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Abstract

We studytexture projectionbasedon a four region subdvision: magni cation, mini cation, and
two mixedregions. We proposemproved versionsof existing techniquedy providing exact ltering
methodswhich reduceboth aliasingand overblurring, especiallyin the mixed regions. We further
presenta novel texture mappingalgorithm called FAST (Footprint Area SampledTexturing), which
notonly delivershigh quality, but alsois ef cient. By utilizing coherencéetweemeighboringpixels,
performingpre ltering, andapplyingan areasamplingschemewe guarante@ minimum numberof
samplessufcient 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
efciency. Our methodhasbeenshavn to deliver superiorimagequality to Felineandothermethods
while retainingthe sameefciency. We also provide implementationtradeofs to apply a variable

degreeof accurag versusspeed.

Keywords: texture mapping,antialiasing,anisotropic Itering, forward mapping,backward mapping,

footprintareasampling hardware.
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1 Introduction

High quality and ef ciency are usually con icting goalsin texture mapping. Many existing methods
[2, 14,22] focuson delivering high quality anddeemphasizef ciency. Thesemethodgendto consider
eitherthe exact contritution of eachtexel or the exact Itering of eachpixel. (We call thesetechniques
“exact antialiasingtechniques”.) Although exact texture Itering methodstendto generatehigh image
guality, they are not perfect; problemespeciallyoccursfor the mixedregions (to be de ned belaw). In
this paperwe presentanew framework to elucidatehede ciency of existing exacttexturingmethodsand
provide solutionsfor them. Anothersevereproblemwith the exacttexture Itering methodis its arbitrary
cost, sincethe Iter for anin nite horizontalplaneperpendiculato the imageplanemustconsideran
in nite numberof texels. A solutionto this s to pre Iter the texturesandconductthe texel convolution
or pixel Itering in somelevel of the pre Itered texturesratherthanin the original textures. In fact, since
only discretelevels are pre-generatedwo levelsof the pre Itered texturesarechoserfor computingthe
fractionallevel in-betweenthe chosentwo levels. While the existing pre Itering methodsdeliver better
efciency thanthe exact Itering methods,they compromiseon the image quality. In this paper we
further offer a novel algorithmto improve the quality of the latestpre Itering methodwhile maintaining
its ef ciency.

Exacttexture Itering methodscomputethe closetestimateof the projectionshapeof texels/pixelsfrom
oneimagedomainto another— texture or screenimage. The elliptical weightedaverage(EWA) Iter
methods [12] approximatethe projectionof a pixel circular footprint in texture spacewith an ellipse.
In Feitushet al's method[7], a square-shapefixel is backward projectedto a quadrilateralin texel
space. Glassnef{11] adaptvely approximateghis backward project shapeusing Crow's [5] summed-
areatable. Gangnett al!s method [9] usesthe majoraxisto determinethe supersamplingatefor both

axesandaveragethe sampledor eachpixel. While the abose methodsemphasize backward projection,
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there are other methodsfeaturinga forward projection[4]. Ghazan&rpourand Peroche[10] forward
projecteeachtexel onto the screen.At eachpixel, a circular footprint with a Gaussiarpro le is usedto

Iter projectedtexels. Sincea texture imageis two dimensionaltexels canbe mini ed in oneaxis, yet
magni ed in the otheraxis. Thus, a texture mappedimage can be subdvided into four regions based
on the mini cation factorin the two axes. The mini cation factordeterminesandmeasuresnini cation
andmagni cation, expressedn texelsper pixel. If mini cation is greaterthanonetexel/pixel, we call it
mini cation; otherwisejt is termedmagni cation. Figurel delineategour regions:the cyanregionis the
magni cation region having magni cationin both axes,the greenandblueregionsarethe mixedregions
having mini cation in oneaxisandmagni cationin theother andtheredregionis themini cation region
having mini cation in both axes. We referto the axis with the smallermini cation factorasthe minor
axis andtheotherasthemajoraxis Theratio betweerthemajorandminor axesis calledthe anisotopic
ratio or eccentricity Areaswith thesame valuein bothaxesareisotropic,otherwisethey are
anisotropidbecaus®f the obliqueprojectionof textures.Most previoustexture mappingmethodssimply
assumehatatexel is eithermini ed or magni ed, anddo not speci cally addresghe specialanisotropic

characteristicef the mixedregions— a combinationof mini cation andmagni cation.

