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Abstract

Prediction of gaze behaior in gaming ernvironmentscan be a
tremendouslysefulasseto gamedesignersenablingthemto im-
prove gameplay selectvely increasevisual delity, and optimize
the distribution of computingresourcesThe useof salieny maps
is currently being adwocatedas the methodof choicefor predict-
ing visualattention crucially underthe assumptiorthatno speci ¢
taskis present.Thisis achieved by analyzingimagesfor low-level
featuressuchasmotion,contrastjuminancegtc. However, thema-
jority of computergamesaredesignedo be easilyunderstoocgind
posea taskreadily apparento mostplayers. Our psychopfsical
experimentshaws thatin a task-orienteccontext suchasgaming,
the predictive power of salieny mapsat designtime canbe weak.
Thus, we amguethat a moreinvolved protocol utilizing eye track-
ing, aspartof the computergamedesigncycle, canbe sufciently
robustto succeedn predicting xation behaior of players.
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1 Introduction

In the designof interactive applications,notably games,a recent
trendis toward tappingthe potentialof psychoplgsicsfor the pur

poseof understandinglayer behaior. Predictingwhereplayers
arelikely to focuscouldbeavery usefultool in thearsenabf game
designersThe purposeof suchpredictive algorithmswould for in-

stancebeto helpgamedesignerslecidehow andwhereto allocate
renderingresourcesleaving asmary computingcyclesaspossible
freeto carry out a variety of tasks. Verifying gamemechanicsor

improving gameAl couldbeotheruses.

A trendis toward the useof salieny maps][ltti etal. 1998],which
analyzethe imagery presentedo the userfor low-level features
suchasmotion, contrastandlocal luminanceevels. Their success
lies in the fact that thesefeaturesare attention-grabbingmaking
it likely that usersfocustheir gazeon them. Renderingsuchfea-
turesatfull delity andtheremaindeof theimageatlower quality
couldthereforego unnoticedwhile saving preciouscomputingcy-
cles. However, saliengy mapswork underthe assumptiorthat no
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Figure 1: The designof the mazeusing a single usercontolled
object,a ball shownhere in its starting position (left), as well as
themazewith ve additionaldistractor balls (right).

speci ¢ taskis presentThis is animportantlimitation, asit is well
known thatthe presencef ataskmayaltertheway in which users
focustheir attention[Yarbus 1967;Hayhoeetal. 2003].

In this paper we perform a psychoplysical eye tracking experi-
ment, carriedout on an easy-to-understangame (shawvn in Fig-
ure 1), which was purpose-designetbr psychoplysics. Our ex-
perimentdemonstratethe extent to which gazebehaior may be
alteredby the presencef a task,evenif participantsareonly in-
structedto obsere a pre-recordediideo, i.e. in the absenceof a
speci c task.

Ourmainresultshavs thatevenpassie userbehaior is taskdom-
inatedand cannotbe statisticallydistinguishedrom active game-
play behaior. In ourgamedesign salieny is thereforeavery poor
predictorfor taskrelevance.Additionally, we experimentwith fur-

thergamevariationswhereattentiondistractingor attentionfocus-
ing elementsarepresent.Neithercasehada measurableffect on
theobsened xation patternsandthereforeonwhereattentionwas
focused.

Onthebasisof our experimentwe arguethat,atleastin the context
of electronicgames,a taskis nearlyalwaysimplied. Ratherthan
relying on saliengy algorithms,we thereforeadwcatethe use of
eye tracking during the designcycle of electronicgames,aswe
showv that computationaimethodsto predict xation behaior are
potentiallyunreliable.

2 Background

For the purposeof living in complex ervironments,humansrely
stronglyon vision, which consistsof two broadcomponentsThe
rst is perception which is pre-attentie. The seconds cognition,
whichinvolveshigh-level processesuchasthought,reasoningand
memory[Palmer1999]. The delineationbetweerthesetwo is not
sharp,andmuchfeedbaclexists betweerthetwo.

