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Abstract

Wepresentanovel androbustmethodfor localizingandsegmentingbilaterallysym-
metric patternsfrom real-world images. On the basisof symmetricallymatchedpairs
of local features,our methodexpandsand merges con�dent local symmetricregion
matchesby exploiting bothphotometricsimilarity andgeometricconsistency via ournew
symmetry-growing framework. It overcomesthelimitationsof thepreviouslocal-feature
basedapproachesby ef�ciently exploringtheimagespaceto grow symmetrybeyondthe
detectedsymmetricfeatures.Theexperimentalevaluationdemonstratesthatourmethod
successfullydetectsandsegmentsmultiple symmetricpatternsfrom real-world images,
andclearlyoutperformsthestate-of-the-artmethodsin accuracy androbustness.

1 Intr oduction

Our world is full of symmetries.A varietyof symmetriesoccurin nature,living organisms,
and manufacturedartifacts,and provide humanswith pre-attentive cues[2] that enhance
objectrecognition.Humanbeingsarevery goodat detectingsymmetry, andunderstandthe
visualworld basedontheperceptionandrecognitionof repeatedpatternsthataregeneralized
by themathematicalconceptof symmetries[21]. Wagemans[20] viewssymmetryasoneof
themostimportantaspectsof earlyvisualanalysis,andrecentpsychophysicalresultssuggest
thatthedetectionof symmetriesunderperspective distortionis anintegral partof 3D object
perception.Symmetrydetectionon 2D or 3D imageshasbeenan active researchareafor
over four decades[3, 8, 9, 12, 13, 18, 19, 22]. Despitethe long history of the research,
the recentperformanceevaluation[17] shows thatwe arestill shortof a robustandwidely
applicablesymmetrydetector.

In this paper, we proposea novel androbust methodfor detectingandsegmentingbi-
lateral or re�ective symmetrywhich is the most familiar form of symmetry. It enables
reliabledetectionandsegmentationof multiple symmetriesfrom real-world clutteredim-
ages. Our work is inspiredby the recentmatch-growing approaches[1, 5, 7, 10] usedin
object-recognitionandimageregistration. On the basisof symmetricallymatchedfeature
pairs[3, 12], our methodexpandsandmergescon�dent symmetricregion matchesby ex-
ploiting both photometricsimilarity andgeometricconstraintof bilateralsymmetryin our
novel symmetry-growing framework. Unlikethepreviouslocal-featurebasedmethodsbased
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on voting schemes[3, 9, 12, 19, 22], it canhandlebothsigni�cantly low inliers anddefor-
mationby ef�ciently exploring theimagespacebeyondthedetectedfeatures.

2 PreviousWork

Theproblemof symmetrydetectionhasbeenextensively studiedin numerous�elds includ-
ing visualperception,computervision, robotics,andcomputationalgeometry. Themethods
canbebroadlyclassi�ed into globalandlocal feature-basedmethods.Globalmethodstreat
theentireimageasa signalfrom which symmetricpatternsareinferred. Examplesinclude
thework of Marola[13], Keller andShkolnisky [8], SunandSi [18]. However, theseglobal
approachesare limited to detectinga single incidenceof symmetry, and also greatly in-
�uenced by backgroundclutters. On the contrary, local feature-basedmethodsuselocal
featuressuchasedges,contours,boundarypoints,andregionsto detectsymmetryby group-
ing symmetricsetsof local features.Thestandardway to accumulatesymmetryhypotheses
from featureinformationis to usevoting schemessuchastheHoughtransform.Their main
advantageis to moreef�ciently detectlocal symmetriesagainstbackgroundcluttersin im-
agesthat arenot globally symmetric. Moreover, the recentdevelopmentof local invariant
features[11, 14, 15] hasbroughtaboutsigni�cant progressin this approach.Tuytelaarset
al. [19] presenteda methodfor thedetectionof regular repetitionsof planarpatternsunder
perspective skew usinga geometricframework andcascadedHoughtransform.Lazebniket
al. [9] usedaf�ne invariantclustersof featuresto detectsymmetries.Loy andEklundh[12]
proposedanef�cient methodto exploit thepropertiesof local invariantfeaturesfor grouping
symmetricconstellationsof featuresanddetectingsymmetry. Corneliuset al. [3] extended
this approachby constructinglocal af�ne frames. Although all theselocal-featurebased
methodsshow morerobustperformanceoverglobalmethods,they arelargely in�uencedby
featuredetectionstep,andcannotexploit furtherinformationbeyondthedetectedfeatures.

