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Abstract

We studytexture projectionbasedon a four region subdivision: magni�cation, mini�cation, and

two mixedregions.We proposeimprovedversionsof existing techniquesby providing exact �ltering

methodswhich reduceboth aliasingandoverblurring, especiallyin the mixed regions. We further

presenta novel texture mappingalgorithmcalledFAST (Footprint Area SampledTexturing), which

notonly delivershigh quality, but alsois ef�cient. By utilizing coherencebetweenneighboringpixels,

performingpre�ltering, andapplyinganareasamplingscheme,we guaranteea minimumnumberof

samplessuf�cient for effective antialiasing. Unlike existing methods(e.g., MIP-map, Feline), our

methodadaptsthe samplingrate in eachchosenMIP-map level separatelyto avoid undersampling

in the lower level
�

for effective antialiasingandto avoid oversamplingin the higherlevel
�����

for

ef�ciency. Our methodhasbeenshown to deliver superiorimagequality to Felineandothermethods

while retainingthe sameef�ciency. We also provide implementationtradeoffs to apply a variable

degreeof accuracy versusspeed.

Keywords: texturemapping,antialiasing,anisotropic�ltering, forwardmapping,backwardmapping,

footprint areasampling,hardware.
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1 Intr oduction

High quality and ef�ciency are usually con�icting goals in texture mapping. Many existing methods

[2, 14, 22] focuson deliveringhigh quality anddeemphasizeef�ciency. Thesemethodstendto consider

eitherthe exactcontribution of eachtexel or the exact �ltering of eachpixel. (We call thesetechniques

“exact antialiasingtechniques”.)Although exact texture �ltering methodstendto generatehigh image

quality, they arenot perfect;problemespeciallyoccursfor the mixedregions(to be de�ned below). In

thispaper, wepresentanew framework to elucidatethede�ciency of existingexacttexturingmethodsand

providesolutionsfor them.Anothersevereproblemwith theexacttexture�ltering methodis its arbitrary

cost,sincethe �lter for an in�nite horizontalplaneperpendicularto the imageplanemustconsideran

in�nite numberof texels. A solutionto this is to pre�lter the texturesandconductthe texel convolution

or pixel �ltering in somelevel of thepre�ltered texturesratherthanin theoriginal textures.In fact,since

only discretelevelsarepre-generated,two levelsof thepre�ltered texturesarechosenfor computingthe

fractionallevel in-betweenthe chosentwo levels. While the existing pre�ltering methodsdeliver better

ef�ciency than the exact �ltering methods,they compromiseon the imagequality. In this paper, we

furtheroffer a novel algorithmto improve thequality of the latestpre�ltering methodwhile maintaining

its ef�ciency.

Exacttexture�ltering methodscomputetheclosetestimateof theprojectionshapeof texels/pixelsfrom

oneimagedomainto another— texture or screenimage. The elliptical weightedaverage(EWA) �lter

methods [12] approximatethe projectionof a pixel circular footprint in texture spacewith an ellipse.

In Feibush et al.'s method[7], a square-shapedpixel is backward projectedto a quadrilateralin texel

space. Glassner[11] adaptively approximatesthis backward project shapeusingCrow's [5] summed-

areatable. Gangnetet al.'s method [9] usesthemajoraxis to determinethesupersamplingratefor both

axesandaveragethesamplesfor eachpixel. While theabovemethodsemphasizea backwardprojection,

2



ComputerScienceDepartmentTechnicalReport001-2002,Universityof Minnesota

thereare other methodsfeaturinga forward projection[4]. Ghazanfarpourand Peroche[10] forward

projecteeachtexel onto thescreen.At eachpixel, a circular footprint with a Gaussianpro�le is usedto

�lter projectedtexels. Sincea texture imageis two dimensional,texelscanbe mini�ed in oneaxis, yet

magni�ed in the otheraxis. Thus,a texture mappedimagecanbe subdivided into four regionsbased

on themini�cation factorin thetwo axes. Themini�cation factordeterminesandmeasuresmini�cation

andmagni�cation,expressedin texelsper pixel. If mini�cation is greaterthanonetexel/pixel, we call it

mini�cation; otherwise,it is termedmagni�cation. Figure1 delineatesfour regions:thecyanregion is the

magni�cation region having magni�cation in bothaxes,thegreenandblueregionsarethemixedregions

having mini�cation in oneaxisandmagni�cationin theother, andtheredregion is themini�cation region

having mini�cation in both axes. We refer to the axis with the smallermini�cation factorasthe minor

axis, andtheotherasthemajoraxis. Theratiobetweenthemajorandminoraxesis calledtheanisotropic

ratio or eccentricity. Areaswith thesame
���������	��

�������

valuein bothaxesareisotropic,otherwisethey are

anisotropicbecauseof theobliqueprojectionof textures.Most previoustexturemappingmethodssimply

assumethata texel is eithermini�ed or magni�ed, anddo not speci�cally addressthespecialanisotropic

characteristicsof themixedregions— acombinationof mini�cation andmagni�cation.

