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Figurel: Gradient-domairstiching of a terapiel panormaof the night's sky. Left: Dueto varying exposuresn the photographiplates,
compositingpixel valuesresultsin undesirableseamsacrossthe stitching boundaries. Right: Using our distributed Poissonsoler, the
gradientsacrosghe seamsanbe setto zero,resultingin a seamlespanoramavith smoothtransitionshetweertheplates.

Abstract

In this work, we presenta novel, parallel, out-of-core,and dis-
tributedimplementatiorof the Poissorsolver capableof supporting
gradient-domairprocessingof both planarand sphericalimagery
Ourimplementatiorprovidesanimportantcontribution to the pro-
cessingof bothin-coreandout-of-coredatasetsTakingadwantage
of penasive multi-core architecturespur solver provides an ef -
cientimplementationfor the mary gradient-domairmethodsthat
arenow supportedn commodityimageprocessingutilities. Dis-
tributing the computationacrossa clusterof machinespur solver
reducesoththe processingand|l/O load on individual nodes,en-
ablingthe processingf imagesthatareordersof magnituddarger
thanwhatcould previously be processed.

Keywords: parallel, distributed, out-of-core,multigrid, Poisson
equationterapiel imagessphericabanoramas.

1 Intr oduction

Theubiquity of imageprocessingoolshasshapedhewayin which
both novice usersand professionalsuthordigital content. Using
off-the-shelfsoftware, an untraineduser can sharpenand deblur
images performtone-mappindo adjustbrightnesscompositenen
image contentinto a digital scene,and stitch togetherimagesto
generatexpansve panoramas.

Enablingmary of theseapproachess therecenttrendof modeling
imagesin the gradient-domain.Usersspecify local constraints—
“increasecontrashere”,“acentuatehis edge”,“remove this stitch-
ing seam”- andleave it to the softwareto seamlesslyncorporate
thelocal editsinto aglobalimage. Typically, thisrequirestting an
imageto asetof gradienttonstraints- anover-constrainegbroblem
whosebest- t solutionis computedy solvinga Poissorequation.

Due to the global natureof the Poissonequation,most previous
gradient-domaitechnique$ave limited themselesto the process-
ing of imageshataresmallenoughto t in-core.

We extendthe gradient-domairapproachto the ef cient process-
ing of hugeimagesby developinga parallel, out-of-core,anddis-

tributedPoissorsolver: Parallelizing the solver makesit possible
to leveragethe penasivenesof multi-corearchitecturesn solving

the Poissonequation dramaticallyimproving the runningtime for

gradient-domairimage processing. An out-of-core implementa-
tion allows for the processingf largerimagesby ensuringthatthe

workingmemoryrequiredfor solvingthesystenis sub-lineaiin the

problemsize. And distrib uting the solver reducedothin-coreand
out-of-coreloadson ary singlenode,remaving the l/O bottle-neck
that haslimited the performanceof streamingsolversandmaking
it possibleto processmagesat a scalepreviously unimaginable.

Whatmotivatesourwork is therecentdevelopmenbf projectssuch
[Microsoft 2008 Google2008 WWT 2009 which strive to make

hugesphericalpanoramasccessibleéo everydayusersfor explo-

ration. The panoramasre comprisedof imagestaken indepen-
dentlyandtheresultingcompositémagesftenexhibit undesirable
discontinuitiesacrossstitchingboundariesAn exampleof suchar

tifactscan be seenin Figure 1 (left), which shawvs a part of the

night-sky datasetwvailablethroughthe WorldWide TelescopeThe

individual color plateswereacquiredover the courseof eightyears
by the SloanDigital Sky Suney [SDSS200( andeachone cor

responddo 1.5 squaredegrees,imagedat differentexposureshy

anarrayof 30 CCDsat resolutionsof 2048 2048. Togetherthe

imagescomprisea single,terapiel, sphericabanorama.

By developingadistributedPoissorsol\ver, we enablethe gradient-
domain processingof suchdatasetsmakingit possibleto apply
standardmage processingechniquessuchas[Pérezet al. 2003
Agarwala et al. 2004 Levin et al. 2004 to obtainthe seamlessly
stitchedimageshawn in Figurel (right).

The key obsenation enablingthe designof the solver is that in
using a multigrid solver with Gauss-Seidelelaxation,updatesof
distantpixels requireslocal andindependentiataaccess.Conse-
quently processingcan be distributed by separatinghe columns

lorisit 8000imagesat23;040 23;040correct?Thewebsiteindicates
thatthey use302048 2048CCDswhichis roughly120MP, not 500 MP
perplate



of animageinto bandsandassigningndividual bandsto separate
computationahodes. Thoughdata-dependenciestill remainbe-

tweenadjacentpixels on oppositesidesof a bandboundary these
areresoledby synchronizingooundarydataasthesolveradwances
throughtheimage.

