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Abstract

There are numerousapplicationsand variants of

pyramid methods in digital image processing.
Marny of themfeaturea linear time compleity in

the numberof pixels; thus, they are particularly
well suitedfor real-timeimageprocessing.In this

work, we shov thatmodernGPUsallow usto im-

plementpyramid methodsasedn bilineartexture

interpolationfor high-performancémageprocess-
ing and presenthreeexamples: zoomingwith bi-

quadratid-spline ltering, ef cient imageblurring

of arbitrary blur width, and smoothinterpolation
of scatteredbixel data. In comparisonwith pub-

lished techniquesfor GPU-basedmage process-
ing, we achiere considerabl@erformancémprove-

mentscomparedto published Itering techniques
andimprovementsf imagequality comparedo bi-

linearinterpolation.

1 Intr oduction

The pyramid algorithm[1, 9] hasfound mary ap-
plications in image processing;in particular be-
causeheworst-caseime compleity of mary pyra-
mid methodsis linearin the numberof pixels and
doesnot dependon the potential range of in u-
enceof eachpixel. Thus, for someapplications
pyramid methodsare even more ef cient than |-
tering techniguesasedon fast Fourier transforms
[1]. Sincethe pyramid algorithmis relatedto dis-
crete wavelet transformsand multiscale analysis,
pyramid methodsare appliedto similar problems
in imageprocessingndvision; e.g.,compression,
enhancementgeconstructionsggmentationfeature
measurementgtc.

The basic pyramid algorithm iteratively com-
putesa pyramid of low-resolutionapproximations
to anoriginalimage.Thecomputatiorof eachpixel
of a coarserlevel dependsonly on the dataof a

small constantnumberof pixels of the previous,

ner level. The computatiorof thisimagepyramid

is often called analysiswhile the inverseprocess,
i.e., the reconstructiorof animageof the original

sizefrom the pyramid data,is calledsynthesis.

The basic problem of ary implementationof
pyramid methodson graphicshardwareis the de-
pendeng of pixel computationson resultsof the
previously computedlevel. If the computationof
one level is implementedby rasterizingone rect-
angle with an appropriatefragmentprogram, the
dataof the previouslevel hasto beaccesseby tex-
turelookups. Thus,the pixels of eachlevel have to
be copiedto a texture imagebeforethe next level
can be rasterized. In the x ed-functionOpenGL
pipelinethis would requireto readbackthe raster
ized pixels andto copy themto a texture image;
thus,thedataof eachlevel is sentbackandforth be-
tweengraphicsmemoryand main memory Since
this datatransferis a seriousbottleneck,the per
formanceof implementation®f the pyramid algo-
rithm onnon-programmablgraphicshardwarewas
ratherlimited and,thereforethesemplementations
never achievedthe popularityof CPU-basedmple-
mentationof pyramid methods.

Modern GPUsoffer the possibility to renderdi-
rectly to texture images;thus, the resulting pixel
datamay be usedfor the texturing of subsequent
primitives without the performancecostsof trans-
ferring image datato main memory and back to
graphicsmemory This featurehasremoved the
most important bottleneckof GPU-basedmple-
mentationsof the pyramid algorithm. In fact, the
main contritution of this work is to shav with the
help of three examplesthat pyramid methodscan
beimplementedon modernGPUswithout the per
formancelimitations of previousimplementations.
Somespeci ¢ publicationsabouttheseimplemen-
tationsandaboutthe pyramid algorithmin general
aresummarizedn Section2.



Sincewe focuson high-performancémplemen-
tations, we do not consideradwanceddesignsof
analysisandsynthesislters for thepresentegbyra-
mid methods.On the contrary we employ very ba-
sic weighting functionsthat may be implemented
by a singlebilinear texture lookup as discussedn
Section3. These Iters sufce to provide a satis-
factory visual quality in several commonapplica-
tions of pyramid methodswhile resultingin partic-
ularly ef cient implementationsMore speci cally,
the presentedexamplesare a pixel zoomwith bi-
guadraticB-spline ltering describedn Section4,
imageblurring with a worst-caseime compleity
thatis independendf the blur width as discussed
in Section5, andtheinterpolationof scatteredlata
includingthe lling of missingpixels presentedn
Section6.

