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Abstract

We introducea methodfor segmentinga shapefroman
image and simultaneoushdeterminingits symmetryaxis.
Thesymmetnyis usedto helpthe sgmentatiorandin turn
the sgmentatiordeterminegshe symmetry The problemis
formulatedas oneof minimizinga goodnes®f tnessfunc-
tion andDijkstra's algorithmis usedto nd theglobal min-
imumof thecostfunction. Theresultsareillustratedonreal
images.

1. Intr oduction

The importanceof symmetricshapesaslong beenre-
alizedin thevision community[2, 3, 4]. Suchsymmetries,
whendetectedcontainusefulinformationaboutthe shape
which canbe usedfor shapedescriptionandfor breaking
shapesup into symmetricparts. In addition,it is clearthat
humanobsenrersarehighly sensitveto symmetryandmalke
useof it in their processingf imagegq21].

Mostwork on symmetryhasassumedhatthe shapehas
rst beensegmentedfrom the background. In practice,
however, image sggmentationis often very dif cult to do
correctly It is thereforeunrealisticto assumehat current
generapurposeseggmentatiortechniquesvill beableto de-
terminethe shapessilhouette In addition,suchtechniques
will oftenoutputlargenumbersf edgedn theimageanda
groupingprocesswill be neededo determinewhich edges
correspondo theshapeandwhich do not.

This motivatesus to devise a methodto segmentthe
shapeand determineits symmetryaxis simultaneously In
this method,the symmetryhelpsthe segmentationprocess
and,in turn, the sggmentationguidesthe symmetrydetec-
tion. Our methodinvolvesde ning a goodnesf tness
function, which embodiesour notion of symmetry and of
usingthe shortespathalgorithm(i.e., Dijkstra's algorithm,
an likealgorithmthatuseghebest- rstsearctprinciple)
to nd aglobalminimumof this function.
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2. Previous Work

Therehave beenmary paperson symmetrydetection.
In [2, 3, 4] Blum proposedhe symmetryaxis(or skeletor)
asa shapedescriptionfor objects.A radiusfunctionanda
cunaturefunction arede ned for pointson the symmetry
axes.Thesegunctionstogethemith the symmetricaxescan
thenbe usedasa shapedescriptor More recentwork has
includedvariantssuchas SLS [5] and PISA [13]. More-
over, muchprogresshasbeenmadeapplying multiresolu-
tion schemesnd/orsmoothing[17], ([16], via Voronoidi-
agrams)[18], ([19], via reaction-difusionequation)[22].
In [14], avariationalframenork basedon self-similarity of
shapess presented.

Thesemethods however, assumehat the silhouetteof
theshapehas rst beenextracted.But imagesegmentation
is adif cult problemand,in addition,edgegroupingwould
be requiredin orderto determinewhich edgescorrespond
to the objects silhouette.For colorimagesit is possibleto
segmentusingregional cues[11], but thesemethodshave
not yet beenextendedto grey-scaleimageswhereregional
propertiesare typically lessinformative. More relevantis
thework on nding roadsby dynamicprogrammind1].

On the other hand, there hasbeensuccesaising high
level objectmodelsto performsegmentatiorof e xible ob-
jects[12, 10, 8]. Thesemethodshowever, aretoo object
speci ¢ for our purposes.We requirea methodthat uses
more knowledgethana typical low level segmentatioral-
gorithm but lessthanan objectspeci ¢ model. Symmetry
axesarea goodintermediatdevel representatioandtheir
outputcould be usedasinput to shaperepresentatioand
recognitionsystemssuchas[19, 22, 14]. Ad hocapproach
usessymmetryaxiscanbefoundin [7] but herewe address
it in a principleway.

Ourapproactwill useDijkstra'salgorithm,wherein ob-
jectrecognitionis introducedn [10]. This algorithmis re-
latedto dynamicprogrammingvhich hasbeenusedin ser-
eralvisionapplicationsfor example[15, 1, 9, 8]. Dijkstra's
algorithmis guaranteedo nd the optimal solutionandis
typically considerablyastethandynamicprogramming.



3. The Representationof Symmetry and Shape

Our approachinvolves rst de ning a representation
modelfor the shapeandits symmetryaxis. Next we de-
ne agoodnes®f tnessfunctionwhichmeasurdnow well
themodel ts the data.Finally we describehow Dijkstra's
algorithmcanbe usedto minimize the goodnes®f tness
function.

