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Abstract

In this paperwe introducea new algorithm for imageandvideo
texture synthesis.In our approach,patchregions from a sample
imageor videoaretransformedandcopiedto the outputandthen
stitchedtogetheralongoptimalseamsto generatea new (andtypi-
cally larger)output.In contrastto othertechniques,thesizeof the
patchis not chosena-priori, but insteada graph cut techniqueis
usedto determinethe optimal patchregion for any given offset
betweenthe input and output texture. Unlike dynamicprogram-
ming, our graphcut techniquefor seamoptimizationis applicable
in any dimension.We speci�cally explore it in 2D and3D to per-
form video texture synthesisin addition to regular imagesynthe-
sis. We presentapproximative offset searchtechniquesthat work
well in conjunctionwith thepresentedpatchsizeoptimization.We
show resultsfor synthesizingregular, random,andnaturalimages
andvideos.We alsodemonstratehow this methodcanbe usedto
interactively mergedifferentimagesto generatenew scenes.

Keywords: TextureSynthesis,Image-basedRendering,Imageand
VideoProcessing,MachineLearning,NaturalPhenomenon.

1 Intro duction

Generatinga newer form of output from a smaller example is
widely recognizedto be importantfor computergraphicsapplica-
tions.For example,sample-basedimagetexturesynthesismethods
areneededto generatelargerealistictexturesfor renderingof com-
plex graphicsscenes.Theprimary reasonfor suchexample-based

synthesisunderliestheconceptof texture, usuallyde�ned asanin-
�nite patternthatcanbemodeledby astationarystochasticprocess.
In this paper, we presenta new methodto generatesuchanin�nite
patternfrom a smallamountof trainingdata;usinga smallexam-
ple patchof the texture,we generatea larger patternwith similar
stochasticproperties.Speci�cally, our approachfor texturesynthe-
sis generatestexturesby copying input texture patches.Our algo-
rithm �rst searchesfor an appropriatelocationto placethe patch;
it then usesa graph cut techniqueto �nd the optimal region of
the patchto transferto the output. In our approach,texturesare
not limited to spatial(image)textures,andincludespatio-temporal
(video)textures.In addition,ouralgorithmsupportsiterativere�ne-
mentof theoutputby allowing for successive improvementof the
patchseams.

Whensynthesizinga texture, we want the generatedtexture to
beperceptuallysimilar to theexampletexture.Thisconceptof per-
ceptualsimilarity hasbeenformalizedasa Markov RandomField
(MRF). Theoutputtextureis representedasa grid of nodes,where
eachnoderefersto a pixel or a neighborhoodof pixels in theinput
texture.Themarginalprobabilityof a pair of nodesdependson the
similarity of their pixel neighborhoods,sothatpixelsfrom similar-
looking neighborhoodsin the input textureendup asneighborsin
thegeneratedtexture,preservingtheperceptualqualityof theinput.
Thegoalof texturesynthesiscanthenberestatedasthesolutionfor
thenodesof thenetwork, thatmaximizesthetotal likelihood.This
formulationis well-known in machine-learningasthe problemof
probabilisticinferencein graphicalmodelsandis provento beNP-
hard in caseof cyclic networks.Hence,all techniquesthat model
thetextureasaMRF [DeBonet1997;EfrosandLeung1999;Efros
andFreeman2001;Wei andLevoy 2000]computesomeapproxi-
mationto theoptimalsolution.

In particular, texturesynthesisalgorithmsthatgeneratetheirout-
put by copying patches(or their generalizationsto higherdimen-
sions)mustmake two decisionsfor eachpatch:(1) whereto posi-
tion theinput texturerelative to theoutputtexture(theoffsetof the
patch),and(2) which partsof the input texture to transferinto the
outputspace(thepatchseam) (Figure1). Theprimarycontribution
of thispaperis analgorithmfor texturesynthesis,whichafter�nd-
ing a goodpatchoffset, computesthe bestpatchseam(the seam
yielding the highestpossibleMRF likelihood amongall possible
seamsfor that offset). The algorithm works by reformulatingthe
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Figure1: Imagetexture synthesisby placingsmall patchesat var-
ious offsetsfollowed by the computationof a seamthat enforces
visualsmoothnessbetweentheexistingpixelsandthenewly placed
patch.

problemasa minimum costgraphcut problem:the MRF grid is
augmentedwith specialnodes,anda minimumcut of this grid be-
tweentwo specialterminalnodesis computed.This minimumcut
encodestheoptimal solutionfor the patchseam.We alsopropose
a setof algorithmsto searchfor the patchoffset at eachiteration.
Thesealgorithmstry to maintain the large scalestructureof the
textureby matchinglargeinputpatcheswith theoutput.An impor-
tantobservation is that the �e xibility of theour seamoptimization
techniqueto pastelarge patchesat eachiteration in a non-causal
fashionis really whatpermitsthedesignof our offsetsearchalgo-
rithms.Theoffsetsearchingandseam�nding methodsaretherefore
complementaryto eachother, andwork in tandemto generatethe
obtainedresults.

Efros and Freeman[2001] were the �rst to incorporateseam
�nding by using dynamicprogramming.However, dynamicpro-
grammingimposesan arti�cial grid structureon the pixels and
thereforedoesnot treateachpixel uniformly. This canpotentially
meanmissingoutongoodseamsthatcannotbemodeledwithin the
imposedstructure.Moreover, dynamicprogrammingis a memory-
lessoptimizationprocedureandcannotexplicitly improve existing
seams.This restrictsits useto appendingnew patchesto existing
textures.Our graphcut methodtreatseachpixel uniformly andis
alsoableto placepatchesover existing texture.

