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Abstract

We presentnovel androbustmethodfor localizingandsegmentingbilaterally sym-
metric patternsfrom real-world images. On the basisof symmetricallymatchedpairs
of local features,our methodexpandsand meiges con dent local symmetricregion
matchedy exploiting bothphotometricsimilarity andgeometricconsisteng via our new
symmetry-graving framework. It overcomeghelimitationsof thepreviouslocal-feature
basedapproacheby ef ciently exploringtheimagespaceo grov symmetrybeyondthe
detectedsymmetricfeatures The experimentalevaluationdemonstratethatour method
successfullydetectsandsegmentsmultiple symmetricpatternsrom real-world images,
andclearly outperformghe state-of-the-amnethodsn accurag androbustness.

1 Intr oduction

Ourworld is full of symmetriesA variety of symmetrieccurin nature living organisms,
and manugcturedartifacts, and provide humanswith pre-attentie cues[2] that enhance
objectrecognition.Humanbeingsarevery goodat detectingsymmetry andunderstandhe
visualworld basedntheperceptiorandrecognitionof repeateghatternghataregeneralized
by themathematicatoncepbof symmetrie§21]. Wageman$20] views symmetryasoneof
themostimportantaspect®f earlyvisualanalysisandrecenfpsychoplysicalresultssuggest
thatthe detectionof symmetriesunderperspectie distortionis anintegral partof 3D object
perception.Symmetrydetectionon 2D or 3D imageshasbeenan active researchareafor
over four decadeq3, 8, 9, 12, 13, 18, 19, 22]. Despitethe long history of the research,
therecentperformancevaluation[17] shows thatwe arestill shortof a robustandwidely
applicablesymmetrydetector

In this paper we proposea novel androbust methodfor detectingand segmentingbi-
lateral or re ective symmetrywhich is the most familiar form of symmetry It enables
reliable detectionand segmentationof multiple symmetriesfrom real-world clutteredim-
ages. Our work is inspiredby the recentmatch-greving approache$l, 5, 7, 10] usedin
object-recognitiorand imageregistration. On the basisof symmetricallymatchedfeature
pairs[3, 12], our methodexpandsand memgescon dent symmetricregion matchesy ex-
ploiting both photometricsimilarity and geometricconstraintof bilateralsymmetryin our
novel symmetry-graving framework. Unlike thepreviouslocal-featurdoasednethodsased
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onvoting schemeg$3, 9, 12, 19, 22], it canhandleboth signi cantly low inliers anddefor
mationby ef ciently exploring theimagespacebeyondthedetectedeatures.

2 PreviousWork

Theproblemof symmetrydetectionhasbeenextensvely studiedin numerouselds includ-
ing visual perceptioncomputervision, robotics,andcomputationajeometry The methods
canbebroadlyclassi edinto globalandlocal feature-basethethods.Globalmethodgreat
the entireimageasa signalfrom which symmetricpatternsareinferred. Examplesnclude
thework of Marola[13], KellerandShlolnisky [8], SunandSi[18]. However, theseglobal
approachesre limited to detectinga single incidenceof symmetry and also greatly in-
uenced by backgroundclutters. On the contrary local feature-basednethodsuselocal
featuressuchasedgesgcontourspboundarypoints,andregionsto detectsymmetryby group-
ing symmetricsetsof local features The standardvay to accumulatesymmetryhypotheses
from featureinformationis to usevoting schemesuchasthe Houghtransform.Their main
adwantageis to moreefciently detectlocal symmetriesagainstbackgrounccluttersin im-
agesthatare not globally symmetric. Moreover, the recentdevelopmentof local invariant
featureq 11, 14, 15] hasbroughtaboutsigni cant progressn this approach.Tuytelaarset
al. [19] presentec methodfor the detectionof regular repetitionsof planarpatternsunder
perspectie skew usinga geometridframeavork andcascadedHoughtransform.Lazebniket
al. [9] usedafne invariantclustersof featureso detectsymmetriesLoy andEklundh[12]
proposedinef cient methodto exploit thepropertieof localinvariantfeaturedor grouping
symmetricconstellationof featuresanddetectingsymmetry Corneliuset al. [ 3] extended
this approachby constructinglocal af ne frames. Although all theselocal-featurebased
methodsshav morerobustperformancever globalmethodsthey arelargelyin uenced by
featuredetectionstep,andcannotexploit furtherinformationbeyondthe detectedeatures.