We representhe shapevia a symmetryaxis asfollows.
For eachpoint  in the symmetryaxiswe de ne a pair of
correspondingoints on the left and right bound-
aries of theshapesee gure (1). Moreover, -

sothatthe symmetryaxisis de ned by the correspond-
ing pair of boundarypoints. We de ne rib vectos SO
that -

We canchoosédo describeheshapan termsof eitherthe
left andright boundariesor the symmetryaxis andtherib
vectors.In this papemwe usetheleft andright boundariess
thefundamentatepresentatioof theshapeThesymmetry
axisandtherib vectorsarethentreatedasderivedquantities
which canbetreatedasfunctionsof theboundaries.

Anotherderived quantitywhich we will alsouseis the

rib angles and , where

and . We use to denoteheunit
vector Obsenethat for each .

Finally, we de ne the curvatue angles . Thesean-
gles are a measureof straightnes®f the symmetryaxis.

They arede ned by

|
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Figure 1. The representation of the shape
and the symmetry axis. The left and right
boundar y points, and are shown.
So are the symmetr y axis and the rib
angles and

4. The Goodnesof FitnessFunction

We now de ne a goodnes®f tness functionto deter
mine how well the shapemodel ts the data. The tness
functionmustsatisfyseveraldesirableproperties.The rst
propertyis that it mustensurethat the boundariesof the
shapeshouldgenerallybe at placesof high intensitygradi-
ent pointedacrossthe boundary For the secondproperty
the symmetryaxis should be fairly smoothso that large
changedn direction are discouraged. The third property
requiresthat the length of neighboringrib vectorsshould
be similar. Thiswill ensurethatthe boundaryof the shape
doesnot uctuate rapidly. The fourth propertystatesthat
the vectorjoining pairs of symmetricboundarypoints,
and , shouldbe roughly perpendiculato the symmetry
axis.

After someexperimentationye have settledon the fol-
lowing tness function

where

1)
Recallthat,in the previous section the and
have beende ned asfunctionsof the and

The rst two termsof the right handside of the equa-
tion enforcesthe rst property The third, fourth and fth
termsenforcethe secondoroperty(smoothnessf the sym-
metry axis), thethird property(smoothnessf rib vectors),
and the fourth property (perpendicularityof axis andrib)
respectiely.

This goodnes®f tness function canbe given a prob-
abilistic interpretationusing the Gibbs distribution and
Bayes'theorem. In this interpretationthe rst two terms
of the enegy function will correspondo the likelihood
functionfor generatinghe image. Obsenre thattheterms
only constrainthe imageintensityat the boundarief the
shapeslin the probabilisticinterpretatiorthis is equivalent
to assuminghattherestof theimageis generatedby a uni-
form intensitydistribution pointwise. The remainingthree
termsin the enegy function will correspondo the prior
probabilityof theshape.



Symmetry axis and articulation: When applying the
symmetric-axisprinciple to designa segmentationalgo-
rithm, oneneeddgo considetthefollowing scenariavhichis

encounterederyoften. Suppos¢heimageto besegmented
containsobjectswith articulations. Then, we would pre-
fer thata symmetricaxis cango alongthoseplaceswhere
articulationsoccurredwithout losing the desiredsymmet-
ric property More precisely in Figure 2, we see,for the
symmetryaxisto maintainagoodcorrespondencédsetween
pointsonthetwo boundariesit is necessarfor thosepoints
on the outer boundarymoving in a fasterpacealongthe
cornercomparedo thoseon the inner boundary(Onecan
imagineasif therewereaninnertangentircle rolling and
passingaroundthe curved part of Figure2). The tness

functionin (1) hassuchpropertyaswe have addedthe per

pendicularityterm ( the lasttermin (1) ) in its de nition.

Laterwe will shav someexperimentakesultsregardingto

thisaspect.

Symmetry Axis

Figure 2. A symmetry axis generated by
the left and right boundar y moving along
corner. This is often encountered for
shapes/objects with articulations.

5. Dijkstra' s Algorithm with Hashing

We considerthe searchfor the bestsequencef pair of
points , givenaninitial pair . Thefollowing
graphis constructed.Eachnodein the graphrepresents
pair of points from theimageplane(seeFigure3).
Thus, eachnoderepresents point in a four dimensional
space(sincea pair of pointsfrom two dimensionalattice
have four coordinates).Eachgraph-edgeontainsthe cost
computedfrom the tness function (1) to selecta pair of
nodesaspartof the sggmentatiorsolution.

