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Figure1: Gradient-domainstichingof a terapixel panormaof the night's sky. Left: Due to varying exposuresin the photographicplates,
compositingpixel valuesresultsin undesirableseamsacrossthe stitching boundaries.Right: Using our distributed Poissonsolver, the
gradientsacrosstheseamscanbesetto zero,resultingin a seamlesspanoramawith smoothtransitionsbetweentheplates.

Abstract

In this work, we presenta novel, parallel, out-of-core,and dis-
tributedimplementationof thePoissonsolvercapableof supporting
gradient-domainprocessingof both planarandsphericalimagery.
Our implementationprovidesanimportantcontribution to thepro-
cessingof bothin-coreandout-of-coredatasets:Takingadvantage
of pervasive multi-corearchitectures,our solver provides an ef�-
cient implementationfor the many gradient-domainmethodsthat
arenow supportedin commodityimageprocessingutilities. Dis-
tributing the computationacrossa clusterof machines,our solver
reducesboth theprocessingandI/O loadon individual nodes,en-
ablingtheprocessingof imagesthatareordersof magnitudelarger
thanwhatcouldpreviously beprocessed.
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1 Intr oduction

Theubiquityof imageprocessingtoolshasshapedthewayin which
both novice usersandprofessionalsauthordigital content. Using
off-the-shelfsoftware, an untrainedusercan sharpenand deblur
images,performtone-mappingto adjustbrightness,compositenew
imagecontentinto a digital scene,and stitch togetherimagesto
generateexpansive panoramas.

Enablingmany of theseapproachesis therecenttrendof modeling
imagesin the gradient-domain.Usersspecify local constraints–
“increasecontrasthere”,“acentuatethisedge”,“remove thisstitch-
ing seam”– andleave it to thesoftwareto seamlesslyincorporate
thelocaleditsinto aglobalimage.Typically, this requires�tting an
imageto asetof gradientconstraints– anover-constrainedproblem
whosebest-�t solutionis computedby solvinga Poissonequation.

Due to the global natureof the Poissonequation,most previous
gradient-domaintechniqueshavelimited themselvesto theprocess-
ing of imagesthataresmallenoughto �t in-core.

We extendthe gradient-domainapproachto the ef�cient process-
ing of hugeimagesby developinga parallel,out-of-core,anddis-
tributedPoissonsolver: Parallelizing thesolver makesit possible
to leveragethepervasivenessof multi-corearchitecturesin solving
thePoissonequation,dramaticallyimproving therunningtime for
gradient-domainimageprocessing.An out-of-core implementa-
tion allows for theprocessingof largerimagesby ensuringthatthe
workingmemoryrequiredfor solvingthesystemis sub-linearin the
problemsize.And distrib uting thesolver reducesbothin-coreand
out-of-coreloadson any singlenode,removing theI/O bottle-neck
thathaslimited theperformanceof streamingsolversandmaking
it possibleto processimagesat a scalepreviously unimaginable.

Whatmotivatesourwork is therecentdevelopmentof projectssuch
[Microsoft 2008; Google2008; WWT 2008] which strive to make
hugesphericalpanoramasaccessibleto everydayusersfor explo-
ration. The panoramasare comprisedof imagestaken indepen-
dentlyandtheresultingcompositeimagesoftenexhibit undesirable
discontinuitiesacrossstitchingboundaries.An exampleof suchar-
tifactscan be seenin Figure 1 (left), which shows a part of the
night-sky datasetavailablethroughtheWorldWide Telescope.The
individualcolorplateswereacquiredover thecourseof eightyears
by the SloanDigital Sky Survey [SDSS2000] andeachonecor-
respondsto 1.5 squaredegrees,imagedat differentexposuresby
anarrayof 30 CCDsat resolutionsof 2048� 2048. Together, the
imagescompriseasingle,terapixel, sphericalpanorama.1

By developingadistributedPoissonsolver, weenablethegradient-
domainprocessingof suchdatasets,making it possibleto apply
standardimageprocessingtechniquessuchas [Pérezet al. 2003;
Agarwala et al. 2004; Levin et al. 2004] to obtain the seamlessly
stitchedimageshown in Figure1 (right).

The key observation enablingthe designof the solver is that in
usinga multigrid solver with Gauss-Seidelrelaxation,updatesof
distantpixels requireslocal andindependentdataaccess.Conse-
quently, processingcan be distributedby separatingthe columns

1Or is it 8000imagesat23;040� 23;040correct?Thewebsiteindicates
thatthey use30 2048� 2048CCDswhich is roughly120MP, not 500MP
perplate



of an imageinto bandsandassigningindividual bandsto separate
computationalnodes. Thoughdata-dependenciesstill remainbe-
tweenadjacentpixels on oppositesidesof a bandboundary, these
areresolvedby synchronizingboundarydataasthesolveradvances
throughtheimage.

The contributionsof our researcharetwo-fold. (1) To implement
thesolver ef�ciently we providea schedulefor theindividual com-
putationalsteps,taking advantageof cache-coherency and limit-
ing inter-processsynchronization,to obtaina generalsolver that is
capableof processingimagesof varying resolutionsover a broad
rangeof physicalarchitectures.(2) To supporttheprocessingof a
sphericalimages,we show thattheHierarchicalTriangleMeshpa-
rameterization[Kunsztet al. 2001] canbeusedto seamlesslyhan-
dle theparameterizationboundarieswhile still requringonly local
dataaccess.