Recently match-graving approachegl, 5, 7, 10] areproposedo addresghelimitation
of conventionallocal-featurebasedapproache@ the areaof objectrecognitionandimage
registration. Thematch-graving approachefs, 10] expandtrue matchesandeliminatefalse
matchesasedon the factthat the true matchegyrow betterthanfalseones.Choetal. [1]
integratematchpropagtion of [5] in the data-drven Monte Carlo dynamicsto recognize
andseggmentcommonobjectpairsdirectly from imagepairs. Kannalaet al. [ 7] extendthe
guasi-densenatchingmethodof [10] for objectrecognitionandsegmentation.

Our symmetry-graving methodovercomeghe limitations of the previouslocal-feature
basedapproachedy ef ciently exploring the image spaceto exploit further information
beyond the detectedsymmetricfeatures.Multiple clustersof consistensymmetricfeature
pairsaredirectly detectedn our growing processwithout corventionalvoting procedureof
theHoughtransformor RANSAC. Unlike thepreviousmatch-graving methods[ 1, 5, 7, 10],
we proposea novel and ef cient multi-layer growing algorithm for avoiding the adwerse
effect of outliersin symmetrydetection.

3 Overview of Our Approach

Given animage,our methodaimsto detectand sgmentall the bilaterally symmetricpat-
ternsandinfer their quasi-denseorrespondencesithin the symmetricpatterns.Figure 1
illustratesa brief overview of our approach.First, we extractlocal invariantfeaturesfrom
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Figurel: Overview of oursymmetry-graving approachSeethetex for detaileddescription.

the givenimage(Fig. 1(a)) asshowvn in Fig. 1(b). Secondusingthe appearancaroundthe

detectedeaturesandits mirroredfeatureswe obtainpotentialsymmetricmatchingpairsof

featuresasin Fig. 1(c). Third, startingfrom singletonsymmetryclusterseachcontaining
a single symmetrymatch,we simultaneouslyexpandand meige the symmetryclustersby

exploring theimagespacen our symmetry-graving framevork. To establistnew symmet-
ric region pairsin expansion,we usesetsof elementregions consistingof an overlapping
circulargrid of regularlocal regionsasshavn in Fig. 1(d). Usingthem,our algorithmgrad-
ually grows reliable symmetryclustersas shovn in Fig. 1(e)-(f), wherethe dotswith the

samecolorrepresenthefeaturesn thesamecluster Finally, thereliablesymmetricpatterns
grovn well enougharechoserasin Fig. 1(h), wherethe detectedsymmetryis indicatedby

thecorvex hull of thefeatures.

4 Bilateral Symmetry Seeds

Symmetricallymatchedairsof localregionfeatureg12] areusedasseedgor oursymmetry-
growing algorithm.Variousmoderrocalfeaturedetectorg 11, 14, 15] providerobustmeans
for generatinglensdeaturesandmatchingthembetweerimages.Thedistinctvenesf the
matchesbtainedby local invariantfeaturesmake thesemethodswell suitedfor detecting
pairsof symmetricfeatures Potentiabilaterallysymmetricnatchecanbeobtainedy con-
structinga setof mirroredfeaturedescriptorandmatchingthemagainstthe original feature
descriptors. The reliability of symmetryexhibited by eachpair is evaluatedby usingthe
relative locations,orientationsandscalesof the featuresin the pair. The remainderof this
sectiondiscusseghedetailsof the procedurdor detectinghe seedf bilateralsymmetries.