Recently, match-growing approaches[1, 5, 7, 10] areproposedto addressthelimitation
of conventionallocal-featurebasedapproachesin theareaof objectrecognitionandimage
registration.Thematch-growing approaches[5, 10] expandtruematchesandeliminatefalse
matchesbasedon the fact that the truematchesgrow betterthanfalseones.Choet al. [1]
integratematchpropagation of [5] in the data-driven Monte Carlo dynamicsto recognize
andsegmentcommonobjectpairsdirectly from imagepairs. Kannalaet al. [7] extendthe
quasi-densematchingmethodof [10] for objectrecognitionandsegmentation.

Our symmetry-growing methodovercomesthe limitationsof theprevious local-feature
basedapproachesby ef�ciently exploring the imagespaceto exploit further information
beyond the detectedsymmetricfeatures.Multiple clustersof consistentsymmetricfeature
pairsaredirectly detectedin our growing processwithout conventionalvoting procedureof
theHoughtransformor RANSAC.Unlikethepreviousmatch-growing methods[1, 5, 7, 10],
we proposea novel and ef�cient multi-layer growing algorithm for avoiding the adverse
effectof outliersin symmetrydetection.

3 Overview of Our Approach

Given an image,our methodaimsto detectandsegmentall the bilaterally symmetricpat-
ternsandinfer their quasi-densecorrespondenceswithin the symmetricpatterns.Figure1
illustratesa brief overview of our approach.First, we extract local invariantfeaturesfrom
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Figure1: Overview of oursymmetry-growing approach.Seethetex for detaileddescription.

thegivenimage(Fig. 1(a)) asshown in Fig. 1(b). Second,usingtheappearancearoundthe
detectedfeaturesandits mirroredfeatures,we obtainpotentialsymmetricmatchingpairsof
featuresas in Fig. 1(c). Third, startingfrom singletonsymmetryclusterseachcontaining
a singlesymmetrymatch,we simultaneouslyexpandandmerge the symmetryclustersby
exploring theimagespacein our symmetry-growing framework. To establishnew symmet-
ric region pairs in expansion,we usesetsof elementregionsconsistingof an overlapping
circulargrid of regularlocal regionsasshown in Fig. 1(d). Usingthem,our algorithmgrad-
ually grows reliablesymmetryclustersasshown in Fig. 1(e)-(f), wherethe dotswith the
samecolor representthefeaturesin thesamecluster. Finally, thereliablesymmetricpatterns
grown well enougharechosenasin Fig. 1(h), wherethedetectedsymmetryis indicatedby
theconvex hull of thefeatures.

4 Bilateral Symmetry Seeds

Symmetricallymatchedpairsof localregionfeatures[12] areusedasseedsfor oursymmetry-
growingalgorithm.Variousmodernlocalfeaturedetectors[11, 14, 15] providerobustmeans
for generatingdensefeaturesandmatchingthembetweenimages.Thedistinctivenessof the
matchesobtainedby local invariantfeaturesmake thesemethodswell suitedfor detecting
pairsof symmetricfeatures.Potentialbilaterallysymmetricmatchescanbeobtainedby con-
structingasetof mirroredfeaturedescriptorsandmatchingthemagainsttheoriginal feature
descriptors.The reliability of symmetryexhibited by eachpair is evaluatedby using the
relative locations,orientationsandscalesof the featuresin thepair. The remainderof this
sectiondiscussesthedetailsof theprocedurefor detectingtheseedsof bilateralsymmetries.

