Resizing by Symmetr y-Summarization

Huisi Wul®
1The ChineseUniversityof HongKong

(a) Original
[Rubinsteinetal. 2009]

(b) Multi-Operator

Yu-ShuenWang Kun-ChuarFeng Tien-TsinWong' Tong-YeeLe€? Pheng-AnrHeng-?
2NationalChengKungUniversity 3SIAT, China

sSSanan,
sEEEan

ot 1 1Y

==

(d) Warping
[Wangetal. 2008]

(c) Shift-Map
[Pritchetal. 2009]

Figure 1. By summarizinghe symmetrystructue in (a) theinputimage, our method(e) can preservethe original curvedlattice structue
withoutbreaking over-squeezingr croppingthelattice. Inputresolutionis 999 820. Target resolutionis 516 820.

Abstract

Imageresizingcanbeachiezedmoree ectively if we have abetter
understandingf theimagesemanticsin this paperwe analyzethe
translational symmetry which exists in mary real-world images.
By detectingthe symmetriclattice in an image, we can summa-
rize, insteadof only distortingor cropping theimagecontent.This
opensa newn spaceor imageresizingthatallows usto manipulate,
notonly imagepixels, but alsothe semanticcellsin thelattice. As
a generaimagecontainsboth symmetry& non-symmetryregions
andtheir naturesaredi erent,we proposeto resizesymmetryre-
gionsby summarizatiomndnon-symmetryegion by warping. The
di erencein resizingstratgy inducesdiscontinuityat their shared
boundary We demonstraténow to reducethe artifact. To achieve
practicalresizingapplicationsfor generalimages,we developeda
fast symmetrydetectionmethodthat can detectmultiple disjoint
symmetryregions,even whenthe latticesare curved and perspec-
tively viewed. Comparisongo state-of-the-artesizingtechnigues
anda userstudywere conductedo validatethe proposednethod.
Corvincing visual resultsare shavn to demonstratéts e ective-
ness.
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1 Introduction

Imageresizingtechniquest aninputimageto thetargetresolution
by reducingor replicatingtheimagecontent. Imageseamlessness
is the key. Existing methodsfWanget al. 2008; Rubinsteinet al.
2009; Dong et al. 2009] rely on the importanceor salieny map
to preventthe modi cation from beingover-aggressie. However,
the importanceor salieny may not con rm to the true semantics,

sincemainly local andlow-level features(suchasgradientandor
entropy) areconsideredWithout higherlevel understandingf the
imagecontenttheimageseamlessness hardto maintain.

Althoughcomputationatinderstandingf generaimagecontentis

infeasiblein the nearfuture, analysisof certainhigh-level seman-
tics is feasible. One of themis symmetry It exists everywhere,
from windows on the buildings to soldiersin marching. The sym-
metry structureandthe repetitive elementgor cells) reinforcethe
visualimportance.Previousresizingtechniquesttemptto modify

without preservinghe symmetrystructure andmayeasilyresultin

apparentisualartifacts,suchasthe obvious seam(Figure1(c)) or

oversqueezing1(b) and1(d)). By consideringthe knowledge of

symmetryresizingcanthenbeachievedvia summarizationwhich

removesor replicateshe cells with respecto the semanticgFig-

ure 1(e)). Note that we extend the original meaningof summa-
rization to include both reductionandrepetitionof cells. In other
words,symmetryopensanadditionalspacefor resizing.Insteadof

squeezingr stretchingheimagepixel-wisely we cannow remove

or replicateit cell-wisely

In this paper we proposea novel summarizatioroperatorfor im-
ageresizingthathandlesonecommontype of symmetrythetrans-
lational symmetnyLiu et al. 2004]. Existing symmetrydetection
methodsareusuallytoo slow for practicalresizingapplicationsin-
steadwe proposea real-timeandautomatiamethodto detectsym-
metry over arbitrary surfaces(planaror non-planarwith arbitrary
viewing perspectie, andto extractthe correspondindatticein im-
agespacewithout reconstructinghe underlying3D geometry By
trimming andextendingthe lattice, we canresizethe contentwith
more respectto the semantics.By smoothingthe transformation
andintensityof cellsacrosghe lattice, we canmaintainthe seam-
lessnes bothgeometryandilluminationrespectiely. In contrast,
mostexisting resizingtechnigueglo not considethe seamlessness
of illumination.

However, ageneraimagenormally containshothsymmetryregion
(S-rggion) andnon-symmetryregion (NS-region), leadingto com-
plication. While the S-region canbe resizedwith our summariza-
tion operatorthe NS-region canberesizedwith carvingor warping
operators. But mostimportantly thereis no guaranteghat both
resultantregionscanbe seamlesslgombined,dueto thedi erent
naturesof resizingstratgies. In this paper we proposea frame-
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Figure 2: Framevork of our system

work to minimize the inconsisteng of the sharingboundarybe-
tweenS- andNS- regions. A mesh-basedepresentatiofs usedto

0 er constrainedvarpingfor the NS-region andensureits bound-
ary con rms to that of S-rggion. A graph-cutis then performed
to minimize the intensitydiscontinuityat overlappedareanearthe
boundary Corvincing resultsareobtainedanda userstudyis per

formedto validateour method.