4.1 Featuresand descriptors

A setof featureregionsaredeterminedisingary af ne-invariantor scale-ivariantdetectors
suchas[11, 14, 15 , that detectdistinctive featureswith good repeatability A detected
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Figure2: (a) Matchingsymmetricfeaturepairs. (b) Angle relationof a featurepair.

featureregion canbe representedy its location, orientation,and otherregion parameters.
In this paper we usethe af ne invariantregion detectorandits matrix parametrizatiofl5].
A detectedregion R, is denotedby Ry = (Xa; Sa;0a) consistingof its centerlocation, co-
variancematrix, andorientation,respectiely. An interior pixel x of the region R, satis es
(X Xxa)TSa(x xa) 1. Theorientationo, of eachfeatureis evaluatedby its dominant
gradientin theneighborregion asin [11]. Othertypesof featuresuchasthe scale-iwvariant
detector{11] alsocanbe adaptedo this representationAfter featureextraction, a feature
descriptork, is generatedor eachfeatureregion, encodingthelocal appearancef the fea-
ture afterits normalizationwith respecto the orientationandaf ne distortion. Any feature
descriptorsuitablefor matchingcanbeused[16]. Theexperimentdn this paperuseMSER
andHessianaf ne detector{14, 15] for featuredetectionandthe SIFT descriptor[11] for
featuredescription.

4.2 Bilaterally Symmetric Feature Pairs

Figure 2(a) illustratesthe processof matchingsymmetricfeaturepairsfrom animage. To
describethe appearancesf mirroredregions,a mirroredfeaturedescriptoris generatedor
eachfeature.lt canbeproducedy mirroring the originalimageregion abouttheline along
its orientationor by directly modifying thisfeaturedescriptor As shovn in Fig. 2(a), themir-
roredfeaturedescriptork? describesa mirroredversionof the featureregion R, associated
with thefeaturedescriptoiky,. A setof potentiallysymmetricfeaturepairsareformedbased
on the similaritiesbetweenthe original descriptorsandthe mirroreddescriptors As shovn
in Fig. 2(a),asymmetricfeaturepair (Ry; Ry) is matchedsincetheoriginal descriptoik; and
themirrored descriptonkg is similar enough.For matching,we calculatethe similarities of
descriptormpairsfor all the possiblesymmetricfeaturepairs,andsimply collectthe best300
matchesallowing multiple correspondencdsr eachfeature.Usually, in this initial match-
ing, the true matchratios becomemuch lower thanthe one-to-onenearesneighbor(NN)
methodshut it savesmary true matchegossiblyeliminatedby the NN matchingmethods
in the presenc®f repeategatterns.

For asymmetricmatchM; = (Ry; Ry), its symmetryis evaluatedby a functionof therel-
ativelocations prientationsandscaleof Ry andR,,. Asin [12], basednthe rst component
of Reisfelds [4] phaseweightingfunction, anangularsymmetryweightingF; 2 [ 1;1] is
computedas

Fi=1 cog0a+ Op 2Qab); (1)
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Figure3: (a) SupportmatchM; = (Ry; Ry) andaregion R.. (b) Propagtionof theregion R,
by M;. (c) Regionre nement.

wheretheanglesarede ned asillustratedin Fig. 2(b).
The centroidof the symmetrymatchc; andthe orientationof its local symmetryaxis a;
areestimatedasfollows.

Ci= (Xat+ Xp)=2; aj = (0a+ Op)=2: (2

All thepotentialsymmetrymatchesith positive phaseweightsareusedfor the symme-
try seedsn the next step.

5 Symmetry-Growing Technique

In this section,we describehow our algorithmgrows symmetryfrom the symmetryseeds
obtainedat the previousstep.

5.1 Symmetry Propagation

Thebasicbuilding block of our symmetry-graving algorithmis the symmetrypropagation,
whichis proposedn the basisof the propagtionattemptandre nementin [5].