For example,EWA createholesfor pixels in the mixedregions. A higherquality EWA method[15],

increasestheelliptical pixel footprint axesby � unit, convolving moretexels.Thesideeffect of enlarging

the axes is overblurringalong the major axis (mini�cation direction). Similar to EWA, the backward

mappedquadrilateralof Feibush et al. and Glassner's methodsmay cover no texels in magni�cation

andmixed regions. For that reason,it is suggestedby Feibushet al. that for the magni�cation region,

the pixel color be computedusingbackward bilinear interpolation.However, for the mixed region, this

would causealiasingfor themini�cation direction.Gangnetet al.'s methodoversamplesalongtheminor

axis,which worsensin mixedregions.GhazanfarpourandPeroche's method,however, generatesholesin
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Figure1: Four regionsof a texture mappedcheckerboard plane: magni�cation (cyan),mini�cation (red),

andmixedregions(greenandblue).

mixedregions. They thusproposeto checkfor holesandperformbackward bilinear interpolation.Yet,

this may causealiasingfor the mini�cation direction just as in the methodof Feibushet al. All these

methods,having arbitrarycost,createaninaccuratetexturedimageby eitherintroducingholes,blurring,

or aliasing. Here,we elucidatethe de�cienciesof existing antialiasingmethodsby examiningthemin

thecontext of the four region subdivision. We furthercontributeby proposingimprovedversionsof the

existing methodsby solvingtheproblemof holesin mixedregions(Section2). For themostpart,only a

small `�x' is neededto make a signi�cant improvementon thevisual quality. Section2 alsoprovidesa

framework to evaluateandguidenew texturemappingalgorithmdesign,astheoneproposedin thispaper

(Section3).

Exacttexture�ltering is arbitrarilycostlysincethe�lter for anin�nite horizontalplaneperpendicularto

theimageplanemustconsideranin�nite numberof texels.Pre�ltering methodssolvesthisby pre�ltering

the texturesinto discretelevelsandchoosethemostappropriatelevel(s) for texturing. For example,the

MIP-mapmethod [20] tradesmemory(a pre�ltered texturepyramidof aboutone-thirdmorestorage)for

constanttime, andisotropic�ltering that tradesreducedaliasingfor increasedblurring. Becauseof the

isotropic �ltering, MIP-mappingexhibits very poor behavior in the anisotropictransformationregions.
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To remedythis problem,the NIL-mapsmethod[8] providesa techniqueto approximatea space-variant

�lter kernelsurfacein texturespaceusinga sumof suitably-chosenbasisfunctions. Theconvolution of

thesefunctionswith a texturecanbeprecomputedandstoredin a pyramidalstructurecalledNIL-maps.

Althoughthepyramidstructurehelpsto boundthecomputationcost,thismethodis still consideredexpen-

sive. On average,anarbitrary�lter requiresa largenumberof basisfunctionsto approximate.Heckbert

furthersuggestedtheintegrationof anEWA implementationwith a MIP-mapimagepyramid[15]. Here,

theminor ratherthanmajoraxisof theprojectedellipse(or parallelogramapproximation)determinesthe

MIP-maplevel on which the EWA �lter is thenapplied. Both NIL-mapsandMIP-mapEWA generate

superiorquality thanthatof MIP-map. However, they arestill too costly to usebecausethey bothstrive

to approximatethe exact �lter shapein texture space.The footprint assemblyalgorithm [17] strivesto

achieveanisotropic�ltering throughmultiple isotropic�lters. Ratherthansamplingaccordingto theexact

elliptic footprint shape,eachpixel is supersampledalongits major axisdirection,usingthe samplerate

determinedby theeccentricityvalue.Similar to MIP-mapEWA, theminor axisdeterminestheMIP-map

level. Footprint assemblyprovideshighervisual quality thanthe MIP-mapmethodbut lesscomplexity

thanNIL-mapsandMIP-mapEWA. However, to facilitatehardwareimplementation,footprint assembly

simpli�es theapproximationof ellipseparameters,leadingto noticeableartifacts.A recentmethodcalled

Feline [16], aimingto improvethefootprintassembly, optimizesthecomputationof themajoraxisdirec-

tion, theeccentricityvalue,andthesampledistribution. Felinerepresentsthemostrecenttechniquewhich

canbeef�ciently implementedby hardwareanddelivershigh visualquality. Nevertheless,Felineis still

far from alias-free.As thenumberof samplesusedin Felineis computedto guaranteesuf�cient sampling

on thefractionallevel of MIP-maps,however, this samplingratewill leadto undersamplingin thechosen

lower level (
�

), but oversamplingin thechosenhigherlevel (
�

�

� ). In thesecondpartof this paper, we

presenta solutionto guaranteeminimumbut suf�cient samplingrateatbothlevelsfor effectiveantialias-
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ing. Signi�cantly, we employ an areasamplingschemeandadaptthe numberof samplesseparatelyat

thetwo chosenMIP-maplevels. Integratingwith severalothertechniquessuchasutilizing thecoherence

betweenneighboringpixels,wepresentanovel methodcalledFAST (FootprintAreaSampledTexturing)

to addressissuesof processingef�ciency, imagequality, andthe feasibility of hardwareimplementation

(Section3).

2 Exact Antialiasing Techniques

Thekey issuefor antialiasedtexturemappingis for eachscreenpixel, to determinethecontributing texels

andto convolvethetexelswith aproper�lter to obtainthe�nal pixel color. This �ltering canbeappliedin

eitherscreenspaceon pixelsusingforwardmapping,or texturespaceon texelsusingbackwardmapping.

We presenta framework that allows either forward or backward mappingusingboth footprint or point

projections.We analyzethe behavior of thesemethodsusingthe four region subdivision, especiallyin

thecritical mixedregionsof Figure1. Thefundamentalproblemof theseregionscanbe illustratedby a

simpleexampleof imagescaling.Whenan imageis scaledwithout ratio constraint,it canbemagni�ed

in onedirectionbut mini�ed in theotherdirection.Herewe useanexampleof scalinga
�����

resolution

imageto a resolutionof �

���

. As a conventionin the following illustrations,all pixels andtexels are

placedon thegrid points.Wealsoassumeacircularfootprint.