Ourmajorcontritutionscanbe summarizedsfollow:

An automaticandreal-timesummarizatioroperatoifor image
resizing. By smoothingthe transformationand intensity of
cellsoverthelattice, we canmaintainthe seamlessness not
only thegeometrybut alsotheillumination.

A framework that seamlesslycombinesS- and NS-regions,
wherethey areresizeddi erently dueto their di erencein
nature.

2 Related Work

Image Resizing Most contentaware methodsattemptto take ad-
vantagedrom the detectionof pixel prominence.They eitherdis-
cardor distortthe homogeneousegionsin orderto absorbthere-
sulting distortionwhen changingthe resolutionof animage. The
croppingmethods [Chenet al. 2003; Liu et al. 2003; Suhet al.
2003; Santellaet al. 2006] remove the lessimportantobjectsfrom
the image periphery The seamcarving methods [Avidan and
Shamir2007;Rubinsteiretal. 2008]judiciously carvestheinterior
seamswithout touchingthe salientfeatures. The warpingmethods
[Gal etal. 2006; Wolf etal. 2007; Zhanget al. 2008; Wanget al.
2008]squeezar stretchtheregionswith lessimportancevaluesto
presere the sizesor aspectatiosof prominentobjects. Recently
the multi-operatorgechniquegRubinsteinet al. 2009; Dong et al.
2009] crop and cane seamson only the inconspicuousnaterials.
Thus, all the abore methodspotentiallysu er from visual distor
tionswhentheimageis dramaticallyretagetedor thehomogeneous
regionsrunout.

Image Summarization Alternatively, the patch redistritution
methoddhave beenpresentedo achieveimageeditingandretaget-
ing applications[Simalov etal. 2008;Choetal. 2008;Barnesetal.
2009]. Thesetechniquesneasurehe patchsimilarity andthenpre-
sere the contentcoherencéetweernthe sourceandtargetimages.
As a result, the repetitve patternsare discardedwhen the tamget
imageis gettingsmall. Pritch et al. [2009] presentedh Shift-Map
techniguethatallowsremoving abandregionatatime, insteadof a
pixel-wiseseamusedin the seanmcarvingmethodsgnablingthere-
moval of entireobjects.However, all thesemethodscannothandle
the patternswith di erentsizesor perspectie distortiondueto the
lack of understandingf high-level symmetrysemanticin contrast,
ourmethodremaovesor replicategherepetitve elementsegionsin
amoresemantidashion,andhencecanbetterpresere thesymme-
try structure.

Symmetric patterns detectionLeungandMalik [1996] proposed
a greedyalgorithmto extractrepetitive elementshatareaddedin
aconnectedetwithoutaglobaltopologicalstructure Later, Liu et
al. [2004;2006;2009] developeda morecompletetheoryof com-
putationakymmetry They rst proposedcomputationamodelto
extractperiodicrepeatectlementsandthenclassifysymmetricpat-
ternsbasedon theoryof crystallographigyroups|Liu etal. 2004].
Haysetal. [2006]formulateddiscoseringsymmetricregularity asa
higherordercorrespondengeroblemandsolvedit usinga spectral
method.Lin andLiu [2007]trackeddynamicnearregularpatterns
baseddnalattice-basedarkov-random- eld (MRF) modelwithin
a 3D spatiotemporabkpace. Ahuja and Todorovic  [2007] repre-
sentedheimagewith a sggmentatiortreeandproposed learning
algorithm which combinestree matching,belief propagatiorand
expectation-maximizatioto extract texels from nearly planartex-
tureswhoseviewing directionis nearlyalongsurfacenormal. Park
etal. [2009] useda mean-shiftoelief propagatioMSBP) method
to extract deformedlattice from repeatecpatterns. The automatic
symmetrydetectionof ourwork is basedn theirwork [Haysetal.
2006;Park etal. 2009]but with asigni cant improvementon speed
atthe expenseof detectionaccurag. Recently Chengetal. [2010]
emplo/ed a userassistedsegmentationto scribblea templateob-
jectandextractapproximatelyepeateclementdy nding similar
boundarybandmap.

3 Overview

Figure2 overviews our framevork. Givenaninputimage,our sys-
temautomaticallydetectsoneor moreregionscontainingsymmet-
ric patternsanddividesthe imageinto one NS-region andone or
more S-regions(Section4.1). As eachS-region containsrepetitve
cells organizedin a grid structure,it is resizedvia the proposed
summarizatioroperatoyin orderto maintainthe symmetrystruc-
ture, overall shape,aswell asthe illumination distribution (Sec-
tion 4.2). On the otherhand,the NS-rggion containsgeneralcon-
tent. It is resizedvia warping,sothatsub-rg@ionswith high salient
objectsare scaleduniformly while homogeneousub-rgions are
squeezedb t thetargetresolution(Sectiord.3).

