeweak.
Thus,we arguethat a moreinvolved protocolutilizing eye track-
ing, aspartof thecomputergamedesigncycle, canbesuf�ciently
robustto succeedin predicting�xation behavior of players.
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1 Intr oduction

In the designof interactive applications,notablygames,a recent
trendis toward tappingthepotentialof psychophysicsfor thepur-
poseof understandingplayerbehavior. Predictingwhereplayers
arelikely to focuscouldbeaveryusefultool in thearsenalof game
designers.Thepurposeof suchpredictive algorithmswould for in-
stancebeto helpgamedesignersdecidehow andwhereto allocate
renderingresources,leaving asmany computingcyclesaspossible
free to carry out a variety of tasks. Verifying gamemechanicsor
improving gameAI couldbeotheruses.

A trendis towardtheuseof saliency maps[Itti et al. 1998],which
analyzethe imagerypresentedto the user for low-level features
suchasmotion,contrast,andlocal luminancelevels.Their success
lies in the fact that thesefeaturesare attention-grabbing,making
it likely that usersfocustheir gazeon them. Renderingsuchfea-
turesat full �delity andtheremainderof theimageat lowerquality
couldthereforegounnoticed,while saving preciouscomputingcy-
cles. However, saliency mapswork underthe assumptionthat no
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Figure 1: The designof the mazeusing a single user-controlled
object,a ball shownhere in its starting position(left), as well as
themazewith �ve additionaldistractorballs (right).

speci�c taskis present.This is animportantlimitation, asit is well
known thatthepresenceof a taskmayaltertheway in which users
focustheirattention[Yarbus1967;Hayhoeetal. 2003].

In this paper, we perform a psychophysical eye tracking experi-
ment, carriedout on an easy-to-understandgame(shown in Fig-
ure 1), which was purpose-designedfor psychophysics. Our ex-
perimentdemonstratesthe extent to which gazebehavior may be
alteredby the presenceof a task,even if participantsareonly in-
structedto observe a pre-recordedvideo, i.e. in the absenceof a
speci�c task.

Ourmainresultshows thatevenpassiveuserbehavior is taskdom-
inatedandcannotbe statisticallydistinguishedfrom active game-
playbehavior. In ourgamedesign,saliency is thereforeaverypoor
predictorfor taskrelevance.Additionally, we experimentwith fur-
thergamevariationswhereattentiondistractingor attentionfocus-
ing elementsarepresent.Neithercasehada measurableeffect on
theobserved�xation patterns,andthereforeonwhereattentionwas
focused.

Onthebasisof ourexperimentwearguethat,at leastin thecontext
of electronicgames,a taskis nearlyalwaysimplied. Ratherthan
relying on saliency algorithms,we thereforeadvocatethe useof
eye tracking during the designcycle of electronicgames,as we
show that computationalmethodsto predict �xation behavior are
potentiallyunreliable.

2 Backgr ound

For the purposeof living in complex environments,humansrely
stronglyon vision, which consistsof two broadcomponents.The
�rst is perception, which is pre-attentive. Thesecondis cognition,
which involveshigh-level processessuchasthought,reasoningand
memory[Palmer1999]. Thedelineationbetweenthesetwo is not
sharp,andmuchfeedbackexistsbetweenthetwo.

Whencarryingouta task,humanvisualperceptionaggregateslow-
level featuresinto higherlevel representations,thusinformingcog-
nitive processeswhile affecting gazedirection. In turn, cognitive
processescanguideperception,for instanceby actively focussing
attentiononaparticularpartof thescene[Yarbus1967].

The focusof attentioncan thusbe classi�ed asa combinationof
perceptual(bottom-up)andcognitive(top-down) processes[Itti and
Koch2001].Low-level featuresin theenvironmentthattriggerpre-



attentive focusarecalledsalient.Featuresthatattractattentionasa
resultof performingaspeci�c taskarecalledtaskrelevant.