Whencarryingoutatask,humanvisualperceptioraggrejatesiow-

level featurednto higherlevel representationshusinforming cog-
nitive processesvhile affecting gazedirection. In turn, cognitive

processesanguideperceptionfor instanceby actively focussing
attentionon a particularpartof thescendYarbus1967].

The focus of attentioncanthus be classi ed as a combinationof
perceptua{bottom-up)andcognitive (top-davn) processefitti and
Koch2001]. Low-level featuresn theervironmentthattriggerpre-



attentie focusarecalledsalient.Featureshatattractattentionasa
resultof performinga speci c taskarecalledtaskrelevant.

The rst computationamodelsconcentrate@n modelinggazebe-
havior usinglow-level featuressuchascolor, intensity andorienta-
tion [TriesmanandGeladel980;KochandUlIman 1985;ltti etal.
1998]. Suchmodelscomputefor eachpixel of a framea measure
of salieng, theresultof whichis calleda saliengy map. However,
it was showvn that task-relatedgaze behaior can dominateover
salieny [Land et al. 1999]. Perpixel measure®f taskrelevance
have morerecentlyappearedandthesearecalledtaskmaps[Cater
etal. 2002;Navalpakkamandltti 2005].

Therearevariousapplicationareas,including computergraphics,
virtual reality, and games,where saliengy and task modelshave
beenusedwith varying degreesof successin graphicsfor exam-
ple, thesemodelshave beenusedto inform globalillumination al-
gorithms[Yee et al. 2001; Haberet al. 2001; Cateret al. 2003;
Sundstedetal. 2007].

Experimentsusing virtual ervironments,with stimuli presented
to the participant via a head-mounteddisplay have shavn

that salieny is not a good predictor when performing natural
tasks[Rothkopf et al. 2007]. It hasalso beenshavn that when

salieny is extendedwith top-dovn featuresgazebehaior canbe

predictedmoreaccurateljjCanosa2003;Leeetal. 2007].

Recentstudiessuggesthatin adwenturegames, xation behaior
canfollow both bottom-upand top-dovn processe$El-Nasr and
Yan 2006]. Visual stimuli arereportedto be more relevant when
locatednearobjectsthat t players'top-davn visual searchgoals.
In rst-personshootegamesgazetendsto be morefocusedonthe
centerof the screenthanin adwenturegames[Kenry et al. 2005;
El-Nasrand Yan 2006]. In an experimentinvolving active video
gameplay, ninelow-level heuristicsverecomparedo gazebeha-
ior collectedusingeye tracking[Petersandltti 2008]. This study
shavedthattheseheuristicgperformedabore chanceandthatmo-
tion alonewas the bestpredictor This was followed by ick er
andfull salieny (color, intensity orientation, ick er, andmotion).
Nonethelesgheseesultscanbeimprovedfurtherby incorporating
ameasuref taskrelevance which could be obtainedby traininga
neuralnetwork on eye trackingdatamatchedo speci ¢ imagefea-
tures[Petersandltti 2007].

Our hypothesids thatthe succes®f low-level imagefeaturescol-
lectedinto salieny mapsthroughcomputationamodels,depends
strongly on the type of task performed. In the context of games,
salieny, asmeasuredy contrastJuminance,edgesandthelike,
may correlatewith taskrelevanceif thisis designedxplicitly into
the game. However, this neednot be the case:salieny may corre-
lateverypoorlywith xation behaior, andthereforewith attention.
In this papemwe presentastudythatdemonstratethis lack of corre-
lation. The consequences thattaskrelevance while moredif cult
to model,shouldplay alargerrole in modelsof gazebehaior than
currentlyassumed.

3 Psychophysical Experiment

We designedinexperimentto analyzethevalidity of theconcepbf
salieny in the context of games.Our rst hypothesids thateach
objecttypein the mazecarriesdifferentsigni cance with respect
to solvingthe maze.The distribution we computethereforerelates
directlyto theimportancehateachobjecttypecarriesfor executing
thetask. Within themaze for instancewe expectplayersto focus
more on the one path that leadsfrom the startingpositionto the
tamgetthanthey would focuson deadends andothertaskirrelevant
areasandobjects.Notethatsuchadistribution cannotbe predicted
by currentsalieny maps.