Thelaststepis to megetheresizedS- andNS- regions. However,
dueto thedi erentresizingstratgiesin S- and NS- regions, the
boundarie®f resizedS- andNS- regionsmay not be consistento
eachother Figure 7(a) shavs one suchexample. To reducethe
inconsisteny, we represenboth S- andNS- regionsusingmeshes
(Figure2). For the S-rggion, it is naturalto have the region being
tessellatecéccordingto the detectedattice. For the NS-region, the
tessellatiorcanbeachievedaccordingo theinterior contentssuch
asstraightlines. Their sharecoundariesnustbe containedy the
edgesn theirmeshesn orderto maintainthe continuity Themesh
topologyof bothS-andNS-regionsdoesnotchangehroughouthe
resizing.Theonly changes the“texture content”(image)mounted
on the mesh. Section4.4 describeghe detailson minimizing dis-
continuityartifactat theboundary



Figure 3: Symmetndetection.(a) MSERdetectionand clustering Ead clusteris color-codedwith a distinctcolor. (b) Determinationof
translationvectost; & t,. (c) Latticeformation.(d) Picking misseccells by interpolationandextrapolation.(e) Dual lattice.

4 Algorithm

4.1 Symmetr y Detection

Identifying Cells The rst step for symmetry detectionis the
choice of the basic elementor cell. One can utilize Canry
edges[Canry 1986], Harris corners[Harris and Stephensl988],
KLT corners[Shi and Tomasi1994] or SIFT points[Lowe 2004]
to identify thefeaturepoints. However, a cell in asymmetrystruc-
turecanseldombeidenti ed by asinglefeaturepoint, but ratheras
a region containinga group of features. The clusteringandiden-
ti cation of suchgroupbasedon the above isolatedfeaturepoints
couldbeine cientandtime-consuming.Hence,we needane -
cientmethodto quickly locateregions,insteadof points,with simi-
lar content.In particular we employ the maximally stableextremal
region (MSER)[Matasetal. 2002]for identifying a featureregion.

MSERsarea neinvariantandlessin uenced by theillumination.
This meanscells with the samepattern,but viewed from di er
entperspectiesandilluminatedby di erentlighting conditionscan
still be equallyidenti ed. The detailedmathematicatie nition of
MSER andits implementatiorcanbe foundin [Matasetal. 2002].
SupposeR = frigis the setof MSERsdetectedn animage(Fig-
ure3(a)). EachMSERY; is graphicallya 2D ellipserepresentetly
atripletr; = fc; u;; vigwherec; is its centey u; andv; areits major
andminor axisvectors.

Clustering and Indexing A symmetrystructurenormally contains
multiple cellsandsimilar cells shouldhave similar MSER feature.
Thissuggestthatwe canperformclusteringontheMSERsto iden-
tify the majorclusters,andsimultaneouslylter away the outliers.
Figure 3(a) shavs the major clustersby color-coding eachcluster
with a distinct color. Eachmajor clustercorrespondso a poten-
tial symmetrystructure(S-region). The numberof S-regionsin a
singleimageis usuallynot large. Hence we only identify the ma-
jor . clusterswhich have the largesttotal areaof coverage.In our
currentimplementation, . = 5. We useadaptve mean-shiftclus-
tering [Comaniciuand Meer 2002] to groupthe detectedMSERSs.
ForeachMSERr;, weform a2D vectorby concatenatings ju;j and
jvij. Thesevectorsarefed for clusteringin orderto groupMSERs
with similar shapesndsizes.

To facilitate the following lattice formation, we further index the
centersc; of MSERsin eachclusterwith a KD-tree. For fastre-
trieval, weimplementedhe KD-treeon GPUto supporttheparallel
KNN-search.

Similarity Metric We can then form a lattice for each cluster
by starting from a seedMSER and connectingthe neighboring
MSERs. However, the resultingclustersmay potentially contain
somewrong MSERsthat are not really cells, as the clusteringis

only basedon a crude measurementf ellipse similarity without
consideringthe region content. Hence,we needa more sophisti-
catedmetricto validateandselectneighboringcellsduringthe lat-
tice formation. We de ne a metricto quantifythe similarity of two
neighboringMSERsin termsof the shapeandappearancsimilar
ities. Evenwhenthe symmetrystructureis not planar two neigh-
boring cellsremainclosein shape.Hence,the shapedissimilarity
D; of two neighboringVSERsr; andr;| is afunctionof their major
andminoraxes(u andv) andde ned as
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Theappearancdissimilarity D, measuresheirdi erencan terms
of pixel intensity afterregistrationandnormalization.Supposehe
P; andP; arethe imageregionsfalling inside the ellipsesof two
consideringMSERsr; andr;, respectiely. A simple registration
or transformationA from P; to P; canbe obtainedby translating
from thecenterg; to ¢;, rotatingthe majoraxisvectorfrom u; to u;,
andscalingby juij5u;j andjvijTv;j alongthe majorandminor axes.
Thentheappearancdissimilarityis computedas,

r

1
Da(ri;ry) = -

X 2
(m P (r ) @)

wherep; is thepixel valuein P;; p; is thecorrespondingixel value

in thetransformed?;; p; andp; arethemeanpixel valuesof P; and

thetransformedP;, respectirely; n is thesizeof P;. Thezero-mean
designin (2) allows usto minimizethein uence of illuminationand

focusonly on the pattern. The overall dissimilarity D is de ned as

aproductof Dg andD,,

D(ri;rj) = Ds(ri;rj) Da(ri;rj) (3

Lattice Formation Accordingto thegrouptheoryof wallpaperpat-
terns[Griinbaumand Shephardl986], all translationalsymmetric
patternscanbe representedby a 2D lattice generatedy a pair of

shortestranslationvectorst; andt,. Hence,thekey is to identify

the translationvectorsduring the lattice formation. There exists
methodshat automaticallyextractthe optimal lattice, but they are
usuallytoo slow for our resizingapplication.The methodby [Park

etal. 2009]generallytakesabout5-10minutesto handlea medium
sizeimage. As our goalis not to recover the realgeometry but to

identify thesymmetryfor resizing,we cantradethelatticeaccurag

for speed.

