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Abstract

Level of detail renderingreducesthegeometriccomplexity of ob-
jectsin virtual reality in orderto reducethecomputationalloadon
therenderingsystem.Althoughtheresultantincreasein rendering
speedis desirable,thebehavioral consequencesof thesetechniques
for humansperformingrealistic tasksin complex virtual environ-
mentsare not well understood. The currentstudy examinesthe
behavior of humanobserversin virtual environmentsrenderedus-
ing a gaze-contingentlevel of detail criterion. This methodtakes
advantageof the fact that the visual sensitivity of the humanvi-
sual systemis greaterat the point of gazethan in the periphery
by renderingobjectsin the peripherywith lessdetail thanobjects
at the point of gaze. In the experiment,participantsperformeda
“virtual search”task, i.e. a visual searchtaskwhereparticipants
arerequiredto pantheviewport to �nd a targetobjectamongdis-
tractorsin a virtual environment. Gaze-contingentrenderingwas
employed wherethe level of detaildroppedcontinuouslyfrom the
point of gaze.The time to detectandlocalizethe targetwasmea-
suredasa function of the rateof declinein visual detail. Frame
rateswereallowedto increasewith decreasingdetail,thuskeeping
computationalloadapproximatelyconstant.Reactiontimesto de-
tectthetargetincreasedwith decreasingdetailwhile reactiontimes
to localize the target decreasedwith decreasingdetail. Thesere-
sultssuggestthatreduceddetailimpedestargetidenti�cation while
theincreasedframeratesdueto thereductionin detailfaciliatesin-
teractionwith virtual environments.Overall, theseresultsindicate
that the behavioral performancecostsof gaze-contingentlevel of
detailtechniquescanbeoffsetby thebehavioral performancegains
dueto increasedrenderingspeed.

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—InteractionTechniques;

Keywords: Level of Detail, VisualSearch,Virtual Reality, Vari-
ableResolution

1 Intr oduction

Mucheffort hasbeenfocusedonthedevelopmentof ef�cient meth-
odssuitablefor reducingthecomplexity of geometricmodelsused
in virtual reality applications.Thesemethodsreducethegeometric
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Figure1: The edgein meshA that spansfrom vertex *�+ to *�, is
thesmallestedgein themeshandis thereforecollapsedto a single
vertex *-+ in meshB.

complexity, or level of detail (LOD), of modelsin orderto reduce
thecomputationalresourcesrequiredto renderthevirtual environ-
ment. The saved resourcescan be utilized to increaserendering
frame ratesor can be shifted to other computationallyintensive
tasks.

Level of detail renderingtechniquestake advantageof the fact
thatmuchof athreedimensionalmodel'sgeometricdetailis unnec-
essaryundercertaincircumstances.For example,distance-based
level of detail manipulationsreducemodel complexity when the
model is distant from the viewer and thereforeonly visible in a
small portion of the visual �eld. Distance-basedlevel of detail
renderinghasbeensuccessfullyimplementedin �ight simulators
sinceoriginally conceived [2]. Similarly, real-timeviewpoint de-
pendentsimpli�cation methodshave beendevelopedthat reduce
modelcomplexity in partsof themodelthatarehiddenwhenren-
deredfrom a particularvantagepoint [7, 10,24]. Commonto both
of thesemethodsis that they take advantageof thespeci�c geom-
etry of the virtual environmentto determinethe renderedlevel of
detail.