For example,EWA createholesfor pixelsin the mixedregions. A higherquality EWA method[15],
increasesheelliptical pixel footprintaxesby unit, corvolving moretexels. The sideeffect of enlaging
the axesis overblurring along the major axis (mini cation direction). Similar to EWA, the backward
mappedquadrilateralof Feibushet al. and Glassnes methodsmay cover no texels in magni cation
andmixed regions. For thatreasonit is suggestedyy Feibushet al. thatfor the magni cation region,
the pixel color be computedusing backward bilinear interpolation. However, for the mixed region, this
would causealiasingfor the mini cation direction. Gangnett al's methodoversampleslongthe minor

axis,whichworsendn mixedregions. GhazandrpourandPeroches method however, generatesolesin
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Figurel: Four regionsof a texture mappedchedkerboard plane: magni cation (cyan),mini cation (red),

andmixedregions(greenandblue).

mixedregions. They thusproposeto checkfor holesand performbackward bilinear interpolation. Yet,

this may causealiasingfor the mini cation directionjust asin the methodof Feitushet al. All these
methodshaving arbitrarycost,createaninaccurategexturedimageby eitherintroducingholes,blurring,

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

the context of the four region subdvision. We further contribute by proposingimproved versionsof the
existing methodsby solvingthe problemof holesin mixedregions(Section2). For the mostpart,only a
small” x' is neededo make a signi cant improvementon the visual quality. Section2 alsoprovidesa
framavork to evaluateandguidenew texture mappingalgorithmdesign astheoneproposedn this paper
(Sectiong).

Exacttexture Itering is arbitrarily costlysincethe Iter for anin nite horizontalplaneperpendiculato
theimageplanemustconsidemanin nite numberof texels. Pre Itering methodssolvesthis by pre Itering
the texturesinto discretelevels andchoosethe mostappropriatdevel(s) for texturing. For example,the
MIP-mapmethod [20] tradesmemory(a pre Itered texture pyramidof aboutone-thirdmorestoragefor
constantime, andisotropic Itering thattradesreducedaliasingfor increasedlurring. Becauseof the

isotropic ltering, MIP-mappingexhibits very poor behaior in the anisotropictransformatiorregions.
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To remedythis problem,the NIL-mapsmethod[8] providesa techniqueto approximatea space-ariant
Iter kernelsurfacein texture spaceusinga sumof suitably-choseiasisfunctions. The corvolution of
thesefunctionswith a texture canbe precomputedindstoredin a pyramidalstructurecalledNIL-maps.
Althoughthepyramidstructurehelpsto boundthe computatiorcost,this methodis still considereaxpen-
sive. On average anarbitrary Iter requiresalarge numberof basisfunctionsto approximate.Heckbert
further suggestedheintegrationof an EWA implementatiorwith a MIP-mapimagepyramid[15]. Here,
the minor ratherthanmajor axis of the projectedellipse (or parallelogramapproximationdetermineshe
MIP-maplevel on which the EWA lter is thenapplied. Both NIL-mapsand MIP-map EWA generate
superiorquality thanthat of MIP-map. However, they arestill too costlyto usebecausehey both strive
to approximatethe exact Iter shapein texture space.The footprint assemblyalgorithm [17] strivesto
achieve anisotropicltering throughmultipleisotropic Iters. Ratherthansamplingaccordingo theexact
elliptic footprint shape gachpixel is supersampledlongits major axis direction, usingthe samplerate
determinedy the eccentricityvalue. Similarto MIP-mapEWA, the minor axis determineshe MIP-map
level. Footprintassemblyprovides highervisual quality thanthe MIP-map methodbut lesscompleity
thanNIL-mapsandMIP-mapEWA. However, to facilitate hardwareimplementationfootprint assembly
simpli es theapproximatiorof ellipseparameterdeadingto noticeableartifacts.A recentmethodcalled
Feline [16], aimingto improve thefootprintassemblyoptimizesthe computatiorof themajoraxisdirec-
tion, theeccentricityvalue,andthe sampledistribution. Felinerepresentthe mostrecenttechniquewhich
canbeefciently implementedy hardwareanddelivershigh visual quality. NeverthelessFelineis still
far from alias-free As the numberof samplesisedin Felineis computedo guarantesufcient sampling
onthefractionallevel of MIP-maps however, this samplingratewill leadto undersamplingn thechosen
lower level (), but oversamplingn the choserhigherlevel ( ). In the secondpartof this paper we

present solutionto guaranteeninimum but sufcient samplingrateat bothlevelsfor effective antialias-
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ing. Signi cantly, we employ an areasamplingschemeandadaptthe numberof samplesseparatelyat
thetwo chosenMIP-maplevels. Integratingwith severalothertechniquesuchasutilizing the coherence
betweemeighboringpixels,we presentanovel methodcalledFAST (FootprintArea SampledTexturing)
to addressssuesof processingef ciency, imagequality, andthe feasibility of hardwareimplementation

(Sectiong).

2 [Exact Antialiasing Technigues

Thekey issuefor antialiasedexturemappingis for eachscreerpixel, to determinghe contributing texels
andto convolve thetexelswith aproper Iter to obtainthe nal pixel color. This Itering canbeappliedin
eitherscreerspaceon pixelsusingforward mappingor texture spaceon texelsusingbackward mapping.
We presenta framework that allows eitherforward or backward mappingusing both footprint or point
projections. We analyzethe behaior of thesemethodsusingthe four region subdvision, especiallyin
the critical mixed regionsof Figure 1. The fundamentaproblemof theseregionscanbeillustratedby a
simpleexampleof imagescaling. Whenanimageis scaledwithout ratio constraint,jt canbe magni ed
in onedirectionbut mini ed in the otherdirection. Herewe useanexampleof scalinga resolution
imageto a resolutionof . As a corventionin the following illustrations,all pixels andtexels are

placedonthegrid points.We alsoassumex circularfootprint.