The symmetryin animageis usuallyperspectiely viewed andthe
underlyinggeometrycanbe non-planare.g. windows on cylindri-
cal buildingsor irregularly curved surfaceof modernmuseums)A
pair of constantranslationvectorsis notsu cientto representhe
lattice. Insteadof recovering the 3D lattice, we areonly interested



Algorithm 1 Lattice Formation
Il A functioncomputingdeviation of two vectors
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[/ nitialization Phase

Givenaseedcell r

C=0; K=@ /I C:cells,K: translationvectors

G =fC;Kg

Searchwo closesineighborg &y, if exist, by minimizing

D(r; ra)D(r; ro)jta (1ijta(r)ie 1), wherety(r) = ca ¢
ta(r) = ¢, c;and =arccos(y(r) ta(r)) // ¢ meansenterof cellr;
Searcloppositeneighbors 3&rD, if exist, by
rd = agmin D(r;rY) diff (¢ ¢ ta(r)) //left
rp = amgmin D(r;rY) diff (¢ c;to(r)) //top
PutrintoC  // processed
Putt;(r) & to(r) intoK;
for eachr; 2 fra; ry; 131y
ta(ry) = ta(r);  t2(rj) = t2(r)
putrjintoU //i.e.notyetprocessed
putty(rj) & to(rj) intoK

/I PropagatiorPhase
while U is notempty
Pickacellrg 2 U andits ty(ry), t2(rx) 2 K
Searchr's neighborsetNy = fre;rq; 1% rig if exist, by
re = amgmin D(r;ri) diff (¢ o; ta(re)) // right
rg = amgmiry D(ry;ri) diff (¢ c; ta(ri)) // bottom
rd = agmin D(r;ri) diff (ck  o; ta(rk)) / left
rg = amgminy D(ry;ri) diff (cc ¢ ta(ri)) // top
Putry into C andremove ry from U // processed
ta(re)= Cc - C;  ta(rk)= g - Ck
for eachr; 2 Ny andrj <C
ta(ry) = ta(r);  ta(rj) = ta(ry)
PutrjintoU // notyetprocessed
Putty(rj)&ta(rj) into K
Output: G =fC;Kg

in extractingthe 2D image-basedhattice for our resizingapplica-
tion. So,we representhe lattice asa setof spatiallyvarying 2D
translationvectorsft,(r), to(r)g in which we index the vectorsby
thecorrespondingellr.

For eachMSERT in amajor cluster we try to constructhe lattice
G by propagatior{(Figure3(b)). Sincethe constructedatticesfrom
di erentseedsmaybedi erent,dueto the noise,we exhaustiely
constructhelatticesfrom all r to obtainthelattice(s)with asmuch
coverageaspossible. We implementthis methodon GPUto paral-
lelize the construction NotethatMSERspreviously groupedn the

sameclusteronly meanthey aresimilarin shapesandappearances.

They arenotnecessarilgell-by-cellconnectedHence disjointlat-
ticeshave to bedisconnecte@ndresizedseparately

Algorithm 1 presentshepseudo-codér thelatticeformationstart-
ing from an arbitrary seedcell r and outputsthe lattice G, com-
posedby the setof cells C andthe setof spatiallyvarying trans-
lation vectorsK. In the rst part of the pseudo-codewe locate
the four neighborsof the seedr, via the previously constructed
KD-tree. We rst nd an optimal pair of two neighbors,r, and
rp, suchthatthe associatedranslationvectorst,(r) = ¢; ¢ and
to(r) = & ¢ form a subtendedinglewithin [3; 5] [Schattschnei-
der 1978], and give the minimal scoreof an objective function,
D(r; ra)D(r; r)jta(Nijt2(r)je . ). Here, parameter s weightsthe
importanceof the subtendedngleandequalsto 0.5in all our ex-
periments.Oncer, andr, arelocated the othertwo r2 andr? can
betrivially locatedby computingthe oppositetranslationvectors.
Thenthe currentcell r canbe marked asprocessea@ndputinto C,
with the obtainedranslationvectorsbeingputinto K. Cellsr, ry,
r3 andrp areputinsidea setof unprocessedellsU. In thesecond
partof the pseudo-codehis neighborsearchingprocessontinues
for eachof theunprocessedeighboringcellsin arecursie manner
until all cellsareprocessed.