The�rst computationalmodelsconcentratedon modelinggazebe-
havior usinglow-level featuressuchascolor, intensity, andorienta-
tion [TriesmanandGelade1980;KochandUllman 1985;Itti et al.
1998]. Suchmodelscomputefor eachpixel of a framea measure
of saliency, theresultof which is calleda saliency map. However,
it was shown that task-relatedgazebehavior can dominateover
saliency [Land et al. 1999]. Per-pixel measuresof taskrelevance
havemorerecentlyappeared,andthesearecalledtaskmaps[Cater
etal. 2002;NavalpakkamandItti 2005].

Therearevariousapplicationareas,including computergraphics,
virtual reality, and games,wheresaliency and task modelshave
beenusedwith varyingdegreesof success.In graphicsfor exam-
ple, thesemodelshave beenusedto inform global illumination al-
gorithms[Yee et al. 2001; Haberet al. 2001; Cateret al. 2003;
Sundstedtetal. 2007].

Experimentsusing virtual environments,with stimuli presented
to the participant via a head-mounteddisplay, have shown
that saliency is not a good predictor when performing natural
tasks[Rothkopf et al. 2007]. It hasalso beenshown that when
saliency is extendedwith top-down features,gazebehavior canbe
predictedmoreaccurately[Canosa2003;Leeetal. 2007].

Recentstudiessuggestthat in adventuregames,�xation behavior
can follow both bottom-upand top-down processes[El-Nasr and
Yan 2006]. Visual stimuli arereportedto be morerelevant when
locatednearobjectsthat �t players' top-down visualsearchgoals.
In �rst-personshootergames,gazetendsto bemorefocusedonthe
centerof the screenthan in adventuregames[Kenny et al. 2005;
El-NasrandYan 2006]. In an experimentinvolving active video
gameplay, ninelow-level heuristicswerecomparedto gazebehav-
ior collectedusingeye tracking[PetersandItti 2008]. This study
showedthattheseheuristicsperformedabovechance,andthatmo-
tion alonewas the bestpredictor. This was followed by �ick er
andfull saliency (color, intensity, orientation,�ick er, andmotion).
Nonetheless,theseresultscanbeimprovedfurtherby incorporating
a measureof taskrelevance,which couldbeobtainedby traininga
neuralnetwork oneye trackingdatamatchedto speci�c imagefea-
tures[PetersandItti 2007].

Our hypothesisis thatthesuccessof low-level imagefeatures,col-
lectedinto saliency mapsthroughcomputationalmodels,depends
stronglyon the type of taskperformed. In the context of games,
saliency, asmeasuredby contrast,luminance,edges,andthe like,
maycorrelatewith taskrelevanceif this is designedexplicitly into
thegame.However, this neednot bethecase:saliency maycorre-
lateverypoorlywith �xation behavior, andthereforewith attention.
In thispaperwepresentastudythatdemonstratesthislackof corre-
lation. Theconsequenceis thattaskrelevance,while moredif�cult
to model,shouldplaya largerrole in modelsof gazebehavior than
currentlyassumed.

3 Psyc hoph ysical Experiment

Wedesignedanexperimentto analyzethevalidity of theconceptof
saliency in thecontext of games.Our �rst hypothesisis that each
object type in the mazecarriesdifferentsigni�cancewith respect
to solvingthemaze.Thedistribution we computethereforerelates
directlyto theimportancethateachobjecttypecarriesfor executing
thetask.Within themaze,for instance,we expectplayersto focus
more on the one path that leadsfrom the startingposition to the
targetthanthey would focusondeadends,andothertaskirrelevant
areasandobjects.Notethatsuchadistributioncannotbepredicted
by currentsaliency maps.

The secondhypothesisis that solving the mazeactively doesnot
leadto statisticallydifferentbehavior from passively viewing apre-
recordedgame.This is onthebasisthatthetaskinvolvedin solving
amazeis directlyevident,evenif nospeci�c instructionsaregiven
to solve themaze.Finally, we make a �rst attemptat assessingthe
ability of additionalfeaturesto addto or distractfrom thetask.