The contritutions of our researcharetwo-fold. (1) To implement
thesolver ef ciently we provide a scheduldor theindividual com-
putationalsteps,taking advantageof cache-coheregcand limit-
ing inter-processsynchronizationto obtaina generalsolver thatis
capableof processingmagesof varying resolutionsover a broad
rangeof physicalarchitectures(2) To supportthe processingf a
sphericaimageswe shav thatthe HierarchicalTriangleMeshpa-
rameterizatiojKunsztet al. 2001 canbe usedto seamlesslyan-
dle the parameterizatiooundariesvhile still requringonly local
dataaccess.

2 Relatedwork

Over the last decade,gradient-domainapproacheshave gained
prevalencein the imageprocessingcommunity Taking adwantage
of the humaneye's sensitvity to local color variation, theseap-
proachesnablean imageprocessingparadigmin which the user
formulatelocal constraintaandthe systemautomaticallysolvesfor

theimagethatis thebest t to the constraints.Exampleshave in-

cludedthe removal of light andshadw effects by zeroingeither
small gradientgHorn 1974 or gradientscrossingshadev bound-
aries[Finlaysonetal. 2003. Remappingf dynamicrange bothin

imageqFattaletal. 2003 andin height elds [Weyrich etal. 2007,

hasbeenimplementedhroughnon-linearattentuatiorof gradient
magnitudes.Combininginformationfrom multiple imagesof the
samescenethemediangradientshave beenusedto derive intrinsic

imageqgWeiss200] andremove re ections[Agrawal etal. 2009.

And mostrecently methodsfor the ex nihilo constructionof im-

agesfrom gradientshasbeenusedto designnewv imageauthoring
paradigmgMcCannandPollard2008 Orzanetal. 2008.

Adaptive, Parallel, and StreamingPoissonSolvers Theimpor-
tanceof the Poissorequationpothin imageprocessingand

Spherical Images

3 Gradient-domain processingof sphericalimagery

4 Distributing the Poissonsolver

Theimplementatiorof our distributedsolver is built onthe stream-
ing model proposedin [Kazhdanand Hoppe 200g: Using the

multigrid method, the Poissonequationis solved using second-
order nite elementswith two streamingpasse®ver thedata.The

rst passis the restriction phasein which the systemis relaxed

at higherresolutionsandthe residualis successiely passedn to

lower resolutionsfor further processing. The secondpassis the

prolongationphasdn whichthe correctiontermfrom coarsereso-
lutionsis succesiely incorporatechackinto the higherresolutions
and the higher resolutionsolution is further relaxed. Streaming
throughtherows of theimage maintainingasmallwindow of rows

in working memory andperformingtherelaxationsof the different
resolutionsin lock-step,an accuratesolutionto the Poissorequa-
tion is obtainedwith working memoryproportionato thesizeof an

imagerow.

To extendthis approacho thedistributedprocessingf imageswe
usethe obsenationthatupdatedo the solution's valuesperformed
within a Gauss-Seideaklaxationonly effectthe computatiorof ad-
jacentpixels. This motivatesanapproachn which we partitionthe

Figure2: Our solver decomposethe 2D domaininto bands,as-
signsbandgo differentprocessorsandhaseachprocessocompute
its componentf the solutionby streaminghroughtherows.

imagedomaininto bandsof adjacenpixels,assigrthe bandso dif-
ferentprocessorsandhave eachprocessocomputeits component
of thesolution(Figure?2).

The dif culty in implementingsucha solver is due to the data-
dependenciebetweenadjacentpixels on oppositesidesof a band
boundary Sinceupdateof thesesolutioncoefcients requiresac-

cessto datacontainedn a bandassociatedvith a differentproces-
sor, processormustsynchronizalatato ensurehatthecorrectval-

uesareusedfor computingthe Gauss-Seidalipdates.In practice,
resolvingthis dif culty requiresaddressindgwo separateoncerns:
First, the sequencen which the solution coefcients are relaxed

mustbe chosento ensurethat processorganwork in parallel, so

thatoneprocessodoesnot stall waiting for its neighboringproces-
sorto nalize solutionthe valuesacrossbandboundary Second,
sinceupdatedcoefcients nearbandboundariesnustbe synchro-
nizedbetweeradjacenprocessorsftereachGauss-Seidalpdate,
we mustensurethatthe associateghbaclet latengy doesnot bottle-

neckthe system.

4.1 Ordering the Gauss-SeideUpdates

In choosingthe sequencef Gauss-Seidelipdateswe are moti-

vatedby the multi-color partitioningcommonlyusedin paralleliz-
ing Gauss-Seidetelaxations(e.g. [Briggs et al. 200Q). In this
approachhe solution coefcients are assignedcolor lableswith

the propertythat two elementswith the samecolor have no data
dependencieandhencecanberelaxedin parallel. This allows for

the parallelizationof an entire Gauss-Seideteration by relaxing
all thecoefcients associatetb onecolorin parallel,blockinguntil

all the updatesf the color have completedandthenproceedingo

the next color. (Using ve-pointstencilthis leadsto the red-black
schemein which pixelsarepartitionedaccordingo acheclerboard
pattern.)