MSER may fail to identify cells dueto imagenoiseor partial oc-

clusion. With the formedlattice, we canextendthe lattice outward

to checkwhetherthereis arny missingcell. This canbedoneby ex-

trapolating(or interpolating)the cell positionfrom the external(or

internal) boundaryof the currentlattice (Figures3(c)&(d)). Note
thattherecanbemissingcells (holes)within thelattice. We canei-

therinterpolatethe cell positionfrom the wholelattice or infer the
cell positionusingthe translationvectorsof the nearesneighbors.
The matchingcriteria for missing cells can be more relaxed, by

consideringtwo cells asmatchedf their appearancéissimilarity
D, < . Inall ourexperimentswe set , = 0:2.

Sofar, we only connectthe centersof MSERsto form lattice. Op-
tionally, we canalsoform the dual lattice with the MSER centers
coincidingwith thelattice cell centerqFigure3(e)). Suchchoiceis
left to users.

4.2 Summarizing S-region

Onceall S-andNS-regionsareidenti ed, we canconstrucimeshes
that respectthe sharedboundariegFigure 2). For the S-rggion,

it is naturalto constructa meshaccordingto the detectedattice

(Figure4(a)). In otherwords,the S-reggionis representedsamesh
dressedvith atexture,whichis the S-regionimagecontent.

Summarization To resizethe S-reggion, we summarizet by sim-
ply remorving or addingrows/columnsof cells. However, directly
modifying the meshelementgquads)will changethe meshtopol-
ogy andintroducecomplication. The shape®f consecutie quads
may changeabruptly when a large numberof quadsare removed
(Figure4(b)). Theboundaryof the S-region maynolongercon rm
to thatof the NS-region (Figures4(b)&(c)).

Insteadof modifying the mesh,we retainthe meshtopology and
only modify the texture contentduring the summarization(Fig-
ure5). The summarizations performedin arecti ed domain. By
regardingeachobsered quadin theimage(Figure5(e)) asa per
spectve projectionof a square we cancomputea transformation
matrix T, basedon thevertex positions,to mapeachquadtogether
with thetexture contentto a squarg(Figure5(f)). Therecti ed cell
contentcanbe obtainedby resamplingthe inputimageusingT !
(Figure 5(b)). In this recti ed domain,the texture canbe seam-
lesslyresizedby insertingandremorving rows/columnsof cellsus-
ing graphcutfKwatraet al. 2003] (Figure 5(c)). We chooseto in-
sertandremove recti ed cells at the middle of recti ed S-region,
ascontentof cells nearthe boundarynormally changesnorevig-
orously Hencethis stratey canreducethe chanceof visual arti-
factappearing.The numberof columns( C,) androws ( R,) to
remove or insertis automaticallycomputecbasedon thetamgetre-
sizingratio. We projectthechange®f imagewidth andheightonto
the majoraxesof the lattice andobtainthe two projectedchanges,
wp and hp, onefor eachmajoraxis. Then C, = b wp3w:cand

R, = b h,=hcc whereW; . is theaveragesizeof cells.

On the otherhand,the meshis topologicallyunchangedind only
linearly scaledin the recti ed domainaccordingto the changeof
numberof rows/columns(Figure 5(g)). As the texture contentis
changedthe texture coordinateof the meshverticeshave to be
recomputedy linearinterpolation.To maptherecti ed cellsback
to theimagedomain,we cannotsimply mapthe scaledmeshquads
in Figure 5(g) to the original quadin Figure 5(e) becausehe S-
region in theimagedomainshouldalsobe scaled. For simplicity,
theS-regionis linearly scaledn theimagedomainaccordingo the
targetresizingratio (Figure5(h)). Thepair of scaledcorresponding
guadsin image (Figure 5(h)) andrecti ed (Figure 5(g)) domains
givesanothetransformatiormatrix T°to transformthe cell content
backto theimagedomain.

Careful readersmay notice the texture contentat the boundary
changesas we retaget the meshand texture contentseparately
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Figure 4: SummarizingS-region by directly changingthe mesh
topolayy. (a) Original S-rgion. (b) Remeing 3 columnsin the
middle (¢) Rema@ing 1 columnfromtheright, 2 columnsfromthe
left, and 3 rowsfromthetop.

(@ (b) (©) (d)

(e) ) (9) (h)
Figure5: S-region summarizationBottomrow: themeshtopolagy
remainsunchanged during the summarization.Top row: only the
texture contentis modi ed by reming columngows of cells in
order to respecthe symmetricstructue.

in therecti ed domain(top right boundariesn Figures5(b)&(c)).
Thisimpliesthe disagreementf imagecontentbetweerresizedS-
andNS- regions. We describehow to reducesuchvisualartifactin
Sectiord 4.

lllumination Adjustment Insertingor removing rows/columnsof

cells may introduceabruptchangeof intensityamongconsecutie
cells (Figure 6(a)). Suchartifactis especiallyapparentwhenthe
underlyingsurfaceis curved,andat the boundarywhentheresized
S-region is recombinedwith the resizedNS-region. To solve the
problem,werelighteachcell in orderto maintaintheoriginal light-

ing distribution over the S-region.