4.1 Featuresand descriptors

A setof featureregionsaredeterminedusingany af�ne-invariantor scale-invariantdetectors
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 representedby its location,orientation,andotherregion parameters.
In this paper, we usetheaf�ne invariantregion detectorandits matrix parametrization[15].
A detectedregion Ra is denotedby Ra = (xa;Sa;oa) consistingof its centerlocation,co-
variancematrix, andorientation,respectively. An interior pixel x of the region Ra satis�es
(x � xa)TSa(x � xa) � 1. The orientationoa of eachfeatureis evaluatedby its dominant
gradientin theneighborregionasin [11]. Othertypesof featuressuchasthescale-invariant
detector[11] alsocanbe adaptedto this representation.After featureextraction,a feature
descriptorka is generatedfor eachfeatureregion,encodingthelocal appearanceof thefea-
tureafter its normalizationwith respectto theorientationandaf�ne distortion.Any feature
descriptorsuitablefor matchingcanbeused[16]. Theexperimentsin this paperuseMSER
andHessianaf�ne detector[14, 15] for featuredetectionandthe SIFT descriptor[11] for
featuredescription.

4.2 Bilaterally Symmetric FeaturePairs

Figure2(a) illustratesthe processof matchingsymmetricfeaturepairsfrom an image. To
describetheappearancesof mirroredregions,a mirroredfeaturedescriptoris generatedfor
eachfeature.It canbeproducedby mirroring theoriginal imageregion abouttheline along
its orientationor by directlymodifyingthisfeaturedescriptor. As shown in Fig. 2(a),themir-
roredfeaturedescriptork0

b describesa mirroredversionof the featureregion Rb associated
with thefeaturedescriptorkb. A setof potentiallysymmetricfeaturepairsareformedbased
on thesimilaritiesbetweentheoriginal descriptorsandthemirroreddescriptors.As shown
in Fig. 2(a),asymmetricfeaturepair (Ra;Rb) is matchedsincetheoriginaldescriptorka and
themirroreddescriptork0

b is similar enough.For matching,we calculatethesimilaritiesof
descriptorpairsfor all thepossiblesymmetricfeaturepairs,andsimply collect thebest300
matchesallowing multiple correspondencesfor eachfeature.Usually, in this initial match-
ing, the true matchratiosbecomemuchlower thanthe one-to-onenearestneighbor(NN)
methods,but it savesmany truematchespossiblyeliminatedby theNN matchingmethods
in thepresenceof repeatedpatterns.

For asymmetricmatchMi = (Ra;Rb), its symmetryis evaluatedby a functionof therel-
ativelocations,orientationsandscalesof Ra andRb. As in [12], basedonthe�rst component
of Reisfeld's [4] phaseweightingfunction,anangularsymmetryweightingF i 2 [� 1;1] is
computedas

F i = 1� cos(oa + ob � 2qab); (1)
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Figure3: (a)SupportmatchMi = (Ra;Rb) anda regionRc. (b) Propagationof theregionRc
by Mi . (c) Region re�nement.

wheretheanglesarede�ned asillustratedin Fig. 2(b).
Thecentroidof thesymmetrymatchci andtheorientationof its local symmetryaxisa i

areestimatedasfollows.

ci = (xa + xb)=2; a i = (oa + ob)=2: (2)

All thepotentialsymmetrymatcheswith positivephaseweightsareusedfor thesymme-
try seedsin thenext step.

5 Symmetry-Growing Technique

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

5.1 Symmetry Propagation

Thebasicbuilding block of our symmetry-growing algorithmis thesymmetrypropagation,
which is proposedon thebasisof thepropagationattemptandre�nementin [5].