Our aim is thereforeto designa gamewhich is suf�ciently com-
plex to bearrelevanceto realgames,while beingcontrolledenough
to allow rigorousanalysis. We have found that a good trade-off
betweenplayability and visual complexity on the one hand,and
thenecessityto obtainrobustandreproducibledata,is affordedby
a mazepuzzle(Section3.2). In conditionsinvolving active game
play, the taskis to navigatea red ball from its startingpositionto
a designatedtarget position. To make the taskmorechallenging,
a physicsenginesimulatesvariousattributesof theball, including
weight,acceleration,andhow it bouncesoff othersurfaces.

After acalibrationstep,performedfor eachparticipantindividually,
weemploy aTobii x50eyetrackingdeviceto recordgazebehavior.
The raw eye trackingdataaresubsequently�ltered to detect�xa-
tions(Section3.3),whicharemappedbackto differentobjecttypes
in thescene(Section3.4).For eachparticipant,wecomputethedis-
tributionof �xation pointsoverthedifferentobjecttypesthatcanbe
discernedin thescene(Section3.5). This distribution is computed
for everyparticipant,overasetof differentconditions(Section3.6),
beforebeinganalyzedusingstandardtechniques(Section4).

3.1 Experimental Setup

The Tobii x50 eye tracker, runningat 50 Hz, wasplacedin front
of the display, andangledtoward the participantaccordingto the
manufacturer's instructions.We employ a chin rest,ensuringthat
theparticipants'eyesare60 cm away from thedisplay, andremain
accuratelypositionedwithin thedetectionregionof theeye tracker.
The gameitself wasmodi�ed so that it canstartandstopthe eye
trackerautomaticallyat thestartandendof eachtrial.

All experimentswere carriedout on a Pentium4 PC clocked at
3.46GHz with 2 GB RAM, andan NVIDIA 8600graphicscard.
This setupis suf�ciently powerful to run the game(at 16 frames
persecond),recordthegamestate,aswell asdrive theeye tracker.
Thedisplayis a Viglen TS700LCD displaywith dimensionsof 34
� 27 cm, anda resolutionof 1024� 768 pixels. The setupwas
locatedin a blackenedroomwith �uorescentlighting built into the
ceiling,positionedto avoid unduere�ectionsoff thescreen.

3.2 Game Design

Thedesignof themazeis shown in Figure1. Several featuresare
includedto help improve the robustnessof the results. In many
gamedesigns,thecamerafollowsanavatarrepresentingtheplayer,
or, in the caseof �rst-person shootergames,the player hasfull
controloverwhichpartof theenvironmentis explored.Thiswould
not affect our ability to collect data,but doesnot let us pool the
dataobtainedfrom differentparticipantswithin thesamecondition.
Hence,we have �x ed the view point, so that eachparticipanthas
accessto thesameinformationduringeachtrial.

The maze itself includesseveral design featureswhich help us
maintaincontrol over the robustnessof the results.The enclosing
walls ensurethat the playing �eld is locatedaway from the edges
of thedisplay, wherewehave foundtheaccuracy of theeye tracker
to beunsatisfactory. Thetotal lengthsof thepathsin eachquadrant
of the screenare approximatelyequal. In addition, we have in-
serted� ve separateregionsof equallengthin which we mayplace
distractingobjects. Theseregionsarenot connectedto the paths



Figure2: Itembuffer showingall color codedobjectswhich enable
us to relate �xation points to objectsand objectclasses(left), as
well asthedifferentobjectclassesin our experiment(right).

accessibleby the player to avoid polluting the taskwith the pos-
sibility of collisions. With the exceptionof the balls, all surfaces
aretexturedwith a randomachromatictexturewhich exhibits 1=f
imagestatistics[Deriugin 1956],bringingtheimagerystatistically
closerto naturalscenes.The contrastof the texture wasreduced
to ensurethatpathsandwalls areeasilydistinguished,therebynot
hinderingthe task. The balls arecoloredred to make themeasily
distinguishablefrom theremainderof thescene.Thesceneis illu-
minatedapproximatelyuniformly with four light sources,with one
locatedaboveeachquadrantof theplaying�eld.