For eachrecti ed cell contentbeforesummarizatior(Figure5(b)),

we computeits intensitymean ; andstandardieviation ;. Asall

cell contentsarestatisticallythe samethechangeof ; and ; over

the lattice is mainly dueto theillumination distribution. Our goal

is to maintainsuchillumination distribution even after summariza-
tion. With thelattice of ; and ;, we resamplethe ioand ioat

the new cell centergFigure5(c)) usingthe thin-platesplineinter

polaotion. Eachcell canthenberelit by shiftinog the intensitymean
to ; andmappingtheintensityvarianceto ;. To avoid blocking
artifact at the cell boundarywe relight, not just the cell, but a re-
gionslightly largerthanthecell, andperformasimplefeatheringo
blendneighboringrelit regions. Figure6 comparegheresultswith

andwithoutillumination adjustment.

4.3 Resizing NS-region

We resizethe NS-regions using a warping technique. To imple-
mentthis idea, we generatea triangularmeshfor the given im-

ageusingthe Delaunaytriangulation wheresomeverticesareran-
domly distributed, someare from the boundaryof S-regionsand
someare uniformly sampledon straightlines. Straightlines are
automaticallydetectedoy a Hough transform. To protectpromi-
nent objects,we requirethe trianglescovering salientobjectsto

undego similarity transformationsTo keepthe straightlinesfrom

bending,we enforceedgeson the sameline to have similar slopes.
The abore mentionedconstraintareformulatedinto enegy terms
andwe minimize the objectie functionto determinethe deformed
mesh.Finally, theimageis reconstructedy thelinearinterpolation
of contentswithin triangles.

(a) Withoutrelighting (b) With relighting
Figure 6: lllumination adjustmenbn S-region.

Let us denoteby M = fP;Eg a triangular mesh, where P =
[pg:PL;prl, p = (xy) is the vertex positionand E denotesthe
setof edgeson M. In addition,we de ne M° andP° to be the de-
formedversionof M andP, respectiely.

ShapeSimilarity We apply the conformalenegy to maintainthe
similarities of the original andthe deformedtriangles. Underthis
constraint,the correspondingrianglesare enforcedto have the
sameshapewhile the sizesand orientationsareallowedto be dif-
ferent. Formally, we transformthe vertex p using
" #oo# " # "

s r X ,ou_ X2 @

r s y v y
wheres andr denotethe scalingandrotationfactors,respectiely,
and[u; V] isthetranslatiorvector By puttingverticesof thetriangle
f togetherandde ne

X, Y, 10 X
Yiz Xiy 01 yloll
Ar=f: ¢ 1t Ebi=f % 5)
Xig yi3 10 X10
Vi, X; 0 1 yIU3

we canobtainthe equationA¢[s;r;u;v]T = b9 andthis equation
canbetransformednto = (Af(ATAT) AT 1)b? = 0. Please
referto [Zhangetal. 2009;Wangetal. 2010]for moredetails.

Line Presewation We requireedgesthatlie on the samestraight
line to have similar slopes. Speci cally, we pick up two vertices
P« andpe; fromtheline which areclosesto theline centerandwe
wish the slopesof otheredgeson theline to be similar to the slope
Of Peo  Pet- Theforrp(al expressions givenas:

.= (S W (S B 6)

fi;joEx
where’j; = jp}  pjiFpy, Pai andEy areedgesontheline k.

We solve for the deformedmeshby minimizing ¢+ - subject
to the boundaryand positional constraints. The positional con-
straintsde ne the targetresolution. The boundaryconstraintse-
quireboundaryverticesmoving alongtherespectre linessuchthat
theresizedimagecanbe retainedasa rectangle.We computethis
non-linearobjective functionin aniteratve mannetbecaus¢heun-
known variablesn Equation6 arecorrelated Pleaseeferto [Wang
etal. 2008;Wangetal. 2009]for theimplementatiordetails.

4.4 Merge of S-Regions and NS-Region

RecallthatwerepresenbothS-andNS-regionsusingmeshesThe
correspondencdsetweenverticesfrom S- andNS- regionsalong
the sharedboundariecanbe setup beforetheresizing. The pairs
of boundaryverticesareusedto minimizethediscontinuityartifacts
during the warping of the NS-rggion. This is doneby minimizing
the distancebetwegythe correspondingrertices,and hencegives
theobjective, m= [jpsi Pns;i>, Wwhereps andpys arethepair
of correspondingerticesin S- andNS- regions,respectiely, and
n = jpsj = jpnsj is thetotal numberof pairs.



(@ (c)
Figure7: Merge of S-andNS-iegions. A ring of cellsis extendedo
provide overlappingregion for determininghe seamlessut-path.

However, the above optimizationonly bindsthe geometricbound-
ariesof S-andNS- regionstogether Theremay exist discontinuity
of imagecontentsetweerthe S- andNS- regions, sincethesetwo

typesof regions areretageteddi erently accordingto their own

natures.As demonstrateéh Figure5(c), theimagecontenton the
boundaryof the S-region may changeafter summarization.To re-
ducethe discontinuityartifact, we grow the S-region outward by
extrapolatingonering of cells (Figure7(b)). We do soin orderto

generatean overlappingareawith the NS-region, anddeterminea
seamlesgut path usinggraphcutfKwatraet al. 2003]to hide the
discontinuityartifact.

Boththecell contentsandquadsareextendedo createthe overlap-
ping area. The cell contentcan be extrapolatedby replicatingthe
boundarycell cogtentw!)th its illumination adjustedaccordingto

theextrapolated ; and ;. Thevertex positionsof imaginaryquads
in theimagedomainare computedby extrapolation(Figure 7(b)).