As illustratedin Fig. 3, considera local symmetrymatchMi = (Ra;Rb) in thecasethat
a redelliptical region Ra is matchedto Rb. For region Ra andRb, normalizingtransforma-
tion function Ha andHb canbe calculated,respectively, which transformthe pixels in the
regionsonto the normalizedunit circle with the sameorientation[6]. Then, its re�ective
transformationTi from Ra to Rb is de�ned asfollows:

Ti = H � 1
b TMHa; (3)

whereTM denotesamirroring transformationaboutthenormalizedorientation.
SupposethataregionRc is giventhatis closeenoughto Ra andliesonthesamesymmet-

ric pattern.And, now we aim to generateanothersymmetrymatchM j = (Rc;Rd) usingMi
andRc. In thatcase,westatethatthesupportermatchMi attemptsto propagatetheregionRc.
To achieve it, weapproximatethesymmetricregionRd (closeto Rb) by Rd = TiRc asshown
in Fig. 3(b). Then,thepropagatedregion Rd arere�ned locally to �nd a bettermatch.The
re�ner adjustsRd to producethe maximumZNCC (Zero-meannormalizedCrosscorrela-
tion) similarity with Rc by locally searchingtheparameterspaceof its af�ne transformation
asshown in Fig. 3(c). For thedetailsof re�nement,we referto [5].
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Algorithm 1 Multi-Layer Symmetry-Growing Algorithm
1: ObtainsymmetryseedmatchesM = f M1;M2; :::;Mng
2: ConstructsingletonclustersCk = f Mkg(k = 1;2; ::;n)
3: Initialize their expansionlayersGk = f R1;R2; :::;Rmg(k = 1;2; ::;n)
4: Putall theseedsinto thesupporterlist L = f M1;M2; :::;Mng
5: repeat
6: ThesupporterMi with thehighestsimilarity is removedfrom thesupporterlist L
7: Identify theclusterCp(3 Mi) whichcontainsthesupportermatchMi
8: Try to propagateits spatialneighborhoodregionsN (Mi ;Gp) by thesupporterMi
9: Thereliablematchesareacceptedandstoredin theclusterCp, andalsoaddedto the

supporterlist L
10: Thepropagatedregionsareeliminatedfrom theexpansionlayerGp
11: if equivalentmatchesaredetectedbetweendifferentclustersthen
12: Mergetheclustersincludingtheequivalentmatches
13: Combinetheexpansionlayersof themergedclustersby intersectionof thelayers.
14: end if
15: until Thesupporterlist L is empty
16: Eliminateunreliablesymmetryclusters

5.2 Multi-Lay er Symmetry-Growing Algorithm

Our symmetry-growing algorithm is summarizedin Algorithm 1. We start from a set of
symmetryseedmatchesobtainedin the previous section. Using the seeds,singletonsym-
metry clustersareconstructedby assigningeachsymmetryseedmatchto eachsymmetry
cluster. Eachclustergeneratesits own expansionlayer which providesa spacefor expan-
sion. It consistsof a setof local regionsin the overlappingcircular grid which coversthe
imageplaneasshown in Fig. 1(d). Then,thelist of supportermatchesL is initializedasthe
setof all the obtainedsymmetryseeds.In eachiteration,the supportermatchMi with the
highestsimilarity is removed from thesupporterlist. TheclustercontainingMi is denoted
by Cp(3 Mi).

Expansion
For thesupportermatchMi , thecandidateneighborhoodregionsareselectedin thecur-

rent expansionlayer of the clusterCp for propagation. They consistsof the unoccupied
regionson theexpansionlayer, which arecloseto the larger region of thematchingregion
pair in Mi . Supposethat xi representsthecenterpositionof the larger region in the region
pair of Mi , andxc denotesthe centerpositionof a region Rc. The currentexpansionlayer
of theclusterwhich includesMi is denotedby Gp. Then,thespatialneighborhoodregions
N (Mi ;Gp) is de�ned asfollows.