3.3 Fixation Detection

Theeye trackeroutputsasequenceof time-stamped(x;y) pixel co-
ordinates,representingmomentarygazepoints,which cansubse-
quentlybeanalyzed.It is typically assumedthat if gazepointsre-
mainwithin asmallregionduringatimeexceeding200ms,thenwe
mayspeakof a �xation point [Salthouseet al. 1981]. Thepremise
is thatsuch�xation pointscorrelatewith thefocusingof attention,
andthereforeconstituteour featuresof interest[Duchowski 2003].

The eye tracker is ratedto be accurateto within a solid angleof
0.7degrees.Takinginto accountthedistancebetweentheobserver
andthe display, andits sizeandresolution(seeSection3.1), this
correspondsto anerrorof � 11pixels.

Wehaveimplementeda�xation �lter whichdetects�xations of 200
msor longer(i.e., > 10 consecutive samplepoints),wherebygaze
pointsremainwithin acirclewith aradiusof 11pixelsof eachother.
Theoutputof this �lter is a setof time intervalswith anassociated
centerpointof the�xation.

3.4 Item Buff er

We areinterestedin determiningwhich objectsin thescenearefo-
cusedon,at any time duringanexperiment's session.The�xation
pointsarethereforemappedto theobjectsmakingup thescene.To
this end,eachsceneobject is �rst assigneda uniquenumberthat
representsacolorvalue.Eachframeof thesessionis thenrendered
out asan itembuffer image,shown in Figure2 (left), which color
codesall sceneobjects. Eachitem buffer is alsostampedwith a
startandendtimeoverwhichit wasdisplayed.Thus�xation points
canbesubsequentlycorrelated,bothtemporallyandspatially, with
thesceneobjectsusingtheseitembuffers.

3.5 Fixation Binning

Theitem buffer is usedto map�xation pointsto objects.During a
trial, wecounthow many timeseachobjectwas�xated upon.In eye
trackingexperiments,it is commonto userelatively sparselypopu-
latedenvironments,becausetheanalysisof �xation pointsbecomes

Name Description
� Closedpaths Thesearethepartsof themazethatare

separatefrom themainpathsandmayor
maynotcontaindistractingelements.

� Correctpath The�oor andwallsof thepaththatmust
betraversedto gofrom thestartingpoint
to thedesignateddestination.

� Incorrectpath The�oors andwallsof deadends.
� User-contr. ball Theball undertheparticipant's control.
� Distractorballs Ballsnotunderparticipantcontrol.
� Main walls Thefour enclosingtheplaying�eld.
� Topsurface Thetop surfaceof thewalls thatarenot

adjacentto thecorrectpath.
� Adj. to correct Thetop surfaceof thewalls thataread-

jacentto thecorrectpath.

Table1: Descriptionof objectclasses.Thecolor codingis consis-
tentwith Figure2 (right).

morecomplicatedif severalobjectsarelocatedin thevicinity of a
�xation point [Lee et al. 2007]. A commontechniqueis to simply
selecttheobjectdirectlyunderneaththe�xation point.

However, gamesenvironmentscanbeclutteredandcomplex, mak-
ing sucha simpleapproacherror-prone. We have thereforedevel-
opeda novel approach,taking the distancebetweenpixels and a
�xation point into account. With the accuracy of the eye tracker
at 0.7� , and the foveal region of humanvision spanningapprox-
imately 2� of visual angle[Palmer 1999], the areaover which a
�xation point bearsrelevanceis a circle with a radiusof around43
pixels(correspondingto asolidangleof 2.7� ).

Consideringframenumber f , we assigna non-zeroweight w f to
all pixels (xp;yp) in a window of 400 � 400pixels (largeenough
to be accurate,andsmall enoughto be computationallyef�cient)
accordingto their distanceto the�xation point (x f ;yf ):

wf (xp;yp) = exp

0

@
�

q
(xf � xp)2 + (yf � yp)2

2s 2

1

A (1)

wheres = 43 pixels. With theaid of the item buffer, theweights
computedfor frame f arethenaddedto theweightsof thedifferent
objects.This processis repeatedfor all framesfor whicha �xation
pointexists1. After normalization,necessaryto accountfor thefact
thateachtrial maylastfor adifferentamountof time,thisproduces
aweightŵi associatedwith objecti.