Recently, anotherclassof level of detail renderingtechniques
hasbeendevelopedthat takesadvantageof theway thehumanvi-
sual systemprocessesinformation. Thesetechniquesexploit the
fact that the sensitivity of the visual systemto detail can vary in
differentsituations.For example,thevisual systemhasa reduced
sensitivity to thedetailsof moving stimuli [12, 1]. Velocity-based
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Figure2: Therelationshipbetweenthenumberof verticesandthe
total costof renderinga mesh. Note that the cost is a non-linear
functionof thenumberof verticesin themodel,which variesfrom
objectto object.

level of detail techniquestake advantageof this fact by rendering
moving objectsin lessdetail thanstationaryobjects[5, 16, 17]. It
is alsowell known that visual sensitivity to detail falls off rapidly
in the visual periphery[21]. Gaze-contingentlevel of detail tech-
niquestake advantageof this fact by renderingmodelsusingless
detail in theperipherythanat thepoint of gaze[14, 11, 13]. This
techniquerequiresthatthepointof gazebetrackedin real-time,but
the potentialcomputationalsavings usingsucha techniqueis one
order of magnitude,or greater, dependingon display parameters
suchassizeandresolution[15].

Thedevelopmentof level of detailreductiontechniquesthatrely
on perceptualcriteriapromisesto furtherreducethecomputational
requirementsfor virtual reality systems. Unfortunately, little re-
searchhasbeenconductedto examinethebehavioral consequences
of suchmanipulationswith realistic tasksand in complex virtual
environments.The humanvisual systemis a complex, non-linear
systemandthereforedetailedbehavioral evaluationsof thesedis-
play techniquesmustbe conducted.The currentstudy is the �rst
of which we areawareto examinethebehavioral consequencesof
a gaze-contingentlevel of detailrenderingtechniquewith realistic,
interactive virtual enviromentsandnaturalbehavioral tasks.

We examinebehavioral performancein a “virtual search”task,
a paradigmsimilar to thetraditionalvisualsearchparadigmwhere
participantsarerequiredto searchfor a speci�ed target item in a
display. The virtual componentof the task requiresthat partici-
pantssearcha complex threedimensionalvirtual environmentfor
a target object. The virtual environmentsusedin the experiment
area seriesof single-roomhomeinteriors(seeFigure5). Partici-
pantsarealwayscenteredin the room andallowed to rotate(pan)
theviewportusinga mousein orderto �nd thetargetobject.

Theexperimentexaminesbehavioral performanceacrossarange
of level of detailsconditions. In all conditions,the instantaneous
level of detailof anentireobjectis determinedby thedistancefrom
theobjectscenterof massto thepointof gaze.Thedeclinein detail
from the point of gazeis continuous,and the rateof declinewas
experimentallyvaried.Thetimeto detecta targetobjectandsubse-
quentlylocalizethetargetwasmeasuredasa functionof therateof
declinein visualdetail.

Level of detail techniquesfreeup computationalresourcesoth-
erwiseusedin traditional uniform resolutiondisplays. The most

N+O P

P�O Q

P�O R

P�O S

P�O T

P�O P

P T�P�PUP SVPUP�P R�P�PUP

WYX�Z[Z]\ ^

_a` Zcb;d>^$e

f"^/g.hiX.Z

j;g�klh

Wme]` ^�n�bogqp6^

WYg6p.r	^�Z

s t

u

t

v w

x y

t

z {

|

v

}4~6•8€1•;‚;ƒ>„6…�•;‚[†]‡ ˆE•6‰

Figure3: Therelationshipbetweenthenumberof verticesandthe
normalizedlevel of detailof theobject. Note that the relationship
is non-linearandfor somemodelsthe level of detail remainshigh
until a largenumberof verticeshave beenremovedfromthemodel.
This is especiallytruefor modelswith largenumbersof vertices.

immediateuseonecanmakeof theseresourcesis to increaseframe
renderingrates. In the presentexperimentwe allow frame rates
to vary and thereforekeep the computationalresourcesrequired
to rendereachconditionapproximatelyconstant. The behavioral
effectsof this combinedreductionof peripheralvisual detail and
increaseof temporalresolutionwill be examined. Becauseslow
systemresponsivenesshasbeenshown to bedetrimentalwhenin-
teractingwith virtual environments[23], it is predictedthat thein-
creasedframeratesassociatedwith low levelsof detailwill amelio-
rateperformancethatrequiressuchinteraction.