More potentialapplicationdor GPU-basegyra-
mid methodsare mentionedin Section7, which
concludeghis paper

2 RelatedWork

Burt did not only proposethe pyramid algorithmin

1981[1] but alsodescribedthe Gaussiamyramid

consistingof coarserapproximationsof an image
andthe Laplacianpyramid consistingof the detail

informationrequiredfor the reconstructiorof each
level of the Gaussiamyramidfrom thenext coarser
level. Specic pyramid methodsare discussedy

Ogdenetal.[9] andBurt [2].

Catmull and Clark [3] describeda subdvision
schemefor cubic and quadraticB-splines. The
schemefor biquadraticB-spline patchesis well-
kown asthe Doo-Sabinsubdvision schemdor reg-
ularquadrilateralslt is of particularimportancefor
ourwork becausé canbeimplementedy asingle
bilineartexturelookupasdescribedn Section3.

The mostimportantexamplesof Gaussiarpyra-
mids in real-time computergraphicsare mipmap
textures. Usually the generationof mipmapson
non-programmablgraphicshardware requiresthe
transferof imagedatafrom mainmemoryto graph-
ics memory which limits the performanceof dy-
namic updatesof mipmaptextures. However, re-
centGPUsoffer very ef cient mipmapgeneration
from texture imageswithout this datatransferas
discussedn Section3.1.

Apart from mipmappingthere are several pub-
lications aboutimplementationf pyramid meth-

odsin graphicshardware;in particular implemen-
tations of the discretewavelet transform (DWT).
Hopf and Ertl [6] implementeda DWT with the
help of the OpenGLimaging pipeline. Consider
ably higherrenderingperformancesvere achieved
by Wang et al. [13] and Tenlladoet al. [12] who
avoideddatatransfeetweergraphicanemoryand
main memoryby emplag/ing programmablegraph-
ics hardware. The pyramid methodswe presentin
this paperdiffer from DWTsin atleasttwo aspects:
we focuson lters that areimplementablewith a
singlebilineartexturelookupandwe do notrequire
ary dataof the Laplacianpyramid, which corre-
sponddo thedetailcoefcients of aDWT. Ef cient
GPU-basedimplementationsof DWTs are most
useful for image compressiorand non-interactre
signal and image processingwhile there are very
few applicationsn real-timecomputergraphicg5].

GPU-implementationsf pyramid methodsbe-
camealsopopularin the context of generalGPU-
based computations, especially for the efcient
computationof the meanor the sum of pixel val-
uesof a setof pixelsby a sequencef pixel gather
operationse.g.,for linearalgebracomputationsn
GPUsasdiscussedby KriigerandWestermanif7].
A morerecentexampleis the GPU-basedcompu-
tationof one-dimensiongbre x-sumspresentedy
Senguptatal. [10].

An exampleof a GPU-basedmplementatiorof
analgorithmfor (non-interactie) imageprocessing
was publishedby Goodnightet al. [4]. While the
authorscomputethe averageluminanceof anim-
agewith the help of a pyramid method,they em-
ploy asetof Itered imagesfor the computatiorof
“adaptationzones”to performadaptve tone map-
ping. This “pyramid” is different from the Burt
pyramidaseachof its levelsis of the dimensionof
theoriginalimage.Nonethelesgheauthorscallit a
“Gaussiarpyramid” sinceeachlevel representshe
convolution of the original imagewith a Gaussian

Iter . Thus,thetotal numberof pixelsis consider
ably largerthanin the Gaussiarpyramid suggested
by Burt. Moreover, the Gaussianlters employed
by Goodnightet al. requireaccesso mary more
pixelsthanthe lters of constanwidth in the pyra-
mid algorithm. Thus,the computatiorof adaptation
zonegresenteddy Goodnightetal.is notapyramid
methodin the senseof the Burt pyramid.

