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[Rubinsteinet al. 2009] [Pritch etal. 2009] [Wangetal. 2008]

Figure 1: By summarizingthesymmetrystructure in (a) the input image, our method(e) canpreservetheoriginal curvedlattice structure
withoutbreaking, over-squeezingor croppingthelattice. Input resolutionis 999� 820.Target resolutionis 516� 820.

Abstract
Imageresizingcanbeachievedmoree� ectively if wehave abetter
understandingof theimagesemantics.In thispaper, weanalyzethe
translationalsymmetry, which exists in many real-world images.
By detectingthe symmetriclattice in an image,we can summa-
rize, insteadof only distortingor cropping,theimagecontent.This
opensa new spacefor imageresizingthatallows usto manipulate,
not only imagepixels,but alsothesemanticcells in thelattice. As
a generalimagecontainsbothsymmetry& non-symmetryregions
andtheir naturesaredi� erent,we proposeto resizesymmetryre-
gionsby summarizationandnon-symmetryregionby warping.The
di� erencein resizingstrategy inducesdiscontinuityat their shared
boundary. We demonstratehow to reducetheartifact. To achieve
practicalresizingapplicationsfor generalimages,we developeda
fast symmetrydetectionmethodthat can detectmultiple disjoint
symmetryregions,even whenthe latticesarecurved andperspec-
tively viewed. Comparisonsto state-of-the-artresizingtechniques
anda userstudywereconductedto validatetheproposedmethod.
Convincing visual resultsare shown to demonstrateits e� ective-
ness.
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1 Intr oduction
Imageresizingtechniques�t aninput imageto thetargetresolution
by reducingor replicatingthe imagecontent.Imageseamlessness
is the key. Existing methods[Wanget al. 2008; Rubinsteinet al.
2009; Dong et al. 2009] rely on the importanceor saliency map
to prevent themodi�cation from beingover-aggressive. However,
the importanceor saliency may not con�rm to the truesemantics,

sincemainly local andlow-level features(suchasgradientand/or
entropy) areconsidered.Withouthigher-level understandingof the
imagecontent,theimageseamlessnessis hardto maintain.

Althoughcomputationalunderstandingof generalimagecontentis
infeasiblein the nearfuture,analysisof certainhigh-level seman-
tics is feasible. One of them is symmetry. It exists everywhere,
from windows on thebuildings to soldiersin marching.Thesym-
metrystructureandthe repetitive elements(or cells) reinforcethe
visual importance.Previousresizingtechniquesattemptto modify
withoutpreservingthesymmetrystructure,andmayeasilyresultin
apparentvisualartifacts,suchastheobviousseam(Figure1(c)) or
over-squeezing(1(b) and1(d)). By consideringthe knowledgeof
symmetry, resizingcanthenbeachievedvia summarization, which
removesor replicatesthe cells with respectto thesemantics(Fig-
ure 1(e)). Note that we extend the original meaningof summa-
rization to includeboth reductionandrepetitionof cells. In other
words,symmetryopensanadditionalspacefor resizing.Insteadof
squeezingor stretchingtheimagepixel-wisely, wecannow remove
or replicateit cell-wisely.

In this paper, we proposea novel summarizationoperatorfor im-
ageresizingthathandlesonecommontypeof symmetry, thetrans-
lational symmetry[Liu et al. 2004]. Existing symmetrydetection
methodsareusuallytooslow for practicalresizingapplications.In-
stead,we proposea real-timeandautomaticmethodto detectsym-
metryover arbitrarysurfaces(planaror non-planar)with arbitrary
viewing perspective,andto extractthecorrespondinglatticein im-
agespacewithout reconstructingtheunderlying3D geometry. By
trimming andextendingthe lattice,we canresizethecontentwith
more respectto the semantics.By smoothingthe transformation
andintensityof cellsacrossthe lattice,we canmaintaintheseam-
lessnessin bothgeometryandilluminationrespectively. In contrast,
mostexisting resizingtechniquesdo not considertheseamlessness
of illumination.

However, ageneralimagenormallycontainsbothsymmetryregion
(S-region) andnon-symmetryregion (NS-region), leadingto com-
plication. While theS-region canbe resizedwith our summariza-
tion operator, theNS-regioncanberesizedwith carvingor warping
operators. But most importantly, thereis no guaranteethat both
resultantregionscanbeseamlesslycombined,dueto thedi� erent
naturesof resizingstrategies. In this paper, we proposea frame-
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Figure2: Frameworkof our system

work to minimize the inconsistency of the sharingboundarybe-
tweenS- andNS- regions.A mesh-basedrepresentationis usedto
o� er constrainedwarpingfor theNS-region andensureits bound-
ary con�rms to that of S-region. A graph-cutis then performed
to minimizethe intensitydiscontinuityat overlappedareanearthe
boundary. Convincing resultsareobtainedanda userstudyis per-
formedto validateourmethod.

Ourmajorcontributionscanbesummarizedasfollow:

� An automaticandreal-timesummarizationoperatorfor image
resizing. By smoothingthe transformationand intensity of
cellsover thelattice,wecanmaintaintheseamlessnessof not
only thegeometry, but alsotheillumination.

� A framework that seamlesslycombinesS- and NS-regions,
wherethey are resizeddi� erently due to their di� erencein
nature.