2 Level of Detail

Level of detailmanipulationswereimplementedusingasimplever-
tex decimationalgorithmthat collapsestwo verticesconnectedby
anedgeinto onesinglevertex (seeFigure1). Vertex decimationis
a widely usedtechnique[18, 20, 8] andcanbe usedto producea
progressive meshrepresentation[6]. A progressive meshis essen-
tially a linked list of verticesthat indicatesthesuccessive orderof
edgecollapsesfrom the highestto the lowestlevel of detail. This
linked list canbe precomputedprior to run time andthereforeaf-
fords rapid selectionof many levels of detail at rendertime. A
progressivemeshrepresentationis usedfor all modelsin thisstudy.
All meshcollapsesequencesareprecomputedprior to runtime.

Typically, vertex decimationproceedsby selectingtheedgesof
lowestcostto collapse�rst. Edgecostdependson a costfunction.
A wide varietyof parameterscanbeusedto determinethecostof
collapsingan edgeincluding the edgelength, local curvature,lo-
cal color or texture differences.In general,theseparameterscan
greatlyaffect the visual quality of a simpli�ed mesh. As to now,
thereis no unambiguousmeasurethat capturesall aspectsof the
visualquality of a simpli�ed mesh(althoughsee[17, 9] for candi-
datemeasures).Rather, most techniquesfocuson someaspectof
geometric�delity . For the purposesof simplicity andgenerality,
we usea costfunctionwherethecostto collapseanedgeis solely
determinedby thelengthof thatedge.Therefore,thetotal costas-
sociatedwith a simpli�ed model is the sum of the costsof each
collapsededge,or in otherwordsthe sumlengthof all collapsed



edges.
One requirementfor using level of detail basedtechniquesin

complex virtual environmentsis that model complexity must be
variedconsistentlyacrossall objects.Using theprogressive mesh
representation,it might be appealingto usea �x ed percentageof
verticesto representa givenlevel of detail. Unfortunately, this has
undesirableconsequences.For example,removing 50 percentof
theverticesfrom anover-tesselatedmeshwith 10,000verticesmay
not bevisually disturbing,but on theotherhand,removing 50 per-
centof theverticesfrom a modelwith only 100verticeswould be
veryvisually disturbing.

An alternative is to useagivencostto representa level of detail.
Unfortunatelyagain, this hasunappealingconsequences.Shown
in Figure2 is therelationshipbetweenthenumberof verticesand
the total cost for six objectsusedin the experiment. As can be
seen,theobjectsvary greatlyin their total numberof verticesand
consequently, thetotal costassociatedwith eachobjectalsovaries
greatly. Additionally, thetotal costis a functionof therelative size
of theobject,with largerobjectsincurringagreatercost.Choosing
an absolutecost level to representlevel of detail still resultsin a
greatervisualdisturbancefor complex objects.

Thesolutionwe devisedto this problem(i.e. to producea per-
ceptuallyconstantsimpli�cation acrossobjectsthat vary incom-
plexity, sizeandgeometricconstruction)is to normalizethe total
costof a meshat a givenlevel of detailby thecostassociatedwith
the lowest level of detail (a meshof threevertices). For instance,
Figure2 shows that the costof reducingthe“Pitcher”objectfrom
its maximalnumberof vertices(about1500)to the lowestlevel of
detail of approximately28,000lengthunits. Thus,we de�ne the
level of detailof a reducedversionof this objectasthesumof the
lengthof all its edgesdividedby 28,000.It is clearthatthisnumber
is between0 (lowestlevel of detail)and1 (highestlevel).