In thedesignof themaze,differentobjectsmayhave thesamerel-
evanceto thetask.For instance,thewalls aremadeup of different
segments.Therefore,we groupobjectsplayinga similar role into
objectclasses.Theclasseswe distinguisharebasedupontheir an-
ticipatedrelevanceto solving the maze(describedin Table1). A
color-codedimageshowing thelocationof eachof theseelementsis
shown in Figure2 (right). After classi�cation,eachparticipantpro-
ducesa normalizeddistribution of �xations per objectclass.This
setof distributionsis thensubjectedto furtheranalysis,asdiscussed
in Section4. We �rst describethecollectionof conditionsusedin
ourexperiment.

3.6 Conditions

Thefour conditionsaredevelopedto testthedistributionof �xation
pointsover objectclassesin active andpassive tasks,aswell asin

1Note thatnot all frameshave anassociated�xation point, assaccadic
eyemovementsareof non-zeroduration.



the presenceof distractingand focus-enhancingelements.In the
�rst condition,participantswereasked to navigate the ball to the
destinationposition, locatedin the top left cornerof the playing
�eld. No distractingobjectsor soundis presentin thiscondition.

Thesecondconditionadds� ve staticdistractingspheresto the� ve
separateareas.Thetaskwasotherwiseidenticalto the �rst condi-
tion. In thethird condition,weadditionallyaddtwo typesof sound,
both connectedto the sphereunderparticipantcontrol. A contin-
uoussoundchangepitch in associationwith the currentspeedof
theball. A transientsoundindicatescollisions.It is anticipatedthat
thesesoundshelpwith thecontrolof thesphere,ratherthandistract.

For the remainingcondition,the gamewasmodi�ed to enableits
stateto be recorded.This is achieved by writing all events(such
asobjectmovements)which affect thegamestateto a �le. This is
lessdataandcomputeintensive thanencodingavideoof thegame.
It canthereforeproceedin parallelto gatheringgazedatafrom the
eye tracker, aswell asdriving thegameitself without affectingthe
responsivenessof thegame,or its frame-rate.

Further, the recordedgamedatacanbe playedback in real time,
with thesameframe-rateastheoriginal recording,yielding anex-
act replicaof an earlier trial. Eachparticipantin the secondcon-
dition wasrecordedin this manner, producingdatafor the fourth
condition. This last condition consistsof participantsobserving
pre-recordedgamedata,without having beenset a task. As the
samenumberof participantswereusedin eachcondition,eachpar-
ticipantin thefourthconditionwasexposedto adifferentrecording
obtainedin thesecondcondition.

3.7 Participants

Forty participants(36 menand4 women,agerange18� 42) with
normalor correctedto normalvision wererecruitedfor our exper-
iments. As the eye tracker occasionallylosescalibrationduring a
trial, especiallyfor participantswearingglasses,trials which have
clearlyproducedunreliabledatawerereplacedwith new ones,for
whichnew participantswererecruited.No participantwasexposed
to morethanonecondition,so that learningeffectsbetweentrials
could be avoided. As a result, eachcondition was evaluatedby
exactly ten participants. The participantswere asked to readin-
structionsbeforethe startof the experiment. The instructionsfor
theactiveandpassiveconditionsareshown in AppendixA.

4 Results

First,wewantedto analyzewhetherhabituationplaysanimportant
role in the analysis. It may be anticipatedthat participantslearn
thepathto thedestination�rst, andthenspendtheremainderof the
trial steeringtheball. It is equallylikely thatparticipantsfrequently
alternatebetweennavigation andsteering.To assesswhetherpar-
ticipantschangetheir �xation behavior duringthecourseof a trial,
we have computedthe numberof �xations occurringper second
for eachparticipantand eachcondition. For eachpoint t on the
time line, we countedthe numberof �xations in a window span-
ning t � 15 seconds(exceptnearthestartandendof trials, where
thewindow sizewasreducedto accommodatefor thelackof data).

