
QUANTIFYING DIFFERENCES IN SKELET ONIZATION ALGORITHMS:
A CASE STUDY
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ABSTRACT
In this casestudywe presenta framework for quantifying
differencesin skeletonalgorithmswhenappliedto coral-
like branchingstructures.Theoutputof threeskeletonal-
gorithmsis appliedto a set of well de�ned morphologi-
cal metrics,andthe resultsarecomparedwith an a-priori
known geometricstructure.The resultsof this studyhelp
coralbiologiststo determineunderwhich circumstancesa
skeletonalgorithmperformsadequately.
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1 Intr oduction

Branchinggrowth processesareubiquitousin nature.Ex-
amplesarebacterialcolonies,seaweeds,higherplantsand
variousmarinesessileorganismsaswell asthe growth of
tissuesandorgansystems,rangingfrom thevenoussystem
to thepatternof alveoli within lungs. For severalof these
processessimulationmodelshave beendeveloped.A ma-
jor challengeis thequantitativecomparisonbetweenactual
andsimulatedbranchingobjects.For this, thereis a need
for methodsthatcanquantifybranchingpatterns.

Our work has been inspired by collaborationwith
computationaland coral biologists. The growth process
of a stony coral canbe computedusingadvancedmodel-
ing and simulationtechniques,[6]. Precise3D skeleton
basedrepresentationsof coralsareof signi�cant interestto
thebiologists.Skeletonsprovide a compactrepresentation
while preservingthecoral's topology, andretainsuf�cient
local information to reconstructa closeapproximationof
the coral. This facilitatesa numberof importanttasksin-
cluding the quanti�cation of the local width of the coral,
theanalysisof its topology, andit' sbranchingpattern.

Despitetheir popularity, therobustandstablenumer-
ical computationof skeletonsremainsa challengingprob-
lem. ConsiderFigure1, which shows a surfacerendering
of a coralvisualizedasa semi-transparentiso-surface,and
three skeletonsdrawn as colored lines. The data set is
from a CT scanof a Madracis mirabilis coral. Although
the skeletonswerecomputedusingpublishedalgorithms,

it is clearthateachskeletonis very different.For thecoral
biologist this can be misguidingand may lead to biased
conclusions. For example,biologistsusethe skeletonto
perform morphologicalmeasurements(suchas thickness
of branches,branchingrates,branchingangles).Whenthe
skeletondoesnotapproximatethemedialaxisof thecoral,
thesemeasurementsbecomeill-de�ned.

Thegoalof this casestudyis to quantifydifferences
in skeletonalgorithmswhenappliedto coral-likebranching
structures.The approachwe have taken is to apply pub-
lishedmorphologicalmetricsto threeskeletonsof a syn-
theticcoral-likeobject,[3, 4]. Thealgorithmsthatcompute
theskeletonsarewell known andhavebeenpublished.For
this comparison,we createa syntheticobject from an a-
priori known geometricstructure. We apply the morpho-
logical metrics to the output of the three skeleton algo-
rithms andcomparetheseresultswith the a-priori known
geometricstructure.

Thecontributionof thiscasestudyis thatit providesa
framework to quantitatively compareskeletonizationalgo-
rithms. It shouldbe notedthat althoughthe framework is
generic,themorphologicalmetricsusedfor thiscasestudy
arenot. The metricswe usearederived from coral biol-
ogy, andhave speci�c meaningfor analyzingthe branch-
ing growth processesof coral. We muststressthat when
this framework is usedto compareperformancein applica-
tion areasotherthancoralanalysis(e.g.bloodvessels,gray
matterin thebrain,etc.),othermorphologicalmetricswill
berequired.