2.1 Forward Footprint Projection

First, we considereachtexel asa circle andapply forward projection,creatinga screernspaceconic. We
thenscancorvert the conic, corvolving the enegy of the texel with a Iter. This effectively “splats'the

enepy of thetexel to the pixelswithin its projectedfootprint. In themagni cationandmixedregions,the
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entireconicmayactuallyfall in betweerthe pixels,asshovn in Figure2. We proposeo expandtheconic
sothatit splatsto at leastonepixel by clampingthe axesanddiagonalgo a minimum of onepixel unit.
Similarly, Swan et al. [18] successfullyappliedthis clampingon the projectedfootprint of eachvoxel in
3D volumerenderingby splatting. However, they have only appliedit to the mini cation region, without
explicitly mentioningthe mixedregion. We proposethatthis clampingmustbe conductedseparatelyfor
eachaxis. The effectivenesof this approachhasbeenrecentlydemonstratedy Zwicker et al. [23] in

volumerendering.

texture screen

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

methods.

Computingandevaluatinga conic or eventhe approximatecellipseshapeare expensve operationsas

well ascornvolving texel enepgy. Thus,this methodhaspracticallimitations.

2.2 Forward Point Projection

Second,we considereachtexel asa point and projectit into screenspace. A lter is placedat each
pixel for ltering the projectedtexels. This is accuratdn the mini cation region asno footprintis ever
approximated. However, holesmay appearin the magni cation and mixed regions. As can be seen
in Figure 3, no texels are projectedinto pixel footprint, thusa hole appearsat pixel . We propose
to supersamplén texture spacealongthe magni cation axis and forward projectsubteels into screen

space Figure4 shavsthe problemwith theapproactof Ghazan&rpouretal. [10] for lling holesandthe
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texture screen

L—

Figure3: No texel maybe projectedinto a pixel footprintin naiveforward point projectionmethods.

(€) (d)

Figure4: Forward point projectiontexture Itering with (a) badkward bilinear interpolationto Il in the
holes[10] (noticealiasingdueto subsamplingn onedirection),and(b) our solutionwith supesampling
in texture spaceto Il in the holes. (c) and (d) are zoom-insof the marked rectanglesof (a) and (b),

respectively

effectivenesf our proposedsolutionusingonly asimpleBartlett Iter in screerspace.

2.3 Backward Footprint Projection

Third, we considereachscreerpixel asa circle andbackprojectit into texture spacewhereit becomes
a conic. We thenapproximatehe conic by an ellipseandscancorvertit in texture space convolving it

with a projectedlter kernel,similarto EWA. As shavn in Figure5, in the mixedregionsthe backward
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texture screen

Figure5: Thebadkward projectedfootprint maycover no texelsin naivebadkward footprint projection

methods.

.
(€) (d)

Figure6: Solutiongo theundesamplingoroblemin badkward 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
length of the ellipse axes and diagonalsto one texel unit in orderto guarantegexel coveragewithout
blurring. Thisis superiorto Heckberts solutionof unilaterallyincreasinghe pixel footprint axesby one
texel unit. Figure6 shawvs overblurredEWA (in the mini cation axis) andthe lessblurredresultof our

method.
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2.4 Backward Point Projection

Fourth, we considereachscreenpixel asa point and projectit into texture space. An interpolationis

conductedat the projectedocationto obtainthe color value. This methodis naturallyfree of holes.

texture screen

XXX

XXX

XXX

Figure7: Theminor axisis over supesampledn naivebadkward point projectionmethods.

Becaus®f thesamplingratedifferencen screerandtextureimagespaceandtheperspectie projection,
screenpixels may undersamplehe texture image,causingan unappealingrisual effect of aliasing. For
antialiasing,two methodsare possible. The rst is calleda pre- Itering of the texture imageaccording
to the samplingrate of the screenmage. MIP-mappingis a practicalpre Itering method,which will be
reviewedin thenext section.Anothermethods calledpost- Itering, whichsupersamplethescreenmage
andthen lters on subpielsto obtainthe nal pixel value. Hardware acceleratedexture supersampling
wasusedn theaccumulatiorbuffer [13]. However, thesupersamplingatesareglobally speci edwithout
adaptingthemto the local mini cation. The methodof Gangnettal. [9] is adaptve, but for every pixel
it oversamplesalongthe minor axis (seeFigure 7). This leadsto extra computation,especiallyin the
mixed regions. To alleviate this problem,we proposeadaptivesamplingto adaptthe samplingratein
eachdirectionseparately(seeFigure 14). Visual differencesare not apparenbetweerthe oversampling
of Gangnettal. andour moreef cient adaptve samplingmethod.

