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Abstract

In this paperwe introducea new algorithm for image and video
texture synthesisIn our approach patchregions from a sample
imageor video aretransformedand copiedto the outputandthen
stitchedtogetheralongoptimal seamdo generatea new (andtypi-

cally larger) output.In contrastto othertechniquesthe sizeof the
patchis not chosena-priori, but insteada graph cut techniqueis

usedto determinethe optimal patchregion for ary given offset
betweenthe input and output texture. Unlike dynamic program-
ming, our graphcut techniquefor seamoptimizationis applicable
in ary dimension.We speci cally exploreit in 2D and3D to per

form video texture synthesisn additionto regularimagesynthe-
sis. We presentapproximatie offset searchtechniqueghat work

well in conjunctionwith the presentegbatchsizeoptimization.We

shaw resultsfor synthesizingegular, random,andnaturalimages
andvideos.We alsodemonstratéiow this methodcan be usedto

interactvely memgedifferentimagesto generatanewn scenes.

Keywords: Texture Synthesisimage-base&endering/mageand
VideoProcessingMachineLearning,NaturalPhenomenon.

1 Intro duction

Generatinga newer form of output from a smaller example is
widely recognizedo be importantfor computergraphicsapplica-
tions. For example,sample-basetinagetexture synthesianethods
areneededo generatdargerealistictexturesfor renderingof com-
plex graphicsscenesThe primary reasorfor suchexample-based

synthesiginderlieshe concepf texture, usuallyde ned asanin-
nite patternthatcanbemodeledby astationarystochastigrocess.
In this paper we present new methodto generatesuchanin nite
patternfrom a smallamountof training data;usinga small exam-
ple patchof the texture, we generatea larger patternwith similar
stochastiropertiesSpeci cally, our approacHor texture synthe-
sis generatesexturesby copying input texture patchesOur algo-
rithm rst searchegor an appropriatdocationto placethe patch;
it then usesa graph cut techniqueto nd the optimal region of
the patchto transferto the output. In our approachtexturesare
notlimited to spatial(image)textures,andincludespatio-temporal
(video)textures.In addition,ouralgorithmsupportsterativere ne-
mentof the outputby allowing for successie improvementof the
patchseams.

When synthesizinga texture, we want the generatedexture to
be perceptuallysimilarto the exampletexture. This concepof per
ceptualsimilarity hasbeenformalizedasa Markov RandomField
(MRF). Theoutputtextureis representedsa grid of nodeswhere
eachnoderefersto a pixel or a neighborhooaf pixelsin theinput
texture. The mamginal probability of a pair of nodesdependonthe
similarity of their pixel neighborhoodssothatpixelsfrom similar-
looking neighborhoodén the input texture endup asneighborsin
thegeneratedexture,preservingheperceptuatjuality of theinput.
Thegoalof texturesynthesicanthenberestatedsthe solutionfor
the nodesof the network, thatmaximizesthetotal lik elihood.This
formulationis well-known in machine-learningsthe problemof
probabilisticinferencein graphicalmodelsandis provento be NP-
hard in caseof cyclic networks. Hence,all techniqueghat model
thetextureasa MRF [DeBonet1997;EfrosandLeung1999;Efros
andFreemar2001; Wei and Levoy 2000] computesomeapproxi-
mationto the optimalsolution.

In particular texturesynthesislgorithmsthatgenerateheir out-
put by copying patchegor their generalizationgo higherdimen-
sions)mustmake two decisionsfor eachpatch:(1) whereto posi-
tion theinputtexturerelative to the outputtexture (the offsetof the
patch),and(2) which partsof theinput texture to transferinto the
outputspacethe patchsean) (Figure1). The primarycontribution
of this paperis analgorithmfor texture synthesiswhich after nd-
ing a good patchoffset, computeshe bestpatchseam(the seam
yielding the highestpossibleMRF likelihood amongall possible
seamdor that offset). The algorithm works by reformulatingthe
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Figure1: Imagetexture synthesishy placingsmall patchesat var
ious offsetsfollowed by the computationof a seamthat enforces
visualsmoothnesbetweertheexisting pixelsandthenewly placed
patch.

problemas a minimum costgraphcut problem:the MRF grid is
augmentedvith specialnodesanda minimum cut of this grid be-
tweentwo specialterminalnodesis computed.This minimum cut
encodeghe optimal solutionfor the patchseam We also propose
a setof algorithmsto searchfor the patchoffset at eachiteration.
Thesealgorithmstry to maintainthe large scalestructureof the
texture by matchinglargeinput patcheswith the output.An impor-
tantobserationis thatthe e xibility of the our seamoptimization
techniqueto pastelarge patchesat eachiterationin a non-causal
fashionis really what permitsthe designof our offsetsearchalgo-
rithms.Theoffsetsearchingandseamnding methodsaretherefore
complementaryo eachother andwork in tandemto generatehe
obtainedresults.

Efros and Freeman[2001] were the rst to incorporateseam
nding by using dynamic programming.However, dynamic pro-
grammingimposesan arti cial grid structureon the pixels and
thereforedoesnot treateachpixel uniformly. This canpotentially
meanmissingoutongoodseamghatcannotbemodeledwithin the
imposedstructure Moreover, dynamicprogrammings amemory-
lessoptimizationprocedureandcannotexplicitly improve existing
seamsThis restrictsits useto appendinghen patcheso existing
textures.Our graphcut methodtreatseachpixel uniformly andis
alsoableto placepatchesver existing texture.