2 Relatedwork

Many books and papersdescribingskeleton algorithms
have beenpublished.Theapproachesto computingskele-
tonscanbebroadlyclassi�edinto four categories;topolog-
ical thinning, distancetransformalgorithms,wave propa-
gationbasedalgorithms,andVoronoidiagrambasedalgo-
rithms. Although eachalgorithm hasits merits, it is be-
yondthescopeof this paperto provide thedetailsof each
approach:

� Topologicalthinning methodsreveal the skeletonby
removing the outer layer of the object, and repeat-



Figure1. Two views of theMadracismirabilis coral. On theleft, a surfacerenderingwith threedifferentskeletongraphs,one
shown assolid lines,theothertwo usingdifferentstipplepatterns.Ontheright, aclose-uplook of thesamecoralandskeletons.

ing this until only the skeletonremains. They con-
siderthetopologyof surroundingvoxelswhendecid-
ing whetheraparticularvoxel shouldberemoved,[5].
Topologicalthinningalgorithmsaresimple,andthey
preserve the topologyof the object. They can,how-
ever, be rathersensitive to noiseand object orienta-
tion.

� Distancetransformbasedmethodscomputethe dis-
tanceto the imagebackgroundfor eachobjectvoxel
and usethis information to determinewhich voxels
arepartof theskeleton,[8]. Althoughskeletonvoxels
foundby thesemethodsarealwaysexactly in thecen-
ter of theobject,thedetectionof thesevoxels is non-
trivial, andthey areusuallynot connected,requiring
additionalmethodsto obtainaconnectedskeleton.

� Wavefront propagation methodspropagate a wave-
front from theroot of theobjectto theouterreaches,
andusethepathof this front to createaskeleton,[13].
They canbemadehighly insensitiveto noise,andthey
can producesmoothcontinuousskeletons,but they
will not alwaysproducea skeletonwhich is centered
insidetheobject.They canalsorequiremanualselec-
tion of skeletonendpoints.

� Voronoi diagramsare createdby choosinga set of
voxels andpartitioningthe imageinto regionscloser
to oneof thesevoxels than to any of the othervox-
els. When thesevoxels arechosenon the boundary
of theobject,theskeletoncanbeconstructedfrom the
boundariesdividing the regions, [7]. While Voronoi
diagrambasedmethodscanproducegoodskeletons,
thestepfrom diagramto skeletonis mostlybasedon
heuristics,andcanbecomputationallycomplex.

Comparisonsbetweenskeletonizationalgorithmsare
mostoften visual. Sometimesa singleskeletonof a real-
world object is assessedby an expert [12]. Often two

or moredifferentskeletons,typically computedfrom very
simpleobjects,areputside-by-side,andcomparedvisually,
[9]. As thesecomparisonsaremostlymadeby researchers
presentingtheir new algorithm, the goal of the compari-
sonis oftenonly to demonstrateonealgorithm's superior-
ity over another. Suchcomparisonsarenot satisfactoryfor
anumberof reasons.First, if thegoalis to demonstratethe
superiorityof anew algorithm,thereis alackof objectivity.
If algorithmsareonly comparedwith eachother, it cannot
bedeterminedwhetherthebestof theskeletonsis actually
closeto whattheskeletonof theobjecttruly is. Performing
analgorithmonasimpleobjectmightnotberepresentative
for theperformanceof thealgorithmin general;it doesnot
clarify whetheranalgorithmwouldbesuitablefor another
typeof objectthantheonewhich wasused.Finally, if the
resultingskeletonsdo not differ much,it is not possibleto
decidewhich is the betterone; somequanti�cation needs
to bemadein orderto draw aconclusion.

From the four categoriesof skeletonalgorithms,we
have chosento comparetwo topological thinning algo-
rithmsandonewavefrontpropagationalgorithm.Therea-
son for this is that the thinning algorithmsare relatively
simpleandeasyto use. The Palágyi algorithmwascho-
senbecauseit is an exampleof thinning basedon tem-
platematching,averypopulartechniquefor thinningalgo-
rithms. TheXie algorithmwaschosenbecauseit is anex-
ampleof a thinningalgorithmwhichdoesnotusetemplate
matching,andbecauseit usesa noisereductiontechnique
asa pre-processingstep. Also, given the visual resultsin
Xie's paper, is seemedto performbetterthanthe Palágyi
algorithmfor coral-like structures.The wave propagation
methodwaschosebecausewave propagation is a contin-
uousmethodandnot basedon voxels. Deschamps”algo-
rithm waschosensinceit seemedto provide goodvisual
resultsonmedicaldatasets.



