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Abstract

In this paper we introduece a new alpornithm for image and video

texture synthesis. In our approach, paich regons from a sample
mnage or vidoo are transtormed and copicd to the ootput and then

stitched topether along optimal scams to pencrate a new (and tym-
cally larger) output. In contrast to other technigues, the size of the
patch 1s not chosen a-prioe, but mstead a graph cuf technigque 18
uscd to determune the optimal patch remon for any given offsct
betacen the input and output texture. Unhke dynamic program-
mimg, our graph cut tecchmique for scam optmization 15 applicable
m amy dimension. We speciheally explore it m 20D and 30 to per-
form wvideo texture synthesis in addition to regular image synthe-
g15. We present approximative offsct scarch techmiques that work
well in conjunction with the presented paich szc optimizabion. We
show results for synthesizing repular, random, and natural images
and videns. We also demonstrate how this method can be used to
mitcractively merpe different images o pencraic now scencs.

Keywords: Texture Synthesis, Imape-based Rendening, Image and
Video Processimg, Machine Learming, Matural Phenomenon.

1 Introduction

Ocnerating a newer form of output from a smaller example =
widely recognized to be important for compuier graphics applica-
tions. For example, sample-based mmage texture synthesis methods
arc nceded to gencrate large realistic iextures for rendenng of com-
plex graphics scenes. The pnmary reason for such example-based
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synthesis underlics the concept of fexfure, usually detined as an n-
finiic pattern that can be modeled by a stabionary stochastic process.
In this paper, we present a new methoed to gencrate such an infinite
pattermn from a small amount of traimng data; using a small cxam-
ple patch of the texture, we gencratc a larper pattern with siminlar
stnchastic properies. Specifically, our approach for texture synthe-
515 pencrates textures by copying input texture patches. Our algo-
rithm first scarches for an appropnate location to place the patch;
it then uscs a graph o technique to find the optimal region of
the paich to transfer to the output. In our approach, textures arc
not limated to spatial (mmage) textures, and mclade spatio-temporal
(video) textures. In addition, our aloorithm supports itcrative refine-
ment of the outpat by allowring for successive improvement of the
patch scams.

When synthcsizing a texture, we want the senerated texture o
be perceptually simalar to the example texture. This concept of per-
coptual similanty has been formalized as a Markov Random Ficld
(MEF). The output texture s represented a5 a gnd of nodes, where
cach node refers to a pixel or a neghborhood of pixcls m the mpuot
texture. The marpinal probabihity of a par of nodes depends on the
similanty of their pixel neighborhoods, so that peeels from siomlar-
looking ncighborhoods in the mpat texture end up a5 neighbors m
the gencrated texture, preserving the perceptual quality of the mpat.
The goal of texture symthesis can then be restated as the solution for
the nodes of the network, that maximizes the total hkehhood. This
formulation 15 well-known i machine-lcarmnmg as the problem of

probabilistic inference in graphical madels and 15 proven to be NP-
fard 1n case of cyclic notworks. Hence, all techniques that model

the texiore as 2 MREF | DicBonet 1997 Efros and Leung 19999 Efros
and Freeman 2000 ; Wer and Levoy 2000) compuic some approxi-
mation o the optimal solation.

In particular, texture synthesis algonthms that gencrate their owut-
put by copymg patches (or their gencralizations to higher dimen-
s1ons ) must make two decisions for cach patch: (1) where to posi-
tion the mput texture relative to the output texture (the offset of the
patch), and (2} which parts of the mput texture to transfer mto the
output space (the patch seam) (Figure 1), The primary contribution
of this paper 15 an algporithm for texture synthesis, which afiter find-
mg a oo patch offsct, computes the best patch scam (the scam
yviclding the highest possible MEF likelihood among all possible
scams for that offsct). The algonthm works by reformuolating the
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Figure 1: Image texture synthesis by placing small patches at var-
s offscts followed by the computation of a scam that enforces

visual smoothness between the existing pixels and the newly placed
patch.

problem as a mmimum cost graph cut problem: the MEF gnd 1=
aupmenied with special nodes, and a2 mimmum cut of this grid be-
tween two special termimal nodes 15 computed. This memimom cut
encoddes the optimal solution for the patch scam. We also proposc
a sct of alponthms to scarch for the patch offsct at cach iteration.
These alponthms try to mamiam the lange scale structore of the
texture by matching larpe input patches with the output. An impsor-
tant obscrvation 1= that the flexibility of the our scam optrmzation
technique to paste laroe patches at cach itcration in a non-causal
fashion 1= really what permits the design of our offsct scarch alpo-
nthms. The offsct scarchimg and scam fimding methods are thercfore
complementary to cach other, and work 1n tandem to gencrate the
obtameod results.