Most previouswork ontextureis gearedowards2D images put
the texture problemin a very similar form also appearsn three
dimensiondor the generatiorof spatio-temporatextures[Szum-
mer and Picard 1996; Schbdl et al. 2000; Wei and Levoy 2000;
Bar-Josephet al. 2001]. Unlike dynamicprogramming,which is
restrictedto 2D, the seamoptimizationpresentedh this papergen-
eralizesto ary dimensionality Basedon this seamoptimization,
we have developedalgorithmsfor both two andthreedimensions
to generatespatial (2D, images)and spatio-tempora(3D, video)
textures.

Finally, we have extendedour algorithmto allow for multiple
scalesand different orientationswhich permitsthe generationof
largerimageswith morevarietyandperspectie variations We have
alsoimplementedaninteractive systemnthatallows for meigingand
blendingof differenttypesof imagesto generateeompositeswith-
outtheneedfor ary apriori sggmentation.

2 Related work

Texture synthesigechniqueshat generatean outputtexture from

an example input can be roughly categyorizedinto three classes.

The rst classusesa x ed numberof parametersvithin a com-
pactparametrianodelto describea variety of textures.Heegerand

Bergen [1995] usecolor histogramsacrossfrequeng bandsas a
texturedescriptionPortillaandSimoncellismodel[2000]includes
avarietyof waveletfeaturesandtheir relationshipsandis probably
thebestparametrianodelfor imagetexturesto date.Szummemand
Picard[1996], Soattoetal. [2001], andWangandZhu [2002] have
proposedbarametricrepresentationfor video. Parametricmodels
cannotsynthesizeaslarge a variety of texturesasothermodelsde-
scribedhere,but provide bettermodelgeneralizatiorandaremore
amenableto introspectionand recognition[Saisanet al. 2001].
They thereforeperformwell for analysisof texturesand can pro-
vide a betterunderstandingf the perceptuaprocess.

Theseconctlassof texturesynthesisnethodss non-parametric,
which meansthat rather than having a x ed numberof param-
eters,they use a collection of exemplas to model the texture.
DeBonet[1997], who pioneeredhis groupof techniquessamples
from acollectionof multi-scale lter responseto generatéextures.
Efros and Leung[1999] werethe rst to usean even simplerap-
proach directly generatingexturesby copying pixels from thein-
put texture. Wei and Levoy [2000] extendedthis approachto mul-
tiple frequeny bandsandusedvectorquantizatiorto speedup the
processingThesdaechniguesll have in commorthatthey generate
texturesonepixel atatime.

The third, most recentclassof techniquesgenerategextures
by copying whole patches from the input. Ashikmin [2001]
made an 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 wholepatche®f inputtextureatatime.
Schodl et al. [2000] perform video synthesisby copying whole
framesfrom the input sequenceThis last classof techniquesar-
guably createsthe bestsynthesisresultson the largestvariety of
textures.Thesemethodsunlike the parametriomethodsdescribed
above, yield alimited 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 beenstudiedextensiely in the contet of computer
vision [Li 1995]. In our case,we use a graph cut techniqueto
optimizethe likelihood of the MRF. Among othertechniquesus-
ing graphcuts[Greig et al. 1989], we have chosena techniqueby
Boykov et al. [1999], which is particularly suitedfor the type of
costfunctionfoundin texture synthesis.

3 Patch Fitting using Graph Cuts

We synthesizenew texture by copying irregularly shapedpatches
from the sampleimageinto the outputimage.The patchcopying
processis performedin two stagesFirst a candidaterectangular
patch(or patchoffset)is selectedby performinga comparisorbe-
tweenthe candidatepatchandthe pixels alreadyin the outputim-
age.We describeour methodof selectingcandidatepatchesn a
later section(Section4). Second,an optimal (irregularly shaped)
portion of this rectangleis computedand only thesepixels are
copiedto the outputimage(Figure 1). The portion of the patchto
copy is determineddy usinga graphcut algorithm,andthis is the
heartof our synthesigechnique.

In orderto introducethe graphcut techniquewe rst describe
how it canbe usedto performtexture synthesisn the mannerof
Efrosand Freemars imagequilting [2001]. Later we will seethat
it is @ much more generaltool. In image quilting, small blocks
(eg., 32 32 pixels) from the sampleimage are copiedto the
outputimage.The rst block is copiedat random,and then sub-
sequenblocks are placedsuchthat they partly overlap with pre-
viously placedblocksof pixels. The overlapbetweenold andnew
blocksis typically 4 or 8 pixelsin width. Efros and Freemaruse
dynamicprogrammingo choosethe minimum costpathfrom one



endof this overlapregion to the other Thatis, the chosenpathis
throughthosepixelswheretheold andnew patchcolorsaresimilar
(Figure2(left)). Thepathdeterminesvhich patchcontributespixels
atdifferentlocationsin the overlapregion.

To seehow this canbe castinto a graphcut problem,we rst
needto choosea matchingquality measurdor pixels from the old
andnew patch.In thegraphcutversionof this problem theselected
pathwill runbetweerpairsof pixels. Thesimplestguality measure,
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
sin theold andnew patchesrespectiely. We de ne the matching
quality costM betweenthe two adjacentpixels s andt that copy
from patchesA andB respectiely to be:

M(st;A;B) = kA(S B(9k+ KA(t) B()k 1)

wherek k denotesan appropriatenorm. We considera more so-
phisticateccostfunctionin alatersection.For now, this matchcost
is all we needto usegraphcutsto solve the path nding problem.