Mostpreviouswork ontextureis gearedtowards2D images,but
the texture problemin a very similar form also appearsin three
dimensionsfor the generationof spatio-temporaltextures[Szum-
mer and Picard1996; Scḧodl et al. 2000; Wei and Levoy 2000;
Bar-Josephet al. 2001]. Unlike dynamicprogramming,which is
restrictedto 2D, theseamoptimizationpresentedin thispapergen-
eralizesto any dimensionality. Basedon this seamoptimization,
we have developedalgorithmsfor both two andthreedimensions
to generatespatial(2D, images)and spatio-temporal(3D, video)
textures.

Finally, we have extendedour algorithm to allow for multiple
scalesand different orientationswhich permits the generationof
largerimageswith morevarietyandperspectivevariations.Wehave
alsoimplementedaninteractivesystemthatallowsfor mergingand
blendingof differenttypesof imagesto generatecompositeswith-
out theneedfor any a priori segmentation.

2 Related work

Texture synthesistechniquesthat generatean output texture from
an example input can be roughly categorized into three classes.
The �rst classusesa �x ed numberof parameterswithin a com-
pactparametricmodelto describea varietyof textures.Heegerand

Bergen [1995] usecolor histogramsacrossfrequency bandsas a
texturedescription.PortillaandSimoncelli'smodel[2000]includes
avarietyof waveletfeaturesandtheir relationships,andis probably
thebestparametricmodelfor imagetexturesto date.Szummerand
Picard[1996],Soattoet al. [2001],andWangandZhu [2002] have
proposedparametricrepresentationsfor video.Parametricmodels
cannotsynthesizeaslargea varietyof texturesasothermodelsde-
scribedhere,but provide bettermodelgeneralizationandaremore
amenableto introspectionand recognition [Saisanet al. 2001].
They thereforeperformwell for analysisof texturesandcanpro-
videa betterunderstandingof theperceptualprocess.

Thesecondclassof texturesynthesismethodsis non-parametric,
which meansthat rather than having a �x ed numberof param-
eters, they use a collection of exemplars to model the texture.
DeBonet[1997],who pioneeredthis groupof techniques,samples
from acollectionof multi-scale�lter responsesto generatetextures.
Efros andLeung[1999] werethe �rst to usean even simplerap-
proach,directly generatingtexturesby copying pixels from thein-
put texture.Wei andLevoy [2000] extendedthis approachto mul-
tiple frequency bandsandusedvectorquantizationto speedup the
processing.Thesetechniquesall havein commonthatthey generate
texturesonepixel at a time.

The third, most recentclassof techniquesgeneratestextures
by copying whole patches from the input. Ashikmin [2001]
madean intermediatestep towards copying patchesby using a
pixel-basedtechniquethat favors transfer of coherentpatches.
Liang et al. [2001], Guo et al. [2000], and Efros and Free-
man[2001]explicitly copy wholepatchesof input textureatatime.
Scḧodl et al. [2000] perform video synthesisby copying whole
framesfrom the input sequence.This last classof techniquesar-
guably createsthe bestsynthesisresultson the largestvariety of
textures.Thesemethods,unlike theparametricmethodsdescribed
above,yield a limited amountof informationfor textureanalysis.

Across different synthesistechniques,textures are often de-
scribed as Markov Random Fields [DeBonet 1997; Efros and
Leung 1999; Efros and Freeman2001; Wei and Levoy 2000].
MRFs have beenstudiedextensively in the context of computer
vision [Li 1995]. In our case,we use a graph cut techniqueto
optimizethe likelihoodof the MRF. Among other techniquesus-
ing graphcuts[Greig et al. 1989],we have chosena techniqueby
Boykov et al. [1999], which is particularlysuitedfor the type of
costfunctionfoundin texturesynthesis.

3 Patch Fitting using Graph Cuts

We synthesizenew texture by copying irregularly shapedpatches
from the sampleimageinto the output image.The patchcopying
processis performedin two stages.First a candidaterectangular
patch(or patchoffset) is selectedby performinga comparisonbe-
tweenthecandidatepatchandthepixelsalreadyin theoutputim-
age.We describeour methodof selectingcandidatepatchesin a
later section(Section4). Second,an optimal (irregularly shaped)
portion of this rectangleis computedand only thesepixels are
copiedto theoutputimage(Figure1). Theportion of thepatchto
copy is determinedby usinga graphcut algorithm,andthis is the
heartof oursynthesistechnique.

In orderto introducethe graphcut technique,we �rst describe
how it canbe usedto performtexture synthesisin the mannerof
EfrosandFreeman's imagequilting [2001]. Laterwe will seethat
it is a much more generaltool. In image quilting, small blocks
(e.g., 32� 32 pixels) from the sampleimageare copied to the
output image.The �rst block is copiedat random,and thensub-
sequentblocksareplacedsuchthat they partly overlapwith pre-
viously placedblocksof pixels.Theoverlapbetweenold andnew
blocks is typically 4 or 8 pixels in width. Efros andFreemanuse
dynamicprogrammingto choosetheminimumcostpathfrom one



endof this overlapregion to the other. That is, the chosenpathis
throughthosepixelswheretheold andnew patchcolorsaresimilar
(Figure2(left)).Thepathdetermineswhichpatchcontributespixels
at differentlocationsin theoverlapregion.

To seehow this canbe castinto a graphcut problem,we �rst
needto choosea matchingquality measurefor pixels from theold
andnew patch.In thegraphcutversionof thisproblem,theselected
pathwill runbetweenpairsof pixels.Thesimplestqualitymeasure,
then,will be a measureof color differencebetweenthe pairs of
pixels. Let s andt be two adjacentpixel positionsin the overlap
region. Also, let A(s) andB(s) be the pixel colorsat the position
s in theold andnew patches,respectively. We de�ne thematching
quality costM betweenthe two adjacentpixels s andt that copy
from patchesA andB respectively to be:

M(s;t;A;B) = kA(s) � B(s)k+ kA(t) � B(t)k (1)

wherek � k denotesan appropriatenorm. We considera moreso-
phisticatedcostfunctionin a latersection.For now, thismatchcost
is all we needto usegraphcutsto solve thepath�nding problem.