As illustratedin Fig. 3, consideralocal symmetrymatchM; = (Ry; Ry) in the casethat
aredelliptical region R, is matchedo R,. For region Ry andRy,, normalizingtransforma-
tion function Hy andHy canbe calculated respectiely, which transformthe pixelsin the
regions onto the normalizedunit circle with the sameorientation[6]. Then,its re ective
transformatioril; from R; to Ry is de ned asfollows:

Ti = Hy TTuHa; 3)

whereTy denotesa mirroring transformatioraboutthe normalizedorientation.

Supposéhataregion R; is giventhatis closeenougho R, andlies onthe samesymmet-
ric pattern.And, now we aim to generate@nothersymmetrymatchM; = (R¢;Ry) usingM;
andR.. In thatcasewe statethatthesupportematchM; attemptgo propagtetheregionR..
To achieve it, we approximatehe symmetricregion Ry (closeto Ry,) by Ry = TiR. asshavn
in Fig. 3(b). Then,the propagitedregion Ry arere ned locally to nd abettermatch. The
re ner adjustsRy to producethe maximumZNCC (Zero-meamormalizedCrosscorrela-
tion) similarity with R; by locally searchinghe parametespaceof its af ne transformation
asshaowvn in Fig. 3(c). For thedetailsof re nement,we referto [5].
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Algorithm 1 Multi-Layer Symmetry-Graving Algorithm

5: repeat

6:  ThesupporteiM; with the highestsimilarity is removedfrom the supportetist L
Identify theclusterCp(3 M;) which containsthe supportematchM

Try to propagteits spatialneighborhoodegionsN (M;; Gy) by the supporteiM;
Thereliablematchesareacceptedindstoredin the clusterCp, andalsoaddedto the
supportettist L

10:  Thepropagtedregionsareeliminatedfrom the expansionlayer G,

11:  if equivalentmatchesaredetectedetweerdifferentclustershen

© ® N

12: Mergethe clustersncludingthe equivalentmatches
13: Combinethe expansionayersof the meigedclustersby intersectiorof thelayers.
14:  endif

15: until Thesupportetist L is empty
16: Eliminateunreliablesymmetryclusters

5.2 Multi-Lay er Symmetry-Growing Algorithm

Our symmetry-graving algorithmis summarizedn Algorithm 1. We startfrom a set of
symmetryseedmatchesobtainedin the previous section. Using the seedssingletonsym-
metry clustersare constructedy assigningeachsymmetryseedmatchto eachsymmetry
cluster Eachclustergeneratedts own expansionlayer which providesa spacefor expan-
sion. It consistsof a setof local regionsin the overlappingcircular grid which coversthe
imageplaneasshavn in Fig. 1(d). Then,thelist of supportematched. isinitialized asthe
setof all the obtainedsymmetryseeds.In eachiteration, the supportematchM; with the
highestsimilarity is removed from the supportelist. The clustercontainingM; is denoted
by Cp(3 Mi).

Expansion

For the supportematchM;, the candidateneighborhoodegionsareselectedn the cur
rent expansionlayer of the clusterCy, for propagtion. They consistsof the unoccupied
regionson the expansionlayer, which are closeto the larger region of the matchingregion
pairin M;. Supposeéhatx; representshe centerpositionof the larger region in the region
pair of M;, andx. denoteghe centerpositionof aregion R.. The currentexpansionlayer
of the clusterwhich includesM; is denotedby G,. Then,the spatialneighborhoodegions
N (M;;Gp) is de ned asfollows.