N (Mi ;Gp) = f Rc j jxi � xcj � 2re;Rc 2 Gpg; (4)

wherere meanstheradiusof overlappingcircularregionsin theexpansionlayer. It collects
the neighborhoodregionsunoccupiedby the clusterof the supportmatch. The candidate
regionsarepropagatedby the supportermatchMi as in Fig. 3. Note that the directionof
symmetrypropagation in this manneris from the larger region of thesupportmatchto the
smallerregionof thesupportmatch.Thispropagationto thedown-scaledirectionmaintains
betteraccuracy thentheoppositedirection.
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The propagatedsymmetrymatchesareacceptedonly whenboth the photometricsimi-
larity andthepropertyof localsymmetryarereliable.WeusetheZNCCfor thephotometric
similarity, andthephaseweightof Eq. 1 for thereliability of local symmetry. Thematches
exceedingboth the similarity thresholdds andthe phaseweight thresholddF areaccepted
andincludedin theclusterof Mi . For furtherexpansion,theacceptedmatchesarealsoadded
to thesupporterlist L . Theregionspropagatedby theacceptedmatchesareeliminatedfrom
theexpansionlayerGp. Following this procedure,thesupporterlist, existing clusters,their
expansionlayersareall sequentiallyupdated.Theiterationcontinuesuntil thesupporterlist
becomesempty. Note that the expandedregionsof differentclusterscanmutually overlap
sinceeachclusterhasits own expansionlayer. Thatis, thesymmetrymatchesoccupying the
sameregion, called“region-sharingmatches",canexist in our framework if any two of the
matchesdo not belongto thesamecluster. Unlike theprevioussingle-layermatch-growing
methods[1, 5, 7, 10], our multi-layerapproachenablesto producemultiple symmetryclus-
tersoccupying thesameregionsandavoid thecaseswhereexpandedoutlierclustersprevent
inlier clustersto expand.

Merge
If a propagatedmatchin expansionis signi�cantly similar to existing one(s)in thesame

clusterof the supportermatch,suchan “equivalent match" is not allowed to expandfor
avoidingduplication.Otherwise,if thepropagatedmatchis equivalentto amatchin adiffer-
entcluster, thetwo relevantclusteraremerged.In our method,two matchesaredetermined
asequivalentmatcheswhenthey overlapover 50% of the areain both regionsof the pair.
Whentwo clustersmerge,their expansionlayersarealsocombinedinto the intersectionof
thetwo layers.Thus,althoughourmulti-layerapproachmultipliesthespaceto explorefrom
a single-layerapproachof the previous methods[1, 5, 7, 10], the merge processgradually
reducesthenumberof the layersandguidetheexpansionprocessto concentrateon plausi-
ble expansion.Likewise, the expansionprocessalsoencouragesthe merge processto �nd
compatiblesymmetryclustersby graduallygrowing them. Throughthesecooperative pro-
cesses,our algorithm�nds symmetricpatternsef�ciently in spiteof signi�cant outliers in
initial seedmatches.

Symmetry Cluster Veri�cation
After theendof all iterations,we verify thereliability of �nal clusters.Typically, more

reliablesymmetryclustersarelikely to grow larger. Thus,for asimplereliability measureof
eachsymmetrycluster, weadopttheareaof theconvex hull of thelocal regioncenterpoints
in thecluster. Wedeterminethatasymmetryclusteris reliableif bothof two re�ectiveareas
of theclusterarelargerthandajI j wherejI j denotestheareaof thegivenimageI .

6 Experiments

In all ourexperiments,theparametervaluesfor thealgorithmare�x edasfollows: theZNCC
similarity thresholdds = 0:7, thephaseweightthresholddF = 0:99,andthereliablecluster
thresholdda = 0:02. The valuesof ds and dF is usedfor rejectingunreliablesymmetry
matchesin expansion,thuswecancontrolphotometricvariationandgeometricdeformation
by varyingthem.In generatingexpansionlayers,wesettheradiusof theoverlappingcircular
regionsre asl=25wherel denotestheshorterlengthof theaxesof thegivenimage.