Considerthe graphshown in Figure2(right) that hasonenode
perpixel in theoverlapregion betweenpatches.We wish to �nd a
low-costpaththroughthis regionfrom topto bottom.This region is
shown as3� 3 pixelsin the�gure, but it is usuallymorelike8� 32
pixelsin typical imagequilting problems(theoverlapbetweentwo
32� 32 patches).The arcsconnectingthe adjacentpixel nodess
andt arelabelledwith thematchingquality costM(s;t;A;B). Two
additionalnodesareadded,representingtheoldandnew patches(A
andB). Finally, we addarcsthathave in�nitely highcostsbetween
someof thepixelsandthenodesA or B. Theseareconstraint arcs,
andthey indicatepixelsthatweinsistwill comefrom oneparticular
patch.In Figure2, we have constrainedpixels1, 2, and3 to come
from theold patch,andpixels7, 8, and9 mustcomefrom thenew
patch.To �nd out which patcheachof the pixels 4, 5, and6 will
comefrom is determinedby solving a graphcut problem.Specif-
ically, we seekthe minimum costcut of the graph,that separates
nodeA from nodeB. This is a classicalgraphproblemcalledmin-
cut or max-�ow [Ford andFulkerson1962;Sedgewick 2001] and
algorithmsfor solving it arewell understoodandeasyto code.In
theexampleof Figure2, thered line shows theminimumcut, and
this meanspixel 4 will becopiedfrom patchB (sinceits portionof
thegraphis still connectedto nodeB), whereaspixels5 and6 will
befrom theold patchA.

3.1 Accounting for Old Seams

The above exampledoesnot show the full power of usinggraph
cutsfor texturesynthesis.Supposethatseveralpatcheshavealready
beenplaceddown in the output texture, and that we wish to lay
down anew patchin aregionwheremultiplepatchesalreadymeet.
Thereis a potentialfor visible seamsalongtheborderbetweenold
patches,andwecanmeasurethisusingthearccostsfrom thegraph
cutproblemthatwesolvedwhenlayingdown thesepatches.Wecan
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Figure2: (Left) Schematicshowing theoverlappingregionbetween
two patches.(Right) Graphformulationof the seam�nding prob-
lem,with theredline showing theminimumcostcut.

incorporatetheseold seamcostsinto the new graphcut problem,
andthuswecandeterminewhichpixels(if any) from thenew patch
shouldcover over someof theseold seams.To our knowledge,this
cannotbe doneusingdynamicprogramming– the old seamand
its costat eachpixel needsto be remembered; however, dynamic
programmingis a memorylessoptimizationprocedurein thesense
thatit cannotkeeptrackof old solutions.
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Figure3: (Left) Finding the bestnew cut (red) with an old seam
(green)alreadypresent.(Right) Graphformulationwith old seams
present.Nodess1 to s4 andtheirarcsto B encodethecostof theold
seam.

We illustratethis problemin Figure3. In thegraphformulation
of this problem,all of the old patchesarerepresentedby a single
nodeA, andthenew patchis B. SinceA now representsa collec-
tion of patches,we useAs to denotetheparticularpatchthatpixel
s copiesfrom. For eachseambetweenold pixels, we introducea
seamnodeinto thegraphbetweenthepair of pixel nodes.We con-
necteachseamnodewith anarc to thenew patchnodeB, andthe
costof thisarcis theold matchingcostwhenwecreatedthis seam,
i.e., M(s;t;As;At) wheres andt are the two pixels that straddle
the seam.In Figure3, thereis an old seambetweenpixels 1 and
4, sowe inserta seamnodes1 betweenthesetwo pixel nodes.We
alsoconnects1 to the new patchnodeB, and label this arc with
theold matchingcostM(1;4;A1;A4). We label thearc from pixel
node1 to s1 with the costM(1;4;A1;B) (thematchingcostwhen
only pixel 4 is assignedthenew patch)andthearcfrom s1 to pixel
node4 with the costM(1;4;B;A4) (the matchingcostwhenonly
pixel 1 is assignedthenew patch).If thearcbetweena seamnode
andthe new patchnodeB is cut, this meansthat theold seamre-
mainsin theoutputimage.If suchanarcis not cut, this meansthat
theseamhasbeenoverwrittenby new pixels,sotheold seamcost
is not countedin the �nal cost.If oneof the arcsbetweena seam
nodeandthepixels adjacentto it is cut, it meansthata new seam
hasbeenintroducedat thesamepositionanda new seamcost(de-
pendinguponwhich archasbeencut) is addedto the�nal cost.In
Figure3, thered line shows the �nal graphcut: theold seamat s3
hasbeenreplacedby a new seam,theseamat s4 hasdisappeared,
andfreshseamshavebeenintroducedbetweennodes3 and6,5 and
6, and4 and7.

Thisequivalencebetweenseamcostandthemin-cutof thegraph
holds if and only if at most one of the threearcsmeetingat the
seamnodesis includedin the min-cut. The costof this arc is the
new seamcost,and if no arc is cut, the seamis removed andthe
costgoesto zero.This is trueonly if we ensurethatM is a metric
(satis�esthetriangleinequality)[Boykov etal. 1999],whichis true
if the norm in Equation(1) is a metric.Satisfyingthe triangle in-
equalityimpliesthatpickingtwo arcsoriginatingfrom aseamnode
is alwayscostlierthanpicking just oneof them,henceat mostone
arc is picked in themin-cut,asdesired.Our graphcut formulation
is equivalent to the one in [Boykov et al. 1999] and the addition
of patchescorrespondsto the a -expansionstepin their work. In
fact, our implementationusestheir codefor computingthe graph
min-cut.Whereasthey madeuseof graphcutsfor imagenoisere-
moval andimagecorrespondencefor stereo,our useof graphcuts
for texturesynthesisis novel.