Considerthe graphshavn in Figure 2(right) thathasone node
per pixel in the overlapregion betweerpatchesWe wishto nd a
low-costpaththroughthis regionfrom topto bottom.Thisregionis
shavnas3 3 pixelsin the gure, butit is usuallymorelike8 32
pixelsin typical imagequilting problems(the overlapbetweertwo
32 32 patches)The arcsconnectingthe adjacentpixel nodess
andt arelabelledwith the matchingquality costM(s;t; A;B). Two
additionalnodesareaddedrepresentingheold andnew patchegA
andB). Finally, we addarcsthathave in nitely high costsbetween
someof the pixelsandthenodesA or B. Theseareconstaint arcs,
andthey indicatepixelsthatwe insistwill comefrom oneparticular
patch.In Figure 2, we have constrainegixels 1, 2, and3 to come
from theold patch,andpixels 7, 8, and9 mustcomefrom the new
patch.To nd out which patcheachof the pixels 4, 5, and 6 will
comefrom is determinedby solving a graphcut problem.Specif-
ically, we seekthe minimum costcut of the graph,that separates
nodeA from nodeB. Thisis a classicalgraphproblemcalledmin-
cut or max- ow [Ford and Fulkerson1962; Sedg&ick 2001] and
algorithmsfor solving it arewell understoodand easyto code.In
the exampleof Figure2, the red line shawvs the minimum cut, and
this meanspixel 4 will be copiedfrom patchB (sinceits portion of
thegraphis still connectedo nodeB), whereagpixels5 and6 will
befrom theold patchA.

3.1 Accounting for Old Seams

The abore exampledoesnot shaw the full power of usinggraph
cutsfor texturesynthesisSupposé¢hatseveralpatchehave already
beenplaceddown in the outputtexture, and that we wish to lay

down anew patchin aregion wheremultiple patchesalreadymeet.
Thereis a potentialfor visible seamsalongthe borderbetweerold

patchesandwe canmeasurehis usingthearccostsfrom thegraph
cutproblemthatwe solvedwhenlayingdown thesepatchesWe can
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Figure2: (Left) Schematishaving theoverlappingregionbetween
two patches(Right) Graphformulationof the seam nding prob-
lem, with theredline shaving the minimumcostcut.

incorporatetheseold seamcostsinto the new graphcut problem,
andthuswe candeterminanhich pixels(if ary) from thenew patch
shouldcover over someof theseold seamsTo our knowledge this

cannotbe done using dynamicprogramming- the old seamand

its costat eachpixel needsto be rememberd however, dynamic
programmings a memorylesoptimizationproceduren the sense
thatit cannotkeeptrackof old solutions.

Existing
Pixels
A

Figure 3: (Left) Finding the bestnew cut (red) with an old seam
(green)alreadypresent(Right) Graphformulationwith old seams
presentNodess; to s, andtheirarcsto B encodehecostof theold
seam.

We illustratethis problemin Figure3. In the graphformulation
of this problem,all of the old patchesarerepresentedy a single
nodeA, andthe new patchis B. SinceA now represents collec-
tion of patcheswe useAs to denotethe particularpatchthat pixel
s copiesfrom. For eachseambetweenold pixels, we introducea
seamnodeinto the graphbetweerthe pair of pixel nodesWe con-
necteachseamnodewith anarcto the newv patchnodeB, andthe
costof thisarcis the old matchingcostwhenwe createdhis seam,
i.e,, M(sit;As;At) wheres andt arethe two pixels that straddle
the seam.In Figure 3, thereis an old seambetweenpixels 1 and
4, sowe inserta seamnodes; betweerthesetwo pixel nodesWe
alsoconnects; to the new patchnodeB, and label this arc with
the old matchingcostM(1;4;A1;As). We labelthe arcfrom pixel
nodel to s; with the costM(1;4;A1;B) (the matchingcostwhen
only pixel 4 is assignedhe new patch)andthe arcfrom s; to pixel
node4 with the costM(1;4;B;A4) (the matchingcostwhenonly
pixel 1 is assignedhe new patch).If thearc betweerna seamnode
andthe new patchnodeB is cut, this meansthat the old seamre-
mainsin the outputimage.If suchanarcis not cut, this meanghat
the seamhasbeenoverwrittenby new pixels, sothe old seamcost
is not countedin the nal cost.If oneof the arcsbetweena seam
nodeandthe pixels adjacento it is cut, it meansthata nev seam
hasbeenintroducedat the samepositionanda nev seamcost(de-
pendinguponwhich arc hasbeencut) is addedto the nal cost.In
Figure3, theredline shavs the nal graphcut: the old seamat s3
hasbeenreplacedby a newv seamthe seamat s4 hasdisappeared,
andfreshseamdave beenintroduceetweemodes3 and6, 5 and
6,and4 and7.

Thisequivalencebetweerseantostandthemin-cutof thegraph
holdsif andonly if at mostone of the threearcsmeetingat the
seamnodesis includedin the min-cut. The costof this arcis the
new seamcost,andif no arcis cut, the seamis removed andthe
costgoesto zero.This is true only if we ensurethatM is a metric
(satis esthetriangleinequality)[Boykov etal. 1999],whichis true
if thenormin Equation(1) is a metric. Satisfyingthe trianglein-
equalityimpliesthatpicking two arcsoriginatingfrom aseannode
is alwayscostlierthanpicking just oneof them,henceat mostone
arcis pickedin the min-cut,asdesired Our graphcut formulation
is equivalentto the onein [Boykov et al. 1999] and the addition
of patchescorresponddo the a-expansionstepin their work. In
fact, our implementatiorusestheir codefor computingthe graph
min-cut. Whereaghey madeuseof graphcutsfor imagenoisere-
moval andimagecorrespondencfor stereo,our useof graphcuts
for texture synthesiss novel.