Strictly speakingthe GPUimplementatiorof the
push-pullinterpolationof scatteredpixel data by
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Figurel1: Basicstructureof mary pyramid methods:a bottom-upanalysis(left) followed by a top-davn
synthesigright) of imagedata. Theanalysisoperatiorfor G (1; 0) andthesynthesiof Go(2; 1) illustrate
the specifcanalysisandsynthesislters emplo/edin this work. The gray dotsrepresenthe coordinate of

thecorrespondinginglebilineartexturelookups.

Lefelvre et al. [8] is also not a pyramid method
since it accessesll levels of a mipmap texture
for eachpixel. This resultsin additional texture
lookups of their implementationand thereforein
a worsetime compleity (by a logarithmic factor)
anda worseperformanceomparedo the pyramid
methodpresentedn Section6.

An efcient GPU-basedltering of imageswith
cubic B-splinesfor texture magni cation was pre-
sentedby SiggandHadwiger[11]. Theimplemen-
tation exploits bilinear texture interpolationsto re-
ducethenumberof requiredtexturelookups.While
this techniqueallows for randomaccesgo a tex-
ture image, it requiresconsiderablymore texture
lookupsperpixel of azoomedmagethanthe pyra-
mid methodpresentedh Section4.

Green[5] presente@PU-basednplementations
of in nite impulseresponselters (IIR lters) for
image processing. Although this techniqueis not
relatedto pyramid methods,it featuresthe same
linear time complity even for Iters of in nite
length. The performanceof this approachis lim-
ited by the numberof requiredpassegforward and
backward for both dimensions)andthe numberof
primitives (and render buffer switches)for each
pass. The latter is linear in the dimensionsof the
imagewhile it is logarithmic in thesedimensions
for the pyramid methodpresentedn Section5.

Figure2: Layoutof all 10 levels of the Gaussian
pyramidin one770 512imagebufferforthe512
512 Lenaimage.

3 Pyramid Scheme®asedon Bilinear
Texture Inter polation

This sectionintroducesthe basicconceptsand op-

erationsemplogyed in the more speci ¢ pyramid

methodsdiscussedn Sections4, 5, and 6. We

alsodiscusgheimplementatiorof theseoperations
with the help of hardware-acceleratetilinear tex-

ture interpolationsince this possibility motivated
our choicefor the particularanalysisandsynthesis
operations.
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Figure 3: (a) Analysis operationfor averaging.
(b) Synthesioperationfor biquadraticB-spline |-
tering.

3.1 Analysisfor Mean Pyramids

Thecommonstructureof thepyramidmethodspre-
sentedin this work is illustratedin Figure1. The
original imageis called Gy sinceit is considered
the Oth level of a Gaussiarpyramid. Startingfrom
Gy theanalysiscomputesa pyramidof coarseltev-
elsG, G2, etc. Thewidth andheightof eachlevel
is reducedby a factorof two in comparisorto the
previous, ner level.

We sstoreall evenlevelsof thepyramidin oneren-
derhufferimageandall oddlevelsin a seconden-
dertuffer imagefor a ping-pongrenderingbetween
the two renderluffers. Figure2 depictsthe layout
of 10levelsof the Gaussiampyramidfor anoriginal
imageof size512 512 pixelsin our implemen-
tationwith all levelsin oneimagefor the purpose
of illustration only. Sincenew pixel datais com-
putedfrom pixelsof thepreviouslevel accordingo
ananalysisoperation the renderliffer imageof an
oddlevel is usedasa textureimageto computethe
pixels of an even level andvice versa. The com-
putationof the pixels of onelevel is performedby
rasterizinga rectanglecovering thesepixels. Tex-
ture coordinate®f the verticesof this rectangleare
setappropriatelyto accesshe pixel dataof the pre-
viouslevel.