Theresultsareplottedin Figure3, andindicatethat�xation behav-
ior for eachparticipantis relatively stableover time. As a result,
we infer thatparticipantsdo not changetheir solutionstrategy dur-
ing the courseof the trial. It is morelikely that mostparticipants
usea strategy wherebynavigationandsteeringarealternated.The
averagetrial durationfor thefour conditionswas72� 12seconds.

Given that the numberof �xations per secondis stableover the
courseof eachtrial, we concludethathabituationandlearningef-

fectsdo not play a majorrole,andthereforedo not complicateour
analysis. Thereis alsono signi�cant differencebetweenthe four
conditionsin thetotal durationsof thetrials (F(3, 36) = 1.767,p =
0.171),thenumberof �xations (F(3,36)= 0.291,p = 0.832),or the
total �xation durations(F(3,36)= 1.092,p = 0.365).

The distribution of �xations over the different object classesfor
eachparticipantandeachconditionis shown in Figure4. We note
thatthesedistributionsaremarkedly differentfrom thedistribution
onewould obtainby countingthe numberof pixels that arecov-
eredby eachobjecttype (shown in Figure5). Thus,we conclude
thatnoneof theresultspresentednext canbeexplainedby random
�xation behavior.

The �rst importantobservation is that the numberof �xations at-
tractedby thecorrectpathandits neighboringadjacentto correct
form the majority of all �xations points, regardlessof condition.
This canalsobe seenby plotting the �xation pointson top of the
mazestimulus,asshown for a representative participantof condi-
tion 2 in Figure6 (a). The�xation pointsin this �gure roughlymap
out the correctpathbetweenstartanddestinationpoints,showing
thatthetaskof solvingthemazehasa strongimpacton where�x-
ationpointsarelikely to occur. The�xation pointsfor a represen-
tativeparticipantof condition4 areshown in Figure6 (b).

The raw dataof Figure4 weresubjectedto a one-way analysisof
variance(ANOVA), the null hypothesisbeingthat no statistically
signi�cant differencesbetweenthesedistributionsare found. All
preconditionsfor ANOVA regarding independenceandnormality
wereful�lled. By usingthefour conditionsasgroups(our indepen-
dentvariable),we found that the testof homogeneityof variances
wasmetfor all theobjectclasses(ourdependentvariables),barthe
distractorballs (p = 0:001).

Tukey's HSD posthoc test shows that therearestatisticaldiffer-
encesbetweencondition1 andtheotherconditionsfor this object
class(p = 0:000). This is explainedby the fact thatno distractors
exist in oneof theconditions(theirweightwassetto 0 in condition
1). If we excludecondition1, thenthetestof homogeneityof vari-
anceswasmet for all objectclasses.TheANOVA valuesfor both
testsareshown in Table2.

We �nd that thenull hypothesisis supportedfor all objectclasses
overall four conditions,with theexceptionof thedistractorsclass.
Onceagain, if we excludecondition1 from the analysis,thenthe
null hypothesisis supportedfor all objectclassesin the threere-
mainingconditions.Thus,we have foundno statisticaldifferences
in �xation behavior of participantsin eachof thefour conditions.

Thereareseveral implicationsof this result.First, comparingcon-
ditions 2 and 4, we seethat there is no signi�cant differencein
thedistribution of �xations, independentof whetherthegamewas
actively playedor passively observed. This resultis important,be-
causeit proves that the absenceof a task (other than simple ob-
servation) doesnot guaranteethat participantswill not assumea
task.For thisparticulargame,freeviewing of apre-recordedgame
encouragestheobserversthesolve thetask“in their heads”.As in
thiscasethedistributionof �xation patternscontinuesto follow that
of theactive condition,we concludethatany computationalmetric
thatassumestheabsenceof a taskcannotbeapplied.Importantly,
this includessaliency algorithms.

Second,comparingconditions1 and2, we seethat theadditionof
� vedistractingobjectsdid nothaveany effectontaskperformance:
thedistributionof �xations overall objectclassesremainsthesame,
with theexceptionof thedistractingobjectsthemselveswhichwere
absentin condition1. Oncemore,thisresultwouldnotbepredicted
by saliency algorithms,which would indicatea differencebetween
theseconditionsdueto thecontrastingcolorof thedistractingballs.
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Figure3: Thenumberof �xations persecondfor each participant.