3.2 Surrounded Regions

So far we have shavn new patchesthat overlap old pixels only
alongaborderregion. In fact, it is quite commonin our synthesis
approacho attemptto placea new patchover a region wherethe
entire areahasalreadybeencoveredby pixels from earlier patch
placemensteps.Thisis donein orderto overwrite potentiallyvis-
ible seamswith the new patch,andan exampleof this is shavn in
Figure4. The graphformulationof this problemis really the same
asthe problemof Figure 3. In this graphcut problem,all of the
pixelsin abordersurroundingheplacementegion areconstrained
to comefrom existing pixels. Theseconstraintsarere ectedin the
arcsfrom the borderpixelsto nodeA. We have alsoplacedasingle
constraintarc from one interior pixel to nodeB in orderto force
at leastone pixel to be copiedfrom patchB. In fact, this kind of
a constraintarc to patchB isn't evenrequired.To avoid clutterin
this gure, thenodesandarcsthatencodeold seancostshave been
omitted. Theseomittednodesmale mary connectionbetweerthe
centralportionof thegraphandnodeB, soevenif thearcto B were
removed, the graphwould still be connectedIn the example,the
redline shavs haw theresultinggraphcut actuallyformsa closed
loop, which de nesthe bestirregularly-shapedegion to copy into
theoutputimage.

Existing

Existing, New

new = Pixels Patch
A

t_/NeW Patch B

Figure4: (Left) Placingapatchsurroundedby alreadylled pixels.

Old seamgqgreen)arepartially overwrittenby the new patch(bor

deredin red).(Right) Graphformulationof the problem.Constraint
arcsto A force the borderpixels to comefrom old image.Seam
nodesandtheir arcsarenot shavn in thisimagefor clarity.

Findingthebestcutfor agraphcanhave aworst-casé€(n?) cost
for agraphwith n nodegSedgevick 2001].For thekindsof graphs
we create,however, we never approachthis worst-casebehaior.
Ourtimingsappearto be O(nlog(n)).

4 Patch Placement & Matching

Now we describeseveralalgorithmsfor picking candidatepatches.
We useoneof threedifferentalgorithmsfor patchselection pased
onthetypeof texturewe aresynthesizingTheseselectiormethods
are:(1) randomplacement(2) entire patch matding, and(3) sub-
patch matding.

In all thesealgorithms,we restrictthe patchselectionto previ-
ouslyunusedffsets.Also, for thetwo matching-basedlgorithms,
we rst nd aregionin the currenttexture thatneedsa lot of im-
provementWe usethecostof existing seamsdo quantifytheerrorin
aparticularregion of theimage,andpick theregionwith thelargest
error Oncewe pick suchanerror-region, we force the patchselec-
tion algorithmto pick only thosepatchlocationsthat completely
overlapthe errorregion. Whenthe textureis beinginitialized, i.e.,
whenit is notcompletelycoveredwith patchef inputtexture,the
errorregionis pickeddifferentlyandsenesadifferentpurposeit is
picked sothatit containsbothinitialized anduninitializedportions
of the outputtexture — this ensureghatthe texture is extendedby

Seam Boundaries

Sample Texture

P

Synthesized Texture
(Initialization)

Step 2 Step 3
Step 4 Step 5 .
Seam Costs Synthesized Texture

(After 5 steps of Refinement)

Figure5: This gure illustratesthe procesof synthesizingalarger
texture from an exampleinput texture. Oncethe texture is initial-
ized,we nd new patchlocationsappropriatelyso asto re ne the
texture.NotetheirregularpatchesandseamsSeamerrormeasures
thatare usedto guidethe patchselectionprocessare shavn. This
processs alsoshawvn in thevideo.

someamountandalsothatthe extendedportionis consistentvith
thealreadyinitialized portionsof thetexture.

Now we discusshe threepatchplacemenandmatchingmeth-
odsin somedetail. The samethreeplacementlgorithmsareused
for synthesisof image (spatial) and video (spatio-temporal}ex-
tures,discussedn Sections6 and 7 respectiely. Note that patch
placements really justatranslatiorappliedto theinput beforeit is
addedto theoutput.

Random placement: In thisapproachthenew patch (theentire
inputimage),is translatedo a randomoffsetlocation. The graph
cutalgorithmselectsa pieceof this patchto lay down into the out-
putimage,andthenwe repeatthe processThis is the fastessyn-
thesismethodandgivesgoodresultsfor randomtextures.

Entire patch matching: Thisinvolvessearchindor translations
of the input imagethat matchwell with the currently synthesized
output. To accountfor partial overlapsbetweenthe input andthe
output, we normalizethe sum-of-squared-diérences(SSD) cost
with the areaof the overlappingregion. We computethis costfor
all possibletranslationsof theinputtextureas:

_ l o . -2
C(t) = mp?At”(p) O(p+1)j )

whereC(t) is the costat translationt of theinput,| andO arethe
input and outputimagesrespectrely, and A; is the portion of the
translatednputoverlappingtheoutput.We pick thenew patchloca-
tion stochasticallyfrom amongthe possibletranslationsaccording
to the probability function:



c(t)

P)pe is? 3
wheres is the standarddeviation of the pixel valuesin the input
image and k controlsthe randomnessn patch selection.A low
value of k leadsto picking of only thosepatchlocationsthathave
avery goodmatchwith the outputwhereasa high value of k leads
to morerandompatchselection.In ourimplementationyve varied
k between0:001 and1:0. Note that we alsoconstrainthe selected
patchto overlapthe errorregion asdescribedabove. This method
gives the bestresultsfor structuredand semi-structuredextures
sincetheir inherentperiodicity is capturedvery well by this cost
function.