The secondhypothesisis that solving the mazeactively doesnot
leadto statisticallydifferentbehaior from passiely viewing apre-
recordedgame.Thisis onthebasisthatthetaskinvolvedin solving
amazeis directly evident,evenif nospeci c instructionsaregiven
to solve themaze.Finally, we make a rst attemptatassessinghe
ability of additionalfeaturego addto or distractfrom thetask.

Our aim is thereforeto designa gamewhich is sufciently com-
plex to bearrelevanceto realgameswhile beingcontrolledenough
to allow rigorousanalysis. We have found that a good trade-of
betweenplayability and visual compleity on the one hand,and
the necessityto obtainrobustandreproducibledata,is affordedby
a mazepuzzle(Section3.2). In conditionsinvolving active game
play, the taskis to navigate a red ball from its startingpositionto
a designatedarget position. To make the taskmore challenging,
a physicsenginesimulatesvariousattributesof the ball, including
weight,accelerationandhow it bounceff othersurfaces.

After acalibrationstep performedor eachparticipantindividually,
we employ a Tobii x50 eye trackingdevice to recordgazebehaior.
Theraw eye trackingdataare subsequentlyitered to detect xa-
tions(Section3.3),whicharemappedackto differentobjecttypes
in thescengSection3.4). For eachparticipantwe computethedis-
tributionof xation pointsoverthedifferentobjecttypesthatcanbe
discernedn the sceng(Section3.5). This distribution is computed
for every participantoverasetof differentconditiong(Section3.6),
beforebeinganalyzedusingstandardechniquegSectiord).

3.1 Experimental Setup

The Tobii x50 eye tracler, runningat 50 Hz, was placedin front
of the display and angledtoward the participantaccordingto the
manugcturers instructions. We emplgy a chin rest,ensuringthat
theparticipants'eyesare60 cm away from thedisplay andremain
accuratelypositionedwithin thedetectiorregion of theeye tracler.
The gameitself wasmodi ed sothatit canstartandstopthe eye
tracker automaticallyat the startandendof eachtrial.

All experimentswere carried out on a Pentium4 PC clocked at
3.46 GHz with 2 GB RAM, andan NVIDIA 8600graphicscard.
This setupis sufciently powerful to run the game(at 16 frames
persecond)recordthe gamestate aswell asdrive the eye tracler.
Thedisplayis a Viglen TS700LCD displaywith dimensionsof 34
27 cm, anda resolutionof 1024 768 pixels. The setupwas
locatedin ablackenedroomwith uorescentlighting built into the
ceiling, positionedo avoid unduere ections off thescreen.

3.2 Game Design

The designof the mazeis shavn in Figurel. Severalfeaturesare
includedto help improve the robustnessof the results. In mary
gamedesignsthecamerdollows anavatarrepresentingheplayer
or, in the caseof rst-person shootergames,the player hasfull

controlover which partof theenvironmentis explored. This would
not affect our ability to collect data, but doesnot let us pool the
dataobtainedrom differentparticipantswvithin thesamecondition.
Hence,we have x ed the view point, so that eachparticipanthas
accesdo thesamenformationduringeachtrial.