Weadapthisapproacho ourdistributedsolver by furtherpartition-
ing the columnsof a bandinto separatgsufciently wide) lanes.
We assigncolorsto the lanesso that two lanesin the sameband
have differentcolorsandtwo correspondindanesin separatéands
havethesamecolor. Althoughit is notthecasethatthecoefcients
within alanecanbe processedh parallel(astherearedatadepen-
dencieswithin alane)it is the casethat coefcients from separate
laneswith the samecolor cannotexhibit datadependencies.

Usingthisre ned partitionof theimage,we candistributethecom-
putation of the Gauss-Seidelipdatesacrossmultiple processors:
Assumingthatat the beginning of anupdateall necessarglatahas
beensynchornized,



Figure3: To supportparallelizationwe further decomposeach
of theimagebandsnto laneswhich canbeprocesseih parallels.

4.2 Synchronizing Boundary Data
5 Application results
6 Conclusionsand futur e work

References

AGARWALA, A., DONTCHEVA, M., AGRAWALA, M., DRUCKER,
S., COLBURN, A., CURLESS, B., SALESIN, D., AND COHEN,
M. 2004. Interactve digital photomontageACM Transactions
on Graphics(SIGGRAPHO04), 294-302.

AGRAWAL, A., RASKAR, R., NAYAR, S. K., AND LI, Y. 2005.
Remawing photographyartifacts using gradientprojectionand
ash-exposuresampling. ACM Transactionson Graphics(SIG-
GRAPH'05), 828—835.

BRIGGS, W., HENSON, V., AND MCCORMICK, S. 2000.A Multi-
grid Tutorial. Societyfor IndustrialandApplied Mathematics.

FATTAL, R., LISCHINKSI, D., AND WERMAN, M. 2002.Gradient
domainhigh dynamicrangecompressionin ACM SIGGRAPH
249-256.

FINLAYSON, G., HORDLEY, S., AND DREW, M. 2002.Remwing
shadavs from images. In EuropeanConfeenceon Computer
\ision, 129-132.

GOOGLE, 2008. GoogleMaps. http://maps.google.com/

HORN, B. 1974. Determininglightnessfrom animage.Computer
GraphicsandImage Processing, 277—299.

KAZHDAN, M., AND HOPPE, H. 2008. Streamingmultigrid for
gradient-domaimperation®n largeimages.ACM Transactions
on Graphics(SIGGRAPHO08).

KuUNszT, P., SZALAY, A., AND THAKAR, A. 2001. The hi-
erarchicaltriangular mesh. In Mining the Sk/: Proceedings
of the MPA/JESO/MPEWbrkshop A. Banday S. Zaroubi, and
M. BartelmanngEds.,631-637.

LEVIN, A., ZOMET, A., PELEG, S., AND WEISS, Y. 2004.Seam-
lessimagestitchingin the gradientdomain. In EuropeanCon-
ferenceon Computenision, 377—-389.

McCANN, J., AND PoLLARD, N. 2008. Real-timegradient-
domainpainting. ACM Transactionson Graphics(SIGGRAPH
'08) 27.

Microsoft  Virtual  Earth.

lear th/ .

MICROSOFT, 2008.
http://www.microsoft.com/virtua

ORzAN, A., BOUSSEAU, A., WINNEMOLLER, H., BARLA, P,
THoLLoOT, J., AND SALESIN, D. 2008. Diffusion curwes: A
vectorrepresentatiofor smooth-shadeinages. ACM Transac-
tionson Graphics(SIGGRAPHO08) 27.

PEREZ, P., GANGNET, M., AND BLAKE, A. 2003. Poissorimage
editing. ACM Transaction®n Graphics(SIGGRAPH03), 313—
318.

SDSS, 2000.SloanDigital Sky Surwey. http://www.sdss.org/

WEIss, Y. 2001.Deriving intrinsicimagesfrom imagesequences.
In InternationalConfeenceon ComputeiVision, 68—75.

WEYRICH, T., DENG, J., BARNES, C., RUSINKIEWICZ, S., AND
FINKELSTEIN, A. 2007.Digital bas-reliefrom 3d scenesACM
Transaction®n Graphics(SIGGRAPHO07) 26.

WWT, 2008. WorldWide
http://www.worldwidetelescope.o  rg/ .

Telescope.



Random notes

We should generatea fully in-core implementationusing shared
memoryto evaluateif our parallelizationgivesusawin on smaller
problems.