Sub-patch matching: Thisis the mostgeneralof all our patch
selectiontechniquesilt is alsothe bestmethodfor stochastidex-
turesaswell asfor videosequenceswvolving textural motionsuch
as water waves and smole (Section7). The motion in suchse-
guencess spatiallyquite unstructuredvith differentregionsof the
image exhibiting different motions; hawvever, the motion itself is
structuredn thatit is locally coherentIn sub-patchmatching,we
rst pick a small sub-patchiwhich is usuallysigni cantly smaller
thantheinputtexture)in the outputtexture.In ourimplementation,
this output-sub-pate is the sameor slightly larger thanthe error
regionthatwe wantto placethe patchover. We now look for asub-
patchin the input texture that matcheghis output-sub-patchvell.
Equivalently, welook for translation®of theinputsuchthatthepor-
tion of the input overlappingthe output-sub-patcimatchest well
— only thosetranslationsthat allow completeoverlap of the input
with the output-sub-patclareconsideredThe costof a translation
of theinputtextureis now de ned as:

ct= & iltp v o)’ @)
p2So
where Sg is the output-sub-patcland all other quantitiesare the
sameasin (2). The patchis again picked stochasticallyusing a
probabilityfunctionsimilar to (3).

5 Extensions & Re nements

Now we brie y describea few improvementsand extensionsthat
we have implementedor imageandvideo synthesisTheseexten-
sionsincludeimprovementsto the costfunctionsthat accountfor
frequeng variations,inclusion of featheringand multi-resolution
techniqguesto smoothout visible artifacts,and speedupsin the
SSD-bhasealgorithmsusedin patchmatching.

Adapting the Cost Function: Thematchcostin Equation(1)

usedin determiningthe graphcut doesnot payary attentionto the
frequeng contentpresentin the imageor video. Usually, discon-
tinuities or seamboundariesare more prominentin low frequeny

regionsratherthanhigh frequeng ones.We take this into account
by computingthe gradientof theimageor video alongeachdirec-
tion — horizontal,vertical and temporal(in caseof video) — and
scalethe matchcostin (1) appropriatelyresultingin the following

new costfunction.

M(s;t;A;B)
kG4 (9k+ kG (t)k+ kG (9)k + kG (t)k

MYst;A;B) = ()
Here,d indicateghedirectionof thegradientandis the sameasthe
directionof the edgebetweers andt. Gfi anng arethegradients
in the patchesA andB alongthe directiond. M° penalizesseams

goingthroughlow frequeng regionsmorethanthosegoingthrough
high frequeng regions,asdesired.

Feathering and multi-resolution splining:  Although graph
cutsproducethe bestpossibleseamarounda giventexture patch,it
canstill generatevisible artifactswhenno goodseamexists at that
point. It is possibleto hide theseartifactsby featheringthe pixel
valuesacrossseamsFor every pixel s closeenoughto a seamwe
nd all patchesneetingatthatseam.

The pixel s is thenassignedhe weightedsum of pixel values
P(s) correspondingo eachsuchpatchP. Most of the time, this
form of featherings doneusinga Gaussiarkernel.

We alsousemulti-resolutionsplining [Burt and Adelson1983]
of patchesacrossseamswhich is helpful whenthe seamsaretoo
obvious, but it alsotendsto reducethe contrastof the image or
videowhena lot of small patcheshave beenplacedin the output.
In generalwe have foundit usefulto pick betweerfeatheringand
multi-resolutionspliningon a case-by-cashkasis.

FFT-Based Acceleration: The SSD-basedalgorithms de-
scribedin Sectiond canbe computationallyexpensve if thesearch
is carriedout naively. Computingthe costC(t) for all valid transla-
tionsis O(n?) wheren is thenumberof pixelsin theimageor video.
However, the searchcanbe acceleratedising Fast Fourier Trans-
forms(FFT) [Kilthau etal. 2002;Soleret al. 2002]. For example,
we canrewrite (4) as:

C=al%p t)+ao0%p 23l(p 1HO(p)  (6)
p p p

The rst two termsin (6) aresumof squareof pixel valuesover
sub-blockf theimageor videoandcanbecomputeckef ciently in

O(n) time usingsummed-aregables[Crow 1984]. The third term
is acornvolution of theinputwith theoutputandcanbecomputedn

O(nlog(n)) time usingFFT. Sincen is extremelylargefor images
andespeciallyfor video,we getahugespeedip usingthis method-

foral50 100 30videosequencey 10%, andthetimerequired
to searchfor a new patchreducesrom around10 minutes(using
naive search}o 5 secondgusingFFT-basedsearch).

6 Image Synthesis

We have appliedour techniquefor imageandtexture synthesigo
generateegular, structuredandrandomtexturesaswell asto syn-
thesizeextensionsof naturalimages Figures8, 9, and10 shaw re-
sultsfor a variety of two-dimensionalmagetextures.We useden-
tire patch matding asour patchselectionalgorithmfor the TEXT,
NUTS, ESCHER, andk EY BOARD imageswhile sub-patt matcing
wasusedfor generatingCHICK PEAS, MACHU PICCHU, CROWDS,
SHEEP, OLIVES, BOTTLES, and LILIES. The computationfor im-
agesis quite fast,mainly dueto the useof FFT-basedsearch All
imagesynthesigesultspresentedheretook betweerb secondand
5 minutesto run. The LILIES imagetook 5 minutesbecausét was
originally generatedo be 1280 1024 in size. We also compare
someof our resultswith that of Image Quilting [Efros and Free-
man2001]in Figure9. Now we brie y describea few specialized
extensionsandapplicationsof our 2D texture synthesigechnique.