The mazeitself includes several designfeatureswhich help us
maintaincontrol over the robustnesf the results. The enclosing
walls ensurethat the playing eld is locatedaway from the edges
of thedisplay wherewe have foundtheaccurag of theeye tracker
to beunsatisctory Thetotal lengthsof the pathsin eachquadrant
of the screenare approximatelyequal. In addition, we have in-
serted ve separateegionsof equallengthin which we may place
distractingobjects. Theseregions are not connectedo the paths



Figure2: ltembuffer showingall color codedobjectswhich enable
usto relate xation pointsto objectsand objectclassedleft), as
well asthedifferentobjectclassesn our experiment(right).

accessibléoy the playerto avoid polluting the taskwith the pos-
sibility of collisions. With the exceptionof the balls, all surfaces
aretexturedwith a randomachromatiaexture which exhibits 1=f
imagestatisticgDeriugin 1956], bringingtheimagerystatistically
closerto naturalscenes.The contrastof the texture wasreduced
to ensurehatpathsandwalls areeasilydistinguishedtherebynot
hinderingthe task. The balls are coloredred to make themeasily
distinguishabldrom the remaindeof the scene.The scends illu-
minatedapproximatelyuniformly with four light sourceswith one
locatedabove eachquadranof the playing eld.

3.3 Fixation Detection

Theeyetracker outputsa sequencef time-stampedx;y) pixel co-
ordinates representingnomentarygaze points, which cansubse-
quentlybe analyzed.lt is typically assumedhatif gazepointsre-
mainwithin asmallregionduringatime exceedind?00ms,thenwe
may speakof a xation point[Salthouseetal. 1981]. The premise
is thatsuch xation pointscorrelatewith the focusingof attention,
andthereforeconstituteour featuresof interesDuchowski 2003].

The eye tracker is ratedto be accurateto within a solid angle of
0.7 degrees.Takinginto accounthe distancebetweerthe obserer
andthe display andits sizeandresolution(seeSection3.1), this
correspondso anerrorof 11 pixels.

Wehaveimplementedh xation lter whichdetectsxations of 200
msor longer(i.e., > 10 consecutie samplepoints),wherebygaze
pointsremainwithin acirclewith aradiusof 11 pixelsof eachother
Theoutputof this Iter is asetof time intervalswith anassociated
centerpoint of the xation.

3.4 Item Buffer

We areinterestedn determiningwhich objectsin the scenearefo-
cusedon, at ary time duringan experiments session.The xation
pointsarethereforemappedo the objectsmakingup thescene.To
this end, eachsceneobjectis rst assigneda uniqguenumberthat
representacolorvalue.Eachframeof the sessioris thenrendered
out asanitem buffer image,shovn in Figure2 (left), which color
codesall sceneobjects. Eachitem buffer is also stampedwith a
startandendtime overwhichit wasdisplayed.Thus xation points
canbesubsequentlgorrelatedpothtemporallyandspatially with
thesceneobjectsusingtheseitem buffers.

3.5 Fixation Binning

Theitem buffer is usedto map xation pointsto objects.During a
trial, we counthow mary timeseachobjectwas xated upon.In eye
trackingexperimentsit is commonto userelatively sparselypopu-
latedenvironmentspecaus¢heanalysisof xation pointsbecomes

Name Description

Closedpaths Thesearethe partsof the mazethatare
separatérom themainpathsandmayor
may not containdistractingelements.

Correctpath The oor andwalls of the paththatmust
betraversedo gofrom thestartingpoint
to thedesignatediestination.

Incorrectpath The oors andwalls of deadends.

Theball underthe participants control.
Balls notunderparticipantcontrol.
Thefour enclosinghe playing eld.
Thetop surfaceof thewalls thatarenot
adjacento the correctpath.

Thetop surfaceof thewalls thataread-
jacentto the correctpath.

Usercontr, ball
Distractorballs
Main walls
Topsurface

Adj. to correct

Table1: Descriptionof objectclasses.Thecolor codingis consis-
tentwith Figure 2 (right).

morecomplicatedf several objectsarelocatedin the vicinity of a
xation point[Lee etal. 2007]. A commontechniques to simply
selectthe objectdirectly underneatlthe xation point.

However, gameservironmentscanbe clutteredandcomplex, mak-
ing sucha simpleapproacterrorprone. We have thereforedevel-
opeda novel approachtaking the distancebetweenpixels and a
xation pointinto account. With the accurag of the eye tracker
at 0.7 , andthe foveal region of humanvision spanningapprox-
imately 2 of visual angle[Palmer 1999], the areaover which a
xation pointbearsrelevanceis a circle with aradiusof around43
pixels (correspondingo a solid angleof 2.7 ).