A lter sizeof atleastoneunit radiusis necessaryor effective antialiasing.For some Iters, suchas

the Gaussianlter , anevenlarger lter sizeis required[22]. This meansthe footprintsof neighboring

10
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pixels overlapeachother The overlappedregion is sampledmultiple timesif usinga straightforvard
adaptve samplingmethod.In the next sectionwe introducea novel backward methodwhich guaranteea

minimumbut ef cient numberof sampledor effective antialiasing.

3 The FAST Algorithm

Currenthardwareimplementationgavor backward mapping.It hasthe importantpropertyof processing
in rasterscanlineorder which is compatiblewith the hardwareimplementatiorof otherpipeline stages.
Our straightforvard adaptve samplingmethoddescribedn Section2.4 promiseshigh quality, but could

beveryinefcient.

We proposeamethodcalledFAST which addressessuesf processingf ciency, texel memoryband-
width, andimagequality. We achieve our goalsby utilizing a numberof techniquesi(1) Pre Iter using
MIP-mapsto lower the costof eachpixel. Differing from the existing methodswe adaptthe sampling
ratein eachchosenMIP-maplevel separatelyto avoid undersamplingn level for effective antialiasing
andoversamplingin level for efciency. (2) Provide a schemecalled footprint areasamplingto
determinethe numberof samples. (3) Utilize the coherencdetweemeighboringpixelsto guarantea
minimum numberof subpixel sampleswhich alsominimizesthe numberof texel accesses(4) Provide
a ner tradeof betweenmagequality andef ciency by clampingthe maximumnumberof sampledor

eachpixel.

In the following sectionwe discussthe previous pre Itering methods point out the defectsof these

approachesnd nally proposeour solution.

11
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3.1 Pre ltering

The most popularmethodof pre Itering is the MIP-map methodwhich builds up in preprocessinghe
differentlevels of representatiomf the texture image. Startingfrom the original image,calledlevel ,
this method Iters theinputimageto form a new imageof half resolution,calledlevel . This procedure
continuesonlevel until theimageresolutionreaches . In texture ltering, thepixelis projectedto
the texture spaceandthe maximummini cation factorof the two axesis calculated.A pyramid level
imageis selectedhatcontainsthe pre Itered texel datafor a mini cation ratio nearesto thatcalculated.
A trilinear interpolationis performedby performing rst bilinear interpolationin both level andlevel
imagespaceandthena linearinterpolationon the obtainedtwo pixel colorsto getthe nal color.
Thelinearinterpolationweightis computedbasedn thefractionallevel calculatedrom the maximum
mini cation factor This nal linear interpolationsoftensthe transitionbetweendifferentlevels. MIP-
mappings illustratedin Figure8a. Level selectiongspeciallyits implementationn hardware is discussed

in detailin [6].

pd /
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Figure8: Pre Itering methodsi(a) MIP-mapping;(b) Footprint Assembly/Eline

As a known problem, MIP-map pre Itering andthe trilinear interpolationare basedon an isotropic

squarelter shape.The shapeof the Iter is alwaysrectangulgrbut the sizeis space-ariant. However,

12
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the mappingof a pixel canbe anisotropic.Therefore suchanisotropic Iter causeslurringin oneaxis

while reducingaliasingin the other

Heckberf15] hasproposedi 4D imagepyramid thatextendsin thetwo axesto approximatearbitrary
rectanglesHowever, thisleadsto ahigherstorageequirementYet,theimprovemeniover MIP-mappyra-
mid is limited becausarectanglestill cannotapproximaterbitrarily alignedshape Recently Blythe and
McReynolds|[3] introducedan anisotropictexture Itering techniquewhich lIters thetexture anisotropi-
cally sothatthe Itered MIP-mapsaspectatio approximateshe projectedaspectatio of thegeometryIn
essencehis approachs similarto Heckberts approach[15]. A numberof disadantagesreinherentto
this approachAs theaspectatio variesfrom polygonto polygonevenon asinglemodel,alsoit changes
over time for eachpolygonwhenthe view changesit requiresthateithera prohibitive setof re-sampled
MIP-mapswith differentaspectratios have to be generatedn adwance,resultingin excessve memory
expensespr the MIP-mapshave to be regeneratedn the y , resultingin extravagantcomputationcost.
Furthermorepecausehe anisotropic ltering is conductecnly in thetwo major axesof the textureim-
age,thusgeneratednisotropicMIP-mapswill never matchexactly with the arbitraryaspectatio of the

projectedgeometry

Thefootprintassemblynmethodaccommodatethe spacevarianceby performingmultipletrilinear Iter
operationsalongthe directionof anisotropy. A pixel area,one-unitsquarecenteredat the pixel, is pro-
jectedto the texture spaceandthe majorandminor axesare calculatedo approximatdahe parallelogram
projectionshape.Eachpixel is supersampledlongits major axis direction. Here,the minor insteadof
major axis determineshe MIP-maplevel. The eccentricitydeterminegshe numberof samplesalongthe
major axis. Figure 8b illustratesthe principle of this ltering operation. Felineimprovesthe footprint
assemblyin afew effective waysby (1) usinga minimum of one-unitradiussphere(correspondindgo a

two-unit squareto approximatea pixel sothatthe adjacenfootprintshave enoughoverlapto overcome