Third, conditions2 and4 enableusto assessthein�uenceof sound,
which waspresentin condition4. Here, ratherthandistract,the
soundsweredesignedto supportthesteeringcomponentof thetask.
Wewouldanticipatethis to haveanin�uence on thedistributionof
�xations over object classes.However, we did not �nd suchan
in�uence, showing thatthetaskwasnot facilitatedby includingan
auditoryindicationof speedandtheoccurrenceof collisions.

4.1 Comparison with Salienc y Maps

While saliency mapsarecurrentlyadvocatedasausefultool to un-
derstand�xation behavior in games[PetersandItti 2008], on the
basisof our experiments,we arenow ableto arguethatsuchalgo-
rithms canonly be usedwith the utmostcare,andpossiblyin the
context of gamesshouldbeavoided.

In a sense,thedesignof themazeformsa worst-casescenariofor
saliency maps. Thesealgorithmsdeterminesaliency on the basis
of low-level imagefeatures. In our design,theseimagefeatures
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Figure4: Theoutputof our �xation classi�cationalgorithm.

are more or less evenly distributed acrossthe playing �eld. A
saliency mapwill thereforehave a substantiallyuniform distribu-
tion, asshown in Figure6 (c), which plots thesaliency mapcom-
putedusingItti andKoch's [1998] algorithm.Comparingthis with
theactualdistributionof the�xation points(Figure6 (aandb)), we
seethat the actual�xation patternis not predictedby the saliency
algorithm,evenif no taskis speci�ed.

Thenumberof timesthatthe�xation pointwasin thevicinity of the
ball thatwasbeingcontrolledwasunexpectedlylow (seeFigure4).
As this wastheonly objectthatmoves,we cannotattributethedif-
ferencesbetweenthe outcomeof our experimentandthe saliency
mapsshown in Figure6 (c) to thefact thatwe did not take motion
into accountfor thecomputationof thesaliency map.

Figure6 (d) shows the relative importanceassignedto the object
classesbasedon the eye tracking resultsfrom condition2. Note
thattheunevennessof theimportancedistributionsuggeststhatour
initial division of objectsinto objectclasseswashighly correlated
with the taskperformed.Suchcorrelationdoesnot exist between
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Figure5: Pixel coverage for the objectclasses.If �xations were
randomlydistributedover theimage, thisdistributionwouldbeob-
tained. Compare with Figure 4, showingtheactualdistribution of
�xations. Thecolor codingis consistentwith Figure2 (right).

Objectclasses FourConditions Conditions2, 3, and4
Closedpaths (F(3,36)= 2.748,p = 0.057) (F(2,27)= 1.843,p = 0.178)
Correctpath (F(3,36)= 2.052,p = 0.124) (F(2,27)= 0.619,p = 0.546)
Incorrectpath (F(3,36)= 0.239,p = 0.869) (F(2,27)= 0.397,p = 0.676)
User-contr. ball (F(3,36)= 0.885,p = 0.458) (F(2,27)= 1.738,p = 0.195)
Distractorballs (F(3,36)= 21.99,p = 0.000) (F(2,27)= 3.002,p = 0.066)
Main walls (F(3,36)= 1.149,p = 0.343) (F(2,27)= 1.554,p = 0.230)
Topsurface (F(3,36)= 0.775,p = 0.516) (F(2,27)= 0.105,p = 0.901)
Adj. to correct (F(3,36)= 1.376,p = 0.266) (F(2,27)= 1.292,p = 0.291)

Table2: Statisticsfor each objectclass.Thesecondcolumnshows
the resultsif all four conditionsare included. Due to the absence
of distractorballs in condition1, wehaverepeatedtheanalysisfor
conditions2, 3, and4 in thelast columns.

the saliency map (seeFigure 6 (c)) and the eye tracking results.
Comparingconditions1 and 2, the distractingobjectsdo not al-
ter thedistribution of �xations over objectclasses.However, their
contrastingcolor doesproducea patternof saliency, which is not
supportedby ourexperiments.