3.2 Surrounded Regions

So far we have shown new patchesthat overlap old pixels only
alonga borderregion. In fact, it is quitecommonin our synthesis
approachto attemptto placea new patchover a region wherethe
entireareahasalreadybeencoveredby pixels from earlierpatch
placementsteps.This is donein orderto overwritepotentiallyvis-
ible seamswith thenew patch,andanexampleof this is shown in
Figure4. Thegraphformulationof this problemis really thesame
as the problemof Figure3. In this graphcut problem,all of the
pixelsin abordersurroundingtheplacementregionareconstrained
to comefrom existing pixels.Theseconstraintsarere�ected in the
arcsfrom theborderpixelsto nodeA. Wehavealsoplacedasingle
constraintarc from one interior pixel to nodeB in order to force
at leastonepixel to be copiedfrom patchB. In fact, this kind of
a constraintarc to patchB isn't even required.To avoid clutter in
this �gure, thenodesandarcsthatencodeold seamcostshavebeen
omitted.Theseomittednodesmake many connectionsbetweenthe
centralportionof thegraphandnodeB, soevenif thearcto B were
removed, the graphwould still be connected.In the example,the
red line shows how theresultinggraphcut actuallyformsa closed
loop,which de�nes thebestirregularly-shapedregion to copy into
theoutputimage.
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Figure4: (Left) Placingapatchsurroundedby already�lled pixels.
Old seams(green)arepartially overwrittenby thenew patch(bor-
deredin red).(Right)Graphformulationof theproblem.Constraint
arcsto A force the borderpixels to comefrom old image.Seam
nodesandtheirarcsarenotshown in this imagefor clarity.

Findingthebestcutfor agraphcanhaveaworst-caseO(n2) cost
for agraphwith n nodes[Sedgewick 2001].For thekindsof graphs
we create,however, we never approachthis worst-casebehavior.
Our timingsappearto beO(nlog(n)) .

4 Patch Placement & Matching

Now we describeseveralalgorithmsfor pickingcandidatepatches.
We useoneof threedifferentalgorithmsfor patchselection,based
onthetypeof texturewearesynthesizing.Theseselectionmethods
are:(1) randomplacement, (2) entire patch matching, and(3) sub-
patch matching.

In all thesealgorithms,we restrict the patchselectionto previ-
ouslyunusedoffsets.Also, for thetwo matching-basedalgorithms,
we �rst �nd a region in the currenttexture that needsa lot of im-
provement.Weusethecostof existingseamstoquantifytheerrorin
aparticularregionof theimage,andpick theregionwith thelargest
error. Oncewe pick suchanerror-region, we forcethepatchselec-
tion algorithmto pick only thosepatchlocationsthat completely
overlaptheerror-region.Whenthetexture is beinginitialized, i.e.,
whenit is notcompletelycoveredwith patchesof input texture,the
error-regionis pickeddifferentlyandservesadifferentpurpose:it is
pickedsothatit containsbothinitialized anduninitializedportions
of the outputtexture– this ensuresthat the texture is extendedby

Sample Texture

Synthesized Texture
(Initialization)

Synthesized Texture
(After 5 steps of Refinement)

Seam Boundaries

Step 2 Step 3

Step 4 Step 5
Seam Costs

Figure5: This �gure illustratestheprocessof synthesizinga larger
texture from an exampleinput texture.Oncethe texture is initial-
ized,we �nd new patchlocationsappropriatelysoasto re�ne the
texture.Notetheirregularpatchesandseams.Seamerrormeasures
thatareusedto guidethe patchselectionprocessareshown. This
processis alsoshown in thevideo.

someamountandalsothat theextendedportion is consistentwith
thealreadyinitialized portionsof thetexture.

Now we discussthe threepatchplacementandmatchingmeth-
odsin somedetail.Thesamethreeplacementalgorithmsareused
for synthesisof image(spatial) and video (spatio-temporal)tex-
tures,discussedin Sections6 and7 respectively. Note that patch
placementis really justa translationappliedto theinputbeforeit is
addedto theoutput.

Random placement: In thisapproach,thenew patch,(theentire
input image),is translatedto a randomoffset location.The graph
cut algorithmselectsa pieceof this patchto lay down into theout-
put image,andthenwe repeattheprocess.This is the fastestsyn-
thesismethodandgivesgoodresultsfor randomtextures.

Entire patch matching: Thisinvolvessearchingfor translations
of the input imagethat matchwell with the currentlysynthesized
output.To accountfor partial overlapsbetweenthe input and the
output, we normalizethe sum-of-squared-differences(SSD) cost
with the areaof the overlappingregion. We computethis cost for
all possibletranslationsof theinput textureas:

C(t) =
1

jAt j
å

p2At

jI ( p) � O(p+ t)j2 (2)

whereC(t) is thecostat translationt of the input, I andO arethe
input andoutput imagesrespectively, andAt is the portion of the
translatedinputoverlappingtheoutput.Wepick thenew patchloca-
tion stochasticallyfrom amongthepossibletranslationsaccording
to theprobabilityfunction:



P(t) µ e� C(t)
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wheres is the standarddeviation of the pixel valuesin the input
image and k controls the randomnessin patchselection.A low
valueof k leadsto picking of only thosepatchlocationsthathave
a very goodmatchwith theoutputwhereasa high valueof k leads
to morerandompatchselection.In our implementation,we varied
k between0:001and1:0. Note that we alsoconstrainthe selected
patchto overlapthe error-region asdescribedabove. This method
gives the best resultsfor structuredand semi-structuredtextures
sincetheir inherentperiodicity is capturedvery well by this cost
function.