As canbeseenin Figure3, this normalizationprocedureserves
to equatemodelsof differentcomplexity. This canalsobeseenin
Figure6 wherefour levelsof detailareshown for a setof objects.
As expected,low levelsof detailtendto have few verticesandhigh
levels of detail tendto have morevertices.Note thatat any given
level of detail, the numberof verticesrenderedvariesacrossob-
jects. High complexity objectscan withstandthe elimination of
many moreverticesthanlow complexity objects.

This transformationis not perfectandit could be improved by
using more perceptuallyvalid cost measures.Doing this would
mostlikely increasethenumberof verticesthatcouldbeeliminated
for agivenperceptualquality. Sucheffortsmayfurtherincreasethe
computationalef�ciency of level of detailtechniques.

3 Gaze-Conting ent Level of Detail

Gaze-continentlevel of detail reductionwasimplementedby relat-
ing therenderedlevel of detailof eachobjectto thedistanceof that
object to the instantaneouspoint of gaze. As shown in Figure4,
level of detaildecreaseslinearly asthedistancefrom therendered
objectto thepoint of gazeincreases.A minimumlevel of detailof
0.10wasmaintainedin eachcondition.

Six experimentalconditionswereexaminedcorrespondingto six
differentratesof LOD decline.Detaildroppedasthedistancefrom
thepoint of gazeincreasedat a rateof 0.00,0.02,0.04,0.06,0.10
or 0.20LOD unitsperdegreeof visualangle.

Pilot studiesindicatedthatnoisein themeasurementof thepoint
of gaze,typically lessthan1 degreeof visualangle,in combination
with thegaze-contingentlevel of detailrenderingcauseda visually
disturbingeffect. This effect canbe characterisedasshimmering
andwasmostlikely amotionsignalthatwasstrongin theperipheral
visual �eld. Random�uctions in the measuredpoint of gazedue
to noisecausedthe numberof verticesin eachobject to �uctuate
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Figure4: Therelationshipbetweentherenderedlevel of detailand
thedistancefrom thepointof gazein eachof theexperimentalcon-
ditions.

rapidly. This �uctuation resultedin vertices“popping” in andout
of themesh.

To reducethis visually disturbing effect a thresholdwas im-
posedon the point of gaze. The point of gaze,asrelevant to the
gaze-contingentrendering,wasconsideredto have moved only if
it hadsurpasseda criteriondistanceof 1.5degreesof visualangle.
This thresholdfor the mostpart eliminatedthe disturbingeffects
due to noise. “Popping” in or out of verticesstill occuredwhen
theobserver �xated a locationandpannedthedisplayat thesame
time, causingthedistancefrom eachobjectto thepoint of gazeto
change.Thiseffectwaslessvisuallydisturbingthanthatcausedby
thenoise,andthis factis mostlikely dueto thereducedvisualsen-
sitivity to thedetailsof moving objects.Notethatwhenparticipants
pannedthedisplayandcontinuedto �xate anobject(ratherthana
location)usingsmoothpursuiteyemovements,thedistanceto each
objectandthe point of gazewasconstantandthereforeno visual
disturbanceswerepresent.Trackingobjectsusingsmoothpursuit
eyemovementswhile thedisplaywaspannedwasa commonstrat-
egy adoptedby participants.

4 Methods

4.1 Participants

Six JohnsHopkinsstudentswerepaidfor participationin theexper-
iment. All participantshadnormal or corrected-to-normalvision
andall werenaive with respectto thepurposeof thestudy.

4.2 Apparatus

Virtual environmentswere renderedusing the Unreal�
�

render-
ing engineon an 1GhzIntel PentiumIII basedpersonalcomputer
using an Elsa GladiacGraphicsAdapterwith 32MByte of video
memory. All environmentswerepresentedfull-screenon a stan-
dard17 inch computerscreenat a resolutionof 800by 600pixels
at a videorefreshrateof 60hz. Participantswereseatedat normal
viewing distance
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from the computerscreen,the viewable
portionof which subtended30.0� of visualanglehorizontallyand
22.4� vertically. Participantsinteractedwith theenvironmentusing
a standardright-handed,three-button mouse.The viewport of the
virtual environmentcouldbe rotatedby moving the mouseleft or
right, controllingyaw, aswell asby moving themouseforwardor