Thesemaginaryquadsaremainly usedfor computingthetransfor

mationmatricesT %. They arenot physicallyaddedto the meshof

a S-rggion. Figures7(a)&(c) comparethe resultswithout andwith

hiding the discontinuity respectiely.

5 Results and Discussions

Figuresl, 8-14shaws our resizedmages.To validateour method,
wetestedt onimageswvith symmetrystructureon bothplanar(Fig-

ures8, 9, 11-14)andcurve surfaceqFiguresl & 10), without (Fig-

ures8-9, 13) or with perspectie projection(Figures11-12,14). In

all results,our summarizatioroperatorpreseresthe overall sym-
metry structurein termsof shape,perspectie, and clarity. Pla-
nar (curved) structureremainsplanar(curved). The sizesof cells
are reasonablypresered, without oversqueezinfpver-stretching
or uneven squeezinfstretchingof cells over the lattice. Figure12
shaws the naturalextensionsof a house pothhorizontallyandver

tically, via our summarizatioroperator We have implementecbur
methodon a PCwith 2 Xeon(TM) CPUs3.20GHz,12 GB RAM,

andnVidia GeforceGTX 280 GPUwith 1GB videomemory The
timing statisticsof resizingexamplesshavn in this papercanbe
foundin Tablel. Evenfor the “BMW” example(Figure 1) that
containsthreedisjoint lattices(onefor eachcylindrical tower), the
time for symmetrydetectiorandlattice formationis very smalland
achieresareal-timerate.

Multiple S-regionsOur methodcan simultaneoushyhandlemul-
tiple disjoint S-regionswhenthey are far away from eachother
They aresimply summarizedndependenthandmergedto the NS-
region in a single pass(e.g. Figure1). However, if two or more
S-regionsaretoo closeto eachother(their extendedrings of cells
overlap), they have to be summarizedn multiple passes In rst

pass,a S-reggion is selectedwhile all other S-rggions areignored
and regardedas part of the NS-region. The selectedS-region is
summarizedandmeigedwith the resizedNS-region to producean
intermediateresultR;. In the next pass,an unresizedS-region is
selectedsummarizedandmemgedto R; to produceanincremental
resultR,. This multi-passoperationcontinuesuntil all S-regions
areresized. In practice,we preferto rst resizelarger S-regions
thanthosesmallerones. Figures13 and 14 shawv the examplesof
suchmulti-passresizing.

Visual Comparisons We comparedour resultsto ve state-of-
the-art methods, including warping [Wang et al. 2008], multi-
operator[Rubinstein et al. 2009], [Dong et al. 2009], Shift-
Map [Pritch etal. 2009]andPatch-MatchiBarnesetal. 2009]. The
resizedmagesproduceddy Shift-Mapmethodareobtainedvia the
online program http//www.cs.huji.ac.ilprojectgshiftMapFlash
Othercomparedesultsareobtainedrom the original authors Fig-
uresl, 8-11 and 14 shav the comparisons.Sincemulti-operator
andwarping approachesitilize only pixels with low-level salien-
cieswhenresizingimagesthey cando nothingonthe preseration
of symmetrystructures.Multi-operatormay sometimesunesenly
scalethe symmetrystructure(Figure 8(b)) and crop the surround-
ing contents(Figures1(b) and 11(b)). Warping over-squeezesr
stretcheghe homogeneousontents(Figures1(d), 8(d) & 14(d)).
In contrastour methodpreseresthe symmetrystructurevia sum-
marization. Although Shift-Map and Patch-Matchallow region-
wise deletionor insertion,they have no knowledge of symmetry
Shift-Map may introduce obvious seamsin some cases(Figures
1(c)and9(d)); Patch-Matchremoresoneof the birdsandproduces
theghostshadav in Figure9(c). With theknowledgeof symmetry
our methodcan reasonablysummarizethe lattice (curved andor
perspectiely viewed) without unesen scalingof cells or obvious
seamdnsidethe lattice. Figure 14 shavs an examplebeing pro-
gressiely reducedin size. Note that only our methodproduces
reasonableesults,n particular atthe drasticresizingratio.

Userstudy Tofurtherevaluateourmethodwe performauserstudy
to scoretheresultsfrom di erentmethods.70 subjectfromdi er
entagesandbackgroundsreinvited to score9 setsof theresized
images In theexperimentwe shavedtheoriginalimage,ourresult
andtheimageof acompetitor andaskwhich of thetwo resizedm-
agesthe participantprefers. Threemethodsmulti-operator warp-
ing, and Shift-Map, are compared. Table 2 shavs the statistics.
Eachrow shavs the competitionbetweenour methodandthe one
indicating on that row. The “Mean of wins” indicatesthe num-
ber of times (or percentagepur methodwins during the competi-
tions. From the statistics,our methodgenerallyoutperformsthan
all competitorsthoughparticipantsmay preferthe multi-operator
andwarping methodswhenthe resizingratio is moderate.This is
becausehe homogeneousegionsare not run out or the disconti-
nuity artifactsarelessaccumulatedSinceall methodsanproduce
reasonableesultsin this scenarioand participantsmay have dif-
ferenttastes,our methodbecomedessoutstanding.On the other
hand,our methodis morepreferredf theresizingratiois extreme.
This canbedemonstratetly thecomparisonn Figurel4,in which
[Dongetal. 2009]and [Wangetal. 2008]werecomparedIn their
resultsthewindows areblurredandover-squeezedueto thedras-
tic scaling.