Efros and Frocman 2001 ] were the first to incorporatc scam
finding by wsmg dynamic programming. However, dynamic pro-
gramming imposcs an artificial gnd structure on the pixels and
therefore doses not treat cach pieel uniformily. This can potentally
mcan missing out on pond scams that cannot be modeled wathin the
mposcd structure. Moreover, dynamic programming 15 2 memory-
less optimization procedure and cannot explicitly mmprove existing
scams. This resincts ks use to appending new paiches to existing
texturcs. Our graph cut method treats cach pixel uniformly and =
also able to place patches over cxisiing texiure.

Most previous work on texiure 15 geared towards 21 images, but
the texture problem in a2 very similar form also appears in three
dimensions for the pencration of spatio-temporal textures | Srum-
mier and Picard 19%6; Schodl ot al. 2000k Wer and Lovoy 200H);
Bar-loseph et al. 2(K)1|. Unhke dynamic programming, which =
restricied to 21D, the scam optimiczaiion presented in this paper oen-
cralizes o any dimensionality. Based on this secam optimization,
wi have developed alponthms for both teo and three dimensions
to gencrate spatal (20, mages) and spatis-temporal (30, video)
texiures.

Finally, we have cxtended oor alponthm o allow for ouloplc
gcales and different onentations which permits the gsencration of
larger images with more vanety and perspective vanations. We have
also mmplemented an mtcractive system that allows for meroimg and
blending of different types of images to cenerate compaosites with-
out the necd for amy a priorl scomentation.

2 Related work

Texture synthesis techniques that pencrate an ouotpat texture from
an cxample mput can be roughly catcgonzed into throe classcs.
The first class wses a fixed number of parameters withmn a com-
pact parametric model to descnbe a vanety of textures. Heeper and
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Bergen [ 1995 use color histograms across frequency bands as a
tcxture description. Portilla and Smmoncelli’s model | 2000] mcludes
a varicty of wavelet features and ther relationships, and 15 probabhy
the best parametric model for image texiures o date. Saummer and
Prcard | 1996], Soatto ct al. [2001 |, and Wang and Zhu | 2002] have
proposcd parameince represcntabions for viden. Parameiric models
cannod synthesize as laroe a vancty of textures as other models de-
scribcd here, but provide beticr model pencralezation and are more
amenable to introspection and recogmition [Saisan ot al. 20401 ].
They theretore perform well for analysis of textures and can pro-
vide a better understanding of the perceptual process.

The sccond class of texture synthesis methods 15 non-paramectrc,
which mcans that rather than having a fixed number of param-
cters, they use a collecton of eremplars to mode]l the texture.
DeBonct | 1997, who ploncered this group of tochniques, samples
from a collection of multi-scale filter responscs to gencrate textures.
Efros and Leung | 1999 were the first o use an cven simpler ap-
proach, directly penerating textures by copying pixels from the n-
put texture. Wel and Levoy | 2000 | extended this approach to mul-
tiple frequency hands and wsed vector quantization to specd up the
processmg. These techniques all have i common that they ocencrate
texturcs one pixcl at a ome.

The third, maost recent class of technigues gencrates textures
by copying whole patches from the mput Ashikmin [2001 |
made an imtermediate step towards copying patches by using a
pixcl-based techmigue that favors transfer of coherent patches.
Liang ot al. [2001], (o et al. |2(6K)], and Efros and Free-
man | 2(K)1 | exphcitly copy whole paiches of input texture at a time.
Schodl ¢t al. [2000] perform video synthesis by copying whole
frames from the mput sequence. This last class of techmiques ar-
muably creates the best synthesis resulis on the laroest vancty of
texturcs. These methods, unhke the parameine methods descnbed
above, yicld a himited amount of mformation for texture analysis.