13
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aliasing,(2) approximatingthe major axis asthe major axis of the projectedellipseratherthanthe par
allelogram,(3) allowing the numberof sampledo be ary integer ratherthan , and(4) weightingthe
samplesusinga Gaussiarcurve ratherthansimply averagingthem. More detailsare givenin reference
[16]. Figure9 shaws the differencebetweenfootprint assemblyand Feline on the Iter shapeandthe
samplesused. It is claimedthat Felineachiezeshighervisual quality thanfootprint assemblywith little

additionalcost.

footprint assembly

T A
| _—Feline

screen

(@)

,' ‘w‘w//'
ﬂl’l’l

419

"- ‘Vi m}
II"‘A.-‘r‘Iv"’I

texture texture
(b) (c)
Figure9: ComparisorbetweertootprintAssemblandFeline: screenspacga), texture spaceof Footprint

Assemblyb) andFeline(c).

However, Felineis not alias-free. While Feline guaranteesufcient samplingrate for the real (frac-
tional) level of a pixel, it endsup undersamplingn the chosenlower level (), but oversamplingn the
choserhigherlevel ( ). Thisbehaior is inherentto thebasic Itering elemenf trilinearinterpolation
that Felineuseswhich presentsa problemevenfor anisotropicprojection. As an example,we wantto

scaleanimagedown threetimesin eachdimension.We rst pre-computehe MIP-mapsof the image.

14
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Accordingto MIP-mappingwe choosdevels and for trilinearinterpolation.For eachtargetpixel, we
samplen eachlevel andthenaveragetheresults.Thesamplepointsin level are  unit distanceaway;,
indicatinganundersamplinghat causesliasing. This aliasingeffect remainsafterthe inter-level linear
interpolation. This is moreclearly illustratedin the frequeng domain,showvn in Figure10. Figure 10a
is the spectrumof the original analogsignal. SinceMIP-mapsare createdhroughlow-passltering, the
spectrumbecomesarraver whenthe MIP-maplevel increasesWhenthe samplingratein level isin-
sufcient, spectraoverlap,anindicationof aliasing(Figure10b). In level , samplingrateis higher
thanthe Nyquist rate, thusthe spectraare further separatedpart,asin Figure 10c. Figure 10d shavs
the spectrumafterthelinearinterpolation,indicatingthataliasingremainsin the nal result. In addition,
Feline,similar to mary othermethodssuchas EWA, hasfootprint overlap betweenadjacentpixels, re-
sultingin samplingthe texture multiple times— a redundang increasinghe computatiorcostandtexel
accesdandwidth. The basicideaof our methodis to adaptsamplingratein eachlevel sepaately. This
avoidsundersamplingn the choserMIP-maplevel for effective antialiasingandoversamplingn level

for ef ciency, thusminimizing the numberof sampledor effective antialiasing.Yet, to reducethe
computationcostandthe texel accesdandwidth,we utilizing the coherencéetweeradjacentpixels by
computingonly a quarterof this squareand “splat' the resultto the pixelswhosefootprintsoverlapwith

this quarter(shadedyreensquaran Figure9a). We discusghis techniguammediately

3.2 Scanline Coherence

Whenthe pixel coverageoverlaps,subpixels betweenneighboringpixels contribute to all surrounding
pixels. For example,in Figure1la,subpixels within the squareregion contribute to pixels
and . Thenaive implementatiorof our adaptve samplingmethod(Section2.4) calculateghe subpixels

of eachpixel separatelywhich meansthat the subpiels are calculatedfour times. This requiresnot

15
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Figure10: Spectrunof (a) original signal, (b) samplingin level , (c) samplingin level , (d) linear

interpolationbetweertwo levels((b) and(c)).

only costly computation put alsoa high memorybandwidth. To addresghis issue,coherencébetween
neighboringpixels mustbe exploited. Texel accessoherencéasbeenusedin hardwaredesign [21] by
cachingthe mostrecentlyusedtexels. We wantto pushthis coherencauitilization to its limit. Generally

pixel coherencesxist betweemeighboringpixelswithin andbetweerscanlines.

X Sample point ® Screen pixel

Current Quarter
of Pixel g

Figurel1l: Utilizing coheencebetweerscanlinesand neighboringpixels.