Theparticularanalysisoperatioremployedin the
presentedpyramid methodsis illustrated in Fig-
ures1 and3a. The component®f a new pixel are
determinedy the averagecomponent®f four pix-
els of a ner level; thus, the resulting pyramid is
alsoknown as “mean pyramid” or “averagepyra-
mid” Themostimportantadwantageof thisscheme
in a GPU-basedmplementationis the possibility
to computethis averageby a bilinear interpolated
texture lookup asillustratedby the gray dot for the
pixel G1(1;0) in Figure 1. Higherorderanalysis

Iters could beimplementedwith the help of addi-
tional averagingstepsthatdo notreducethe sizeof
the ltered image.

For non-paver-of-two dimensionf theoriginal
image,we suggesto copy edgepixelsto Il anim-
ageof the smallestpower-of-two dimensionthatis
greatetthantheoriginal dimensionon the Oth level.
Any otherapproactappearso besigni cantly more
complicatecconsideringhe particularbilineartex-
turelookupfor averagingfour pixels.

While ouranalysisoperationdoesnotaccessry
pixels outsidethe actualpixels of eachlevel, larger
analysis lters (andalsosynthesislters accessing
this data)requireadditionalpixel dataoutsideof the
computedmage. Sincestandardclampingof tex-
ture coordinatexannotbe employedfor our layout
schemedepictedin Figure2, we simulatea clamp-
to-edgeapproachby rasterizingadditionalpixels of
a borderaroundthe image of eachlevel with the
sametexture coordinatessfor theadjacenedgeor
cornerpixels. For our examples this borderis one
pixel wide.

As an alternatve to the proposedimplementa-
tion of the analysis,the automaticmipmapgener
ation de ned in the “frameluffer object” OpenGL
extensioncouldbeemployedto build theinitial im-
agepyramid, provided thatit doesnot resultin ad-
ditional data transferbetweenmain memory and
graphicsmemory In fact, this alternatve appears
to performslightly fasterthanthepresentednalysis
on our targethardware. However, for an automatic
mipmapgeneratiorthe actualanalysis Iter is not
speci edandit is notcustomizabldor higherorder
analysis lters, alternatve computationsat edges,
non-paver-of-two imagesgtc.

3.2 Synthesisfor B-Spline Filtering

The synthesisworks top-davn, computing new
pixel datafrom pixelsof theprevious,coarsetevel.
Again we rasterizea rectanglecovering all pix-
els of onelevel and accesixels of the previous,
coarsetevel by bilineartexturelookupswith appro-
priatetexture coordinatesA singlebilineartexture
lookup allows us to usethe synthesisliter for bi-
quadraticB-spline Iters asillustratedin Figuresl
and 3b. The weights correspondto the subdvi-
sionof biquadratidB-splinepatchesandtheregular
Doo-Sabinsubdvision [3].
Figure 4 demonstrated®iquadraticB-spline |-

tering of pixel datain comparisonto bilinear in-
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Figure4: Filtering of imagedata: (a) piecavise constant(b) piecavise bilinearinterpolation(C° continu-
ous),(c) biquadraticB-splines(C* continuous)(d) bicubic B-splines(C? continuous).

terpolationandbicubic B-spline ltering. The per
formancecostof bicubic insteadof biquadraticB-
spline ltering is rathermodestin our implemen-
tation of the pyramid algorithmsincean additional
averagingstepturnsabiquadratidB-spline Itering
into a bicubic B-spline Itering. However, a com-
parisonbetweenFigures4c and 4d suggestshat
the C2 continuity of bicubic B-splinesis nota cru-
cial advantageor image Itering while thestronger
blurring andthe worseapproximationof the origi-
nal datavaluesaredisadwantageou$or mary appli-
cations. Strongaliasingcannotbe curedby neither
type of B-spline ltering; however, biquadraticB-
spline ltering of antialiasedmagesalreadyhides
theregularsamplingstructureof the originalimage
quiteef ciently . Furthermorethetypical diamond-
shapedartifactsof bilinear interpolationare com-
pletelyavoided. Thereforebiquadratid-spline |-
tering can provide a signi cantly improved visual
guality comparedo bilinearinterpolationwhile the
potentialadvantage®fferedby bicubicB-spline |-
teringstronglydependntheparticularapplication.
The presentedsynthesiscannotperfectly recon-
struct the original image from ary of the coarse
levels of the Gaussiarpyramid sincethis pyramid
doesnot provide all the requiredinformationand
the Laplacianpyramid, which containsthe missing
information,is notcomputedn ouranalysisfor per
formancereasons.However, the pyramid methods
presentedn this work eitherdo not requirethis in-
formationfor their purposer retrieve the original
datafrom the Gaussiarpyramid, which is not over
written duringthe analysisin ourimplementation.
The bilinear interpolatedtexture lookup illus-
tratedin Figure3brequiresvalid pixel dataof texels
outsideof theimageof thecoarsetevel if abound-