2 Related Work

Image ResizingMost contentawaremethodsattemptto take ad-
vantagesfrom thedetectionof pixel prominence.They eitherdis-
cardor distort thehomogeneousregionsin orderto absorbthere-
sulting distortionwhenchangingthe resolutionof an image. The
croppingmethods [Chenet al. 2003; Liu et al. 2003; Suhet al.
2003;Santellaet al. 2006]remove thelessimportantobjectsfrom
the image periphery. The seamcarving methods [Avidan and
Shamir2007;Rubinsteinetal. 2008]judiciouslycarvestheinterior
seamswithout touchingthesalientfeatures.Thewarpingmethods
[Gal et al. 2006;Wolf et al. 2007;Zhanget al. 2008;Wanget al.
2008]squeezeor stretchtheregionswith lessimportancevaluesto
preserve thesizesor aspectratiosof prominentobjects.Recently,
themulti-operatorstechniques[Rubinsteinet al. 2009;Donget al.
2009] crop andcarve seamson only the inconspicuousmaterials.
Thus,all the above methodspotentiallysu� er from visual distor-
tionswhentheimageisdramaticallyretargetedor thehomogeneous
regionsrunout.

Image Summarization Alternatively, the patch redistribution
methodshavebeenpresentedto achieve imageeditingandretarget-
ing applications[Simakov etal. 2008;Choetal.2008;Barnesetal.
2009].Thesetechniquesmeasurethepatchsimilarity andthenpre-
serve thecontentcoherencebetweenthesourceandtarget images.
As a result, the repetitive patternsare discardedwhen the target
imageis gettingsmall. Pritch et al. [2009] presenteda Shift-Map
techniquethatallowsremoving abandregionatatime,insteadof a
pixel-wiseseamusedin theseamcarvingmethods,enablingthere-
moval of entireobjects.However, all thesemethodscannothandle
thepatternswith di� erentsizesor perspective distortiondueto the
lackof understandingof high-level symmetrysemantic.In contrast,
ourmethodremovesor replicatestherepetitiveelements/regionsin
amoresemanticfashion,andhencecanbetterpreserve thesymme-
try structure.

Symmetric patternsdetectionLeungandMalik [1996]proposed
a greedyalgorithmto extract repetitive elementsthatareaddedin
aconnectedsetwithoutaglobaltopologicalstructure.Later, Liu et
al. [2004;2006;2009]developeda morecompletetheoryof com-
putationalsymmetry. They �rst proposedacomputationalmodelto
extractperiodicrepeatedelementsandthenclassifysymmetricpat-
ternsbasedon theoryof crystallographicgroups[Liu et al. 2004].
Haysetal. [2006]formulateddiscoveringsymmetricregularityasa
higher-ordercorrespondenceproblemandsolvedit usingaspectral
method.Lin andLiu [2007] trackeddynamicnear-regularpatterns
basedonalattice-basedMarkov-random-�eld(MRF) modelwithin
a 3D spatiotemporalspace. Ahuja and Todorovic [2007] repre-
sentedtheimagewith a segmentationtreeandproposeda learning
algorithm which combinestree matching,belief propagationand
expectation-maximizationto extract texels from nearlyplanartex-
tureswhoseviewing directionis nearlyalongsurfacenormal.Park
et al. [2009] useda mean-shiftbelief propagation(MSBP)method
to extract deformedlattice from repeatedpatterns.The automatic
symmetrydetectionof ourwork is basedon theirwork [Haysetal.
2006;Parketal. 2009]but with asigni�cant improvementonspeed
at theexpenseof detectionaccuracy. Recently, Chenget al. [2010]
employed a userassistedsegmentationto scribblea templateob-
jectandextractapproximatelyrepeatedelementsby �nding similar
boundarybandmap.

3 Overview

Figure2 overviews our framework. Givenaninput image,our sys-
temautomaticallydetectsoneor moreregionscontainingsymmet-
ric patterns,anddividesthe imageinto oneNS-region andoneor
moreS-regions(Section4.1). As eachS-region containsrepetitive
cells organizedin a grid structure,it is resizedvia the proposed
summarizationoperator, in orderto maintainthe symmetrystruc-
ture, overall shape,as well as the illumination distribution (Sec-
tion 4.2). On theotherhand,theNS-region containsgeneralcon-
tent. It is resizedvia warping,sothatsub-regionswith high salient
objectsarescaleduniformly while homogeneoussub-regions are
squeezedto �t thetargetresolution(Section4.3).
Thelaststepis to mergetheresizedS- andNS- regions.However,
due to the di� erentresizingstrategies in S- andNS- regions, the
boundariesof resizedS- andNS- regionsmaynot beconsistentto
eachother. Figure7(a) shows onesuchexample. To reducethe
inconsistency, we representbothS- andNS- regionsusingmeshes
(Figure2). For theS-region, it is naturalto have the region being
tessellatedaccordingto thedetectedlattice. For theNS-region, the
tessellationcanbeachievedaccordingto theinteriorcontents,such
asstraightlines. Their sharedboundariesmustbecontainedby the
edgesin theirmeshesin orderto maintainthecontinuity. Themesh
topologyof bothS-andNS-regionsdoesnotchangethroughoutthe
resizing.Theonly changeis the“texturecontent”(image)mounted
on the mesh.Section4.4 describesthedetailson minimizing dis-
continuityartifactat theboundary.
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Figure 3: Symmetrydetection.(a) MSERdetectionandclustering. Each clusteris color-codedwith a distinctcolor. (b) Determinationof
translationvectors t1 & t2. (c) Latticeformation.(d) Pickingmissedcellsby interpolationandextrapolation.(e) Dual lattice.