Across different symthesis tochmiques, texturcs are often de-
scribed as Markoy Random Ficlds |[DeBonet 1997, Efros and
Leong 1999 Efros and Freeman 2001; Wer and Levoy 20040].
MRFs have been studied extensively in the context of computer
vision |Li 19¥25). In our case, we usc a praph cut technique o
optimmze the hkehhood of the MEF. Among other techmgues us-
mg graph cuts [Circig ot al. 1989], we have chosen a techmigue by
Bovkov ct al. |19 ], which s particularly suitcd for the type of
cost function found m texture synthesis.

3 Patch Fitting using Graph Cuts

We synthesize new texture by copying irregularly shaped patches
from the sample image nto the output mage. The patch copymg
process 15 performed m two stages. First a candidate rectangular
patch (or patch offsct) 18 sclected by performimg a companson be-
tween the candidate patch and the pieels already in the output 1m-
ape. We descnibe our method of sclecting candidate patches ina
later scction (Scction 4). Sccond, an optimal (rregularly shaped)
portion of this rectangle 15 computed and only these pixels are
copied to the ouwtput 1image (Figure 1). The portion of the patch o
copy 18 determincd by usimg a graph cut alporithm, and this is the
heart of our synthesis techmgue.

In order to introduce the graph cut techmigue, we hirst descnibe

how 1t can be used to perform texture synthesis m the manner of
Efros and Freeman's mmage quultimg | 2001 ], Later we will sce that
it 15 4 much more general tool. In mmape quilting, small blocks
(eg, 32 x 32 pixcls) from the sample /mage are copied to the
output mmiage. The first block 8 copied at random, and then sob-
sequent blocks are placed such that they partly overlap wath pre-
viously placed blocks of pixcls. The overlap between old and new
blocks 15 typically 4 or ¥ pecels in wikdth. Efros and Frecman use
dymamic programming to choose the minimum cost path from one



end of this overlap region o the other. That 15, the chosen path 1=
through those pixcls where the old and new patch colbors are simmilar
{ Figare 2(left)). The path determines which patch contnbutes prxcls
at different locations in the overlap regon.

To sec how this can be cast imio a graph cut problem, we hirst
necd to choose a matching quality measore for pixcls from the old
and new patch. In the graph cut version of this problem, the sclected
path will run befween pairs of precls. The simplest quality measure,
then, will be a measure of color difference betacen the pairs of
pixels. Let £ and ¢ be two adjacent pixcl positions i the overlap
region. Also, let Afx) and B(s) be the pixel colors at the position
£ ini the old and new patches, respectively. 'We define the matching
quality cost M between the two adjacent paxels £ and £ that copy
from patches A and B respectively to be:

M(s,1,A,B) = [A(s) - B(s)[ + JAG) ~B@| ()

where || - || denotes an appropniate norm. We consider a more so-
phisticated cost function in a later scction. For now, this match cost
1% all we need o use graph cuts o solve the path finding problem.

Consider the graph shown i Figure 2(nght) that has onc nodc
per pixel in the overlap region betarcen patches. We wish to find a
lonar-cost path through this region from top to bottom. This region =
shown as 3 = 3 pixcls m the fipure, but it 15 usually more like 8 = 32
pixels in typical mage quilting problems (the overlap between two
32 = 32 patches). The arcs connccting the adjacent pixel nodes =
and ¢ arc labelled with the matching quality cost M(s, 7, A, B). Two
additional nodes are added, representing the old and new patches (A
amnd B). Finally, we add arcs that have infinrtely high costs between
somic of the prxels and the nodes A or B. These arc constrainf arcs,
and they indicate pixels that we insist will come from one particular
patch. In Figure 2, we have constrained pmxels 1, 2, and 3 to come
from the old patch, and peeels 7, 8, and 9 must come from the new
patch. To find out which patch cach of the pixels 4, 5, and 6 will
come from 15 detcrmuncd by solving a graph cut problem. Specif-
wcally, we seck the minimmuom cost cut of the graph, that scparates
node A from node B. This s a classical graph problem called min-
cut or max-flow |Ford and Fulkerson 1962, Sedgewick 2001 | and
algonthms for soblang it are well understood and casy to code. In
the example of Figure 2, the red line shows the mimimuom cut, and
this means pixel 4 will be copeed from patch B (smce 1is portion of
the graph 1s stll connected to node B), whercas pixcls 5 and & wall
be from the old patch A