ary pixel of a ner level is rasterized Thus,for the
Gaussiarevel thatis accessetbr the rst synthesis
step,we have to ensurevalid pixel dataon a one-
texel texture border;e.g.,by copying boundarypix-
elsafterthe computatiorof eachlevel in theanaly-
sis. Notethatthe new one-texel borderof the ner
level canbeeasilycomputedy includingthesebor-
derpixelsin thesynthesistepandlinearly extrapo-
lating texture coordinatesThis is possiblesinceno
additionaltexelsof thecoarsetevel arerequiredfor
the synthesiof thesepixels.

As demonstratecby the GPU-basedpyramid
methodsdescribedn Sections4, 5, and6 thereare
mary usefulvariantsof thepresentedbasicpyramid
method.

4 Pixel Zoom

We rst discussthe applicationof our GPU-based
implementationof the pyramid algorithmto pixel
zooming. A particularity of a pyramid methodfor
zoomingis the lack of ary analysisprocess.For a
scalefactorof 2 our approachinitializes level G
by copying the pixels of the zoomedsectionof the
originalimageinto level G, (includinganadditional
one-piel wide border). After this initialization all
levelsfrom G, ;toGg aresynthesize@sdiscussed
in Section3.2. Sincethe analysisis not partof this
method,the resultingimagecorrespondso a con-
volution of the pixel datawith uniform biquadratic
B-splines.

Figures5a and5b shov zoomedsectionsof the
512 512Lenaimageusingscalefactorsl6and64,
respectely; i.e., the original pixels are copiedto
level G4 andGe, respectiely. Therenderingtime
was0:11 and0:13 millisecondsfor the two exam-
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Figure5: Resultsof zoomingthe512 512 Lena
imagewith biquadratidB-spline Itering with scale
factors16 (a) and64 (b) in comparisorto bilinear
texture magni cation (c) and(d). Thezoomedsec-
tionscover32 32 (left column)and8 8 (right
column)pixelsof theoriginalimage.

ples. More timings are given in Section5, which
discusseshe synthesisstepfor imageblurring, be-
causeheidenticalprogramsequencés usedn both
casesandthereforeshavs the sameperformance.

For comparison,Figures5¢ and 5d emply a
bilinear texture lookup to perform the sametask,
which resultsin strong artifactstypical for bilin-
earinterpolation;especiallyin Figure5d. Measure-
mentsweretakenusingthe sameconditionsfor bet-
ter comparison;in particular they were also per
formed while renderinginto and readingfrom a
16 bit oat offscreenbuffer. The bilinearzoomed
resultswererenderedn 0:07 milliseconds.Theper
formanceoverheadf the pyramid methodis there-
fore lessthana factorof 2 comparedo bilinearin-
terpolation.

5 ImageBlur

Our pyramid methodfor imageblurring for a blur
width of 2' copiesthe originalimageinto level Go

35

milliseconds

12345678 123456789 12345678910 1234567891011
maximum level

Figure6: Timingsfor blurring scaledvariantsof the
Lenaimagein millisecondsfor the analysissteps
(dark gray) andthe synthesistepglight gray).

andcomputed levelsG; to G, in theanalysispro-
cessdescribedn Section3.1. For level G, theone-
pixel wide borderis computedandthe synthesiof
levelsG, ; to Gy is performedasdiscussedh Sec-
tion 3.2.