4 Algorithm

4.1 Symmetr y Detection

Identifying Cells The �rst step for symmetry detectionis the
choice of the basic element or cell. One can utilize Canny
edges[Canny 1986], Harris corners[Harris and Stephens1988],
KLT corners[Shi andTomasi1994] or SIFT points [Lowe 2004]
to identify thefeaturepoints.However, a cell in a symmetrystruc-
turecanseldombeidenti�ed by asinglefeaturepoint,but ratheras
a region containinga groupof features.The clusteringandiden-
ti�cation of suchgroupbasedon theabove isolatedfeaturepoints
couldbe ine� cient andtime-consuming.Hence,we needan e� -
cientmethodto quickly locateregions,insteadof points,with simi-
lar content.In particular, weemploy themaximallystableextremal
region (MSER)[Matasetal. 2002]for identifyinga featureregion.

MSERsarea� neinvariantandlessin�uencedby theillumination.
This meanscells with the samepattern,but viewed from di� er-
entperspectivesandilluminatedby di� erentlightingconditionscan
still beequallyidenti�ed. Thedetailedmathematicalde�nition of
MSERandits implementationcanbefoundin [Mataset al. 2002].
SupposeR = fr igis the setof MSERsdetectedin an image(Fig-
ure3(a)).EachMSERr i is graphicallya 2D ellipserepresentedby
a triplet r i = fci ; ui ; vigwhereci is its center, ui andvi areits major
andminoraxisvectors.

Clustering and Indexing A symmetrystructurenormallycontains
multiple cellsandsimilar cellsshouldhave similar MSERfeature.
ThissuggeststhatwecanperformclusteringontheMSERsto iden-
tify themajorclusters,andsimultaneously�lter away theoutliers.
Figure3(a) shows the major clustersby color-codingeachcluster
with a distinct color. Eachmajor clustercorrespondsto a poten-
tial symmetrystructure(S-region). The numberof S-regionsin a
singleimageis usuallynot large. Hence,we only identify thema-
jor � c clusterswhich have thelargesttotal areaof coverage.In our
currentimplementation,� c = 5. We useadaptive mean-shiftclus-
tering [ComaniciuandMeer 2002] to groupthe detectedMSERs.
ForeachMSERr i , weform a2D vectorbyconcatenatingits jui j and
jvi j. Thesevectorsarefed for clusteringin orderto groupMSERs
with similar shapesandsizes.

To facilitate the following lattice formation,we further index the
centersci of MSERsin eachclusterwith a KD-tree. For fast re-
trieval,weimplementedtheKD-treeonGPUto supporttheparallel
KNN-search.

Similarity Metric We can then form a lattice for eachcluster
by starting from a seedMSER and connectingthe neighboring
MSERs. However, the resultingclustersmay potentially contain
somewrong MSERsthat arenot really cells, as the clusteringis

only basedon a crudemeasurementof ellipse similarity without
consideringthe region content. Hence,we needa moresophisti-
catedmetricto validateandselectneighboringcellsduringthelat-
tice formation.We de�ne a metricto quantifythesimilarity of two
neighboringMSERsin termsof theshapeandappearancesimilar-
ities. Evenwhenthesymmetrystructureis not planar, two neigh-
boringcells remainclosein shape.Hence,theshapedissimilarity
Ds of two neighboringMSERsr i andr j is a functionof theirmajor
andminoraxes(u andv) andde�ned as

Ds(r i ; r j) =
jui � uj j

maxfjui j; juj jg
+

jvi � vj j
maxfjvi j; jvj jg

(1)

TheappearancedissimilarityDa measurestheir di� erencein terms
of pixel intensity, afterregistrationandnormalization.Supposethe
Pi andPj are the imageregions falling inside the ellipsesof two
consideringMSERsr i andr j , respectively. A simpleregistration
or transformationA from Pj to Pi canbe obtainedby translating
from thecentercj to ci , rotatingthemajoraxisvectorfrom uj to ui,
andscalingby jui j=juj j andjvi j=jvj j alongthemajorandminor axes.
Thentheappearancedissimilarityis computedas,

Da(r i ; r j) =
1
n

r X n �
(pi � pi) � (pj � pj)

� 2
(2)

wherepi is thepixel valuein Pi; pj is thecorrespondingpixel value
in thetransformedPj ; pi andpj arethemeanpixel valuesof Pi and
thetransformedPj , respectively; n is thesizeof Pi . Thezero-mean
designin (2)allowsusto minimizethein�uenceof illuminationand
focusonly on thepattern.Theoverall dissimilarityD is de�ned as
aproductof Ds andDa,

D(r i ; r j ) = Ds(r i; r j) � Da(r i ; r j) (3)

Lattice Formation Accordingto thegrouptheoryof wallpaperpat-
terns[GrünbaumandShephard1986], all translationalsymmetric
patternscanbe representedby a 2D lattice generatedby a pair of
shortesttranslationvectorst1 andt2. Hence,thekey is to identify
the translationvectorsduring the lattice formation. Thereexists
methodsthatautomaticallyextract theoptimal lattice,but they are
usuallytoo slow for our resizingapplication.Themethodby [Park
etal. 2009]generallytakesabout5-10minutesto handleamedium
sizeimage.As our goal is not to recover therealgeometry, but to
identify thesymmetryfor resizing,wecantradethelatticeaccuracy
for speed.