We assumethat for many games,designersfrequentlyadjustthe
amountof detail,motion,contrast,luminance,etc.,to directplay-
ers toward their goal: objectsmore relevant to the task to be ac-
complishedmay exhibit moremotion, contrast,etc., thanobjects
with lower taskrelevance.This may explain the fact that in some
games,saliency mapsare able to predict �xation behavior better
thanchance[PetersandItti 2008].However, ourexperimentshows
that this correlationdoesnot necessarilygeneralizeto othergame
scenarios.Finally, thereis apossibilitythatthepredictivepowerof
saliency mapsis in essenceameasureof how muchgamedesigners
make their task-relevantobjectsstandout from thebackground.

5 Conc lusions

Theaim of our work is to assessthedistribution of �xation points
overasetof pre-determinedobjectclasses.Theobjectclasseswere
chosento correspondwith the expectedrelevanceto the task of
solvinga mazeandsteeringa ball throughit. We �nd that thedis-
tribution of �xation pointsdeviatessigni�cantly from thosewhich
would be predictedby currentsaliency algorithms. Moreover, no
differencewasfoundbetweenactive gameplay andpassive obser-
vation.

Weattributethis resultto thefactthattasksandobjectivesin games
aretypically designedto beeasilyapparentor understandable.This
meansthat even if no task is speci�ed, observers will assumea
task. Relatedwork have shown thatwhenanobserver is watching

a block stackingtask,thegazepredictionis highly similar to when
they performthetaskthemselves[FlanaganandJohansson2003].

Whereasexisting studiesexploredaverage-casebehavior by using
existing games[Kenny et al. 2005;El-NasrandYan 2006;Peters
andItti 2008], i.e. without control of salientfeaturesin the game
design,ourwork hasfor the�rst timecreatedaworst-casescenario
for saliency algorithms. As our mazedesignshows, actual�xa-
tion behavior candeviateby anarbitraryamountfrom thepredicted
saliency. Further, objectswhich a saliency algorithmwould �ag as
distractingdonotnecessaryimpedetaskef�ciency.

We hypothesizethatthecorrespondencebetween�xation behavior
andsaliency algorithmsdependsstronglyon the efforts of the de-
signerto imposesalientcharacteristicsto objectsthathappento be
task-relevant. This may explain the above chanceperformanceof
saliency algorithmsin existing games[PetersandItti 2008]. As a
result, in the context of gamedesignwe would arguefor caution
whenusingsaliency algorithms.

Instead,the direct useof eye trackingduring the designof games
canbeextremelyvaluable.Wehaveshown thatarelatively straight-
forward modi�cation to the game engine(namely tagging each
objectwith a color-codedidenti�er), is suf�cient to map �xation
pointsbackto objects. While eye trackingsessionsduring actual
gamedesignby necessitywill be lesscontrolledthanour experi-
ment, simply accumulating�xations over differentobject classes
may prove to be a fruitful approachin understandingwheregame
playersfocustheir attention.Suchinformationcannotcurrentlybe
extractedfrom ananalysisof low-level featuresalone.
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A Appendix

For participantsin conditions1, 2, and3 (all actively playing the
game),theinstructionsareasfollows:

“Pleasereadthis informationcarefully:Thetaskin thisexperiment
is to play a game.Thegoalof thegameis to guidea ball through
a maze.The �nish point of the mazeis indicatedwith a cross,as
shown below. Whenyou reachthe �nish point thegamewill stop
andtheexperimentis over. Theball canbemovedin four directions
by using the keys shown below. Pleaseasknow if you have any
questions.”

A S D

W

An examplemazewasalsoshown to theparticipants.For partici-
pantsin thepassiveviewing condition,theinstructionsare:

“Pleasereadthis informationcarefully: In thisexperimentyouwill
beshown ananimation.Pleasewatchit. If you have any questions
pleaseasknow.”
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Figure6: Thelocationof �xation pointsfor a representativeparticipantof condition2 (a) andthepassivecondition4 (b). Image (c) shows
a saliencymapof themaze, computedusinga saliencyalgorithm[Itti et al. 1998] and (d) showsour distribution mapover objectclasses
generatedfromthetenparticipantsin condition2.
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