Figure2. Theskeletoncomparisonframework.

3 Method

The framework can be seenas a pipeline, consistingof
several steps(seeFigure 2). The �rst step is to use a
”GroundTruth” skeletonto createaseriesof binary3D im-
ages,eachwith adifferentamountof noise.Next, skeletons
areextractedfrom eachimage,usingthreedifferentskele-
tonizationalgorithms. Eachskeletonis thenconvertedto
a graphrepresentation,if necessary. Finally, thecalculated
skeletons,aswell asthe”GroundTruth” skeleton,aremea-
suredusingseveralmetrics.

3.1 Skeletonizationalgorithms

Of the threealgorithmsused,two are basedon iterative
thinning,while thethird useswavefrontpropagation.

Thinning is a methodof obtainingtheskeletonof an
objectby removing eachsuccessive outer layer of an ob-
ject's voxels,until theobjectis just onevoxel thick. Each
iteration of a thinning algorithm consistsof one or more
sub-iterations.Eachsub-iterationconsidersone or more
voxels in the image,anddecideswhetherthey canbe set
to thebackgroundvalue.A parallelsub-iterationconsiders
eachvoxel separately, andthenremovesall suitablevoxels
at once;a sequentialsub-iterationremovesvoxelsoneat a
time,thustheremoval of eachvoxel is in�uencedby voxels
removedpreviously in thesamesub-iteration.

Theneighborhoodof avoxel is animportantnotionin
thinningalgorithms.If thevoxelsof an imageareconsid-
eredto be adjacentcubes,centeredat the voxel locations,
thenthe6-neighborhoodof avoxel consistsof all surround-
ing cubeswith which thevoxel sharesa face;similarly, the
18-neighborhoodconsistsof all faceandedgeneighbors,
andthe26-neighborhoodconsistsof all face,edge,andver-
tex neighbors.Two voxelsaren-adjacentif they arein each
others'n-neighborhood.

In wavefront propagation,a wavefront is propagated
insidethe object. A skeletonis thenobtainedby tracking
thepathof thewavefrontbackto thestartingpoint.

3.1.1 Palágyi

Palágyi andKuba [10] describea bordersequentialthin-
ning algorithm. It repeatedlycomparesbordervoxels and
their neighborhoodwith a set of templates,and removes

themif thereis a match. Whenno morematchescanbe
made,thealgorithmstops.

Eachiterationof this algorithmconsistsof six paral-
lel sub-iterations.Eachsub-iterationonly considersobject
voxels,whichhaveaneighboringbackgroundvoxel in one
particulardirection. The templatesare appropriatelyro-
tatedor mirroredfor eachdirection. Eachvoxel matching
oneof thetemplatesis removed.Theorderof thedirections
is chosensothattheobjectis thinnedevenlyonall sides.

3.1.2 Xie

In the algorithm of Xie, Thompsonand Perucchio[14],
each iteration consists of six directional parallel sub-
iterations,followedby arepeatingsequentialsub-iteration.
As in Palágyi's algorithm,thedirectionsarechosento en-
suretheobjectis thinnedevenly.

The parallel sub-iterationsremove candidateborder
voxelsby classifyingneighboringvoxels,andcountingthe
numberof connectedcomponentsformedby thevoxelsof
eachclass. If the numbersof componentssatisfycertain
requirements,thevoxel canberemoved.

Thesequentialsub-iterationattemptsto remove vox-
elswhich wereconsideredbut not removed in theparallel
sub-iterations.It usesa slightly differentsetof conditions,
andchecksthevoxelsin aspeci�c order, to avoid removing
toomany voxels.

This algorithm also includesa pre-processingstage
for reducingnoisein theinput image.Single-voxel protru-
sionsareremoved,andsingle-voxel indentationsare�lled.

3.1.3 Deschamps

The algorithm of Deschamps[2] usesa modi�ed Fast
Marching Method [13] to propagate a wavefront from a
startingpoint throughoutthe object. The Fast Marching
Methodcalculatesthefront arrival timefor all voxels.This
wavefront is thentracedbackto the origin usingthe Gra-
dientDescentmethod,which resultsin a setof linesrepre-
sentingtheskeleton.