A. Additional Transformations of Source Patches: Oural-
gorithmrelieson placingthe input patchappropriatelyand deter
mining a seamthat supportsef cient patchingof input images.
Eventhoughwe have only discussedhe possibility of translating
the input patchover the outputregion, one could generalizethis
conceptto include other transformationsof the input patchlike
rotation, scaling,af ne or projective. For images,we have exper
imentedwith the useof rotated mirrored and scaledversionsof
the input texture. Allowing more transformationgyives us more
e xibility and variety in termsof the kind of outputthat canbe
generatedHowever, aswe increasethe potentialtransformations



of theinputtexture, the costof searchingor goodtransformations
alsoincreasesT hereforewe restrictthetransformationstherthan
translationgo a smallnumber Note that the numberof candidate
translationds of the order of the numberof pixels. We generate
the transformedversionsof theinput beforewe startsynthesisTo
avoid changingthe searchingalgorithmsigni cantly, we putall the
transformedimagesinto a single image juxtaposedagainsteach
other This makesthe picking of ary transformatiorequivalentto
the picking of a translation.Then,only the portion containingthe
particulartransformedrersionof theimageis sentto the graphcut
algorithminsteadof thewhole mosaicof transformations.

In Figure9, we make useof rotationalandmirroring transforma-
tionsto reducerepeatabilityin the synthesioof the oL1VES image.
Scalingallows mixing differentsizesof texture elementdogether
Oneinterestingapplicationof scalingis to generatdmagescon-
veying deepperspectie. We canconstraindifferentportionsof the
outputtextureto copy from differentscalesof theinput texture. If
we forcethe scaleto vary in amonotonicfashionacrossthe output
image,it givesthe impressionof an imagedepictingperspectie.
For example,seeBOTTLESandLILIESIn Figurel0.

B. Interactive Merging and Blending: Oneapplicationof the
graphcuttechniquds interactve imagesynthesislongthelinesof
[MortensenandBarrett 1995; Brooks and Dodgson2002]. In this
application,we pick a setof sourceimagesand combinethemto
form a single outputimage.As explainedin the sectionon patch
tting for texture synthesigSection3), if we constrainsomepixels
of the outputimageto comefrom a particularpatch thenthegraph
cut algorithm nds the bestseamthat goesthroughthe remaining
unconstrainegixels. The patchesn this caseare the sourceim-
agesthat we wantto combine.For memging two suchimagesthe
user rst speci esthelocationsof the sourceimagesin the output
and establisheshe constrainecpixels interactvely. The graphcut
algorithmthen nds the bestseambetweertheimages.

This is a powerful way to combineimagesthat are not similar
to eachother since the graphcut algorithm nds ary regionsin
theimagesthatare similar andtries to make the seamgo through
thoseregions.Notethatour costfunctionasde nedin Equation(5)
alsofavorsthe seamto go throughedges Our resultsindicatethat
both kinds of seamsare presentin the outputimagessynthesized
in this fashion.In the examplesin Figure 11, one canseethatthe
seanmgoeshrough(a) themiddleof thewaterwhichis theregion of
similarity betweerthesourcamagesand(b) aroundhesilhouettes
of thepeoplesitting in theraft whichis a high gradientregion.

The SIGGRAPH banneron thetitle pageof this paperwasgen-
eratedby combining o wersandleavesinteractiely: the userhad
to placea o wer imageover the leavesbackgroundandconstrain
somepixels of the outputto comefrom within a o wer. Thegraph
cut algorithmwasthenusedto computethe appropriateseambe-
tweenthe o wer andthe leaves automatically Eachletter of the
word SIGGRAPH wassynthesizeéhdividually andthenthesdetters
werecombinedagainusinggraphcuts,to form the nal banner-
theletter G wassynthesizednly once,andrepeatedApproximate
interactiontime for eachletter wasin the rangeof 5-10 minutes.
Thesourceimagesfor this examplearein Figure6.

It is worthwhile to mentionrelatedwork on Intelligent Scissors
by MortenserandBarrett[1995]in this context. They follow atwo-
stepproceduref segmentatiorfollowedby compositiorto achieve
similar effects.However, in ourwork, we don't sggmenttheobjects
explicitly; insteadveleaveit to thecostfunctionto choosebetween
objectboundariesand perceptuallysimilar regionsfor the seamto
go through.Also, the costfunction usedby themis differentthan
ours.

Figure6: Thesourcamagesusedto generatéhe SIGGRAPH banner
onthetitle pageof this paperimagecredits:(b) ¢ EastWestPhoto,
(c) c JensGrabenstein(e) ¢ OlgaZzhaxybayea.

7 Video Synthesis

Oneof themainstrengthof thegraphcuttechniqueproposedere
is thatit allows for a straightforvard extensionto video synthesis.
Consideravideosequencasa 3D collectionof voxels,whereone
of the axesis time. Patchedn the caseof video arethenthewhole
3D space-timeblocks of video, which canbe placedarywherein
the 3D (space-timeyolume.Hence,the sametwo stepsfrom im-
agetexture synthesispatchplacementaind seam nding, arealso
neededor videotexturesynthesis.

Similar to 2D texture, the patch selectionmethod for video
mustbe choserbasedn thetype of video. Somevideo sequences
justshav temporalstationaritywhereasothersshav stationarityin
spaceaswell astime. For the onesshaving only temporalstation-
arity, searchindor patchtranslationsn all threedimensiongspace
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 temporally sta-
tionary, we do searchn all threedimensions.