Thesymmetryin animageis usuallyperspectively viewedandthe
underlyinggeometrycanbenon-planar(e.g.windows on cylindri-
calbuildingsor irregularlycurvedsurfaceof modernmuseums).A
pair of constanttranslationvectorsis not su� cient to representthe
lattice. Insteadof recovering the3D lattice,we areonly interested



Algorithm 1 LatticeFormation
// A functioncomputingdeviationof two vectors

De�ne diff (v1,v2)=

8
>>><
>>>:

+1 ;
jv1� v2j

maxfjv1j;jv2jg > � v
jv1� v2j

maxfjv1j;jv2jg; otherwise

// Initialization Phase
Givenaseedcell r
C = Ø; K = Ø // C: cells,K: translationvectors
G = fC;Kg
Searchtwo closestneighborsra&rb, if exist, by minimizing

D(r; ra)D(r; rb)jt1(r)jjt2(r)je� s(� � 5�
12 ), wheret1(r) = ca � c;

t2(r) = cb � c; and� = arccos(t1(r) � t2(r)) // ci meanscenterof cell r i
Searchoppositeneighborsr0

a&r0
b, if exist, by

r0
a = argmini D(r; r0

a) � diff (c � ci ; t1(r)) // left
r0
b = argmini D(r; r0

b) � diff (c � ci ; t2(r)) // top
Putr into C // processed
Putt1(r) & t2(r) into K;
for eachr j 2 fra; rb; r0

a; r0
bg

t1(r j ) = t1(r); t2(r j) = t2(r)
put r j into U // i.e. not yetprocessed
put t1(r j ) & t2(r j ) into K

// PropagationPhase
while U is not empty

Pick a cell rk 2 U andits t1(rk), t2(rk) 2 K
Searchrk's neighborsetNk = frc; rd; r0

c; r
0
dg, if exist, by

rc = argmini D(rk; r i) � diff (ci � ck ; t1(rk)) // right
rd = argmini D(rk; r i) � diff (ci � ck ; t2(rk)) // bottom
r0
c = argmini D(rk; r i) � diff (ck � ci ; t1(rk)) // left

r0
d = argmini D(rk; r i) � diff (ck � ci ; t2(rk)) // top

Putrk into C andremove rk from U // processed
t1(rk)= cc - ck ; t2(rk)= cd - ck
for eachr j 2 Nk andr j < C

t1(r j ) = t1(rk); t2(r j ) = t2(rk)
Putr j into U // not yet processed
Putt1(r j )&t2(r j ) into K

Output: G = fC;Kg

in extracting the 2D image-basedlattice for our resizingapplica-
tion. So, we representthe lattice asa setof spatiallyvarying 2D
translationvectorsft1(r), t2(r)g, in which we index the vectorsby
thecorrespondingcell r.

For eachMSERr in a majorcluster, we try to constructthelattice
G by propagation(Figure3(b)). Sincetheconstructedlatticesfrom
di� erentseedsmaybedi� erent,dueto thenoise,we exhaustively
constructthelatticesfrom all r to obtainthelattice(s)with asmuch
coverageaspossible.We implementthis methodon GPUto paral-
lelize theconstruction.NotethatMSERspreviouslygroupedin the
sameclusteronly meanthey aresimilar in shapesandappearances.
They arenotnecessarilycell-by-cellconnected.Hence,disjoint lat-
ticeshave to bedisconnectedandresizedseparately.

Algorithm1presentsthepseudo-codefor thelatticeformationstart-
ing from an arbitraryseedcell r andoutputsthe lattice G, com-
posedby the setof cells C andthe setof spatiallyvarying trans-
lation vectorsK. In the �rst part of the pseudo-code,we locate
the four neighborsof the seedr, via the previously constructed
KD-tree. We �rst �nd an optimal pair of two neighbors,ra and
rb, suchthat the associatedtranslationvectorst1(r) = ca � c and
t2(r) = cb � c form a subtendedanglewithin [ �

3 ; �
2 ] [Schattschnei-

der 1978], and give the minimal scoreof an objective function,
D(r; ra)D(r; rb)jt1(r)jjt2(r)je� s(� � 5�

12 ). Here,parameter� s weightsthe
importanceof thesubtendedangleandequalsto 0.5 in all our ex-
periments.Oncera andrb arelocated,theothertwo r0

a andr0
b can

be trivially locatedby computingthe oppositetranslationvectors.
Thenthecurrentcell r canbemarkedasprocessedandput into C,
with theobtainedtranslationvectorsbeingput into K. Cellsra, rb,
r0

a andr0
b areput insidea setof unprocessedcellsU. In thesecond

partof thepseudo-code,this neighborsearchingprocesscontinues
for eachof theunprocessedneighboringcellsin arecursivemanner,
until all cellsareprocessed.

MSER may fail to identify cells dueto imagenoiseor partial oc-
clusion.With theformedlattice,we canextendthelatticeoutward
to checkwhetherthereis any missingcell. Thiscanbedoneby ex-
trapolating(or interpolating)thecell positionfrom theexternal(or
internal)boundaryof the currentlattice (Figures3(c)&(d)). Note
thattherecanbemissingcells(holes)within thelattice.Wecanei-
ther interpolatethecell positionfrom thewhole latticeor infer the
cell positionusingthetranslationvectorsof thenearestneighbors.
The matchingcriteria for missingcells can be more relaxed, by
consideringtwo cells asmatchedif their appearancedissimilarity
Da < � m. In all our experiments,we set� m = 0:2.