The speedof the wavefront at eachvoxel is deter-
minedby a speedfunction. We usedthesquareof thedis-
tancetransform[1] of the dataset for this purpose;this
ensuresthattheskeletonis centeredwithin theobject.

Oneof Deschamps'modi�cations to theFastMarch-
ing Method is the so-called'freezing' of the front in lo-
cationsthatarerelatively closeto thestartingpoint of the
propagation. This resultsin improved detectionof elon-
gatedshapesby stoppingpropagation in directionswhere
thefront travelsslowly.

Thepointsfrom whichthefront shouldbetracedback
to the origin aredeterminedwith the aid of anothermod-
i�cation to the FastMarchingMethod. In additionto the
arrival time, thelengthof a path,which thefront followed
to eachvoxel, is calculated.Theobjectis thendividedinto
connectedregionswherethe lengthof this path is within



Figure3. The four measurementsperformedon coral branchstructures.From left to right: minimumandmaximumbranch
thickness(a-spheresandb-spheres),anglesbetweenbranches,branchingrateandbranchspacing.

intervals of a given size. For eachregion it is determined
which otherregion precededit, andwhich region follows
it; the regionswhich do not have any region following it
arethenconsideredendregions.Fromeachendregion,the
pointwith thehighestpathlengthis selectedasthestarting
point for a tracebackto theorigin.

Thebacktrackingdoesnot follow thevoxels; instead
theobjectvoxelsareconsideredto begrid pointswherethe
wavefrontarrival timeandit' sgradientareknown. At each
step,the gradientvectorof the arrival time at the current
locationis interpolated,andthe currentlocationis moved
apre-determineddistancein theoppositedirection.This is
repeateduntil thestartingpoint is reached.

Becausethe tracing would producea set of uncon-
nectedlines,eachtraceis haltedandconnectedto another
traceif thedistanceto thisothertraceissmallerthanaspec-
i�ed thresholdvalue.

3.2 Skeletongraph

Voxel skeletonsmustbeconvertedto skeletongraphs,be-
fore any measurementscanbe performed. The voxels of
thedatasetareassumedto form a three-dimensionalgrid,
with thefarbottomleft cornerat location(0; 0; 0). Thedis-
tancebetweentwo 6-adjacentvoxels in thegrid is de�ned
as1. A graphcanbeconstructedfrom thevoxelsby con-
nectingthegrid locationsof adjacentskeletonvoxelswith
lines.Theseform theedgesof thegraph,while thegrid lo-
cationsarethevertices.Thedistancebetweenvertices,and
thusbetweenvoxels,is theEuclideandistancebetweenthe
correspondinggrid locations.

To prevent certain irregularities and loops in the
graph, eachvoxel is connectedto the graph only once,
andvoxels areaddedwith a preferencefor skeletonvox-
elscloserto oneswhich arealreadypartof thegraph[11].
Theinitial voxel is chosenmanually.

3.3 Measurementson stonycorals

Several measurementswere performedon the skeletons.
Thesemeasurementsare commonlyusedby coral biolo-

gists.

� Themaximumthicknessof a branchis de�ned asthe
thicknessat a junctionof theskeleton.It is theradius
of a sphere,centeredat a the junction, touchingthe
backgroundin theoriginalvoxel image.Thisradiusis
thusequalto the Euclideandistancetransformat the
junction point. Thesesphereswill be referredto as
a-spheres.

Theminimumthicknessof a branchis theradiusof a
sphereon thepartof theskeletonfollowing the junc-
tion, with a radiussuchthat it touchesboth the im-
agebackgroundandthesphereat thejunction. These
sphereswill bereferredto asb-spheres.The�rst im-
agein Figure 3 shows the equivalent minimum and
maximumdiscsin a2D image.

� Theanglebetweentwo branchesis de�ned asthean-
glebetweentwo lines,startingat thecenterof amaxi-
mumsphere,andeachendingat thecenterof adiffer-
ent minimum sphere.The secondimagein Figure3
shows theseanglesin a2D image.