2.1 Forwar d Footprint Projection

First, we considereachtexel asa circle andapply forwardprojection,creatinga screenspaceconic. We

thenscanconvert theconic,convolving theenergy of the texel with a �lter . This effectively `splats' the

energy of thetexel to thepixelswithin its projectedfootprint. In themagni�cationandmixedregions,the
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entireconicmayactuallyfall in betweenthepixels,asshown in Figure2. Weproposeto expandtheconic

sothat it splatsto at leastonepixel by clampingtheaxesanddiagonalsto a minimumof onepixel unit.

Similarly, Swanet al. [18] successfullyappliedthis clampingon theprojectedfootprint of eachvoxel in

3D volumerenderingby splatting.However, they have only appliedit to themini�cation region,without

explicitly mentioningthemixedregion. We proposethat this clampingmustbeconductedseparatelyfor

eachaxis. The effectivenessof this approachhasbeenrecentlydemonstratedby Zwicker et al. [23] in

volumerendering.

texture screen

Figure 2: Forward projectedtexel footprint may cover no pixels in naive forward footprint projection

methods.

Computingandevaluatinga conicor eventheapproximatedellipseshapeareexpensiveoperations,as

well asconvolving texel energy. Thus,thismethodhaspracticallimitations.

2.2 Forwar d Point Projection

Second,we considereachtexel as a point and project it into screenspace. A �lter is placedat each

pixel for �ltering the projectedtexels. This is accuratein the mini�cation region asno footprint is ever

approximated. However, holesmay appearin the magni�cation and mixed regions. As can be seen

in Figure3, no texels areprojectedinto pixel



footprint, thusa hole appearsat pixel



. We propose

to supersamplein texture spacealong the magni�cation axis and forward projectsubtexels into screen

space.Figure4 showstheproblemwith theapproachof Ghazanfarpouretal. [10] for �lling holesandthe
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texture screen

p

Figure3: No texelmaybeprojectedinto a pixel footprint in naiveforward pointprojectionmethods.

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(a)            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(c)

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(b)            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(d)

Figure4: Forward pointprojectiontexture �ltering with (a) backward bilinear interpolationto �ll in the

holes[10] (noticealiasingdueto subsamplingin onedirection),and(b) our solutionwith supersampling

in texture spaceto �ll in the holes. (c) and (d) are zoom-insof the marked rectanglesof (a) and (b),

respectively.

effectivenessof ourproposedsolutionusingonly asimpleBartlett�lter in screenspace.

2.3 Backwar d Footprint Projection

Third, we considereachscreenpixel asa circle andbackprojectit into texturespace,whereit becomes

a conic. We thenapproximatetheconicby anellipseandscanconvert it in texturespace,convolving it

with a projected�lter kernel,similar to EWA. As shown in Figure5, in themixedregionsthebackward
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texture screen

Figure5: Thebackward projectedfootprint maycover no texelsin naivebackward footprint projection

methods.

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(a)            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(c)

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(b)            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(d)

Figure6: Solutionsto theundersamplingproblemin backward footprintprojection:(a) overblurredEWA

[15], and (b) our clampingmethod.(c) and (d) are zoom-insof the marked rectanglesof (a) and (b),

respectively.

mappedfootprint may cover no texels, leaving a hole at that pixel. We proposeto clampthe minimum

lengthof the ellipseaxesanddiagonalsto one texel unit in order to guaranteetexel coveragewithout

blurring. This is superiorto Heckbert's solutionof unilaterallyincreasingthepixel footprint axesby one

texel unit. Figure6 shows overblurredEWA (in the mini�cation axis) andthe lessblurredresultof our

method.
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2.4 Backwar d Point Projection

Fourth, we considereachscreenpixel asa point andproject it into texture space. An interpolationis

conductedat theprojectedlocationto obtainthecolor value.Thismethodis naturallyfreeof holes.

texture screen

Figure7: Theminoraxisis oversupersampledin naivebackward pointprojectionmethods.

Becauseof thesamplingratedifferencein screenandtextureimagespaceandtheperspectiveprojection,

screenpixelsmay undersamplethe texture image,causingan unappealingvisual effect of aliasing. For

antialiasing,two methodsarepossible.The �rst is calleda pre-�ltering of the texture imageaccording

to thesamplingrateof thescreenimage.MIP-mappingis a practicalpre�ltering method,which will be

reviewedin thenext section.Anothermethodis calledpost-�ltering, whichsupersamplesthescreenimage

andthen�lters on subpixels to obtainthe �nal pixel value. Hardwareacceleratedtexturesupersampling

wasusedin theaccumulationbuffer [13]. However, thesupersamplingratesaregloballyspeci�edwithout

adaptingthemto the local mini�cation. Themethodof Gangnetet al. [9] is adaptive,but for every pixel

it oversamplesalong the minor axis (seeFigure7). This leadsto extra computation,especiallyin the

mixed regions. To alleviate this problem,we proposeadaptivesamplingto adaptthe samplingrate in

eachdirectionseparately(seeFigure14). Visualdifferencesarenot apparentbetweentheoversampling

of Gangnetetal. andourmoreef�cient adaptivesamplingmethod.

A �lter sizeof at leastoneunit radiusis necessaryfor effective antialiasing.For some�lters, suchas

the Gaussian�lter , an even larger �lter size is required[22]. This meansthe footprintsof neighboring
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pixels overlapeachother. The overlappedregion is sampledmultiple times if usinga straightforward

adaptivesamplingmethod.In thenext sectionwe introduceanovel backwardmethodwhichguaranteesa

minimumbut ef�cient numberof samplesfor effectiveantialiasing.