Consideringframe number f, we assigna non-zeroweightw; to
all pixels (xp;yp) in awindow of 400 400 pixels (large enough
to be accurateand small enoughto be computationallyef cient)
accordingo their distanceto the xation point (Xs;ys):

0 ¢

1
(Xt Xp)2+ (Yr Yp)? A
252

Wi (Xp; Yp) = exp@ 1)

wheres = 43 pixels. With the aid of the item buffer, the weights
computedor frame f arethenaddedo theweightsof thedifferent
objects.This processs repeatedor all framesfor whicha xation
pointexistst. After normalizationnecessaryo accountor thefact
thateachtrial maylastfor a differentamountof time, this produces
aweightW associatedvith objecti.

In the designof the maze differentobjectsmay have the samerel-
evanceto the task. For instancethe walls aremadeup of different
segments. Therefore we group objectsplaying a similar role into
objectclassesTheclassesve distinguisharebasedupontheir an-
ticipatedrelevanceto solving the maze(describedn Table1). A
color-codedmageshawving thelocationof eachof theseelementss
shavn in Figure2 (right). After classi cation,eachparticipantpro-
ducesa normalizeddistribution of xations per objectclass. This
setof distributionsis thensubjectedo furtheranalysisasdiscussed
in Section4. We rst describethe collectionof conditionsusedin
our experiment.

3.6 Conditions

Thefour conditionsaredevelopedto testthedistribution of xation
pointsover objectclassesn active andpassve tasks,aswell asin

INote that not all frameshave an associatedxation point, assaccadic
eye movementsareof non-zeroduration.



the presenceof distractingandfocus-enhancinglements.In the

rst condition, participantswere asled to navigate the ball to the
destinationposition, locatedin the top left cornerof the playing
eld. No distractingobjectsor soundis presenin this condition.

Thesecondconditionadds ve staticdistractingspherego the ve
separatareas.Thetaskwasotherwiseidenticalto the rst condi-
tion. In thethird condition,we additionallyaddtwo typesof sound,
both connectedo the sphereunderparticipantcontrol. A contin-
uoussoundchangepitch in associatiorwith the currentspeedof
theball. A transiensoundindicatescollisions. It is anticipatedhat
thesesoundshelpwith thecontrolof thesphereratherthandistract.

For the remainingcondition, the gamewas modi ed to enableits
stateto be recorded. This is achieved by writing all events(such
asobjectmovements)which affect the gamestateto a le. Thisis
lessdataandcomputeintensive thanencodinga videoof thegame.
It canthereforeproceedn parallelto gatheringgazedatafrom the
eye tracker, aswell asdriving the gameitself without affectingthe
responsienesf thegame,or its frame-rate.

Further the recordedgamedatacan be playedbackin real time,

with the sameframe-rateasthe original recording,yielding an ex-

actreplicaof anearliertrial. Eachparticipantin the secondcon-
dition wasrecordedin this manney producingdatafor the fourth

condition. This last condition consistsof participantsobserving
pre-recordedyame data, without having beenseta task. As the
samenumberof participantsvereusedin eachcondition,eachpar

ticipantin thefourth conditionwasexposedo adifferentrecording
obtainedn the seconctondition.

3.7 Participants

Forty participants(36 menand4 women,agerangel8 42) with

normalor correctedo normalvision wererecruitedfor our exper

iments. As the eye tracker occasionallylosescalibrationduring a
trial, especiallyfor participantswearingglassestrials which have
clearly producedunreliabledatawerereplacedwith newv ones,for

which new participantsvererecruited.No participantwasexposed
to morethanone condition,so thatlearningeffects betweertrials
could be avoided. As a result, eachcondition was evaluatedby

exactly ten participants. The participantswere asled to readin-

structionsbeforethe startof the experiment. The instructionsfor

theactive andpassve conditionsareshavn in AppendixA.