Sofar, we only connectthecentersof MSERsto form lattice. Op-
tionally, we canalsoform the dual lattice with theMSER centers
coincidingwith thelatticecell centers(Figure3(e)).Suchchoiceis
left to users.

4.2 Summarizing S-region

Onceall S-andNS-regionsareidenti�ed, wecanconstructmeshes
that respectthe sharedboundaries(Figure 2). For the S-region,
it is naturalto constructa meshaccordingto the detectedlattice
(Figure4(a)). In otherwords,theS-region is representedasamesh
dressedwith a texture,which is theS-region imagecontent.

Summarization To resizethe S-region, we summarizeit by sim-
ply removing or addingrows/columnsof cells. However, directly
modifying themeshelements(quads)will changethemeshtopol-
ogy andintroducecomplication.Theshapesof consecutive quads
may changeabruptlywhena large numberof quadsareremoved
(Figure4(b)). Theboundaryof theS-regionmaynolongercon�rm
to thatof theNS-region (Figures4(b)&(c)).

Insteadof modifying the mesh,we retain the meshtopologyand
only modify the texture contentduring the summarization(Fig-
ure5). Thesummarizationis performedin a recti�ed domain.By
regardingeachobserved quadin the image(Figure5(e))asa per-
spective projectionof a square,we cancomputea transformation
matrix T, basedon thevertex positions,to mapeachquadtogether
with thetexturecontentto a square(Figure5(f)). Therecti�ed cell
contentcanbe obtainedby resamplingthe input imageusingT � 1

(Figure5(b)). In this recti�ed domain,the texture can be seam-
lesslyresizedby insertingandremoving rows/columnsof cellsus-
ing graphcut[Kwatraet al. 2003] (Figure5(c)). We chooseto in-
sertandremove recti�ed cells at the middle of recti�ed S-region,
ascontentof cells neartheboundarynormally changesmorevig-
orously. Hencethis strategy canreducethe chanceof visual arti-
fact appearing.The numberof columns(� Cn) androws (� Rn) to
remove or insertis automaticallycomputedbasedon thetargetre-
sizingratio. Weprojectthechangesof imagewidth andheightonto
themajoraxesof thelatticeandobtainthetwo projectedchanges,
� wp and� hp, onefor eachmajoraxis. Then� Cn = b� wp=wccand
� Rn = b� hp=hcc, wherewc � hc is theaveragesizeof cells.

On the otherhand,the meshis topologicallyunchangedandonly
linearly scaledin the recti�ed domainaccordingto the changeof
numberof rows/columns(Figure5(g)). As the texture contentis
changed,the texture coordinatesof the meshverticeshave to be
recomputedby linearinterpolation.To maptherecti�ed cellsback
to theimagedomain,wecannotsimplymapthescaledmeshquads
in Figure5(g) to the original quadin Figure 5(e) becausethe S-
region in the imagedomainshouldalsobe scaled.For simplicity,
theS-regionis linearlyscaledin theimagedomainaccordingto the
targetresizingratio (Figure5(h)). Thepairof scaledcorresponding
quadsin image(Figure5(h)) andrecti�ed (Figure5(g)) domains
givesanothertransformationmatrixT0 to transformthecell content
backto theimagedomain.

Careful readersmay notice the texture contentat the boundary
changesas we retarget the meshand texture contentseparately



(a) (c)(b)
Figure 4: SummarizingS-region by directly changing the mesh
topology. (a) Original S-region. (b) Removing 3 columnsin the
middle. (c) Removing 1 columnfromtheright, 2 columnsfromthe
left, and3 rowsfromthetop.

(a) (b) (c) (d)

(h)(g)(f )(e)
Figure5: S-regionsummarization.Bottomrow: themeshtopology
remainsunchanged during the summarization.Top row: only the
texture contentis modi�ed by removing columns/rows of cells in
order to respectthesymmetricstructure.

in the recti�ed domain(top right boundariesin Figures5(b)&(c)).
This impliesthedisagreementof imagecontentbetweenresizedS-
andNS- regions.We describehow to reducesuchvisualartifactin
Section4.4.

Illumination Adjustment Insertingor removing rows/columnsof
cellsmay introduceabruptchangeof intensityamongconsecutive
cells (Figure6(a)). Suchartifact is especiallyapparentwhenthe
underlyingsurfaceis curved,andat theboundarywhentheresized
S-region is recombinedwith the resizedNS-region. To solve the
problem,werelighteachcell in orderto maintaintheoriginal light-
ing distributionover theS-region.

For eachrecti�ed cell contentbeforesummarization(Figure5(b)),
we computeits intensitymean� i andstandarddeviation � i. As all
cell contentsarestatisticallythesame,thechangeof � i and� i over
the lattice is mainly dueto the illumination distribution. Our goal
is to maintainsuchillumination distribution evenaftersummariza-
tion. With the lattice of � i and � i, we resamplethe �

0

i and �
0

i at
thenew cell centers(Figure5(c)) usingthe thin-platesplineinter-
polation. Eachcell canthenberelit by shifting the intensitymean
to �

0

i andmappingthe intensityvarianceto �
0

i . To avoid blocking
artifactat thecell boundary, we relight, not just thecell, but a re-
gionslightly largerthanthecell, andperformasimplefeatheringto
blendneighboringrelit regions.Figure6 comparestheresultswith
andwithout illuminationadjustment.