3 The FAST Algorithm

Currenthardwareimplementationsfavor backwardmapping.It hasthe importantpropertyof processing

in rasterscanlineorder, which is compatiblewith thehardwareimplementationof otherpipelinestages.

Our straightforwardadaptive samplingmethoddescribedin Section2.4 promiseshigh quality, but could

bevery inef�cient.

WeproposeamethodcalledFAST whichaddressesissuesof processingef�ciency, texel memoryband-

width, andimagequality. We achieve our goalsby utilizing a numberof techniques:(1) Pre�lter using

MIP-mapsto lower the costof eachpixel. Dif fering from the existing methods,we adaptthe sampling

ratein eachchosenMIP-maplevel separatelyto avoid undersamplingin level
�

for effective antialiasing

andoversamplingin level
�

�

� for ef�ciency. (2) Provide a schemecalled footprint areasamplingto

determinethenumberof samples. (3) Utilize thecoherencebetweenneighboringpixels to guaranteea

minimumnumberof subpixel samples,which alsominimizesthenumberof texel accesses.(4) Provide

a �ner tradeoff betweenimagequality andef�ciency by clampingthemaximumnumberof samplesfor

eachpixel.

In the following sectionwe discussthe previous pre�ltering methods,point out the defectsof these

approaches,and�nally proposeoursolution.
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3.1 Pre�ltering

The mostpopularmethodof pre�ltering is the MIP-mapmethodwhich builds up in preprocessingthe

different levels of representationof the texture image. Startingfrom the original image,calledlevel
�

,

this method�lters theinput imageto form a new imageof half resolution,calledlevel � . This procedure

continueson level � until theimageresolutionreaches�

�

� . In texture�ltering, thepixel is projectedto

the texture spaceandthe maximummini�cation factorof the two axesis calculated.A pyramid level
�

imageis selectedthatcontainsthepre�ltered texel datafor a mini�cation ratio nearestto thatcalculated.

A trilinear interpolationis performedby performing�rst bilinear interpolationin both level
�

andlevel

�

�

� imagespaceandthena linear interpolationon the obtainedtwo pixel colorsto get the �nal color.

Thelinearinterpolationweightis computedbasedon thefractionallevel � calculatedfrom themaximum

mini�cation factor. This �nal linear interpolationsoftensthe transitionbetweendifferent levels. MIP-

mappingis illustratedin Figure8a.Level selection,especiallyits implementationin hardware,is discussed

in detail in [6].

(a) (b)

level  l

level  l+1

f

1-f

level  l

level  l+1

f

1-f

Figure8: Pre�ltering methods:(a) MIP-mapping;(b) FootprintAssembly/Feline.

As a known problem,MIP-mappre�ltering and the trilinear interpolationare basedon an isotropic

square�lter shape.Theshapeof the �lter is alwaysrectangular, but thesizeis space-variant. However,
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themappingof a pixel canbeanisotropic.Therefore,suchan isotropic�lter causesblurring in oneaxis

while reducingaliasingin theother.

Heckbert[15] hasproposeda 4D imagepyramidthatextendsin thetwo axesto approximatearbitrary

rectangles.However, thisleadstoahigherstoragerequirement.Yet,theimprovementoverMIP-mappyra-

mid is limited becausearectanglestill cannotapproximatearbitrarilyalignedshape.Recently, Blytheand

McReynolds[3] introducedananisotropictexture�ltering techniquewhich �lters thetextureanisotropi-

cally sothatthe�ltered MIP-mapsaspectratioapproximatestheprojectedaspectratioof thegeometry. In

essence,thisapproachis similar to Heckbert's approach[15]. A numberof disadvantagesareinherentto

thisapproach.As theaspectratio variesfrom polygonto polygonevenon asinglemodel,alsoit changes

over time for eachpolygonwhentheview changes,it requiresthateithera prohibitive setof re-sampled

MIP-mapswith differentaspectratioshave to be generatedin advance,resultingin excessive memory

expenses,or theMIP-mapshave to be regeneratedon the �y , resultingin extravagantcomputationcost.

Furthermore,becausetheanisotropic�ltering is conductedonly in thetwo majoraxesof thetexture im-

age,thusgeneratedanisotropicMIP-mapswill never matchexactly with thearbitraryaspectratio of the

projectedgeometry.

Thefootprintassemblymethodaccommodatesthespacevarianceby performingmultiple trilinear �lter

operationsalongthe directionof anisotropy. A pixel area,one-unitsquarecenteredat the pixel, is pro-

jectedto thetexturespaceandthemajorandminor axesarecalculatedto approximatetheparallelogram

projectionshape.Eachpixel is supersampledalongits major axisdirection. Here,the minor insteadof

majoraxisdeterminestheMIP-maplevel. Theeccentricitydeterminesthenumberof samplesalongthe

major axis. Figure8b illustratesthe principle of this �ltering operation. Feline improvesthe footprint

assemblyin a few effective waysby (1) usinga minimumof one-unitradiussphere(correspondingto a

two-unit square)to approximatea pixel so that theadjacentfootprintshave enoughoverlapto overcome
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aliasing,(2) approximatingthe major axis asthe majoraxis of the projectedellipseratherthanthe par-

allelogram,(3) allowing the numberof samplesto be any integer ratherthan
���

, and(4) weightingthe

samplesusinga Gaussiancurve ratherthansimply averagingthem. More detailsaregiven in reference

[16]. Figure9 shows the differencebetweenfootprint assemblyandFelineon the �lter shapeandthe

samplesused. It is claimedthatFelineachieveshighervisualquality thanfootprint assemblywith little

additionalcost.