N (Mj;G) = fRjjXi X 2re;Re2 Gy, (4)

wherere meangheradiusof overlappingcircularregionsin the expansionlayer. It collects
the neighborhoodegions unoccupiedoy the clusterof the supportmatch. The candidate
regions are propagitedby the supportermatchM; asin Fig. 3. Note thatthe direction of
symmetrypropagtionin this manneris from the larger region of the supportmatchto the
smallerregion of the supportmatch.This propagtionto thedown-scaledirectionmaintains
betteraccurag thenthe oppositedirection.
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The propagitedsymmetrymatchesare acceptednly whenboth the photometricsimi-
larity andthepropertyof local symmetryarereliable. We usethe ZNCC for the photometric
similarity, andthe phaseweightof Eq. 1 for thereliability of local symmetry The matches
exceedingboth the similarity thresholdds andthe phaseweight thresholddr areaccepted
andincludedin theclusterof M;. For furtherexpansiontheacceptednatchesrealsoadded
tothesupportetist L . Theregionspropagtedby theaccepteanatchesareeliminatedfrom
the expansionlayer G,. Following this procedurethe supportetist, existing clusters their
expansionlayersareall sequentiallyupdated Theiterationcontinuesuntil the supportetist
becomeempty Note thatthe expandedregionsof differentclusterscanmutually overlap
sinceeachclusterhasits own expansionlayer. Thatis, thesymmetrymatchesccupying the
sameregion, called“region-sharingmatches"canexist in our framework if any two of the
matcheglo not belongto the samecluster Unlike the previous single-layematch-greving
methodq 1, 5, 7, 10], our multi-layerapproactenablego producemultiple symmetryclus-
tersoccuyying the sameregionsandavoid the casesvhereexpandedutlier clustersprevent
inlier clustersto expand.

Merge

If apropagtedmatchin expansioris signi cantly similarto existing one(s)in thesame
clusterof the supportermatch, suchan “equivalent match"is not allowed to expand for
avoiding duplication.Otherwisejf the propag@tedmatchis equialentto amatchin adiffer-
entcluster thetwo relevantclusteraremeiged. In our method two matchesaredetermined
asequvalentmatchesvhenthey overlapover 50% of the areain both regionsof the pair.
Whentwo clustersmerge, their expansionlayersarealsocombinedinto the intersectionof
thetwo layers.Thus,althoughour multi-layerapproachmultipliesthe spaceo explorefrom
a single-layerapproachof the previous methodd 1, 5, 7, 10], the mege procesgyradually
reduceshe numberof the layersandguidethe expansionprocesgo concentraten plausi-
ble expansion. Lik ewise, the expansionprocessalsoencourageshe meige process¢o nd
compatiblesymmetryclustersby graduallygrowing them. Throughthesecooperatre pro-
cessespur algorithm nds symmetricpatternsef ciently in spite of signi cant outliersin
initial seedmatches.

Symmetry Cluster Veri cation

After theendof all iterations,we verify thereliability of nal clusters.Typically, more
reliablesymmetryclustersarelik ely to grow larger. Thus,for asimplereliability measuref
eachsymmetrycluster we adoptthe areaof the corvex hull of thelocal region centermpoints
in thecluster We determinghata symmetryclusteris reliableif bothof two re ective areas
of theclusterarelargerthand,jlj wherejlj denotegsheareaof thegivenimagel.

6 Experiments

In all ourexperimentstheparametevaluesfor thealgorithmare x edasfollows: theZNCC
similarity thresholdds = 0:7, the phaseweightthresholdd: = 0:99, andthereliablecluster
thresholdd, = 0:02. The valuesof ds and d- is usedfor rejectingunreliablesymmetry
matchesn expansionthuswe cancontrolphotometricvariationandgeometricdeformation
by varyingthem.In generatingxpansionayers,we settheradiusof theoverlappingcircular
regionsre asl=25wherel denotegheshortedengthof the axesof thegivenimage.

We quantitatvely evaluatedour methodon the test datasetof 91 imagesusedin the
recentperformanceevaluation of symmetrydetection[17]. Examplesof our resultsare



8 M.CHO, K.M.LEE: BILATERAL SYMMETRY DETECTIONVIA SYMMETRY-GROWING

Input Our result LE06 LHS05

Figure4: Symmetrydetectioncomparisoronthedatasebf [17]. LEO6 andLHSO05denote
themethod=of [12] and[22], respectiely.