Thetop row of Figure8 (seecolor plate) shavs
the resultingimageswhenapplyingthis methodto
the 512 512 Lenaimagefor variousvaluesof
I. For comparison,the bottom row of Figure 8
shaws the resultsof non-interactre applicationsof
IIR Gaussiarblur Iters of comparablélur widths
providedby the GNU ImageManipulationProgram
“Gimp.”

As shavn in Figure4, ltering imagedatawith
B-splinesof small lter widthscannotremove alias-
ing artifacts. Thus,if a level of the meanpyramid
shaws strong aliasing artifacts, they will become
visible if the synthesisstartsfrom this level; see,
for example,Figure8b. Figure8f demonstratethat
blurring by computinganactualcorvolution with a
large Iter avoidsthesealiasingartifacts.

Our analysisfor averagepyramidsdiscussedn
Section3.1 doesnot avoid aliasingartifactson ary
level; thus,it depend®ntheoriginalimagewhether
and which levels of the averagepyramid feature
aliasing. Analogouslyto the generatiorof mipmap
textures,a wider analysis Iter would improve the
resultingvisual quality.

Performanc@umberof thepyramidimageblur-
ring for variousimagesizesaregivenin Figure6.
Although lessfragmentsare generatedduring the
analysis— level Go only actsassourcetexture —
it requiresaboutthe sametime asthe synthesisiue
to thedifferentaccesgpatternof texturedata.While



in the caseof the analysiseachtexel of the source
level is sampledy only asinglefragmentthetexel

informationcanbereusedipto sixteentimesfor the

synthesiswhich resultsin amoreef cient usageof

thetexture cache.

The maximumtotal overheadequiredfor buffer
switcheswas about0:4 millisecondsin our exper
iments. Apart from this overhead,the obtained
timings clearly re ect the systems linear depen-
deny on the numberof input pixels. The blur
width, which is determinedby the maximumlevel
usedduring the computationof the pyramid, has
only little in uence on the achieved overall per
formance;exceptfor very small widths and small
imageswherethe overheadfor buffer switchesbe-
comesthelimiting factor

In summary our pyramid methodrequiresless
than 0.8 millisecondto blur 1 megapixel with ar-
bitrary blur width, which is a suitableperformance
for real-timeimagepostprocessinge.g., for com-
puter gamesand video processing. All reported
numberswere taken on a 3.4 GHz Intel Pen-
tium 4 and an NVIDIA GeForce 7800GTX 512;
RGBAFLOAT16.ATI wasusedfor all timings as
format for the application-createdrametuffer ob-
jects.

6 Interpolation of Scattered Data

Ogdenetal. [9] andBurt [2] discusgpyramidmeth-
odsfor lling in missing pixels by extrapolating
datain the analysisprocessand lling in synthe-
sized data in the synthesisprocess. This kind
of pyramid methodsare also known as push-pull
methodsin the computergraphicscommunity(see
Lefelbvre etal. [8] andreferencesherein).

Our pyramid methodfor interpolationof scat-
teredpixel datais basedon averagingonly knowvn
pixelsin the analysisand lling in unknavn pix-
els with synthesizedixel datain the synthesisas
illustratedin Figure7. Thealphacomponents em-
ployedto implementthe“supportimage”described
by Burt [2]: If apixelis speci ed,alphais setto 1.
Otherwisej.e., for unspeci edpixels,alphaandall
color componentareset0. Whenaveragingfour
RGRA colorsof this kind accordingto the analysis
operatiordiscussedh Section3.1,thecomputedal-
phacomponents setto n=4 with n beingthenum-
ber of known pixels amongthe four input pixels.
Thus,the correctlyaveragedRGB componentgan

averagingspecifiedpixels filling - in unspecifiedpixels

Figure7: Interpolationof scatterecpixel data: un-
speci edpixels(black) areignoredin thebottom-up
analysig(left) and lled-in by bilineartextureinter
polationsin thetop-davn synthesigright).

be determinediy a “homogeneouslivision” of the
computedRGB componentdy thecomputedalpha
componentHowever, it is notnecessaryo perform
this division after eachanalysisoperationsinceall

computationf the analysisand synthesiscanbe
performedn “homogeneousoordinates’if thedi-

visionis appliedto theresultingRGBA colorin the
lastsynthesistep.