We quantitatively evaluatedour methodon the test datasetof 91 imagesusedin the
recentperformanceevaluationof symmetrydetection[17]. Examplesof our resultsare
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Figure4: Symmetrydetectioncomparisonon thedatasetof [17]. LE06 andLHS05denote
themethodsof [12] and[22], respectively.

ImageType SyntheticSingle SyntheticMultiple
Algorithm LE06 LHS05 Ours LE06 LHS05 Ours

S0 92% 62% 100% 35% 28% 77%
RFP 15% 0% 15% 4% 8% 33%

ImageType RealSingle RealMultiple
Algorithm LE06 LHS05 Ours LE06 LHS05 Ours

S0 84% 29% 94% 43% 18% 68%
RFP 68% 3% 69% 44% 0% 17%

Table1: Performancecomparisonon thedatasetof 91 imagesfrom [17].

shown in Fig. 4 and 5 1 wherethe convex-hull segmentationand the major axis of each
symmetryclusterarevisualized.Eachcolorrepresentstheidentityof eachsymmetrycluster.
The examplesdemonstratethat our symmetry-growing methoddetectsthe entireregion of
symmetricpatternwith densecorrespondencesin eachsymmetrycluster, sothat it provides
more accurateand robust performancethan the previous methods. Park et al. compared
two state-of-the-artbilateralsymmetrydetectionalgorithms[12, 22] in theirevaluation[17].
We comparedour resultswith them. For comparison,sensitivity andfalsepositive rateare
measured.SupposeTP is the numberof true positives: symmetriesin the imagethat are
identi�ed correctly, FP is the numberof falsepositives: non-symmetriesdetectedby the
algorithm as symmetries,and GT is the numberof groundtruth symmetries. Then, the
sensitivity is de�ned as S0 = TP=GT and the falsepositive rate as RFP = FP=GT. All
the resultsare summarizedin Table.1. Note that the resultsof [12] and [22] in Table.1
areobtainedby testingthe algorithmson four imagescales(from 1 to 1/4 of the original
size)andchoosingthe bestresult [17]. Whereasour resultsareobtainedby testingonly
on the original sizeof the images. Nevertheless,for sensitivity S0, our algorithmclearly
outperformsthemethodsof [12, 22] in all imagetypes.

In the senseof falsepositive rateRFP, our methodappearsnot clearly betterthantwo

1The dataset, the ground truth, and the result images of [12] and [22] are borrowed from
http://vision.cse.psu.edu/evaluation.html
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Figure5: Examplesof symmetrydetectionandsegmentationon thedatasetof [17].

other methodsexcept for the caseof real imageswith multiple symmetry. However, the
reasonis that our methoddetectsmoretrue symmetricpatternsthanthe groundtruth data
of the dataset.That is, a greatportionof our falsepositive detectionsarenot falsein fact.
For examples,eachimageat the3rd and4th row in Fig. 5 hasonly onesymmetricpattern
accordingto thegroundtruthdata,but ourmethoddetectsevenmoretruebilateralsymmetric
patterns.Of course,it alsohappensin multiplesymmetrydatasetasimagesin 8throw. These
caseswereprevalentin our results.Therefore,theexperimentsdemonstratethatourmethod
is highly robustandaccurateandis widely applicableto thereal-world complex images.

7 Conclusion

In this paperwe presenteda novel approachto bilaterallysymmetricpatternsdetectionand
segmentation,which dealswith multiple symmetryin real-world images. On the basisof
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a local-featurebasedapproach,it ef�ciently exploresthe imageplaneto exploit further in-
formationbeyonddetectedsymmetricfeatures.In this strategy, our methodovercomesthe
limitationsof theprevioussymmetrydetectionmethodswith anovel multi-layersymmetry-
growing framework whichdetectsoverlappingsymmetriesandavoiding interferenceof out-
liers. As demonstratedin theexperiments,our methodclearlyoutperformsstate-of-the-art
methodsandprovidesrobustdetectionon real-world complex images.Our approachcanbe
extendedfor avarietyof patternanalysistasks.
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