Sub-patch matching: This is themostgeneralof all our patch
selectiontechniques.It is alsothe bestmethodfor stochastictex-
turesaswell asfor videosequencesinvolving texturalmotionsuch
as water waves and smoke (Section7). The motion in suchse-
quencesis spatiallyquiteunstructuredwith differentregionsof the
imageexhibiting different motions;however, the motion itself is
structuredin that it is locally coherent.In sub-patchmatching,we
�rst pick a small sub-patch(which is usuallysigni�cantly smaller
thantheinput texture)in theoutputtexture.In our implementation,
this output-sub-patch is the sameor slightly larger thanthe error-
regionthatwewantto placethepatchover. Wenow look for asub-
patchin the input texture that matchesthis output-sub-patchwell.
Equivalently, welook for translationsof theinputsuchthatthepor-
tion of the input overlappingtheoutput-sub-patchmatchesit well
– only thosetranslationsthat allow completeoverlapof the input
with theoutput-sub-patchareconsidered.Thecostof a translation
of theinput textureis now de�ned as:

C(t) = å
p2SO

jI ( p� t) � O(p)j2 (4)

whereSO is the output-sub-patchandall otherquantitiesare the
sameas in (2). The patch is againpicked stochasticallyusing a
probabilityfunctionsimilar to (3).

5 Extensions & Re�nements

Now we brie�y describea few improvementsandextensionsthat
we have implementedfor imageandvideosynthesis.Theseexten-
sionsincludeimprovementsto the cost functionsthat accountfor
frequency variations,inclusionof featheringandmulti-resolution
techniquesto smoothout visible artifacts,and speedups in the
SSD-basedalgorithmsusedin patchmatching.

Adapting the Cost Function: Thematchcostin Equation(1)
usedin determiningthegraphcut doesnot payany attentionto the
frequency contentpresentin the imageor video.Usually, discon-
tinuitiesor seamboundariesaremoreprominentin low frequency
regionsratherthanhigh frequency ones.We take this into account
by computingthegradientof theimageor videoalongeachdirec-
tion – horizontal,vertical and temporal(in caseof video) – and
scalethematchcostin (1) appropriately, resultingin thefollowing
new costfunction.

M0(s;t;A;B) =
M(s;t;A;B)

kGd
A(s)k+ kGd

A (t)k+ kGd
B(s)k+ kGd

B(t)k
(5)

Here,d indicatesthedirectionof thegradientandis thesameasthe
directionof theedgebetweens andt. Gd

A andGd
B arethegradients

in the patchesA andB alongthe directiond. M0 penalizesseams
goingthroughlow frequency regionsmorethanthosegoingthrough
high frequency regions,asdesired.

Feathering and multi-resolution splining: Although graph
cutsproducethebestpossibleseamaroundagiventexturepatch,it
canstill generatevisible artifactswhenno goodseamexistsat that
point. It is possibleto hide theseartifactsby featheringthe pixel
valuesacrossseams.For every pixel s closeenoughto a seam,we
�nd all patchesmeetingat thatseam.

The pixel s is thenassignedthe weightedsum of pixel values
P(s) correspondingto eachsuchpatchP. Most of the time, this
form of featheringis doneusinga Gaussiankernel.

We alsousemulti-resolutionsplining [Burt andAdelson1983]
of patchesacrossseams,which is helpful whentheseamsaretoo
obvious, but it also tendsto reducethe contrastof the imageor
videowhena lot of small patcheshave beenplacedin theoutput.
In general,we have foundit usefulto pick betweenfeatheringand
multi-resolutionspliningon a case-by-casebasis.

FFT-Based Acceleration: The SSD-basedalgorithms de-
scribedin Section4 canbecomputationallyexpensive if thesearch
is carriedoutnaively. ComputingthecostC(t) for all valid transla-
tionsis O(n2) wheren is thenumberof pixelsin theimageor video.
However, the searchcanbe acceleratedusingFast Fourier Trans-
forms(FFT) [Kilthau et al. 2002;Soleret al. 2002] . For example,
wecanrewrite (4) as:

C(t) = å
p

I2( p� t) + å
p

O2( p) � 2å
p

I ( p� t)O(p) (6)

The �rst two termsin (6) aresumof squaresof pixel valuesover
sub-blocksof theimageor videoandcanbecomputedef�ciently in
O(n) time usingsummed-areatables[Crow 1984].The third term
is aconvolutionof theinputwith theoutputandcanbecomputedin
O(nlog(n)) time usingFFT. Sincen is extremelylargefor images
andespeciallyfor video,wegetahugespeedupusingthismethod–
for a150� 100� 30videosequence,n � 106, andthetimerequired
to searchfor a new patchreducesfrom around10 minutes(using
naive search)to 5 seconds(usingFFT-basedsearch).

6 Image Synthesis

We have appliedour techniquefor imageandtexture synthesisto
generateregular, structuredandrandomtexturesaswell asto syn-
thesizeextensionsof naturalimages.Figures8, 9, and10 show re-
sultsfor a varietyof two-dimensionalimagetextures.We useden-
tire patch matching asour patchselectionalgorithmfor the TEXT,
NUTS, ESCHER, andKEYBOARD images,while sub-patch matching
wasusedfor generatingCHICK PEAS, MACHU PICCHU, CROWDS,
SHEEP, OLIVES, BOTTLES, and L IL IES. The computationfor im-
agesis quite fast,mainly dueto the useof FFT-basedsearch.All
imagesynthesisresultspresentedheretook between5 secondsand
5 minutesto run.The L IL IES imagetook 5 minutesbecauseit was
originally generatedto be 1280� 1024 in size. We also compare
someof our resultswith that of ImageQuilting [Efros andFree-
man2001] in Figure9. Now we brie�y describea few specialized
extensionsandapplicationsof our2D texturesynthesistechnique.