ImageType SyntheticSingle SyntheticMultiple
Algorithm | LEO6 | LHSO05 | Ours | LEO6 | LHSO5 | Ours
S 92% | 62% | 100% | 35% | 28% | 77%
Rep 15% 0% 15% | 4% 8% 33%
ImageType RealSingle RealMultiple
Algorithm | LEO6 | LHSO05 | Ours | LEO6 | LHSO5 | Ours
S 84% | 29% | 94% | 43% | 18% | 68%
Rep 68% 3% 69% | 44% 0% 17%

Tablel: Performanceomparisoron thedatasebf 91 imagesfrom [17].

shawn in Fig. 4 and5 * wherethe corvex-hull segmentationand the major axis of each
symmetryclusterarevisualized.Eachcolorrepresenttheidentity of eachsymmetrycluster
The examplesdemonstratéhat our symmetry-graving methoddetectsthe entireregion of
symmetricpatternwith densecorrespondencas eachsymmetrycluster sothatit provides
more accurateand robust performancethan the previous methods. Park et al. compared
two state-of-the-arilateralsymmetrydetectioralgorithms[ 12, 22] in their evaluation[17].
We comparecbur resultswith them. For comparisonsensitvity andfalsepositive rateare
measured.SupposeT P is the numberof true positives: symmetriesn the imagethatare
identi ed correctly FP is the numberof falsepositives: non-symmetriesletectedby the
algorithm as symmetries,and GT is the numberof groundtruth symmetries. Then, the
sensitvity is de ned as S = TP=GT andthe falsepositive rateas Rrp = FP=GT. All
the resultsare summarizedn Table.1. Note that the resultsof [12] and[22] in Table.1
are obtainedby testingthe algorithmson four imagescales(from 1 to 1/4 of the original
size) and choosingthe bestresult[17]. Whereasour resultsare obtainedby testingonly
on the original size of the images. Neverthelessfor sensitvity &, our algorithm clearly
outperformghe methodwf [12, 22] in all imagetypes.

In the senseof falsepositive rate Rep, our methodappearsot clearly betterthantwo

1The dataset, the ground truth, and the result images of [12] and [22] are borroved from
http://vision.cse.psu.edw@uation.html
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Figure5: Examplesof symmetrydetectiorandsegmentatioron the datasedf [17].

other methodsexceptfor the caseof realimageswith multiple symmetry However, the
reasonis that our methoddetectsmoretrue symmetricpatternsthanthe groundtruth data
of the dataset.Thatis, a greatportion of our falsepositive detectionsare not falsein fact.
For examples,eachimageat the 3rd and4th row in Fig. 5 hasonly onesymmetricpattern
accordingo thegroundtruthdata,but our methoddetectevenmoretruebilateralsymmetric
patterns Of coursejt alsohappensn multiple symmetrydataseaisimagesn 8throw. These
caseavereprevalentin ourresults.Thereforethe experimentslemonstrat¢hatour method
is highly robustandaccurateandis widely applicableto thereal-world complex images.

7 Conclusion

In this paperwe presented novel approacho bilaterally symmetricpatternsdetectionand
segmentationwhich dealswith multiple symmetryin real-world images. On the basisof
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alocal-featurebasedapproachit ef ciently explorestheimageplaneto exploit furtherin-
formationbeyond detectedsymmetricfeatures.In this stratgy, our methodovercomeghe
limitations of the previous symmetrydetectiormethodswith a novel multi-layersymmetry-
growing framework which detectoverlappingsymmetriesandavoiding interferenceof out-
liers. As demonstrateth the experimentsour methodclearly outperformsstate-of-the-art
methodsandprovidesrobustdetectionon real-world complex images.Our approacttanbe
extendedfor avariety of patternanalysistasks.
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