(b) (c)

screen

texture texture

footprint assembly

Feline

(a)

Figure9: ComparisonbetweenFootprintAssemblyandFeline: screenspace(a), texturespaceofFootprint

Assembly(b) andFeline(c).

However, Felineis not alias-free.While Felineguaranteessuf�cient samplingratefor the real (frac-

tional) level of a pixel, it endsup undersamplingin the chosenlower level (
�

), but oversamplingin the

chosenhigherlevel (
�

�

� ). Thisbehavior is inherentto thebasic�ltering elementof trilinear interpolation

thatFelineuses,which presentsa problemevenfor an isotropicprojection. As anexample,we want to

scalean imagedown threetimesin eachdimension.We �rst pre-computethe MIP-mapsof the image.
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Accordingto MIP-mapping,wechooselevels � and
�

for trilinear interpolation.For eachtargetpixel, we

samplein eachlevel andthenaveragetheresults.Thesamplepointsin level � are �

�

�

unit distanceaway,

indicatinganundersamplingthat causesaliasing. This aliasingeffect remainsafter the inter-level linear

interpolation.This is moreclearly illustratedin the frequency domain,shown in Figure10. Figure10a

is thespectrumof theoriginal analogsignal.SinceMIP-mapsarecreatedthroughlow-pass�ltering, the

spectrumbecomesnarrower whentheMIP-maplevel increases.Whenthesamplingratein level
�

is in-

suf�cient, spectraoverlap,an indicationof aliasing(Figure10b). In level
�

�

� , samplingrateis higher

thanthe Nyquist rate, thusthe spectraare further separatedapart,as in Figure10c. Figure10d shows

thespectrumafter thelinear interpolation,indicatingthataliasingremainsin the�nal result. In addition,

Feline,similar to many othermethodssuchasEWA, hasfootprint overlapbetweenadjacentpixels, re-

sulting in samplingthetexturemultiple times— a redundancy increasingthecomputationcostandtexel

accessbandwidth.Thebasicideaof our methodis to adaptsamplingratein eachlevel separately. This

avoidsundersamplingin thechosenMIP-maplevel
�

for effective antialiasing,andoversamplingin level

�

�

� for ef�ciency, thusminimizing thenumberof samplesfor effective antialiasing.Yet, to reducethe

computationcostandthe texel accessbandwidth,we utilizing thecoherencebetweenadjacentpixelsby

computingonly a quarterof this squareand`splat' the resultto thepixelswhosefootprintsoverlapwith

thisquarter(shadedgreensquarein Figure9a).Wediscussthis techniqueimmediately.

3.2 Scanline Coherence

When the pixel coverageoverlaps,subpixels betweenneighboringpixels contribute to all surrounding

pixels. For example,in Figure11a,subpixels within the squareregion �

�

��� contribute to pixels ���

�

�

�

and � . Thenaive implementationof our adaptive samplingmethod(Section2.4) calculatesthesubpixels

of eachpixel separately, which meansthat the subpixels are calculatedfour times. This requiresnot
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(a)

(b)

(c)

(d)

Figure10: Spectrumof (a) original signal,(b) samplingin level
�

, (c) samplingin level
�

�

� , (d) linear

interpolationbetweentwo levels((b) and(c)).

only costly computation,but alsoa high memorybandwidth. To addressthis issue,coherencebetween

neighboringpixelsmustbeexploited. Texel accesscoherencehasbeenusedin hardwaredesign [21] by

cachingthemostrecentlyusedtexels. We want to pushthis coherenceutilization to its limit. Generally,

pixel coherencesexist betweenneighboringpixelswithin andbetweenscanlines.

(a)

x

y

ab

dc

fe

g

L i+1

L i

Current Quarter
of Pixel a

Sample point Screen pixel

a

fe

g

We

Filter

x
y

Figure11: Utilizing coherencebetweenscanlinesandneighboringpixels.

Figure11ashowsourscanlinecoherence.Eachsubpixel is calculatedonly onceandthe
�����

colorsare

splattedto thefour neighboringpixels.Thecontributionweightfor eachneighboringpixel is determined
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by the�lter used.Figure11bshowsaGaussian�lter implementationwith acircularfootprintcoverageof

oneunit radius.The �lter weightof a subpixel to a pixel is pre-computedandindexedby thesubpixel's

coordinateoffsets(
�

�

�

���

) to the pixel. Sincethe �lter is implementedwith a table lookup, we can

usea �lter of any kind. The contribution weightsof all subpixelsareaccumulatedin eachpixel for the

�nal normalization.As anexample,for pixel � in Figure11, thesubpixelsin thetop-rightshadedsquare

region are processedand their valuesare distributed (`splatted') to the four neighboringpixels ���

�

�

�

and � . Upon �nishing processingthis quarter, the remainingthreequartersof the pixel coveragehave

alreadybeencalculatedandaccumulatedby pixel � , the neighboringpixel in the samescanline,and �

and � , neighboringpixels in the previous scanline. Thus, for pixel � , we cansumup the accumulated

partial color of the �rst threequartersandthatof thecurrentquarter, andthennormalizethesumby the

accumulatedweightasthe�nal color.