� Thebranchingrateis de�ned asthedistancebetween
two successive branchingpointsin theskeleton. It is
a measureof how often new branchesareformed; a
high valueindicatesrelatively slow formationof new
branchesduring thegrowth process.Thethird image
in Figure3 shows thebranchingrate.

� Thebranchspacingis de�ned asthedistancebetween
theendpointof a branch,andtheclosestpoint on the
skeletonwhich doesnot belongto thecurrentbranch.
Theendpointof abranchis not thelastskeletonpoint
belongingto thebranch.Insteadit is a point foundby
searchingfor a maximumdistancetransformsphere
along the skeleton,startingat the end. A sphereis
considereda maximumsphereif it is not completely
containedinsideanothersphereon theskeleton. The
lastimagein Figure3 shows thebranchspacing.

� In addition to the measurementsusedby biologists,
the ratio of the lengthof the skeletonbetweenevery



two successive branchingpoints, and the Euclidean
distancebetweenthesetwo points, was calculated.
For a segmentof theskeletonconsistingof thepoints
p0; : : : ; pn , with branchingpointsp0 andpn , the for-
mulais:

n � 1X

i =0

kpi +1 � pi k

kpn � p0k

The original skeletonconsistsof straightlines, with
ratio1:0, thereforethisratio indicateshow straightthe
calculatedskeletonis.

3.4 Testdata

Thedatausedfor testingis a setof 3D binary imagesof a
fractal-like tree,to which increasingamountsof noisehave
beenadded.A syntheticobjectwaschosenin orderto have
areferenceskeleton,or ”GroundTruth”, to whichthecom-
putedskeletonscouldbecompared.

3.4.1 Data creation

To createthedatasets,�rst apolygonalline modelof atree
wasgenerated.Themodelstartswith a vertical line. From
the top of this line, two new lines continue,oneat 55� to
the left, the otherat 55� to the right from the initial line,
in the XY plane. The lengthof the new lines is 0.8 times
the lengthof the initial line. This processof addingnew,
shorterlines is repeatedseven moretimes,with eachtwo
new lines constructedin a differentplane,rotated65� to
theright aroundthe,relative to thepreviousplane.

Next, aroundtheselines a set of round polygonal
tubeswas constructed,with a linearly decreasingdiame-
ter, suchthat the diameterat the baseof the treewas10
timesthediameterat theend;thediameterat thebasewas
set to 0.2 times the length of the �rst segment. Spheres
wereaddedat the root andthe endpointsof the tree,with
thesamediameterasthetubes,to createroundendpoints.

Thepolygonalmodelwasthenvoxelizedasa binary
volume,with theinside�lled with value1.

3.4.2 Noise

Additional datasetswereproducedby addingincreasing
amountsof noiseto the initial data,aroundthe boundary
betweenobject and background. To add the noise, �rst
a volumeof the samesizeas the datasetwas �lled with
random�oating point valuesbetween0:0 and100:0. To
generatea particularnoiselevel l , �rst all pointsfrom this
volumewith a valuelessthanl wereselected.All corre-
spondingpointsin thebinary image,which werefoundto
be6-adjacentto at leastonevoxel with value1, but them-
selveshadvalue0, werethensetto 1, producingan inter-
mediateimage.

Figure4. Thepolygonalmodelof thetestobject.Shadeof
grayindicatesthediameterof theobject.

Next, from the randomdataall points with a value
greaterthan100:0 � l wereselected.Eachcorresponding
1-valuedvoxel from theintermediateimage,which was6-
adjacentto at leastone0-valuedvoxel, wasthensetto 0 in
a �nal image.For ouranalysiswehavechosennoiselevels
0, 1, 2, 4 and8.

This methodproducesnoisewhich is only presenton
the surfaceof an object,ascould be the casewith a seg-
mentedimageof anobject,obtainedfrom a CT-scanneror
similardevice.

4 Results

The syntheticobjectwasvoxelizedto createa 3D binary
imagewith a resolutionof 360� 300� 240 voxels. The
algorithmsof Palágyi,Xie, andDeschampswerethenused
to obtainskeletonsof theimages.