A. Additional Transformations of Source Patches: Our al-
gorithm relieson placingthe input patchappropriatelyanddeter-
mining a seamthat supportsef�cient patchingof input images.
Even thoughwe have only discussedthe possibility of translating
the input patchover the output region, one could generalizethis
conceptto include other transformationsof the input patch like
rotation,scaling,af�ne or projective. For images,we have exper-
imentedwith the useof rotated, mirrored, andscaledversionsof
the input texture. Allowing more transformationsgives us more
�e xibility and variety in termsof the kind of output that can be
generated.However, aswe increasethe potentialtransformations



of theinput texture,thecostof searchingfor goodtransformations
alsoincreases.Therefore,werestrictthetransformationsotherthan
translationsto a small number. Note that the numberof candidate
translationsis of the order of the numberof pixels. We generate
the transformedversionsof the input beforewe startsynthesis.To
avoid changingthesearchingalgorithmsigni�cantly, we putall the
transformedimagesinto a single image juxtaposedagainsteach
other. This makesthe picking of any transformationequivalent to
the picking of a translation.Then,only theportion containingthe
particulartransformedversionof theimageis sentto thegraphcut
algorithminsteadof thewholemosaicof transformations.

In Figure9, wemakeuseof rotationalandmirroringtransforma-
tionsto reducerepeatabilityin thesynthesisof the OLIVES image.
Scalingallows mixing differentsizesof textureelementstogether.
One interestingapplicationof scalingis to generateimagescon-
veying deepperspective.We canconstraindifferentportionsof the
outputtexture to copy from differentscalesof the input texture.If
we forcethescaleto vary in a monotonicfashionacrosstheoutput
image,it gives the impressionof an imagedepictingperspective.
For example,seeBOTTLESandL IL IES in Figure10.

B. Interactive Merging and Blending: Oneapplicationof the
graphcut techniqueis interactive imagesynthesisalongthelinesof
[MortensenandBarrett1995;BrooksandDodgson2002]. In this
application,we pick a setof sourceimagesandcombinethemto
form a singleoutput image.As explainedin the sectionon patch
�tting for texturesynthesis(Section3), if we constrainsomepixels
of theoutputimageto comefrom a particularpatch,thenthegraph
cut algorithm�nds thebestseamthatgoesthroughthe remaining
unconstrainedpixels. The patchesin this caseare the sourceim-
agesthat we want to combine.For merging two suchimages,the
user�rst speci�esthe locationsof thesourceimagesin theoutput
andestablishesthe constrainedpixels interactively. The graphcut
algorithmthen�nds thebestseambetweentheimages.

This is a powerful way to combineimagesthat arenot similar
to eachother since the graphcut algorithm �nds any regions in
the imagesthatare similar andtries to make theseamgo through
thoseregions.Notethatourcostfunctionasde�ned in Equation(5)
alsofavors theseamto go throughedges.Our resultsindicatethat
both kinds of seamsarepresentin the output imagessynthesized
in this fashion.In the examplesin Figure11, onecanseethat the
seamgoesthrough(a)themiddleof thewaterwhichis theregionof
similaritybetweenthesourceimages,and(b) aroundthesilhouettes
of thepeoplesitting in theraft which is a high gradientregion.

The SIGGRAPH banneron the title pageof this paperwasgen-
eratedby combining�o wersandleavesinteractively: theuserhad
to placea �o wer imageover the leavesbackgroundandconstrain
somepixelsof theoutputto comefrom within a �o wer. Thegraph
cut algorithmwasthenusedto computethe appropriateseambe-
tweenthe �o wer and the leaves automatically. Eachletter of the
wordSIGGRAPH wassynthesizedindividually andthentheseletters
werecombined,againusinggraphcuts,to form the �nal banner–
theletterG wassynthesizedonly once,andrepeated.Approximate
interactiontime for eachletter was in the rangeof 5-10 minutes.
Thesourceimagesfor thisexamplearein Figure6.

It is worthwhile to mentionrelatedwork on IntelligentScissors
by MortensenandBarrett[1995]in thiscontext. They follow atwo-
stepprocedureof segmentationfollowedby compositionto achieve
similareffects.However, in ourwork, wedon't segmenttheobjects
explicitly; insteadweleaveit to thecostfunctionto choosebetween
objectboundariesandperceptuallysimilar regionsfor theseamto
go through.Also, the costfunction usedby themis differentthan
ours.

Figure6: Thesourceimagesusedto generatetheSIGGRAPH banner
onthetitle pageof thispaper. Imagecredits:(b) c
 EastWestPhoto,
(c) c
 JensGrabenstein,(e) c
 OlgaZhaxybayeva.

7 Video Synthesis

Oneof themainstrengthsof thegraphcut techniqueproposedhere
is that it allows for a straightforwardextensionto videosynthesis.
Considera videosequenceasa 3D collectionof voxels,whereone
of theaxesis time.Patchesin thecaseof videoarethenthewhole
3D space-timeblocksof video,which canbe placedanywherein
the 3D (space-time)volume.Hence,the sametwo stepsfrom im-
agetexture synthesis,patchplacementandseam�nding, arealso
neededfor videotexturesynthesis.