FigurellashavsourscanlinecoherenceEachsubpixelis calculatenly onceandthe colorsare

splattedto the four neighboringpixels. The contribution weightfor eachneighboringpixel is determined

16
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by the Iter used.Figurellbshavsa Gaussianlter implementatiorwith acircularfootprint coverageof
oneunit radius. The Iter weightof a subpixel to a pixel is pre-compute@ndindexed by the subpbel's
coordinateoffsets( ) to the pixel. Sincethe Iter is implementedwith a tablelookup, we can
usea lter of any kind. The contritution weightsof all subpixels areaccumulatedn eachpixel for the
nal normalization.As anexample,for pixel in Figurell,thesubpbelsin thetop-rightshadedsquare
region are processednd their valuesare distributed ("splatted’) to the four neighboringpixels
and . Upon nishing processinghis quarter the remainingthreequartersof the pixel coveragehave
alreadybeencalculatedand accumulatedy pixel , the neighboringpixel in the samescanline,and
and , neighboringpixelsin the previous scanline. Thus, for pixel , we cansumup the accumulated
partial color of the rst threequartersandthat of the currentquartey andthennormalizethe sumby the

accumulatedaveightasthe nal color.

To hold the partial contribution of all subpixelsduringthe scanlineprocessingintuitively two scanline
buffers are required: one for the currentscanline , andanotherfor the next scanline . But for
a compactimplementationa scanlinebuffer of size working asa FIFO is sufcient, where

is thelengthof scanline.Oncethe nal colorsareproducedor pixelsin scanline , theirmemory
canbe immediatelyreleasedor storingthe partial colors of pixelsin scanline . Eachpixel of the
scanlinebuffer storesheaccumulatedolor andweight. The coordinatesn texturespaceare
alsostoredin thebuffer. Thisis usedfor pixel vectorcalculation to bediscussedh thenext section.Since
the operationsare conductedn two MIP-maplevels, hence two setsof buffers areneededyesultingin
two scanlinebuffers. This s still feasiblefor hardwareimplementationf we usebucketrendering19], in
whichtheframeluffer is subdvidedinto coherentegionsthatarerenderedndependentlyfalsoknown as

tiled renderingor chunking).Bucket renderingenablesa deepemvorking setmemoryto be kepton chip.

17
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3.3 Footprint Area Sampling

For our case the processingreaof eachpixel (x,y) is thetop-right squarecalledthe currentpixel quar-
ter (shadedsquaren Figure12, alsoshadedyreensquaren Figure9a). It is importantto determinethe
minimumnumberof samplesn eachMIP-maplevel for effective antialiasingandto avoid supersampling.
Whenthe currentpixel quarteris projectednto texture spacethe projectedareacanbe approximatedsa
parallelogran{Figure12). In backwardfootprint projectionmethod,suchasEWA, this approximatede-
giondecideghecorvolutiontexels;therefore aparallelogranapproximations too crudethere.However,
for oursituation,a parallelogramapproximatioris fairly sufcient becausét is only usedto determinehe
MIP-maplevel andthesamplerate. Thereal lter coverages de ned by the Iter itself, andis conducted
in screerspace Next we discusghe pixel projectiongeometryandthe scheme®sn determiningthe MIP-
maplevel andsamplerates.For clarity andreaders corveniencewe repeatsomebasicstepshere,which

have alreadybeendescribedn previouswork.

screen texture

\
(x,y+1)

(xy) (x+1y)

L

Figurel2: Pixel quarterareaprojection.

The projection parallelogramis describedby axis vectors and diagonalvectors , Where
and . Thevector — — approximateshe movementin texture spaceof

aunit -stepin screerspacewhile — — approximates -step.

Let betheperspectie transformatiorfunctionfrom screercoordinateso texture coor

18
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dinates:

(1)

and canberepresenteds:

(2)

Becausé¢heprojectionf neighboringpixelswerepreviously computedandstoredn thescanlineouffers,

we canapply Equation2 by taking the vectorsto neighboringpixelsin texture spacewhich arealready
calculated6]. Thereforethis methodrequiresno extra Jacobiarcalculationsastheothermethodslo[12,

17]. Specialcareneeddo betakenfor the boundarypixelsto beableto utilize this method.For example,
for the rst row pixelswe have to computethe projectionsof anadditional previous' row of pixelsand
storethemin the scanlinebuffer. Similarly, for the rightmostpixel of a scanline,we needto compute
the projectionof anadditonalpixel to its right. However, notethatfor theseadditionalpixels, only their
projectionsarecalculated.

Themagnitude®f thesevectorsareapproximatedvith:

3)

Themagnitudeof theminorvector canbeapproximatedy:

(4)
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Theminorvector is usedto computethe MIP level andthescalingfactor of level :

()

Thevectors and inlevel arethenscaledas:

— — (6)
We thencomputethe "area’ of the parallelogramanduseit to determinethe total numberof samplesn

eachpixel quarteras:

— (7)
Hence we havethenameareasampling.Thisis similarto NIL-maps [8] in determiningheinitial number
of patchegfor approximatinganarbitrary lter kernelsurface);the differences thathereall samplesare
in the sameMIP-maplevel. Oncethe total numberof sampless determinedwe thendistribute these
samplesvenlyin thepixel quarterusingthejittered samplingscheme.