To hold thepartialcontributionof all subpixelsduringthescanlineprocessing,intuitively two scanline

buffers are required: one for the currentscanline ��� , and anotherfor the next scanline �	��

� . But for

a compactimplementation,a scanlinebuffer of size
� ���

�

���

�

� working asa FIFO is suf�cient, where

� ���

�

���

is thelengthof scanline.Oncethe�nal colorsareproducedfor pixelsin scanline��� , theirmemory

canbe immediatelyreleasedfor storing the partial colorsof pixels in scanline����

� . Eachpixel of the

scanlinebuffer storestheaccumulatedcolor
��� �

andweight.The ���

����� coordinatesin texturespaceare

alsostoredin thebuffer. This is usedfor pixel vectorcalculation,to bediscussedin thenext section.Since

the operationsareconductedin two MIP-maplevels,hence,two setsof buffersareneeded,resultingin

two scanlinebuffers.This is still feasiblefor hardwareimplementationif weusebucket rendering[19], in

which theframebuffer is subdividedinto coherentregionsthatarerenderedindependently(alsoknown as

tiled renderingor chunking).Bucket renderingenablesadeeperworkingsetmemoryto bekeptonchip.
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3.3 Footprint Area Sampling

For our case,theprocessingareaof eachpixel (x,y) is thetop-rightsquare,calledthecurrentpixel quar-

ter (shadedsquarein Figure12, alsoshadedgreensquarein Figure9a). It is importantto determinethe

minimumnumberof samplesin eachMIP-maplevel for effectiveantialiasingandto avoid supersampling.

Whenthecurrentpixel quarteris projectedinto texturespace,theprojectedareacanbeapproximatedasa

parallelogram(Figure12). In backwardfootprint projectionmethod,suchasEWA, this approximatedre-

giondecidestheconvolutiontexels;therefore,aparallelogramapproximationis toocrudethere.However,

for oursituation,aparallelogramapproximationis fairly suf�cient becauseit is only usedto determinethe

MIP-maplevel andthesamplerate.Thereal�lter coverageis de�ned by the�lter itself, andis conducted

in screenspace.Next wediscussthepixel projectiongeometryandtheschemeson determiningtheMIP-

maplevel andsamplerates.For clarity andreader's conveniencewe repeatsomebasicstepshere,which

havealreadybeendescribedin previouswork.

texturescreen

x

y

(x,y) (x+1,y)

(x,y+1)

u

v

r 2 r 1

d2
d1

Figure12: Pixel quarterareaprojection.

The projectionparallelogramis describedby axis vectors �

�

����� and diagonalvectors � �

�

�

� , where

� ���

�

�

�

��� and �

�

�

�������

� . Thevector �

��� �

	�


	��

�

	�


	��

� approximatesthemovementin texturespaceof

aunit
�

-stepin screenspace,while ���

� �

	�


	��

�

	�


	��

� approximatesa
�

-step.

Let
�

betheperspective transformationfunctionfrom �

�

�

�

� screencoordinatesto � �

� � � texturecoor-
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dinates:

� �

�




�

�

�

�

� � �

�

�




�

�

�

�

� (1)

�

� and ��� canberepresentedas:

�

� � �

�




�

�

�

�

�

�

� �

�




�

�

�

�

� �

�




�

�

�

�

�

�

� �

�




�

�

�

�

� �

� �

� �

�




�

�

�

�

�

�

� �

�




�

�

�

�

� �

�




�

�

�

�

�

�

� �

�




�

�

�

�

� �

(2)

Becausetheprojectionsof neighboringpixelswerepreviouslycomputedandstoredin thescanlinebuffers,

we canapplyEquation2 by taking the vectorsto neighboringpixels in texture spacewhich arealready

calculated[6]. Therefore,thismethodrequiresnoextraJacobiancalculationsastheothermethodsdo[12,

17]. Specialcareneedsto betakenfor theboundarypixelsto beableto utilize thismethod.For example,

for the �rst row pixelswe have to computetheprojectionsof anadditional`previous' row of pixelsand

storethemin the scanlinebuffer. Similarly, for the rightmostpixel of a scanline,we needto compute

theprojectionof anadditonalpixel to its right. However, notethat for theseadditionalpixels,only their

projectionsarecalculated.

Themagnitudesof thesevectorsareapproximatedwith:
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Themagnitudeof theminorvector � canbeapproximatedby:

� ���

� �

�

�

�

�

�

�

�

� �

�

�

�

� �

�

�

�

�

�

�

� (4)
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Theminorvector � is usedto computetheMIP level
�

andthescalingfactor � of level
�

:

�

�

�

���

�

�

���

�

� �

���

(5)

Thevectors�

� and ��� in level
�

arethenscaledas:

���

�

�

�

�

�

� �	�

�

�

���

�

(6)

We thencomputethe `area'of the parallelogramanduseit to determinethe total numberof samplesin

eachpixel quarteras:




���

�

���

��


���

�

� �

���

�

�

�




� �

�

�

�

�

(7)

Hence,wehavethenameareasampling.Thisis similarto NIL-maps [8] in determiningtheinitial number

of patches(for approximatinganarbitrary�lter kernelsurface);thedifferenceis thathereall samplesare

in the sameMIP-maplevel. Oncethe total numberof samplesis determined,we thendistribute these

samplesevenly in thepixel quarterusingthejitteredsamplingscheme.

We must considerthe specialsituationover the mixed region, wherethe minor axis of �

�

�

and �

�

� is

lessthan �

�

�

(magni�cation). We mustclampit to �

�

�

beforewe applyEquation7 so thatwe guarantee

suf�cient samplingin thepixel quarterarea.For example,if �

�

���

�

�

� and
�

�

�

�

�

� �

�

�

�

and
�

�

�

�

�

�

�

�

� , the

resultof applyingEquation7 is



� � , while therequiredsamplingrateis really �

�

. Wecall thisclamping

themixedregion correction.