4.3 Resizing NS-region

We resizethe NS-regionsusing a warping technique. To imple-
ment this idea, we generatea triangularmeshfor the given im-
ageusingtheDelaunaytriangulation,wheresomeverticesareran-
domly distributed, someare from the boundaryof S-regionsand
someare uniformly sampledon straightlines. Straight lines are
automaticallydetectedby a Hough transform. To protectpromi-
nent objects,we require the trianglescovering salientobjectsto
undergo similarity transformations.To keepthestraightlinesfrom
bending,we enforceedgeson thesameline to have similar slopes.
Theabove mentionedconstraintsareformulatedinto energy terms
andwe minimizetheobjective functionto determinethedeformed
mesh.Finally, theimageis reconstructedby thelinearinterpolation
of contentswithin triangles.

(a) Without relighting (b) With relighting
Figure6: IlluminationadjustmentonS-region.

Let us denoteby M = fP;Eg a triangular mesh, where P =
[pT

0 ; pT
1 ; :::pT

n ], p = (x; y) is the vertex positionandE denotesthe
setof edgeson M. In addition,we de�ne M 0 andP0 to bethede-
formedversionof M andP, respectively.

ShapeSimilarity We apply theconformalenergy to maintainthe
similaritiesof the original andthe deformedtriangles. Underthis
constraint,the correspondingtrianglesare enforcedto have the
sameshapewhile thesizesandorientationsareallowed to bedif-
ferent.Formally, we transformthevertex p using

"
s � r
r s

#"
x
y

#
+

"
u
v

#
=

"
x0

y0

#
; (4)

wheres andr denotethescalingandrotationfactors,respectively,
and[u; v] is thetranslationvector. By puttingverticesof thetriangle
f togetherandde�ne

A f =

2
66666666666666666664

xi1 � yi1 1 0
yi1 xi1 0 1
:::

:::
:::

:::
xi3 � yi3 1 0
yi3 xi3 0 1

3
77777777777777777775

; b0
f =

2
6666666666666666666664

x0
i1

y0
i1
:::

x0
i3

y0
i3

3
7777777777777777777775

; (5)

we canobtain the equationA f [s; r; u; v]T = b0
f andthis equation

canbetransformedinto 
 s = (A f (AT
f AT )� 1AT

f � I )b0
f = 0. Please

referto [Zhangetal. 2009;Wangetal. 2010]for moredetails.

Line Preservation We requireedgesthat lie on the samestraight
line to have similar slopes. Speci�cally, we pick up two vertices
pe0 andpe1 from theline whichareclosestto theline centerandwe
wish theslopesof otheredgeson theline to besimilar to theslope
of pe0 � pe1. Theformalexpressionis givenas:


 ` =
X

fi; jg2Ek

���(p0
i � p0

j) � ` i j (p0
e0 � p0

e1)
���
2
; (6)

where` i j = jp0
i � p0

j j=jp0
e0 � p0

e1j andEk areedgeson theline k.

We solve for the deformedmeshby minimizing 
 s + 
 ` subject
to the boundaryand positional constraints. The positional con-
straintsde�ne the target resolution. The boundaryconstraintsre-
quireboundaryverticesmoving alongtherespective linessuchthat
theresizedimagecanberetainedasa rectangle.We computethis
non-linearobjectivefunctionin aniterativemannerbecausetheun-
known variablesin Equation6 arecorrelated.Pleasereferto [Wang
etal. 2008;Wangetal. 2009]for theimplementationdetails.

4.4 Merge of S-Regions and NS-Region

RecallthatwerepresentbothS-andNS-regionsusingmeshes.The
correspondencesbetweenverticesfrom S- andNS- regionsalong
thesharedboundariescanbesetup beforetheresizing. Thepairs
of boundaryverticesareusedto minimizethediscontinuityartifacts
during the warpingof theNS-region. This is doneby minimizing
the distancebetweenthe correspondingvertices,andhencegives
theobjective, 
 m =

P n
i jpS;i � pNS;i j2, wherepS andpNS arethepair

of correspondingverticesin S- andNS- regions,respectively, and
n = jpSj = jpNSj is thetotal numberof pairs.



(a) (c)(b)
Figure7: Mergeof S-andNS-regions.A ring of cellsis extendedto
provideoverlappingregion for determiningtheseamlesscut-path.

However, theabove optimizationonly bindsthegeometricbound-
ariesof S-andNS- regionstogether. Theremayexist discontinuity
of imagecontentsbetweentheS- andNS- regions,sincethesetwo
typesof regionsare retargeteddi� erently accordingto their own
natures.As demonstratedin Figure5(c), the imagecontenton the
boundaryof theS-region maychangeaftersummarization.To re-
ducethe discontinuityartifact, we grow the S-region outward by
extrapolatingonering of cells (Figure7(b)). We do so in orderto
generateanoverlappingareawith theNS-region, anddeterminea
seamlesscut pathusinggraphcut[Kwatraet al. 2003] to hide the
discontinuityartifact.