We now describesomeof ourvideosynthesisesults We startby
shaving someexamplesof temporallystationarytexturesin which
we nd spatio-temporaseamdor videotransitions.Theseresults
improve uponvideotextures[Schbdl et al. 2000] andcomparefa-
vorablyagainsdynamictextures[Soattoetal. 2001]. Thenwe dis-
cussspatio-temporallystationarytype of video synthesishatim-
proves upon [Wei and Levoy 2000; Bar-Josephet al. 2001]. All
videosareavailableoff our webpageand/orincludedin the DVD.

A. Finding Seams for Video Transitions: Video tex-
tures[Schadl etal. 2000]turn existing videointo anin nitely play-
ingformby nding smoothtransitionsfrom onepartof thevideoto
anotherThesetransitionsarethenusedto in nitely loop theinput
video.Thisapproactworksonly if apairof similar-lookingframes
canbe found. Many naturalprocessedike uids andsmall-scale
motionaretoo chaoticfor ary frameto reoccur To easevisualdis-
continuitiesdueto framemismatchesyideotexturesusedblending
and morphingtechniquesUnfortunately a blend betweentransi-
tions introducesan irritating blur. Morphing also doesnot work
well for chaoticmotionsbecauset is hardto nd corresponding
featuresOur seamoptimizationallows for amoresophisticatep-
proach:the two partsof thevideointerfacingat a transition,repre-
sentedyy two 3D spatio-temporaiexturepatchesganbesplicedto-
getherby computingtheoptimalseanbetweerthetwo 3D patches.
The seamin this caseis actuallya 2D surfacethatsitsin 3D (Fig-
ure7).
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Figure 7: lllustration of seamsfor temporal texture synthesis.
Seamsshavn in 2D and3D for the caseof videotransitions.Note
thattheseamis a surfacein caseof video.

To nd the bestrelative offset of the spatio-temporatexture
patcheswe rst nd a goodtransitionby pairwise imagecom-
parisonasdescribedn [Schidl et al. 2000]. We thencomputean
optimalseantor alimited numberof goodtransitionswithin awin-
dow aroundthe transition.The resultis equivalentto determining
the time of the transitionon a perpixel basisratherthan nding a
singletransitiontime for the wholeimage.Theresultingseamcan
thenberepeatedo form avideoloop asshavn in Figure?.

We have generatedeveral (in nitely long) videosusingthis ap-
proach.For eachsequencewe computethe optimal seamwithin a
60-framespatio-temporalvindow centeredaroundthe besttransi-
tion. ExamplesncludeWATERFALL A, GRASS, POND, FOUNTAIN,
andBEACH. WATERFALL A and GRASS have beenborraved from
Schodl et al. [2000]. Their resultson thesesequencetook inter-
mittently blurredduringthetransition.Usingourtechniquewe are
ableto generatesequencewithoutary percevableartifactsaround
thetransitionswhich eliminatesheneedfor ary blurring. We have
alsoapplied(ourimplementatiorof) dynamictextures[Soattoetal.
2001]to WATERFALL A, the resultof which is muchblurrier than
our result. The BEACH exampleshaws the limitations of our ap-
proach.Althoughthe input sequences ratherlong — 1421 frames
— eventhe mostsimilar framepair doesnot allow a smoothtransi-
tion. During the transition,a wave graduallydisappearsMost dis-
concertingly partsof the wave vanishfrom bottomto top, defying
the usualdynamicsof waves.

B. Random Temporal O sets For very short sequence®f
video, looping causesrery noticeableperiodicity In this case we
cansynthesizevideoby applyingaseriesof inputtexture patches,
whicharerandomlydisplacedn time. Thesearis computedvithin
thewhole spatio-temporavolumeof theinput texture.

We have appliedthis approacho FIRE, SPARKLE, OCEAN, and
SMOKE. Theresultfor FIRE works relatively well and, thanksto
randominput patchdisplacementds lessrepetitve thanthe com-
parableloopedvideo. The SPARKLE resultis also very nice, al-
thoughelectricsparkssometimegletachfrom the ball. In the case

of OCEAN, theresultis overall good,but the smallamountof avail-
ableinput footagecausesindesiredepetitions SMOKE is afailure
of this method.Thereis no continuouspartin this sequencehat
tiles well in time. Partsof theimageappearalmoststatic. The pri-
maryreasorfor thisis the existenceof adominantdirectionof mo-
tion in the sequencewhich is very hardto captureusingtemporal
translationsalone.Next, we discusshow to dealwith suchtextures
usingspatio-temporabffsets.

C. Spatio-Temporally Stationary Videos: For videos that
shav spatio-temporastationarity(like OCEAN and SMOKE), only
consideringtranslationsin time doesnot producegood results.
This is becausefor suchsequenceghereusuallyis somedom-
inant direction of motion for most of the spatial elements that
cannotbe capturedby just copying pixels from differenttempo-
ral locations;we needto move the pixels aroundin both spaceand
time. We applythe sub-patchmatchingalgorithmin 3D for spatio-
temporaltextures. Using suchtranslationsin spaceand time for
spatio-temporatexturesshawvs aremarkablémprovementover us-
ing temporaltranslationsalone.

The ocEAN sequencavorks very well with this approachand
the motion of the wavesis quite natural. However, thereare still
slight problemswith seagrassappearingand disappearingn the
surfaceof the water Even SMOKE shavs a remarkablemprove-
ment. It is no longer static, as was the casewith the previous
method,shaving the power of using spatio-temporatranslations.
RIVER, FLAME, and WATERFALL B also shaw very good results
with thistechnique.