In level
�

�

� , thenumberof samplescanbecalculatedfrom thescaledvectorof �

� and ��� in level
�

�

� ,

asin Equation7. However, it canbesimply calculatedas:




�

���




�

�

(8)
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(a) (b)

level 2

level 1

|r | = 2.42

|r | = 16.01

|r | = 1.22
/

|r | = 8.01
/

Figure13: (a) Felinevs. (b) our FASTareasampling.

Figure13 shows an exampleof determiningthe numberof samplesfor Feline (Figure13a)andour

FAST areasamplingmethod(Figure13b). In thisexample,
�

�

�

�

� �

�

�

�

and
�

���

�

�

�

�

�

; thetwo vectorsare

perpendicularto eachother. For Felinemethod,thenumberof trilinearsamplepointsalongtheanistropic

axis is determinedby theanisotropicratio betweenthetwo vectors,which is roundedto � . In our FAST

areasamplingmethod,theminor axis � � is usedto determinetheMIP-maplevel (Equation5), which is

� for this case. In level � , the scaledtwo vectorsbecome
�

�

�

�

�

���

�

�

and
�

�

�

�

�

� �

�

�

, respectively. The

total the samplingrate is determinedas



� ���

�

� �

�

�

�

�

� �

�

. The numberof samplesin level
�

is




�

� �

���

�

�

�

�

. In total, Felinespends14 samplesfor the two MIP-maplevels,while FAST spends13

samples.

For highly anisotropicpixels,thesupersamplingratefor thepixel quartercanbequitehigh. To bound

theprocessingtime of eachpixel, we needto clampthesamplingrateto a pre-speci�edvalue

	�

. Sim-

ply doing this leadsto aliasingdue to undersamplingin the area. Our solution is to tradeoff blurring

with aliasingby increadingthe MIP-maplevel. The new MIP-maplevel
�

� andthescalingfactor �

� are

computedas:
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���
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�

�	�

�

(9)

This methodprovidesa tradeoff betweenimagequality andef�ciency. The total numberof samples

thatwe reallyusein level
�

� ,



, canbecalculatedbasedon thenewly calculated�

� from Equation7. The

numberof samplesin level
�

�

�

� is then
�

� .

4 Results and Discussions

To evaluateour FAST areasamplingmethod,we compareit with existing MIP-mapandFelinemethods.

We have rendereda room sceneusing the different methods. The sceneconsistsof � ve large texture

mappedpolygonsrepresentingwalls, a �oor andceiling. Eachtexture imagehasdifferentfeatures.The

�oor imageis the typical checkerboardbenchmarkimagefor texture mapping. The roof imageis high

frequency line stripes.Theright wall imageis full of text, which is alsochallenging.Theleft wall image

is a mandrill image. The backwall imageis a typical camerashotconveying a meaningfulscene.All

imageshavearesolutionof
� � � � � � �

. Theresultingimageresolutionis
�

�

� � �

�

�

. Theprogramrunson

anSGIO2 with anR10000CPUand128MBytememory.

We �rst comparethe quality amongthesemethods.Figures14a–ishow a still framefrom an anima-

tion. ThetraditionalMIP-mapmethodcreatesthelowestqualitysinceonly asingletrilinear interpolation

andan isotropic �lter is implemented(Figure14a). All imagesareblurry andthe checkerboardimage

demonstratesnoticeablealiasing. Straightforward implementationof theadaptive samplingmethodcre-

atesthehighestquality imagewith lessblurring andbetterantialiasing(Figure14b). Utilizing coherence

only in theadaptive samplingmethod(without pre�ltering) promisesthesamehigh quality (Figure14c).

Felinedeliversbetterquality thanMIP-mappingby introducinganisotropic�ltering (Figure14d). This
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canbeobservedfrom thetext image,but aliasingis still presentin thecheckerboardimage.By settingthe

clampingfactorto
�

, thequality is similar (Figure14e).However, by furtherreducingtheclampingfactor

to
�

, the imagebecomesblurrier (Figure14f). Our FAST method,with coherenceutilization, pre�lter-

ing, andthe footprint areasamplingscheme,createsimagesof indistinguishablequality ascomparedto

straightforwardadaptivesampling(Figure14g).By settingtheclampingfactorto
�

, thequality is similar

(Figure14h). However, by settingthe clampingfactorto
�

, the imagebecomesa bit blurrier andmore

aliased(Figure14i). Thedifferencecanbeseenmoreclearlyfrom zoom-insFigure14j-l. Thequality of

animationsis consistentwith thatof theextractedframesfor eachmethod.

In creatingimagesusingFAST, we have useda Bartlett �lter to �lter subpixels. We have alsouseda

Bartlett�lter with
�

�

�

coverageto build up all MIP-maps,insteadof a
� � �

box �lter astypically used

in MIP-mappingmethod,wearguethatusingonly a
� � �

box �lter causesaliasingin MIP-mapsbecause

of its insuf�cient �lter size.

In practice,we canspecify the clampingvalueper primitive basedon the texture content. For high

frequency textures,ahigherclampingvalueis requiredfor effectiveantialiasing;while for low frequency

textures,suchasthebackwall image,noartifactsarenoticeableevenif theclampingvalueis setto
�

. Our

experimentsshow thatclampingto
�

is usuallya goodcompromise.Clampingto
�

is normallysuf�cient

for highquality.