Figure5: Four differentviewpointsof onevirtual homeinterior usedin theexperiment.Thesefour views of �

�

�
eachspanthewholeroom
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). Eachview is drawn usingthehighestlevel of detail(1.0).
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Figure6: The10 targetobjectsareshown at 4 levelsof detail.



backward, controlling pitch. The rendered�eld of view spanned
�

�

� of visualanglein thevirtual environment.

4.3 Eye Tracking

An ISCAN modelRK-416eye tracker wasusedto monitoreyepo-
sition. This modelis a real time digital imageprocessorthattracks
the centerof the participant's pupil andmeasuresits sizefrom an
infraredvideo imageof the participant's eye. The unit automati-
cally computesthe positionof thepupil over the two-dimensional
matrix of theeye imagingcamera.Pupil coordinatesanddiameter
are computedat a rate of 60Hz. A bi-cubic nonlinearinterpola-
tion (cubic in both horizontalandvertical dimensions)betweena
grid of ninecalibrationpointswasusedto calibratetheeye tracker
[19]. Thisprocedurehelpedto minimizeerrorsfrom non-linearities
dueto infraredsourcere�ections.Additionally, thecalibrationwas
adjustedusinga procedurewhereaneye samplefrom the �xation
pointat thebeginningof eachtrial, just afterviewing thetargetob-
jectandjustprior to enteringeachvirtual room,wasusedto re-align
theoriginal ninepoint interpolation.A customchin restwasused
to minimizeeye trackingartifactsdueto headmovements.

4.4 Stim uli

The virtual environmentswere constructedby using polygonal
meshobjectsfrom awiderangeof sourcesontheInternet,presum-
ably generatedusing different methodsand/orsoftware. To that
point, thecomplexity of themodelsdiffersgreatly. Thenumberof
verticesin themodelsrangefrom 100to 6005with ameanof 1730
vertices(SD=1617).In addition,thetopologyof themeshesvaried.
Somemesheswerea singularpiecewith no holes(e.g. thevasein
�gure 6) while othershada numberof disconnectedparts(e.g. the
leavesof theplant).Oneconsequenceof this factis thatheavily re-
ducedmeshessometimesappearedto have two disconnectedparts
(e.g.theteapotandits handlein Figure6).

A total of � ve differenthomeinteriorswerecreatedfor this ex-
periment.Eachhomeinteriorcontainedthesamesetof objects,but
arrangeddifferently. All homeinteriorswereof thesamephysical
dimensionsandtheparticipant's virtual positionwasalwaysin the
exactcenteroftheroom.Participantscouldcontroltheviewport ro-
tationbut not their virtual position.Objectswereplacedalongeach
of thewalls in a way thatgave asnearaspossiblea normalhome
interior appearance.No objectswereplacedin the centerof the
room.Becausethecomplexity, andthereforetherenderingtime,of
eachobjectvariedwidely, someeffort wasmadeto distribute the
objectsuniformly acrosstheroomwhenthey werecreatedsoasto
maintainanapproximatelyconstantframeratefrom any view. The
distribution of objectscanbeseenin �gure 5 wherefour different
viewpointsof thesamehomeinteriorareshown.

4.5 Task

The virtual searchtaskrequiresparticipantsto searchfor a target
objectin avirtual environment.Ourvirtual searchtaskdiffersfrom
traditionalvisual searchparadigmsbecauseit involvesnot only a
sensorycomponent,i.e. detectinga visualstimulus,but alsoa mo-
tor component,i.e. controllingtheviewport. Tentargetobjectsof
similar visualappearancewereselectedfrom theobjectsthatwere
containedin eachhomeinterior. All targetsareshown in Figure6.
Notethatthevisualsimilarity of thetargetsincreasesasthelevel of
detaildecreases.This is primarily dueto thelossof smallde�ning
features,for example,the lossof the handleon the pitcheror the
teapot.