Therefore, the analysisof our methodis per
formed exactly as describedin Section3.1 while
the synthesishasto testfor eachrasterizedpixel
whetherthe alphacomponentof this pixel in the
Gaussiampyramid,which hasbeencomputedn the
analysisjs greaterthanO. In this case the compo-
nentsof this pixel arenot modi ed sinceit is con-
sidereda well-speci ed color (in homogeneouso-
ordinates) Otherwisej.e.,if alphais 0, theunspec-
i ed pixel is replacedby the synthesizegixel data.
Moreover, whensynthesizindevel Go, all resulting
RGB componentaredivided by the alphacompo-
nent.

Someresultsobtainedwith this GPU-basegyra-
mid methodareshavn in Figure9 (seecolor plate).
Our approachsmoothlyinterpolatesbetweenscat-
teredpixelsandalso lls in unknavn pixels. Since
pixelsare lled in onall levelsof theGaussiampyra-
mid, the methodalsosmoothly lls large areasof
unspeci ed pixels as demonstratedn Figures9g
andoh.

The fragment program implementingthe syn-
thesisoperationof this pyramid methodrequires
someadditionalarithmeticinstructionsandonead-
ditional texture lookup in comparisonto the frag-
ment programsfor the methodspresentedn Sec-
tions4 and>5; thus;the performancen our testen-



vironment(asdescribedn Section5) is about0:41

millisecondsfor the512 512imagesn Figure9.

Imagesof size 1024 and204& requireabout1:4

and5:3 millisecondsrespectrely. For comparison,
our OpenGLimplementatiorof the push-pullinter

polationby Lefelvre et al. [8] emplgyed the auto-
maticmipmapgeneratiorior theanalysiswhichof-

fersaslight performanceadvantage.However, the

total algorithm (including the synthesis)required
0:67, 2:5, and 10:0 millisecondsfor the sameim-

agesdueto additionaltexturelookups.

7 Conclusionand Futur e Work

The three GPU-basedgyramid methodspresented
in this work demonstratehat modernGPUsallow
us to implementbasicpyramid methodswith their
correcttime complity if bottlenecksuchasdata
transferbetweenmain memoryandgraphicsmem-
ory are carefully avoided. Moreover, we shaved
thatsinglebilinearinterpolatedexturelookupscan
be usedto implementvery efcient analysisand
synthesisoperationsthat avoid artifacts of bilin-
eartextureinterpolationandoffer asufcient visual
quality for mary applications.

All threeof the presentegyramid methodscan
be extendedin various ways: Our approachto
zoomingcould be combinedwith higherorder |-
tersand deferred ltering. The presentednethod
for imageblurring couldbeimprovedwith the help
of betteranalysis Iters. Locally adaptve blurring
would be aninterestingfeaturewith mary applica-
tionsin real-timecomputegraphicgdepth-of- eld,
motion blur, soft shadavs, etc.). An importanten-
hancemenbf the presentednterpolationof scat-
teredpixel datawould mapthe densityof samples
tointensity Moreover, someapplicationsequirean
approximationinsteadof an interpolationof sam-
ples. Furtherapplicationsof GPU-basedyramid
methodsfor image processingnclude the compu-
tation of summedareatables(generalizingthe ap-
proachof Senguptatal. [10] to images)tonemap-
ping, motionestimation featureenhancemensey-
mentatioretc.
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Figure 8: Top row: Blurring of the 512 512 Lenaimagewith our pyramid method. The imagesare

synthesizedrom (a) level G2, (b) level G4, (c) level G and(d) level Gs. Bottomrow: For comparisorwe
shav theresultsof GaussianlR Iters of comparablevidthin (e), (f), (g), and(h).
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Figure9: Top row: variantsof the512 512 Lenaimagewith unspeci edpixels (black). Bottomrow:
resultsof our pyramid methodfor interpolationof scatteregixel data.