We must considerthe specialsituationover the mixed region, wherethe minor axisof and is
lessthan  (magni cation). We mustclampit to beforewe apply Equation7 sothatwe guarantee
sufcient samplingin the pixel quarterarea. For example,if and and , the
resultof applyingEquation? is , While therequiredsamplingrateisreally . We call thisclamping
the mixedregion correction

In level , thenumberof samplecanbecalculatedrom thescaledvectorof and inlevel ,

asin Equation7. However, it canbe simply calculatedas:

— (8)
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level 2

(a) (b)

Figurel3: (a) Felinevs. (b) our FASTareasampling

Figure 13 shavs an example of determiningthe numberof samplesfor Feline (Figure 13a) and our
FAST areasamplingmethod(Figure13b). In thisexample, and ; thetwo vectorsare
perpendiculato eachother For Felinemethod the numberof trilinear samplepointsalongthe anistropic
axisis determinedy the anisotropicratio betweernthe two vectors,whichis roundedto . In our FAST
areasamplingmethod,the minor axis is usedto determinethe MIP-maplevel (Equation5), which is

for this case.In level , the scaledtwo vectorsbecome and , respectrely. The
total the samplingrateis determinedas . The numberof samplesn level is

— . In total, Felinespendsl4 sampledor thetwo MIP-maplevels, while FAST spendsl3
samples.

For highly anisotropicpixels, the supersamplingatefor the pixel quartercanbe quite high. To bound
the processingime of eachpixel, we needto clampthe samplingrateto a pre-speci edvalue . Sim-
ply doing this leadsto aliasingdueto undersamplingn the area. Our solutionis to tradeoff blurring
with aliasingby increadingthe MIP-maplevel. The nev MIP-maplevel andthescalingfactor are

computedas:
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— (9)

This methodprovidesa tradeof betweenimagequality andefciency. The total numberof samples
thatwe really usein level , , canbecalculatecbasedonthenewly calculated from Equation7. The

numberof samplesn level is then—.

4 Results and Discussions

To evaluateour FAST areasamplingmethod,we compardt with existing MIP-mapandFelinemethods.
We have rendereda room sceneusing the different methods. The sceneconsistsof ve large texture
mappedpolygonsrepresentingvalls,a oor andceiling. Eachtexture imagehasdifferentfeatures.The
oor imageis the typical checlerboardbenchmarkimagefor texture mapping. The roof imageis high
frequeny line stripes.Theright wall imageis full of text, whichis alsochallenging.Theleft wall image
is a mandrillimage. The backwall imageis a typical camerashotcorveying a meaningfulscene. All
imageshave aresolutionof . Theresultingimageresolutionis . Theprogramrunson
anSGI 02 with anR10000CPUand128MBytememory

We rst comparethe quality amongthesemethods.Figuresl4a—ishaowv a still framefrom ananima-
tion. ThetraditionalMIP-mapmethodcreateghe lowestquality sinceonly a singletrilinear interpolation
andan isotropic Iter is implementedFigure 14a). All imagesare blurry andthe checlerboardimage
demonstratesoticeablealiasing. Straightforvard implementatiorof the adaptve samplingmethodcre-
atesthe highestquality imagewith lessblurring andbetterantialiasing(Figure 14b). Utilizing coherence
only in the adaptve samplingmethod(without pre Itering) promisesghe samehigh quality (Figure14c).

Felinedeliversbetterquality than MIP-mappingby introducinganisotropic ltering (Figure 14d). This
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canbeobsenedfrom thetext image,but aliasingis still presenin thecheclerboardmage.By settingthe
clampingfactorto , thequalityis similar (Figurel4e).However, by furtherreducingthe clampingfactor
to , theimagebecomedlurrier (Figure 14f). Our FAST method,with coherencautilization, pre Iter-
ing, andthe footprint areasamplingscheme createsmagesof indistinguishablequality ascomparedo
straightforvard adaptve sampling(Figure14g). By settingthe clampingfactorto , thequalityis similar
(Figure 14h). However, by settingthe clampingfactorto , theimagebecomesa bit blurrier andmore
aliased(Figure14i). Thedifferencecanbe seenmoreclearlyfrom zoom-insFigure14j-I. The quality of

animationds consistenwith thatof the extractedframesfor eachmethod.

In creatingimagesusingFAST, we have useda Bartlett Iter to Iter subpiels. We have alsouseda
Bartlett Iter with coverageto build up all MIP-maps,nsteadof a box Iter astypically used
in MIP-mappingmethodwe arguethatusingonly a box Iter causesliasingin MIP-mapsbecause

of itsinsufcient lter size.