4 Results

First,we wantedto analyzewhetherabituationplaysanimportant
role in the analysis. It may be anticipatedthat participantslearn
thepathto thedestinationrst, andthenspendheremaindeof the
trial steeringheball. It is equallylik ely thatparticipantdrequently
alternatebetweemavigation andsteering. To assessvhetherpar

ticipantschangetheir xation behaior duringthe courseof atrial,

we have computedthe numberof xations occurringper second
for eachparticipantand eachcondition. For eachpointt on the
time line, we countedthe numberof xations in a window span-
ningt 15 secondgexceptnearthe startandendof trials, where
thewindow sizewasreducedo accommodatéor thelack of data).

Theresultsareplottedin Figure3, andindicatethat xation beha-
ior for eachparticipantis relatively stableover time. As a result,
we infer that participantsdo not changetheir solutionstratgy dur
ing the courseof thetrial. It is morelikely thatmostparticipants
usea stratgy wherebynavigation andsteeringarealternated The
averagetrial durationfor thefour conditionswas72 12 seconds.

Given that the numberof xations per secondis stableover the
courseof eachtrial, we concludethat habituationandlearningef-

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),orthe
total xation durationg(F(3,36)=1.092,p = 0.365).

The distribution of xations over the different object classesor

eachparticipantandeachconditionis shavn in Figure4. We note
thatthesedistributionsaremarkedly differentfrom the distribution

onewould obtainby countingthe numberof pixels that are cov-

eredby eachobjecttype (showvn in Figure5). Thus,we conclude
thatnoneof theresultspresenteahext canbe explainedby random
xation behaior.

The rst importantobsenation is thatthe numberof xations at-
tractedby the correct path andits neighboringadjacentto correct
form the majority of all xations points, regardlessof condition.
This canalsobe seenby plotting the xation pointson top of the
mazestimulus,asshowvn for arepresentate participantof condi-
tion 2in Figure6 (a). The xation pointsin this gure roughlymap
out the correctpath betweenstartanddestinationpoints, shaving
thatthe taskof solvingthe mazehasa strongimpacton where x-
ationpointsarelikely to occur The xation pointsfor arepresen-
tative participantof condition4 areshavn in Figure6 (b).

Theraw dataof Figure4 weresubjectedo a one-way analysisof
variance(ANOVA), the null hypothesisbeingthat no statistically
signi cant differenceshetweenthesedistributions are found. All
preconditionsfor ANOVA regardingindependencand normality
wereful lled. By usingthefour conditionsasgroups(ourindepen-
dentvariable),we found thatthe testof homogeneityof variances
wasmetfor all the objectclassegour dependenvariables) barthe
distractor balls (p = 0:001).

Tukey's HSD posthoc test shaws that there are statisticaldiffer-

encesbetweencondition1 andthe otherconditionsfor this object
class(p = 0:000). This is explainedby the factthat no distractors
exist in oneof theconditions(theirweightwassetto 0 in condition
1). If we excludecondition1, thenthetestof homogeneityof vari-

anceswasmetfor all objectclasses.The ANOVA valuesfor both

testsareshavn in Table2.

We nd thatthe null hypothesiss supportedor all objectclasses
over all four conditions,with the exceptionof thedistractors class.
Onceagin, if we excludecondition1 from the analysisthenthe

null hypothesisis supportedfor all objectclassesdn the threere-

mainingconditions.Thus,we have found no statisticaldifferences
in xation behaior of participantdn eachof thefour conditions.

Thereareseveralimplicationsof this result. First, comparingcon-
ditions 2 and 4, we seethat thereis no signi cant differencein

thedistribution of xations, independenof whetherthe gamewas
actively playedor passiely obsered. This resultis important,be-
causeit provesthat the absenceof a task (otherthan simple ob-
senation) doesnot guaranteehat participantswill not assumea
task. For this particulargame free viewing of a pre-recordedjame
encouragethe obsenrersthe solve thetask“in theirheads”.Asin

thiscasethedistributionof xation patternsontinuego follow that
of theactive condition,we concludethatary computationametric
thatassumeshe absencef a taskcannotbe applied. Importantly
thisincludessalieny algorithms.