We have comparedour resultsfor FIRE, OCEAN, and SMOKE
with thoseof Wei andLevoy [2000]—weborrovedthesesequences
andtheir resultsfrom Wei and Levoy's web site. They areableto
capturethelocal statisticsof thesetemporaltexturesquite well but
fail to reproducetheir global structure.Our resultsshav an im-
provementover themby beingableto reproduceboththelocal and
theglobalstructureof the phenomena.

D. Temporal Constraints for Video Oneof theadwantageof
constrainingnew patchlocationsfor videoto temporalranslations
isthateventhoughwe nd aspatio-temporaseanmwithin awindow
of a few frames,the framesoutsidethat window stay asis. This
allows usto loopthevideoin nitely (seeFigure7). Whenwe allow
thetranslationgo bein bothspaceandtime, this propertyis lostand
it isnon-trivial to make thevideoloop. It turnsout, hawever, thatwe
canusethegraphcutalgorithmto performconstrainedgynthesigas
in thecaseof interactive imagemenging) andtherefordooping.We
x the rst kandlastk framesof theoutputsequenceo bethesame
k framesof theinput (k= 10in ourimplementation)The pixelsin
theseframesarenow constrainedo staythe sameThisis ensured
by addinglinks of in nite costbetweerthesepixelsandthepatches
they areconstrainedo copy from, during graphconstructionThe
graphcut algorithmthen computesthe bestpossibleseamggiven
thatthesepixelsdon't changeOncethe outputhasbeengenerated,
weremovethe rst kframesfromit. Thisensuresvideoloopsince
the K" frameof the outputis the sameasits last framebeforethis
removal operation.

Using this technique we have beenableto generatdoopedse-
quencedor almostall of our examples.Onesuchcaseis WATER-
FALL B, which wasborraved from [Bar-Josephet al. 2001]. We
areableto generateanin nitely long sequencéor this example,
whereas [Bar-Josephet al. 2001] canextendit to a nite length
only. SMOKE is oneexamplefor which loopingdoesnotwork very
well.

E. Spatial Extensions for Video We can also increasethe
frame-sizeof thevideosequencé we allow the patchtranslations



to bein both spaceandtime. We have beenableto do sosuccess-
fully for video sequencegxhibiting spatio-temporaktationarity
For example,the spatialresolutionof the RIVER sequencevasin-
creasedrom170 116t0210 160.By usingtemporalconstraints,
asexplainedin the previous paragraphye wereeven ableto loop
this enlamgedvideosequence.

The runningtimesfor our video synthesisresultsrangedfrom
5 minutesto 1 hourdependingon the size of video andthe search
methodemplo/ed — searchingor purely temporaloffsetsis faster
thanthatfor spatio-temporabnes.The useof FFT-basedaccelera-
tion in our searchalgorithmswasa hugefactorin improving ef -
ciengy.

8 Summary

We have demonstrated new algorithmfor imageandvideosynthe-
sis. Our graphcut approachs ideal for computingseamsof patch
regionsanddeterminingplacemenof patcheto generatgerceptu-
ally smoothimagesandvideo. We have shavn a variety of synthe-
sis examplesthat include structuredandrandomimageandvideo
textures.We alsoshav extensionghatallow for transformationef
the input patchesto permit variability in synthesisWe have also
demonstratedn applicationthat allows for meging of two dif-
ferentsourceimagesinteractiely. In general,we believe that our
techniguesigni cantly improvesuponthe stateof theartin texture
synthesidy providing thefollowing bene ts: (a) norestrictionson
shapeof theregionwhereseamwill becreated(b) consideratiorof
old seancosts,(c) easygeneralizatiorio creationof seamsurfaces
for video,and(d) a simplemethodfor addingconstraints.
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Figure8: 2D texture synthesigesults We shaw resultsfor texturedandnaturalimages The smallerimagesarethe exampleimagesusedfor
synthesisShavn areCHICK PEAS, TEXT, NUTS, ESCHER, MACHU PiccHU ¢ AdamBrostav, CROWDS andSHEEP from left to right andtop
to bottom.

Input Image Quilting Graph cut

Input Image Quilting Graph cut Rotation & Mirr oring

Figure9: Comparisorof our graphcutalgorithmwith ImageQuilting [Efros andFreemar2001]. Shavn areKEYBOARD andOLIVES. For
OLIVES, anadditionalresultis shawvn thatusesrotationandmirroring of patchedo increasevariety The quilting resultfor KEYBOARD was
generatedisingour implementatiorof ImageQuilting; theresultfor oLIVESis courtesyof EfrosandFreeman.



Figurel0: Imagessynthesizedisingmultiple scalegjield perspectie effects.Shovn areBoTTLESandLILIES ¢ BradPowell. We have, from
left to right: inputimage imagesynthesizedisingonescale andimagesynthesizedisingmultiple scales.

Figure11l: Examplesof interactve blendingof two sourceimages.Shavn are HUT and MOUNTAIN ¢ ErskineWood in the top row, and
RAFT andRIVER ¢ Tim Seaerin thebottomrow. Theresultsareshavn in thethird column.In thelastcolumn,the computedseamsarealso
renderedntop of theresults.

WATERFALL A GRASS POND FOUNTAIN BEACH FIRE

OCEAN SMOKE SPARKLE FLAME RIVER WATERFALL B

Figurel12: Thevariety of videossynthesizedisingour approach.