Limitations and DiscussionsThe ability of our symmetrydetec-
tion stronglyrelieson the ability of MSER.If MSERfails to iden-
tify apotentialcell, our methodwill notbeableto form ary lattice.
Figure 15(a) shavs one suchexamplewhosecells are obvious to
human,but not to MSER. Another major limitation is on the lat-
tice formation. We assumehereis no self-occlusioninsidethe lat-
tice. If self-occlusiorexists, it breakghelatticestructureandtermi-
natesour lattice formationat the discontinuity(Figure 15(b)). Our
methodmay not be ableto handlelattice structurethatis not very
regularandnearlystochastic We believe moresophisticatecsym-
metrydetectiorfParketal. 2009]canbedone but atthe expenseof
speedperformance We cannothandlethe overlappedattices. An
imageregion canonly belongto onelattice. Currently we resizeS-
andNS- regionsusingthe sameratio without consideringheir rel-
ative prominence.t maybe possibleto de ne a metricto account
for theimportanceof symmetryaswell asotherimagesalieng, so
thatwe canscaleeachS-region moree ectively. Besidesgcellsin
symmetryregionsaremainly addedor remoredwhenresizing.The
contentwithin thecellis notmodi ed. Althougha certaindegreeof
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(a) Original, 800x533

(b) Multi-operator (c) Shift-Map (d) Warping (e) Ours
Figure 8 ' room". Input size is 960x600, output size is 689x600.
(b) Multi-operator (c) Patch-Match (d) shift-Map (e) Warping (f) Ours
Figure 9 ! bird". Input size is 800x450, output size is 300x400.
(b) Multi-operator (c) Shift-Map (d) Warping (e) Ours
Figure 10: ! ball". Input size is 423x302, output size is 263x198.
(b) Multi-operator (c) Shift-Map (d) Warping (e) Ours
Figure 11: ! colosseo”. Input size is 768x1024, output size is 525x1024.
(b) Extend 2 mlumns, 1095x533 (c) Extend 2 wlumns & 1 row, 1095x680

Figure 12: Extended!house".



(a) Multiple adjacent lattices, 452x373

(b) Summarized, 316x244

(c) Two adjacent lattices, 1024x683 (d) Summarized, 501x410

Figure 13: Multiple adjacentdi erentkindsof latticesare summarizedn a multi-passmanner

No of Time o ;
Input size | Outputsize | disjoint |symmetry Z?:éedsitlz?:wz
lattices | detection
Fig. 1 999x820 516x820 3 158 ms 331 ms
Fig. 8 960x600 689x600 1 62 ms 130 ms
Fig. 9 600x450 300x400 1 34 ms 80 ms
Fig. 10 423x302 263x198 1 27 ms 75 ms
Fig. 11 768x1024 525x1024 1 52 ms 115 ms
Fig. 12(b) 800x533 1095x533 1 46 ms 103 ms
Fig. 12(c) 800x533 1095x680 1 46 ms 107 ms
Fig. 13(b) | 452x373 | 316x244 5 208 ms | 563 ms
Fig. 13(d) [1024x683 501x410 2 175ms | 264 ms
Fig. 14(b) left | 1024x625 768x625 6 233 ms 601 ms
Fig. 14(b) center | 1024x625 | 512x625 6 233ms | 606 ms
Fig. 14(b) right [ 1024x625 | 256x625 6 233ms | 629 ms
Table 1: Timing statistics.
. 95% confidence interval
Methods Mean(%)of wins| Std.dev. L ower Bound| Upper Bound
Multi-operator | 6.03 (67.00%) 1.91 5.58 6.48
Shift-Map 7.07 (78.56%) 1.42 6.74 7.40
Warping 5.44 (60.44%) 2.05 4.96 5.92

Table 2: Userstudy

warpingis causedy theforwardandbackward transformatiorbe-
tweenthe originalimageandtherecti ed domain,the cell content
is generallyunchangedn the future, more sophisticatedesizing
treatmento thecell contentcanbe consideredespeciallywhenthe
cellsareenlaged.

6 Conclusion

We demonstratéhatby understandingnemorepieceof semantics,
we canopenoneextra spacefor imageresizing.Althoughcompu-
tationalunderstandingf generaimagesemanticss hard,analysis
and acquisitionof symmetryis feasibleand practicalfor resizing
applications.The new spacefor resizingalsoleadsto a new issue,
the seamlessness imagecontentat the boundary asgeneralim-
agescontainbothsymmetryregionsandnon-symmetryegion, and
thesetwo typesof regionshave to be resizeddi erently We pro-
poseda real-timesymmetrydetectionsystemand methodologyto
minimize the discontinuityartifact. Currently we only tacklethe
translationalsymmetry our next stepis obviously its extensionto
othertypesof symmetrye.g.rotationalsymmetry
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