Secondcomparingconditionsl and 2, we seethatthe additionof
vedistractingobjectsdid nothave ary effectontaskperformance:
thedistributionof xations overall objectclassesemainghesame,
with theexceptionof thedistractingobjectsthemseleswhichwere
absentn condition1. Oncemore,thisresultwould notbepredicted
by salieng algorithms,which would indicatea differencebetween
theseconditionsdueto thecontrastingsolor of thedistractingballs.
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Figure3: Thenumberof xations persecondor ead participant.

Third, conditions2 and4 enableusto assesthein uence of sound,
which was presentin condition4. Here, ratherthandistract,the
soundaveredesignedo supporthesteeringcomponenof thetask.
We would anticipatethis to have anin uence onthe distribution of
xations over object classes. However, we did not nd suchan
in uence, shaving thatthe taskwasnot facilitatedby includingan
auditoryindicationof speedandthe occurrencef collisions.

4.1 Comparison with Saliency Maps

While salieny mapsarecurrentlyadwocatedasa usefultool to un-
derstandxation behaior in games[Petersandltti 2008], on the
basisof our experimentswe arenow ableto aguethatsuchalgo-
rithms canonly be usedwith the utmostcare,andpossiblyin the
context of gamesshouldbe avoided.

In a sensethe designof the mazeforms a worst-casescenaricfor
salieny maps. Thesealgorithmsdeterminesalieny 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
salieny mapwill thereforehave a substantiallyuniform distribu-
tion, asshavn in Figure6 (c), which plotsthe salieny mapcom-
putedusingltti andKoch's [1998] algorithm. Comparingthis with
theactualdistribution of the xation points(Figure6 (aandb)), we
seethatthe actual xation patternis not predictedby the salieny
algorithm,evenif notaskis speci ed.

Thenumberof timesthatthe xation pointwasin thevicinity of the
ball thatwasbeingcontrolledwasunexpectediylow (seeFigure4).
As thiswasthe only objectthatmoves,we cannotattribute the dif-
ferencesbetweenthe outcomeof our experimentandthe salieny
mapsshaowvn in Figure6 (c) to thefactthatwe did not take motion
into accountfor thecomputatiorof the salieny map.

Figure 6 (d) shaws the relative importanceassignedo the object
classeshasedon the eye tracking resultsfrom condition2. Note
thattheunerennes®f theimportancedistribution suggestshatour
initial division of objectsinto objectclassesvashighly correlated
with the task performed. Suchcorrelationdoesnot exist between
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randomlydistributedover theimage, this distribution wouldbe ob-
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xations. Thecolor codingis consistentvith Figure 2 (right).

Objectclasses

Four Conditions

Conditions2, 3, and4

Closedpaths
Correctpath
Incorrectpath
Usercontr. ball
Distractorballs
Main walls
Top surface
Adj. to correct

(F(3,36)=2.748,p=0.057)
(F(3,36)=2.052,p=0.124)
(F(3,36)=0.239,p = 0.869)
(F(3,36)=0.885,p = 0.458)
(F(3,36)=21.99,p = 0.000)
(F(3,36)=1.149,p=0.343)
(F(3,36)=0.775,p=0.516)
(F(3,36)= 1.376,p = 0.266)

(F(2,27)=1.843p=0.178)
(F(2,27)=0.619,p = 0.546)
(F(2,27)=0.397,p=0.676)
(F(2,27)=1.738,p= 0.195)
(F(2,27)=13.002,p = 0.066)
(F(2,27)=1.554,p = 0.230)
(F(2,27)=0.105,p = 0.901)
(F(2,27)=1.292,p=0.291)

Table2: Statisticsfor eact objectclass. Thesecondcolumnshows
theresultsif all four conditionsare included. Dueto the absence
of distractor ballsin condition1, we haverepeatedheanalysisfor
conditions2, 3, and4 in thelast columns.

the salieny map (seeFigure 6 (c)) andthe eye tracking results.
Comparingconditions1 and 2, the distractingobjectsdo not al-
ter the distribution of xations over objectclassesHowever, their
contrastingcolor doesproducea patternof salieng, which is not
supportedy our experiments.