While thealgorithmsof Palágyi andXie areturn-key
solutions, the wavefront propagation algorithm requires
many parameters.It wasusedwith the following settings:
pointswerefrozenwhenthe distanceto the startingpoint
waslessthan0:5 timesthemaximumdistance;thedistance
interval for endpointdetectionwas6:0; the minimum re-
gion sizewas5 voxels; theGradientDescentstepsizewas
0:5; andtheminimumdistancebetweentraceswas3:5.

4.1 Quantitati ve results

The graphsin Figure 5 show the averagevaluesof each
measurement,for eachalgorithmat eachnoisesetting. In
addition,theresultsof thesamemeasurementsfor theorig-
inal skeleton,which wasusedto constructthe testobject,
areshown in eachgraph.Thesemeasurementsweremade
by subdividing the linesof theoriginal skeletonuntil each
of thesesmallerlineshadalengthof lessthat0:5, andusing
theselinesasaskeletongraphfor measurements.

The graph of the averageradius of the a-spheres
shows that the Xie resultsare the bestfor this particular
measurement,but thedifferencewith wave propagation is
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Figure5. Graphsof eachmeasurementfor the referenceskeleton,thePalágyi skeleton,theXie skeletonandtheDeschamps
skeleton.Thex-axisdenotenoisesettings0, 1, 2, 4, 8. They-axisdenoteaveragedistancesor angles.

minimal. Palágyi shows erraticresults,andonly performs
well for thehighestnoiselevel.

For theaverageradiusof theb-spheres,Xie performs
slightly worsethantheotheralgorithmsat lowernoiselev-
els,but at highestnoiselevel Palágyi producesa quitedif-
ferentaverage,while wave propagationperformsthesame
asXie.

The angles between branchesare fairly constant
acrossnoiselevels for Xie andwave propagation. Thean-
gleswith Xie area little toohigh,while they areabit more
too low with wave propagation. Palágyi giveshigheran-
glesthanXie at lowernoiselevels,but graduallydecreases
to almostthesameangleaswavepropagationatthehighest
noiselevel.

For thebranchingrates,bothXie andwave propaga-
tion give resultsvery closeto the referenceskeleton. The
resultswith Palágyiarea little worsewithoutnoise,but de-
terioraterapidlywhennoiseis added.

Thebranchspacingis consistentlytoohighwith wave
propagation,andmuchtoolow with Xie. Palágyiwith little
noiseproducesthe bestresults,but is still too low. With
morenoise,theaveragevaluebecomesmuchtoo low.

The length=distanceratio betweenbranchingpoints
is reasonableconsistentbetweennoiselevels.Thethinning
algorithmshave a muchhigher ratio than the wave prop-
agation algorithm. This is mostly dueto the voxel-based
natureof thesealgorithms,which increasesthe lengthof
a diagonalpathbetweenmoredistantvoxels dueto alias-
ing, asopposedto thesmoothlinesproducedby thewave
propagationalgorithm.

Table1 showsthenumberof a-spheresfoundby each
algorithmfor eachnoiselevel. Recallthatana-sphereindi-
catesa junctionpoint in theskeleton.Thetableshows that
thePalágyiskeletonis verysensitiveto noise,while theXie

algorithmis lesssensitive. Thenumberof a-spheresfound
by Deschampsalgorithmremainsthe sameas that of the
referenceskeleton.

0 1 2 4 8
Reference 255 255 255 255 255
Xie 255 255 255 257 259
Palágyi 267 275 287 341 517
Wave propagation 255 255 255 255 255

Table1. Numberof a-spheresfor eachnoiselevel.

4.2 Visual results

Figure6 givesavisualcomparisonsof thetestresults.The
top row shows a surfacerenderingof the test object for
noiselevels 0, 2, and8. The bottomrow shows the cor-
respondingskeletonsin yellow (Palágyi), cyan (Xie), and
magenta(Deschamps).As statedin the introduction,with
only visualinspectionit is verydif�cult to determinewhich
algorithmperformsbest.