In practice,we can specify the clampingvalue per primitive basedon the texture content. For high
frequeny textures,a higherclampingvalueis requiredfor effective antialiasingwhile for low frequeng
textures,suchasthebackwall image,no artifactsarenoticeableavenif theclampingvalueis setto . Our
experimentsshav thatclampingto is usuallyagoodcompromise Clampingto is normally sufcient

for high quality.

Next, we comparehe speedamongthe methods.The commonprocessindunctionsaresharedcamong
the methoddor fair comparison.The renderingtime for eachof threemethods— MIP-map,Feline,and
FAST — is recordedandplottedin Figure 15. As canbe seenfrom the graph,MIP-mappingis always
themostef cient, becausdét spendsonly onetrilinearinterpolationfor eachpixel, invariantof theregion.
It is alsoclearfrom the graphthat MIP-mappinghasa propertyof constantost. However, this constant

time is beliedby theimagequality (Figure14a).
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Figurel5: Average renderingtime per pixel (milliseconds¥or 110framesof a roomsceneanimation.

FAST andFelinearevery similar in renderingspeed.It canalsobe seenin Figure 15 that thesetwo
methodsaresensitve to the camergositionbecausdhey bothtry to adaptthe numberof samplesaccord-
ing to thelocal mini cation propertyof eachpixel. Table1 shows the averagerenderingtime perframe
for eachmethod.Here,we comparewith two additionalmethods:straightforvardadaptve samplingwith
andwithoutcoherenceWe canseethattheadaptve sampling(“*Adaptive”) methodis themostinef cient.
Utilizing coherencg“Coherence”)eadsto morethantwice the speedupWhendecreasinghe clamping
value,we canseethattherenderingime of Felinedecreasefasterthanthe FAST method.Thisis because
in Feline,decreasinghe clampingvaluedirectly reduceghe anisotropicratio, andthusthe samplerate.
But for FAST, decreasinghe clampingvaluemaynotleadto a higherMIP-maplevel selectiontherefore,
thetotal numberof samplesnay staythesame.

Anotherpropertywe evaluateds the numberof samplegprocessedior eachframe,whichis plottedin
Figure16. Sinceeachtrilinear interpolationrequirestwice the numberof texelsasbilinearinterpolation,
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

25



ComputerScienceDepartmenfledhnical Report001-2002 University of Minnesota

Tablel: Comparisorof the performancef thedifferentmethods

Method Clamp| Time | Samples| Relatve
(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
graphillustratesthat FAST utilizesslightly fewer sampleghanFeline,but on averagethey arevery close
(Table1). Thelastcolumnof Table 1 shows the requiredmemorybandwidthrelative to the MIP-map
method.Whentheclampingvalueis or higher FAST only createdessthanonetime memorybandwidth
overheadThis couldbeeasilymetby the currentarchitecturalesignof managingnemorybandwidth[1],

suchascapturingthe memorybandwidthon chip, texel caching,andaggressie memorycompression.
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Figure16: Numberof samplepointsper pixel for 110framesof a roomsceneanimation.

5 Concluding Remarks

We have proposedndevaluatedifferentantialiasingnethoddor texturemappingbasednafour region
subdvision of the texture mappedarea.Critical mixedregionsarestudiedto challengeprevious methods
and guide our design. By utilizing coherencepre ltering, and an areasamplingscheme our method

FAST hasachievedthefollowing features:
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High quality: FAST delivershighervisual quality thanMIP-mapandFeline,andalmostindistin-

guishabldmagequality ascomparedo straightforvardadaptve sampling.
Ef ciency: FAST maintainghe sameefciency asFeline.
Low memory bandwidth requirement: FAST requiresmemorybandwidthcomparableo Feline.

Tradeoff betweenimage quality and ef ciency: FAST canadjustthe clampingvaluesupporting
a ne tradeof betweenmaccuray andspeed.FAST still promisescompetitve imagequality when

reducingthe clampingvalue,yetraisingthe ef ciency.

Althoughwe describeour methodsn 2D, they canall beextendedo 3D, bene ting especiallyproblems
suchas 3D texture mapping,volume deformation,volume rendering,and hypertexturing. We plan to
explorethesein our futurework.

Fromour experimentsve have obseredthatdifferenttextureimageswith differentfrequenciesequire
differentclampvaluesto obtainthesamevisualquality. We arecurrentlyinvestigatingon adaptingsample

ratebasedonthelocal frequeng of textureimages.
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Figurel14: Texture mappingusing(a) traditional MIP-map,(b) adaptivesamplingwithoutcoheence (c)
adaptivesamplingwith coheence (d) Felinewithoutclamping (e) Felinewith clamp= 4, (f) Felinewith
clamp= 2, (g) FASTwithoutclamping (h) FASTwith clamp= 4, (i) FASTwith clamp= 2, (j), (k) and(l)
are zoom-inof themarkedrectanglesf (a), (d) and(g), respectively
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