Both thecell contentsandquadsareextendedto createtheoverlap-
ping area. The cell contentcanbe extrapolatedby replicatingthe
boundarycell contentwith its illumination adjustedaccordingto
theextrapolated�

0

i and�
0

i . Thevertex positionsof imaginaryquads
in the imagedomainarecomputedby extrapolation(Figure7(b)).
Theseimaginaryquadsaremainlyusedfor computingthetransfor-
mationmatricesT0s. They arenot physicallyaddedto themeshof
a S-region. Figures7(a)&(c) comparetheresultswithout andwith
hiding thediscontinuity, respectively.

5 Results and Discussions
Figures1, 8-14shows our resizedimages.To validateour method,
wetestedit onimageswith symmetrystructureonbothplanar(Fig-
ures8, 9, 11-14)andcurvesurfaces(Figures1 & 10),without (Fig-
ures8-9,13) or with perspective projection(Figures11-12,14). In
all results,our summarizationoperatorpreservesthe overall sym-
metry structurein termsof shape,perspective, and clarity. Pla-
nar (curved) structureremainsplanar(curved). The sizesof cells
are reasonablypreserved, without over-squeezing/over-stretching
or uneven squeezing/stretchingof cells over the lattice. Figure12
shows thenaturalextensionsof a house,bothhorizontallyandver-
tically, via our summarizationoperator. We have implementedour
methodon a PCwith 2 Xeon(TM) CPUs3.20GHz,12 GB RAM,
andnVidia GeforceGTX 280GPUwith 1GB videomemory. The
timing statisticsof resizingexamplesshown in this papercan be
found in Table1. Even for the “BMW” example(Figure1) that
containsthreedisjoint lattices(onefor eachcylindrical tower), the
timefor symmetrydetectionandlatticeformationis verysmalland
achievesa real-timerate.

Multiple S-regionsOur methodcan simultaneouslyhandlemul-
tiple disjoint S-regions when they are far away from eachother.
They aresimplysummarizedindependentlyandmergedto theNS-
region in a singlepass(e.g. Figure1). However, if two or more
S-regionsaretoo closeto eachother(their extendedringsof cells
overlap), they have to be summarizedin multiple passes. In �rst
pass,a S-region is selectedwhile all other S-regionsare ignored
and regardedas part of the NS-region. The selectedS-region is
summarizedandmergedwith theresizedNS-region to producean
intermediateresultR1. In the next pass,an unresizedS-region is
selected,summarized,andmergedto R1 to produceanincremental
resultR2. This multi-passoperationcontinuesuntil all S-regions
are resized. In practice,we prefer to �rst resizelarger S-regions
thanthosesmallerones.Figures13 and14 show theexamplesof
suchmulti-passresizing.

Visual Comparisons We comparedour results to � ve state-of-
the-art methods,including warping [Wang et al. 2008], multi-
operator [Rubinstein et al. 2009], [Dong et al. 2009], Shift-
Map [Pritchetal. 2009]andPatch-Match[Barnesetal. 2009].The
resizedimagesproducedby Shift-Mapmethodareobtainedvia the
online program http://www.cs.huji.ac.il/projects/shiftMapFlash/.
Othercomparedresultsareobtainedfrom theoriginalauthors.Fig-
ures1, 8-11 and14 show the comparisons.Sincemulti-operator
andwarpingapproachesutilize only pixels with low-level salien-
cieswhenresizingimages,they cando nothingon thepreservation
of symmetrystructures.Multi-operatormay sometimesunevenly
scalethesymmetrystructure(Figure8(b)) andcrop thesurround-
ing contents(Figures1(b) and11(b)). Warpingover-squeezesor
stretchesthe homogeneouscontents(Figures1(d), 8(d) & 14(d)).
In contrast,our methodpreservesthesymmetrystructurevia sum-
marization. Although Shift-Map and Patch-Matchallow region-
wise deletionor insertion,they have no knowledgeof symmetry.
Shift-Map may introduceobvious seamsin somecases(Figures
1(c)and9(d));Patch-Matchremovesoneof thebirdsandproduces
theghostshadow in Figure9(c). With theknowledgeof symmetry,
our methodcan reasonablysummarizethe lattice (curved and/or
perspectively viewed) without uneven scalingof cells or obvious
seamsinside the lattice. Figure14 shows an examplebeingpro-
gressively reducedin size. Note that only our methodproduces
reasonableresults,in particular, at thedrasticresizingratio.

UserstudyTo furtherevaluateourmethod,weperformauserstudy
to scoretheresultsfrom di� erentmethods.70subjectsfrom di� er-
entagesandbackgroundsareinvited to score9 setsof theresized
images.In theexperiment,weshowedtheoriginalimage,ourresult
andtheimageof acompetitor, andaskwhichof thetwo resizedim-
agestheparticipantprefers.Threemethods,multi-operator, warp-
ing, and Shift-Map, are compared. Table 2 shows the statistics.
Eachrow shows thecompetitionbetweenour methodandtheone
indicating on that row. The “Mean of wins” indicatesthe num-
berof times(or percentage)our methodwins during thecompeti-
tions. From the statistics,our methodgenerallyoutperformsthan
all competitors,thoughparticipantsmay preferthe multi-operator
andwarpingmethodswhenthe resizingratio is moderate.This is
becausethe homogeneousregionsarenot run out or the disconti-
nuity artifactsarelessaccumulated.Sinceall methodscanproduce
reasonableresultsin this scenarioandparticipantsmay have dif-
ferent tastes,our methodbecomeslessoutstanding.On the other
hand,our methodis morepreferredif theresizingratio is extreme.
Thiscanbedemonstratedby thecomparisonin Figure14, in which
[Dongetal. 2009]and [Wangetal. 2008]werecompared.In their
results,thewindows areblurredandover-squeezeddueto thedras-
tic scaling.