2 Relatedwork

Over the last decade,gradient-domainapproacheshave gained
prevalencein the imageprocessingcommunity. Takingadvantage
of the humaneye's sensitivity to local color variation, theseap-
proachesenablean imageprocessingparadigmin which the user
formulatelocal constraintsandthesystemautomaticallysolvesfor
the imagethat is thebest�t to theconstraints.Exampleshave in-
cludedthe removal of light andshadow effectsby zeroingeither
small gradients[Horn 1974] or gradientscrossingshadow bound-
aries[Finlaysonetal. 2002]. Remappingof dynamicrange,bothin
images[Fattaletal.2002] andin height�elds [Weyrichetal.2007],
hasbeenimplementedthroughnon-linearattentuationof gradient
magnitudes.Combininginformationfrom multiple imagesof the
samescene,themediangradientshavebeenusedto derive intrinsic
images[Weiss2001] andremove re�ections[Agrawal et al. 2005].
And most recently, methodsfor the ex nihilo constructionof im-
agesfrom gradientshasbeenusedto designnew imageauthoring
paradigms[McCannandPollard2008; Orzanet al. 2008].

Adaptive,Parallel, and StreamingPoissonSolvers Theimpor-
tanceof thePoissonequation,bothin imageprocessing,and

Spherical Images

3 Gradient-domain processingof spherical imagery

4 Distrib uting the Poissonsolver

Theimplementationof ourdistributedsolver is built on thestream-
ing model proposedin [Kazhdanand Hoppe 2008]: Using the
multigrid method, the Poissonequationis solved using second-
order�nite elementswith two streamingpassesover thedata.The
�rst passis the restrictionphasein which the systemis relaxed
at higherresolutionsandthe residualis successively passedon to
lower resolutionsfor further processing.The secondpassis the
prolongationphasein which thecorrectiontermfrom coarserreso-
lutionsis succesively incorporatedbackinto thehigherresolutions
and the higher resolutionsolution is further relaxed. Streaming
throughtherowsof theimage,maintainingasmallwindow of rows
in workingmemory, andperformingtherelaxationsof thedifferent
resolutionsin lock-step,an accuratesolutionto the Poissonequa-
tion is obtainedwith workingmemoryproportionalto thesizeof an
imagerow.

To extendthisapproachto thedistributedprocessingof images,we
usetheobservation thatupdatesto thesolution's valuesperformed
within aGauss-Seidelrelaxationonly effect thecomputationof ad-
jacentpixels.Thismotivatesanapproachin whichwepartitionthe

Figure2: Our solver decomposesthe 2D domaininto bands,as-
signsbandsto differentprocessors,andhaseachprocessorcompute
its componentof thesolutionby streamingthroughtherows.

imagedomaininto bandsof adjacentpixels,assignthebandsto dif-
ferentprocessors,andhave eachprocessorcomputeits component
of thesolution(Figure2).

The dif�culty in implementingsucha solver is due to the data-
dependenciesbetweenadjacentpixels on oppositesidesof a band
boundary. Sinceupdatesof thesesolutioncoef�cients requiresac-
cessto datacontainedin a bandassociatedwith a differentproces-
sor, processorsmustsynchronizedatato ensurethatthecorrectval-
uesareusedfor computingtheGauss-Seidelupdates.In practice,
resolvingthis dif�culty requiresaddressingtwo separateconcerns:
First, the sequencein which the solution coef�cients are relaxed
mustbe chosento ensurethat processorscanwork in parallel,so
thatoneprocessordoesnotstallwaiting for its neighboringproces-
sor to �nalize solutionthe valuesacrossbandboundary. Second,
sinceupdatedcoef�cients nearbandboundariesmustbe synchro-
nizedbetweenadjacentprocessorsaftereachGauss-Seidelupdate,
we mustensurethat theassociatedpacket latency doesnot bottle-
neckthesystem.

4.1 Ordering the Gauss-SeidelUpdates

In choosingthe sequenceof Gauss-Seidelupdates,we are moti-
vatedby themulti-color partitioningcommonlyusedin paralleliz-
ing Gauss-Seidelrelaxations(e.g. [Briggs et al. 2000]). In this
approach,the solution coef�cients are assignedcolor lableswith
the propertythat two elementswith the samecolor have no data
dependenciesandhencecanberelaxedin parallel.This allows for
the parallelizationof an entireGauss-Seideliterationby relaxing
all thecoef�cients associatedto onecolor in parallel,blockinguntil
all theupdatesof thecolorhave completed,andthenproceedingto
thenext color. (Using � ve-pointstencilthis leadsto the red-black
scheme,in whichpixelsarepartitionedaccordingto acheckerboard
pattern.)

Weadaptthisapproachto ourdistributedsolverby furtherpartition-
ing the columnsof a bandinto separate(suf�ciently wide) lanes.
We assigncolors to the lanesso that two lanesin the sameband
havedifferentcolorsandtwo correspondinglanesin separatebands
havethesamecolor. Althoughit is not thecasethatthecoef�cients
within a lanecanbeprocessedin parallel(astherearedatadepen-
dencieswithin a lane)it is thecasethat coef�cients from separate
laneswith thesamecolorcannotexhibit datadependencies.

Usingthisre�ned partitionof theimage,wecandistributethecom-
putationof the Gauss-Seidelupdatesacrossmultiple processors:
Assumingthatat thebeginningof anupdateall necessarydatahas
beensynchornized,



Figure3: To supportparallelization,we further decomposeeach
of theimagebandsinto lanes,whichcanbeprocessedin parallels.

4.2 Synchronizing Boundary Data

5 Application results

6 Conclusionsand futur ework
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Randomnotes

We shouldgeneratea fully in-core implementationusing shared
memoryto evaluateif our parallelizationgivesusa win on smaller
problems.