Psychophysicalevidenceindicatesthat color canbe ef�ciently
usedto guideattentionin visual searchparadigms[4]. If the task
examineddoesnotcritically dependonthevisualform of thetarget

but ratheron the color of that target, little or no effects of vary-
ing the level of detail shouldbe found. By removing the ability
of color to guidethesearch,the taskbecomesmoredependenton
form, andmore likely to be sensitive to level of detail manipula-
tions. To limit the ability of participantsto usecolor information
ratherthanform information,all objectsin theenvironmentswere
renderedin shadesof gray. Although the rangeof object shades
variesfrom target to target, no target wasuniquelyde�ned by its
shadeof gray. Thepotentialfor taskdemandsto interactwith the
behavioral effectsof level of detailmanipulationsis itself interest-
ing andwill beexaminedin futurestudies.

4.6 Procedure

At the beginningof eachtrial, a nine point eye tracker calibration
wasconducted.Then,a targetobjectwasrandomlyselectedfrom
10possibletargetobjects(seeFigure6) andpresentedto thepartic-
ipanton a blankscreen.Theobjectwascontinuallyrotatedabout
all threeaxessuchthat participantshada chanceto view the ob-
ject from all directions. The target objectwaspresenteduntil the
participantpressedthe left mousebutton at which time the target
disappearedandwasreplacedby a centrallylocated�xation cross.
Participantswere instructedto �xate the crossand pressthe left
mousebuttonto begin thetrial.

Oncethetrial began,thevirtual environmentwasdisplayed.Par-
ticipantswereinstructedto �nd thetargetasquickly aspossibleand
respondthatthey haddetectedtheobjectby clicking theleft mouse
button. After this �rst responsea greencrosshairappearedat the
centerof thedisplay. Participantswererequiredto localizethetar-
getby panningthedisplaysothatthecrosshairwasalignedwith the
targetobjectandsubsequentlypressingtheleft mousebutton. Par-
ticipantsweretold thataccuracy wasimportantfor thelocalization
response.

4.7 Experimental Design

A total of six experimentalconditionswereexamined,eachwith a
differentrateof LOD decline.Framerateswereallowedto varyand
increasedwith increasingratesof LOD decline(seeResults).Each
participantcompleteda total of 180 trials. Eachof the5 different
homeinteriorswaspresentedin eachof the6 differentexperimental
conditionsatotalof 6 times.Experimentalconditionswereselected
for eachtrial in a randomorder.

5 Results

Meanreactiontimeto detectthetargetobjectswascalculatedbased
only onthosetrialswherethesubsequentlocalizationresponsewas
accuratewithin plus or minus2 degreesof visual angle. In addi-
tion, any trials whereparticipantsrequiredgreaterthan5 seconds
to localizethe targetaftersignalingdetectionwereexcluded.This
eliminatedany trials whereparticipantsmayhave falsealarmedon
the detectionresponsebut tried to localizethe correcttarget. Us-
ing thesecriteria, accuracy was, on average,97 percentand did
not signi�cantly differ as a function of the rate of LOD decline
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Mean reactiontime to detectthe target object was calculated

for eachparticipant.Thedetectiontimesincreasedwith increasing
ratesof LOD decline
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. This is shown
in Figure7 asthemeanacrossparticipantsplusor minusonestan-
darderrorof thatmean.A regresssionanalysiswasconductedand
a line of best�t wascalculatedfor reactiontimesasa functionof
therateof LOD decline.A signi�cant slopeof 71msper0.01units
of LOD declinewasobtained
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Meanreactiontime to localizethe target objectwascalculated

for eachparticipant. Time to localize the target was measured
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Figure7: Meanreactiontimesto detectthe target. Reactiontimes
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from the time of detectionto the time which participantsplaced
a crosshairon top of the target and respondedusing the mouse.
Localizationtimesdecreasewith increasingratesof LOD decline
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. This is shown in Figure8 as the
meanacrossparticipantsplus or minusonestandarderror of that
mean.