Similar to 2D texture, the patch selectionmethod for video
mustbechosenbasedon thetypeof video.Somevideosequences
just show temporalstationaritywhereasothersshow stationarityin
spaceaswell astime.For theonesshowing only temporalstation-
arity, searchingfor patchtranslationsin all threedimensions(space
andtime) is unnecessary. We canrestrictour searchjust to patch
offsetsin time, i.e., we just look for temporaltranslationsof the
patch.However, for videosthat are spatially and temporallysta-
tionary, we dosearchin all threedimensions.

Wenow describesomeof ourvideosynthesisresults.Westartby
showing someexamplesof temporallystationarytexturesin which
we �nd spatio-temporalseamsfor video transitions.Theseresults
improve uponvideo textures[Scḧodl et al. 2000]andcomparefa-
vorablyagainstdynamictextures[Soattoetal. 2001].Thenwedis-
cussspatio-temporallystationarytype of video synthesisthat im-
proves upon [Wei and Levoy 2000; Bar-Josephet al. 2001]. All
videosareavailableoff our webpageand/orincludedin theDVD.

A. Finding Seams for Video Transitions: Video tex-
tures[Scḧodl etal. 2000]turnexistingvideointo anin�nitely play-
ing form by �nding smoothtransitionsfrom onepartof thevideoto
another. Thesetransitionsarethenusedto in�nitely loop theinput
video.Thisapproachworksonly if apairof similar-lookingframes
can be found. Many naturalprocesseslike �uids andsmall-scale
motionaretoochaoticfor any frameto reoccur. To easevisualdis-
continuitiesdueto framemismatches,videotexturesusedblending
andmorphingtechniques.Unfortunately, a blend betweentransi-
tions introducesan irritating blur. Morphing also doesnot work
well for chaoticmotionsbecauseit is hard to �nd corresponding
features.Ourseamoptimizationallowsfor amoresophisticatedap-
proach:thetwo partsof thevideointerfacingat a transition,repre-
sentedby two 3D spatio-temporaltexturepatches,canbesplicedto-
getherby computingtheoptimalseambetweenthetwo 3D patches.
Theseamin this caseis actuallya 2D surfacethatsits in 3D (Fig-
ure7).
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Figure 7: Illustration of seamsfor temporal texture synthesis.
Seamsshown in 2D and3D for thecaseof videotransitions.Note
thattheseamis a surfacein caseof video.

To �nd the best relative offset of the spatio-temporaltexture
patches,we �rst �nd a good transitionby pair-wise imagecom-
parisonasdescribedin [Scḧodl et al. 2000].We thencomputean
optimalseamfor alimited numberof goodtransitionswithin awin-
dow aroundthe transition.The result is equivalent to determining
the time of the transitionon a per-pixel basisratherthan�nding a
singletransitiontime for thewholeimage.Theresultingseamcan
thenberepeatedto form a videoloopasshown in Figure7.

We have generatedseveral(in�nitely long) videosusingthis ap-
proach.For eachsequence,we computetheoptimalseamwithin a
60-framespatio-temporalwindow centeredaroundthebesttransi-
tion. ExamplesincludeWATERFALL A, GRASS, POND, FOUNTAIN,
andBEACH. WATERFALL A andGRASS have beenborrowed from
Scḧodl et al. [2000]. Their resultson thesesequenceslook inter-
mittentlyblurredduringthetransition.Usingour technique,weare
ableto generatesequenceswithoutany perceivableartifactsaround
thetransitions,whicheliminatestheneedfor any blurring.Wehave
alsoapplied(our implementationof) dynamictextures[Soattoetal.
2001] to WATERFALL A, the resultof which is muchblurrier than
our result.The BEACH exampleshows the limitations of our ap-
proach.Although the input sequenceis ratherlong – 1421frames
– eventhemostsimilar framepair doesnot allow a smoothtransi-
tion. During the transition,a wave graduallydisappears.Most dis-
concertingly, partsof thewave vanishfrom bottomto top,defying
theusualdynamicsof waves.

B. Random Temporal O�sets For very short sequencesof
video, looping causesvery noticeableperiodicity. In this case,we
cansynthesizeavideoby applyingaseriesof input texturepatches,
whicharerandomlydisplacedin time.Theseamiscomputedwithin
thewholespatio-temporalvolumeof theinput texture.

We have appliedthis approachto FIRE, SPARKLE, OCEAN, and
SMOKE. The result for FIRE works relatively well and, thanksto
randominput patchdisplacements,is lessrepetitive thanthecom-
parableloopedvideo. The SPARKLE result is also very nice, al-
thoughelectricsparkssometimesdetachfrom theball. In thecase

of OCEAN, theresultis overall good,but thesmallamountof avail-
ableinput footagecausesundesiredrepetitions.SMOKE is a failure
of this method.Thereis no continuouspart in this sequencethat
tiles well in time.Partsof the imageappearalmoststatic.Thepri-
maryreasonfor this is theexistenceof adominantdirectionof mo-
tion in thesequence,which is very hardto captureusingtemporal
translationsalone.Next, we discusshow to dealwith suchtextures
usingspatio-temporaloffsets.

C. Spatio-Temporally Stationary Videos: For videos that
show spatio-temporalstationarity(like OCEAN andSMOKE), only
consideringtranslationsin time doesnot producegood results.
This is because,for suchsequences,thereusually is somedom-
inant direction of motion for most of the spatial elements,that
cannotbe capturedby just copying pixels from different tempo-
ral locations;we needto move thepixelsaroundin bothspaceand
time.We applythesub-patchmatchingalgorithmin 3D for spatio-
temporaltextures.Using suchtranslationsin spaceand time for
spatio-temporaltexturesshows aremarkableimprovementover us-
ing temporaltranslationsalone.