3.1 Accounting for Old Seams

The above cxample docs not show the full power of using graph
cuts for texture synthesis. Suppose that several patches have already
been placed down in the output texiure, and that we wish to lay
dowrn a new patch m a remon where mulaple patches already mect.
There 15 a potenteal for visible scams along the border betweon old

patches, and we can measure this using the arc costs from the graph
cut problem that we solved when laying down these patches. We can
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Figure 2: { Left) Schemabic showing the overlapping region between
two patches. (Right) Crraph formulabion of the scam finding prob-
lem, wath the red hine showing the minimum cost cut.
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mcorporate these old scam costs o the new graph cut problem,
and thus we can determune which pixels (if any ) from the new patch
should cover over some of these old scams. To our knowledpe, this
cannod be done usimg dynamic programming — the old scam and
its cost at cach pixel needs o be remembered, however, dynamic
programming is a memoryless optmization procedure in the sense
that it cannot keep track of old solutions.
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Figure 3: (Left) Finding the best new cut (red) with an old scam
(green) alrcady present. (Right) Crraph formuolation with old scams
present. Modes 2 o g4 and thear arcs to B encode the cost of the old
SCATN.

We 1llustrate this problem in Figure 3. In the graph formulation
of this problem, all of the old patches are represented by a single
nixdc A, and the now patch 15 B. S5ince A now represenis a collec-
tion of patches, we use A to denode the particular patch that pixel
£ copies from. For cach scam betaeen old pixels, we miroduce a
seam pode nito the graph between the pair of pixel nodes. We con-
nect each scam node with an are to the new patch node B, and the
cost of this arc 15 the old matching cost when we created this scam,
Le, M, Az, As) where 5 and ¢ arc the two pixcls that straddlc
the scam. In Figare 3, there 1= an old scam between pixels 1 and
4, 50 we msert a scam node 55 between these two pixel nodes. We
also conncct £ to the new patch node B, and label this arc with
the old matching cost M(1,4, A, A4). Wc label the arc from pixcl
node 1 to £ with the cost M(1,4, A1, B) (thc matching cost when
only pixcl 4 15 assipned the new paich) and the arc from 24 to pieeel
node 4 with the cost M{1,4, B, Ay) (the matching cost when only
pixe] 1 15 assigncd the mew patch). I the arc betarcen a scam node
and the new patch node B 15 cut, this means that the old scam re-
mains m the output image. If such an arc 15 aaf cot, this means that
the scam has been overwniticn by new pixels, 2o the old scam cost
15 not counted in the final cost. 1f onc of the arcs between a scam
nisde and the pixels adjacent to 1t 15 cut, 1t means that a new scam
has boen mtroduced at the same position and a new scam cost (de-
pending upon which arc has been cut) 18 added to the final cost. In
Figure 3, the red hine shows the final graph cot: the old scam at £5
has been replaced by a now scam, the scam at £5 has disappeancd,
anid fresh scams have been introduced between nodes 3 and 6, 5 and
fy, anid 4 and 7.

This cqumvalence betancen scam cost and the min-cut of the graph
holds if and only 1f at mast one of the three arcs mecting at the
scam nndes 15 incloded in the min-cut. The cost of this arc 1= the
new scam cost, and 1f no arc 18 cut, the scam 15 removed and the
cost oocs to zoro. This 15 tree anly if we cnsure that A 15 a metric
(=atishes the tnangle incquahity ) | Boykow et al. 1994, which 1s troc
if the norm in Equation (1) 15 a metnic. Satisfhyng the tnangle -
cquality implics that picking two arcs ongmatimg from a scam node
15 always costlier than picking just one of them, hence at most one
arc 15 picked in the mun-cut, as desired. Cur graph cut formulation
15 cquivalent to the onc in [Boykow ct al. 1'%9] and the additson
of patches corresponds to the a-cxpansion step i ther work. In
fact, our myplementation wses their code for computing the oraph
min-cut. Whereas they made use of graph cuts for image noise re-
moval and mmage comespondence for stereo, our use of oraph cuts
for texture synthesis 1s novel.