Next, we comparethespeedamongthemethods.Thecommonprocessingfunctionsaresharedamong

themethodsfor fair comparison.Therenderingtime for eachof threemethods— MIP-map,Feline,and

FAST — is recordedandplottedin Figure15. As canbe seenfrom thegraph,MIP-mappingis always

themostef�cient, becauseit spendsonly onetrilinear interpolationfor eachpixel, invariantof theregion.

It is alsoclearfrom thegraphthatMIP-mappinghasa propertyof constantcost. However, this constant

time is beliedby theimagequality (Figure14a).
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Figure15: Averagerenderingtimeperpixel (milliseconds)for 110framesof a roomsceneanimation.

FAST andFelinearevery similar in renderingspeed.It canalsobe seenin Figure15 that thesetwo

methodsaresensitiveto thecamerapositionbecausethey bothtry to adaptthenumberof samplesaccord-

ing to the local mini�cation propertyof eachpixel. Table1 shows theaveragerenderingtime per frame

for eachmethod.Here,wecomparewith two additionalmethods:straightforwardadaptivesamplingwith

andwithoutcoherence.Wecanseethattheadaptivesampling(“Adaptive”) methodis themostinef�cient.

Utilizing coherence(“Coherence”)leadsto morethantwice thespeedup.Whendecreasingtheclamping

value,wecanseethattherenderingtimeof FelinedecreasesfasterthantheFAST method.This is because

in Feline,decreasingtheclampingvaluedirectly reducestheanisotropicratio, andthusthesamplerate.

But for FAST, decreasingtheclampingvaluemaynot leadto ahigherMIP-maplevel selection,therefore,

thetotal numberof samplesmaystaythesame.

Anotherpropertywe evaluatedis thenumberof samplesprocessedfor eachframe,which is plottedin

Figure16. Sinceeachtrilinear interpolationrequirestwice thenumberof texelsasbilinear interpolation,

we normalizeda trilinearly interpolatedsampleas two bilinearly interpolatedsamples. MIP-mapping

spendstwo samplesper pixel for the regions with mini�cation in at leastone axis. In the 110 frame
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Table1: Comparisonof theperformanceof thedifferentmethods

Method Clamp Time Samples Relative

(sec) perFrame Bandwidth

MIP-map n/a 0.51 122,742 1

Adaptive n/a 5.99 2,063,430 16.8

Coherence n/a 2.24 456,840 3.7

Feline none 1.37 343,104 2.8

FAST none 1.32 250,318 2.0

Feline 6 1.27 309,250 2.5

FAST 6 1.27 236,298 1.9

Feline 4 1.22 292,724 2.4

FAST 4 1.24 227,276 1.9

Feline 2 1.06 242,613 2.0

FAST 2 1.10 201,093 1.6
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animationall pixels are in theseregions, thus the curve for MIP-mappingstayscompletely�at. The

graphillustratesthatFAST utilizesslightly fewer samplesthanFeline,but on averagethey areveryclose

(Table1). The last columnof Table1 shows the requiredmemorybandwidthrelative to the MIP-map

method.Whentheclampingvalueis
�

or higher, FAST only createslessthanonetimememorybandwidth

overhead.Thiscouldbeeasilymetby thecurrentarchitecturedesignof managingmemorybandwidth[1],

suchascapturingthememorybandwidthonchip, texel caching,andaggressivememorycompression.

0 20 40 60 80 100
frame

1

2

3

4

5

6

7

8
sample/pixel

Feline
FAST
MIP-map

Figure16: Numberof samplepointsperpixel for 110framesof a roomsceneanimation.

5 Conc luding Remarks

Wehaveproposedandevaluateddifferentantialiasingmethodsfor texturemappingbasedonafour region

subdivisionof thetexturemappedarea.Critical mixedregionsarestudiedto challengepreviousmethods

andguide our design. By utilizing coherence,pre�ltering, andan areasamplingscheme,our method

FAST hasachievedthefollowing features:
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� High quality: FAST delivershighervisualquality thanMIP-mapandFeline,andalmostindistin-

guishableimagequalityascomparedto straightforwardadaptivesampling.

� Ef�ciency: FAST maintainsthesameef�ciency asFeline.

� Low memory bandwidth requirement: FAST requiresmemorybandwidthcomparableto Feline.

� Tradeoff betweenimagequality and ef�ciency: FAST canadjusttheclampingvaluesupporting

a �ne tradeoff betweenaccuracy andspeed.FAST still promisescompetitive imagequality when

reducingtheclampingvalue,yet raisingtheef�ciency.

Althoughwedescribeourmethodsin 2D, they canall beextendedto 3D,bene�tingespeciallyproblems

suchas3D texture mapping,volumedeformation,volume rendering,andhypertexturing. We plan to

explorethesein our futurework.

Fromourexperimentswehaveobservedthatdifferenttextureimageswith differentfrequenciesrequire

differentclampvaluesto obtainthesamevisualquality. Wearecurrentlyinvestigatingonadaptingsample

ratebasedon thelocal frequency of textureimages.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure14: Texture mappingusing(a) traditionalMIP-map,(b) adaptivesamplingwithoutcoherence, (c)
adaptivesamplingwith coherence, (d) Felinewithoutclamping, (e) Felinewith clamp= 4, (f) Felinewith
clamp= 2, (g) FASTwithoutclamping, (h) FASTwith clamp= 4, (i) FASTwith clamp= 2, (j), (k) and(l)
arezoom-insof themarkedrectanglesof (a), (d) and(g), respectively.
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