Figure7 shows the Palágyi skeletonwith a-spheres,
at threenoiselevels.Theseimagesshow wherethePalágyi
algorithmintroducesadditionaljunctions.Fromtheimage
it canbeobservedthatjunctionsaregeneratedat thelower
branchinglevelsof thetree(wherethebranchthicknessis
large), and not at the higher branchinglevels (wherethe
branchthicknessis small).



Figure6. Surfacerenderingsof thetestobjectfor threenoiselevels(top),andthecorrespondingPalágyi skeletons(bottom).

Figure7. ThePalágyi skeletonwith a-spheres,atnoiselevel 0 (left), 2 (middle),and8 (right).

5 Discussion

In the previous sectionswe have comparedthreeskeleton
algorithmsby applyingmorphologicalmetricsto theoutput
of thealgorithmswith theresultsof a-prioriknowngeomet-
ric structure.Two observationscanbemadewhenstudying
theresults:

� No algorithm preformsclearly best for all metrics.
Evenfor onetypeof metric,resultscanvary depend-
ing on theamountof noisepresentin thedataset.

From this we can concludethat it cannotbe deter-
minedin advancewhich algorithmwill give the best
performance.Thechoicewill dependonwhichmetric
is mostimportantfor thebiologist.

� Wave propagation is less sensitive to noise than
the thinning algorithms,althoughthe pre-processing
stageof the Xie algorithmappearsto eliminatemost
noise-relatedartifacts.On theotherhand,wave prop-
agationrequiresthatall parametersbesetto appropri-
atevalues.Theusermust�ne-tune thealgorithmfor
eachnew object; the thinning algorithms,having no
parameters,requirenouserinteraction.

From this we can say that the wave propagation
methodis thesafestto useif thedatasetof thecoral
hasmuchnoise.

It mustbenotedthatvariousassumptionsweremade
for this study:

� Theskeletonsareassumedto containno loops.While
the testobjecthasbeencreatedwithout loops,many
real branching objects can and do contain loops.
While the thinning algorithmscan properly handle
loops,the wave propagation algorithmignoresloops
altogether.

� Theresolutionof thesynthetictestobjectis fairly arbi-
trary chosen.Theskeletonalgorithmswhich preform
well for certain resolutions,do not necessarilypro-
ducethe sameresultsfor datasetswith signi�cantly
higheror lower resolutions.

� Thevaluesusedin theresultswerecomputedby tak-
ing the averageof all measurementsover the com-
pleteskeleton.An alternative,but alsovalid approach,
wouldbeto computetheaverageof all measurements
ateachbranchlevel. Thismayleadto otherresults,as



the algorithmsmay performdifferently on thick and
thin branches.

� In the study, we have applied noise to the surface
of the synthetictestobject. An alternative to adding
noisewouldbeto perturbthegeometryof thetestob-
ject, and to generatetest objectsfrom the perturbed
geometry. Although this approachleads to differ-
ent skeletonsfor eachnoiselevel, it may be a better
approachto simulatethe irregularitiesof stony coral
branchingprocesses.

The morphologicalmetricswe usearederived from
coralbiologyandhavespeci�c meaningfor analyzingcoral
growth processes.However, it couldbearguedthatmany
of themetricsarequitegenericfor studyingbranchingob-
jects. For example,branchingangles,branchingratesand
branchspacingsarequite generic. Thesemetricsmay be
of interestfor usersthat studybranchingobjectsin other
applicationdomains.

6 Conclusion

The contribution of this casestudy is that it provides a
framework to quantitatively compareskeletonalgorithms.
Morphologicalmetrics,thathave speci�c meaningfor an-
alyzingcoralbranchinggrowth processes,have beenused
asbasisfor thesecomparisons.Thealgorithmsof Palágyi,
Xie andDeschampshave beenusedin this study. An a-
priori known geometricstructurehasbeenuseda ground
truth,for whichwerelatetheoutputof thethreealgorithms.

We concludethat it cannotbedeterminedin advance
which algorithm will give the best performance. The
choicewill dependon which metric is mostimportantfor
thebiologist.

In thefuturewe will usetheskeletonsfor othermea-
surements;e.g.Hortonstatistics,Tokunaga statistics,frac-
tal dimensions.
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