We assumethat for mary games,designerdrequentlyadjustthe
amountof detail, motion, contrastJuminance etc., to directplay-
erstoward their goal: objectsmorerelevantto the taskto be ac-
complishedmay exhibit more motion, contrast,etc., than objects
with lower taskrelevance. This may explain the factthatin some
games,salieny mapsare ableto predict xation behaior better
thanchancqPetersandltti 2008]. However, our experimentshavs
thatthis correlationdoesnot necessarilygeneralizeto othergame
scenariosFinally, thereis a possibilitythatthe predictve power of
salieny mapsis in essencameasuref how muchgamedesigners
male their task-rel@antobjectsstandout from the background.

5 Conclusions

Theaim of our work is to assesshe distribution of xation points
overasetof pre-determinedbjectclassesTheobjectclassesvere
chosento correspondwith the expectedrelevanceto the task of
solvinga mazeandsteeringa ball throughit. We nd thatthedis-
tribution of xation pointsdeviatessigni cantly from thosewhich
would be predictedby currentsalieny algorithms. Moreover, no
differencewasfound betweeractive gameplay andpassie obser
vation.

We attributethis resultto thefactthattasksandobjectivesin games
aretypically designedo beeasilyapparenor understandablél his
meansthat even if no taskis speci ed, obsererswill assumea
task. Relatedwork have shavn thatwhenan obserer is watching

ablock stackingtask,the gazepredictionis highly similar to when
they performthetaskthemseles[FlanaganandJohansso2003].

Whereasxisting studiesexplored average-casbehaior by using
existing games[Kenry et al. 2005; EI-Nasrand Yan 2006; Peters
andltti 2008],i.e. without control of salientfeaturesin the game
design,ourwork hasfor the rst time createdaworst-casescenario
for salieny algorithms. As our mazedesignshaows, actual xa-
tion behaior candeviateby anarbitraryamountfrom the predicted
salieny. Further objectswhich a salieny algorithmwould ag as
distractingdo not necessarympedetaskef ciency.

We hypothesizehatthe correspondenceetweenxation behaior
andsalieny algorithmsdependsstrongly on the efforts of the de-
signerto imposesalientcharacteristic$o objectsthathapperto be
task-relgant. This may explain the abose chanceperformanceof
salieny algorithmsin existing games[Petersandltti 2008]. As a
result,in the context of gamedesignwe would argue for caution
whenusingsalieng algorithms.

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

For participantsin conditions1, 2, and 3 (all actively playing the
game),theinstructionsareasfollows:

“Pleasereadthis informationcarefully: Thetaskin this experiment
is to play a game. The goal of the gameis to guidea ball through
amaze. The nish point of the mazeis indicatedwith a cross,as
showvn belon. Whenyou reachthe nish point the gamewill stop
andtheexperiments over. Theball canbemovedin four directions
by usingthe keys showvn belon. Pleaseasknow if you have ary
questions.
f

[l —
|

An examplemazewasalsoshown to the participants.For partici-
pantsin the passie viewing condition,theinstructionsare:

“Pleasereadthis informationcarefully: In this experimentyou will
be shavn ananimation.Pleasewatchit. If you have ary questions
pleaseasknow.”



Figure6: Thelocationof xation pointsfor a representativeparticipantof condition2 (a) andthe passivecondition4 (b). Image (c) shows
a saliencymap of the maze computedisinga saliencyalgorithm [Itti et al. 1998] and (d) showsour distribution mapover objectclasses

genertedfromthetenparticipantsin condition2.
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