Limitations and DiscussionsThe ability of our symmetrydetec-
tion stronglyrelieson theability of MSER.If MSERfails to iden-
tify apotentialcell, ourmethodwill notbeableto form any lattice.
Figure15(a)shows onesuchexamplewhosecells areobvious to
human,but not to MSER. Anothermajor limitation is on the lat-
tice formation.We assumethereis no self-occlusioninsidethelat-
tice. If self-occlusionexists,it breaksthelatticestructureandtermi-
natesour latticeformationat thediscontinuity(Figure15(b)). Our
methodmaynot beableto handlelatticestructurethat is not very
regularandnearlystochastic.We believe moresophisticatedsym-
metrydetection[Parketal. 2009]canbedone,but at theexpenseof
speedperformance.We cannothandletheoverlappedlattices.An
imageregioncanonly belongto onelattice.Currently, weresizeS-
andNS- regionsusingthesameratio without consideringtheir rel-
ative prominence.It maybepossibleto de�ne a metric to account
for theimportanceof symmetryaswell asotherimagesaliency, so
thatwe canscaleeachS-region moree� ectively. Besides,cells in
symmetryregionsaremainlyaddedor removedwhenresizing.The
contentwithin thecell is notmodi�ed. Althoughacertaindegreeof
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Figure 8: ! room" . Input size is 960 600, output size is 689 600.x x

(a) Original .     ©  IEEE 2009 (b) Mul ti -operator (d) Shi f t-Map (e) Warping (f ) Ours(c) Patch-Match

Figure 9: ! bi rd" . Input size is 600 450, output size is 300 400.x x

(a) Original (b) Mul ti -operator (c) Shi f t-Map (d) Warping (e) Ours

Figure 10: ! bal l " . Input size is 423 302, output size is 263 198.x x

(a) Original (b) Mul ti -operator (c) Shi f t-Map (d) Warping (e) Ours

Figure 11: ! colosseo" . Input size is 768 1024, output size is 525 1024.x x

(a) Original , 800 533x (b) Extend 2 columns, 1095 533x (c) Extend 2 columns & 1 row, 1095 680x

Figure 12:  Extended ! house" .



(a) Mul tiple adjacent lattices, 452 373x (b) Summarized, 316 244x (c) Two adjacent lattices, 1024 683x (d) Summarized, 501 410x

Figure13: Multiple adjacentdi� erentkindsof latticesare summarizedin a multi-passmanner.

Input size
Time of

symmetry
detection

1024 625x
1024 625x
1024 625x

768 625x
512 625x
256 625x

No of
disjoint
lattices

Output size Total time
of resizing

Fig. 1 3516 820x999 820x 158 ms 331 ms
Fig. 8 960 600x 689 600x 1 62 ms 130 ms
Fig. 9 600 450x 300 400x 1 34 ms 80 ms

1Fig. 10 423 302x 263 198x 27 ms 75 ms
Fig. 11 768 1024x 525 1024x 1 52 ms 115 ms
Fig. 12(b) 800 533x 1095 533x 1 46 ms 103 ms
Fig. 12(c) 800 533x 1095 680x 1 46 ms 107 ms

Fig. 14(b) lef t 6 233 ms 601 ms
6 233 ms 606 ms
6 233 ms 629 ms

Fig. 13(b) 452 373x 316 244x 5 208 ms 563 ms

Fig. 14(b) center
Fig. 14(b) right

Fig. 13(d) 501 410x 2 175 ms 264 ms1024 683x

Table 1: Timing statistics.

Mean(%)of wins Std.dev.
95% conf idence interval

Lower Bound Upper Bound

6.03 (67.00%)
7.07 (78.56%)

5.44 (60.44%)

1.91
1.42

2.05

6.485.58

6.74
4.96

7.40

5.92

Mul ti -operator

Shi f t-Map

Methods

Warping

Table2: Userstudy.

warpingis causedby theforwardandbackwardtransformationbe-
tweentheoriginal imageandtherecti�ed domain,thecell content
is generallyunchanged.In the future,moresophisticatedresizing
treatmentto thecell contentcanbeconsidered,especiallywhenthe
cellsareenlarged.

6 Conc lusion

Wedemonstratethatby understandingonemorepieceof semantics,
we canopenoneextra spacefor imageresizing.Althoughcompu-
tationalunderstandingof generalimagesemanticsis hard,analysis
andacquisitionof symmetryis feasibleandpracticalfor resizing
applications.Thenew spacefor resizingalsoleadsto a new issue,
theseamlessnessof imagecontentat theboundary, asgeneralim-
agescontainbothsymmetryregionsandnon-symmetryregion,and
thesetwo typesof regionshave to be resizeddi� erently. We pro-
poseda real-timesymmetrydetectionsystemandmethodologyto
minimize the discontinuityartifact. Currently, we only tacklethe
translationalsymmetry, our next stepis obviously its extensionto
othertypesof symmetry, e.g.rotationalsymmetry.
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