Meanframerenderingtimeswererecordedin eachconditionand
the resultsare shown in Figure 9. Rendertimes decreasedwith
increasingratesof LOD decline
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6 Discussion

Theaim of this studywasto examinegaze-contingentlevel of de-
tail renderingtechniquesusing realistic, interactive virtual envi-
ronmentsandnaturalbehavioral tasks. Detectionandlocalization
timesweremeasuredwhile participantsperformedvisualsearchof
interactive virtual environmentsrenderedusinga gaze-contingent
level of detailtechnique.

A signi�cant slowing of targetdetectiontimeswasobserved as
a function of the renderedlevel of detail. Targetswereharderto
detectwhentheperipherallevel of detailwaslow. This effect can
potentiallybeattributedto threeaspectsof thereducedlevel of de-
tail manipulation. First, reductionof the renderedlevel of detail
reducesthevisualdistinctivenessof objects.As canbeseenin Fig-
ure6, targetsimilarity increaseswith decreasingdetail. As target-
distractorsimilarity increases,sodoesvisual searchdif�culty [3].
Along similar lines, the reducedlevel of detail may affect object
recognitionin general.This interpretationis supportedby the re-
sultsof Watson,Friedman,andMcGaffey (2000)that indicatethat
objectnamingtime is sensitive to modelsimpli�caton. Lastly, dy-
namiclevel of detailtechniquesintroduceavisible�ick erdueto the
appearanceor disappearanceof verticesaslevel of detailchanges.
This �ick er maybestrongerwhenthelevel of detail in theperiph-
ery is low andcauseslowing.

A signi�cant decreaseof target localizationtimeswasobserved
asa function of the renderedlevel of detail. Targetswereeasiler
to localizewhentheperipherallevel of detailwaslow. This effect
is mostlikely dueto the increasein frameratesthataccompanied
thelow level of detail. Thetime to rendera framein thefull detail
conditionwas108ms (i.e. 9.2 fps) whereasin theconditionwith
the mostsigni�cant reduction,the time to rendereachframewas
only 18 ms (i.e., 56 fps). This signi�cant increasein framerates
leadto a decreasein localizationtimesof approximately800ms.
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Theresultsof thisstudyarerestrictedin thatonlyonelevel of de-
tail reductiontechniquewasexamined.A simplevertex decimation
techniquewasutilizedwherethecostfunctionwassoley afunction
of edgelength. Theability of this reductiontechniqueto maintain
a high degreeof perceptualquality for heavily reducedmodelsis
limited. Edgedecimationis a widely usedtechniqueandservesas
thebasisfor many moresophisticatedreductionalgorithms.Thus,
theoverall results,which indicatea slowing in detectiontimesand
a speedingof localizationtimeswith moredrasticlevelsof reduc-
tion, likely generalizeto many otherreductiontechniques,while the
magnitudesof thereactiontime costsmaybesmallerfor moreso-
phisticatedreductiontechniques.It is expectedthattheuseof other
reductiontechniques,both view independentandview dependent,
will increasethe bene�ts while limiting the costsassociatedwith
level of detailrenderingtechniques.

The goal of this study was to examine the behavioral conse-
quencesof using gaze-contingentlevel of detail renderingtech-
niques. The primary �nding is that virtual searchperformanceis
impairedastherenderedlevel of detaildecreasesbut thatthegains
in localizationperformancedueto theincreasedrenderingratecan
offset thedetectioncostsassociatedwith thereducedvisualdetail.



Theseresultssuggestthatgaze-contingentlevel of detail rendering
techniquesrepresenta viablefuturetechnology.
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