To segmenta region in animage,all possiblepathsare
generatedtartingfrom theinitial node . Eachpath
correspondso a candidatesegmentation Noticethat, with-
out consideringdcclusion every pathis a continuouscurve
in a four dimensionalspaceas seenin Figure3. A sa&-
mentationis derived whenerer a pathhasits left andright
boundary thus their symmetryaxis, all reachinga same
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Figure 3. The diagram for the Dijkstra' s algo-
rithm with hashing scheme. Notice that in
the image plane, the -connected neighbor
structure is adopted.

nodein the graph. The solutionwe look for is an optimal
path/sgmentatiorwith minimal cost.

The Dijkstra's algorithm is implementedwith a Fi-
bonacciheap,so it leadsto a very ef cient optimization
computationTo resohethemassie amountof memoryre-
quiredfor a global optimizationprocessover a graphwith
four-dimensionnodal structure the hashingwith chaining
schemas adopted Every four dimensionahodein the Di-
jkstradiagramis mappedy afunction toakey, say ,as
theinputof awell-de ned hashfunction . In thisway, the
programis not limited by the sizeof RAM andcanhandle
imagesof almostall sizes.

HashTable

The hashfunction usedin our programis basedon the
division method An alternatve choiceis to derive a hash
functionusingthe universalhashingapproachTo construct
a goodhashfunctionis a pivotal issue we will notgointo
detailsandreferthereadergo, e.g.,[6].

We havetestedursoftwareonboththeSilicon Graphics
challengegGRandPentiumll PCs.Theexperimentatesults
areshowvnin next section.
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Figure 4. Examples of segmentation.




6. Experimental Results

A varietyof experimentdhave beencarriedoutto testthe
segmentatioralgorithm.Dueto thelimited spacewe shav
two setsof experimentaresultshere.

Theresultsin Figure4 areto illustratethe basicideaof
how seekinghe symmetryaxiscanhelpto segmentanim-
age.lt canbe seenthatthe algorithmsucceedbothat sey-
mentationand at symmetryaxis detectionand representa-
tion. If werelaxthestraightnesgor smoothnesgpstriction,
we derive asggmentatiorsuchastheonein Figure4(b). On
the otherhand,if the straightnessonditionis emphasized,
the algorithm may override the local edgeinformationin
orderto nd agoodsymmetryaxis. In Figure4(c)thealgo-
rithm createsanarti cial “secondthumb”ontheright hand
sidesoasto be symmetricwith therealthumb(ontheleft).

Thesecondsetof experimentss to sgmentimagescon-
taininghumanobjects.ThetestimagesareFigure5(a),5(b)
and5(c). Let us rst look at their gray-level gradientim-
agesshavn in Figure5(d), 5(e)and5(f), respectiely (The
imagesaregeneratedrom a gradientoperatorprovidedin
KHOROS 2.1). Thoughthe humanobjectin eachimage
appeargo be perceptible,it is dif cult to group edgesor
segmenttheimagescorrectly The problemis that, for ex-
ample,in Figure5(a) and5(b), to sggmentthelegs shovn
in eitherimage,thereare other signi cant edgesat junc-
tion pointsstrongerthanthe desiredones. Also, the edges
alongthe legs breakwherecanbe seenfrom the gradient
images.With symmetryaxis,ouralgorithmis ableto locate
andsegmentsymmetricpartsof the humanshapecorrectly
asdisplayedn Figure6.

Figure6(f) shavsthatthesymmetryaxisis detectedven
whenthe axisis bent,sometimegyuite severely This sup-
portsthe obserationwe make to utilize the perpendicular
ity propertyto helptheaxismoving aroundthecurvedparts
of anarticulatedshape.

7. Discussion

This paperdescribesa methodfor simultaneouslhysey-
menting shapesand detectingtheir symmetryaxes. Our
currentwork involvesgeneralizinghiswork in threedirec-
tions. Firstly, the modelshouldbe generalizedo include
regional propertiesvhich canbe usedto helpthe sggmen-
tation. Secondlythe modelmustbe extendedto allow for
bifurcationgn thesymmetryaxis. Thirdly, we mustdevelop
techniquedor automaticallyinitializing the algorithm.The

rst two of theseproblemscanbe solved by modifying the
goodnes®f tness functionandincreasinghe statespace.
Thethird problemcanbe solved by usingcornerdetectors
asinitial guessesinddynamicallyselectingthe right ones
using the proceduredescribedin [10]. Alternatively we
could usedynamicprogrammingto searchfor symmetry

(@) (d)
(b) (e)
(© (f)

Figure 5. (a), (b) and (c) are testing images.
(d), (e) and (f) are their respective (gray-
level) gradient images.

axeseverywherein the imageby adaptingthe work of [9]
and/or[8].
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