The OCEAN sequenceworks very well with this approach,and
the motion of the waves is quite natural.However, therearestill
slight problemswith seagrassappearinganddisappearingon the
surfaceof the water. Even SMOKE shows a remarkableimprove-
ment. It is no longer static, as was the casewith the previous
method,showing the power of usingspatio-temporaltranslations.
RIVER, FLAME, and WATERFALL B also show very good results
with this technique.

We have comparedour resultsfor FIRE, OCEAN, and SMOKE
with thoseof Wei andLevoy [2000]– weborrowedthesesequences
andtheir resultsfrom Wei andLevoy's website.They areableto
capturethelocal statisticsof thesetemporaltexturesquitewell but
fail to reproducetheir global structure.Our resultsshow an im-
provementover themby beingableto reproduceboththelocaland
theglobalstructureof thephenomena.

D. Temporal Constraints for Video Oneof theadvantagesof
constrainingnew patchlocationsfor videoto temporaltranslations
is thateventhoughwe�nd aspatio-temporalseamwithin awindow
of a few frames,the framesoutsidethat window stay as is. This
allowsusto loopthevideoin�nitely (seeFigure7). Whenweallow
thetranslationsto bein bothspaceandtime,thispropertyis lostand
it isnon-trivial tomakethevideoloop.It turnsout,however, thatwe
canusethegraphcutalgorithmto performconstrainedsynthesis(as
in thecaseof interactive imagemerging)andthereforelooping.We
�x the�rst k andlastk framesof theoutputsequenceto bethesame
k framesof theinput (k = 10 in our implementation).Thepixelsin
theseframesarenow constrainedto staythesame.This is ensured
by addinglinks of in�nite costbetweenthesepixelsandthepatches
they areconstrainedto copy from, duringgraphconstruction.The
graphcut algorithmthencomputesthe bestpossibleseamsgiven
thatthesepixelsdon't change.Oncetheoutputhasbeengenerated,
weremovethe�rst k framesfrom it. Thisensuresavideoloopsince
thekth frameof theoutputis thesameasits last framebeforethis
removal operation.

Using this technique,we have beenableto generateloopedse-
quencesfor almostall of our examples.Onesuchcaseis WATER-
FALL B, which was borrowed from [Bar-Josephet al. 2001]. We
areable to generatean in�nitely long sequencefor this example,
whereas [Bar-Josephet al. 2001] canextend it to a �nite length
only. SMOKE is oneexamplefor which loopingdoesnotwork very
well.

E. Spatial Extensions for Video We can also increasethe
frame-sizeof thevideosequenceif we allow thepatchtranslations



to be in bothspaceandtime. We have beenableto do sosuccess-
fully for video sequencesexhibiting spatio-temporalstationarity.
For example,thespatialresolutionof the RIVER sequencewasin-
creasedfrom 170� 116to 210� 160.By usingtemporalconstraints,
asexplainedin thepreviousparagraph,we wereevenableto loop
this enlargedvideosequence.

The running times for our video synthesisresultsrangedfrom
5 minutesto 1 hourdependingon thesizeof videoandthesearch
methodemployed – searchingfor purely temporaloffsetsis faster
thanthatfor spatio-temporalones.Theuseof FFT-basedaccelera-
tion in our searchalgorithmswasa hugefactorin improving ef�-
ciency.

8 Summary

Wehavedemonstratedanew algorithmfor imageandvideosynthe-
sis.Our graphcut approachis ideal for computingseamsof patch
regionsanddeterminingplacementof patchesto generateperceptu-
ally smoothimagesandvideo.We have shown a varietyof synthe-
sis examplesthat includestructuredandrandomimageandvideo
textures.Wealsoshow extensionsthatallow for transformationsof
the input patchesto permit variability in synthesis.We have also
demonstratedan applicationthat allows for merging of two dif-
ferentsourceimagesinteractively. In general,we believe that our
techniquesigni�cantly improvesuponthestateof theart in texture
synthesisby providing thefollowing bene�ts:(a)no restrictionson
shapeof theregionwhereseamwill becreated,(b) considerationof
old seamcosts,(c) easygeneralizationto creationof seamsurfaces
for video,and(d) asimplemethodfor addingconstraints.
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Figure8: 2D texturesynthesisresults.Weshow resultsfor texturedandnaturalimages.Thesmallerimagesaretheexampleimagesusedfor
synthesis.Shown areCHICK PEAS, TEXT, NUTS, ESCHER, MACHU PICCHU c
 AdamBrostow, CROWDS andSHEEP from left to right andtop
to bottom.

Input ImageQuilting Graph cut

Input ImageQuilting Graph cut Rotation & Mirr oring

Figure9: Comparisonof our graphcut algorithmwith ImageQuilting [Efros andFreeman2001].Shown areKEYBOARD andOLIVES. For
OLIVES, anadditionalresultis shown thatusesrotationandmirroring of patchesto increasevariety. Thequilting resultfor KEYBOARD was
generatedusingour implementationof ImageQuilting; theresultfor OLIVES is courtesyof EfrosandFreeman.



Figure10: Imagessynthesizedusingmultiplescalesyield perspectiveeffects.Shown areBOTTLESandL IL IES c
 BradPowell. Wehave,from
left to right: input image,imagesynthesizedusingonescale,andimagesynthesizedusingmultiple scales.

Figure11: Examplesof interactive blendingof two sourceimages.Shown are HUT and MOUNTAIN c
 ErskineWood in the top row, and
RAFT andRIVER c
 Tim Seaver in thebottomrow. Theresultsareshown in thethird column.In thelastcolumn,thecomputedseamsarealso
renderedon top of theresults.
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Figure12:Thevarietyof videossynthesizedusingour approach.


