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ABSTRACT

In this casestudywe presenta framavork for quantifying
differencesn skeletonalgorithmswhen appliedto coral-
like branchingstructures.The outputof threeskeletonal-
gorithmsis appliedto a setof well de ned morphologi-
cal metrics,andthe resultsare comparedwith an a-priori
known geometricstructure. The resultsof this studyhelp
coralbiologiststo determineunderwhich circumstancea
skeletonalgorithmperformsadequately
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1 Intr oduction

Branchinggrowth processeareubiquitousin nature. Ex-
amplesarebacterialcolonies,seaveeds higherplantsand
variousmarinesessileorganismsaswell asthe growth of
tissuesandorgansystemsrangingfrom thevenoussystem
to the patternof alveoli within lungs. For several of these
processesimulationmodelshave beendeveloped. A ma-
jor challengds the quantitatve comparisorbetweeractual
andsimulatedbranchingobjects. For this, thereis a need
for methodghatcanquantifybranchingpatterns.

Our work has beeninspired by collaborationwith
computationaland coral biologists. The growth process
of a story coral canbe computedusingadwancedmodel-
ing and simulationtechniques|6]. Precise3D skeleton
basedepresentationsf coralsareof signi cant interestto
thebiologists. Skeletonsprovide a compactrepresentation
while preservinghe coral's topology andretainsufcient
local informationto reconstrucia close approximationof
the coral. This facilitatesa numberof importanttasksin-
cluding the quanti cation of the local width of the coral,
theanalysisof its topology andit' s branchingpattern.

Despitetheir popularity the robustandstablenumer
ical computationof skeletonsremainsa challengingprob-
lem. ConsiderFigure 1, which shavs a surfacerendering
of acoralvisualizedasa semi-transparenso-surfice,and
three skeletonsdrawvn as coloredlines. The datasetis
from a CT scanof a Madracis mirabilis coral. Although
the skeletonswere computedusing publishedalgorithms,
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it is clearthateachskeletonis very different. For the coral

biologist this can be misguidingand may lead to biased
conclusions. For example, biologistsusethe skeletonto

perform morphologicalmeasurementésuch as thickness
of branchesbranchingrates branchingangles).Whenthe

skeletondoesnot approximatehe medialaxis of thecoral,

thesemeasurementsecomadll-de ned.

The goal of this casestudyis to quantify differences
in skeletonalgorithmswhenappliedto coral-like branching
structures. The approachwe have takenis to apply pub-
lished morphologicalmetricsto threeskeletonsof a syn-
theticcoral-like object,[3, 4]. Thealgorithmsthatcompute
theskeletonsarewell known andhave beenpublished For
this comparisonwe createa syntheticobjectfrom an a-
priori known geometricstructure. We apply the morpho-
logical metricsto the output of the three skeleton algo-
rithms and comparetheseresultswith the a-priori known
geometricstructure.

Thecontritution of this casestudyis thatit providesa
framework to quantitatvely compareskeletonizatioralgo-
rithms. It shouldbe notedthat althoughthe framework is
genericthemorphologicaimetricsusedfor this casestudy
arenot. The metricswe useare derived from coral biol-
ogy, andhave speci ¢ meaningfor analyzingthe branch-
ing growth processe®f coral. We muststressthat when
thisframework is usedto compareperformancen applica-
tion areatherthancoralanalysige.g.bloodvesselsgray
matterin the brain, etc.),othermorphologicaimetricswill
berequired.

2 Relatedwork

Many books and papersdescribing skeleton algorithms
have beenpublished.The approacheso computingskele-
tonscanbebroadlyclassi edinto four catgories;topolog-
ical thinning, distancetransformalgorithms,wave propa-
gation basedalgorithms,andVoronoidiagrambasedalgo-
rithms. Although eachalgorithm hasits merits, it is be-
yondthe scopeof this paperto provide the detailsof each
approach:

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



Figurel. Two views of the Madracis mirabilis coral. Ontheleft, a surfacerenderingwith threedifferentskeletongraphsone
shavn assolid lines, the othertwo usingdifferentstipplepatterns Ontheright, aclose-ugook of thesamecoralandskeletons.

ing this until only the skeletonremains. They con-
siderthetopologyof surroundingvoxelswhendecid-
ing whethera particularvoxel shouldberemaoved, [5].
Topologicalthinning algorithmsare simple,andthey
presere the topology of the object. They can, how-
ever, be rathersensitve to noiseand object orienta-
tion.

Distancetransformbasedmethodscomputethe dis-
tanceto the imagebackgroundor eachobjectvoxel
and usethis informationto determinewhich voxels
arepartof theskeleton,[8]. Althoughskeletonvoxels
foundby thesemethodsarealwaysexactly in thecen-
ter of the object,the detectionof thesevoxelsis non-
trivial, andthey are usually not connectedrequiring
additionalmethodgo obtaina connectedkeleton.

Wavefront propagtion methodspropagte a wave-
front from the root of the objectto the outerreaches,
andusethepathof thisfront to createa skeleton,[13].
They canbemadehighly insensitve to noise,andthey
can producesmooth continuousskeletons,but they
will not alwaysproducea skeletonwhich is centered
insidethe object. They canalsorequiremanualselec-
tion of skeletonendpoints.

Voronoi diagramsare createdby choosinga set of

voxels and partitioning the imageinto regionscloser
to one of thesevoxels thanto ary of the othervox-

els. Whenthesevoxels are chosenon the boundary
of theobject,the skeletoncanbe constructedrom the
boundariedividing the regions, [7]. While Voronoi
diagrambasedmethodscan producegood skeletons,
the stepfrom diagramto skeletonis mostly basedon

heuristicsandcanbe computationalljcomplex.

Comparisondetweerskeletonizatioralgorithmsare
mostoften visual. Sometimesa single skeletonof a real-
world objectis assessedy an expert [12]. Often two

or moredifferentskeletons typically computedrom very
simpleobjectsareputside-by-sideandcomparediisually,
[9]. As thesecomparisongremostly madeby researchers
presentingtheir new algorithm, the goal of the compari-
sonis oftenonly to demonstrat@ne algorithm's superiof
ity over another Suchcomparisonsrenot satishictoryfor
anumberof reasonsFirst, if thegoalis to demonstrat¢he
superiorityof anew algorithm thereis alack of objectvity.
If algorithmsareonly comparedwith eachother it cannot
be determinedvhetherthe bestof the skeletonsis actually
closeto whattheskeletonof theobjecttruly is. Performing
analgorithmon a simpleobjectmightnotberepresentatie
for the performancef thealgorithmin generaljt doesnot
clarify whetheranalgorithmwould be suitablefor another
type of objectthanthe onewhich wasused.Finally, if the
resultingskeletonsdo not differ much,it is not possibleto
decidewhich is the betterone; somequanti cation needs
to bemadein orderto draw a conclusion.

From the four cateyoriesof skeletonalgorithms,we
have chosento comparetwo topological thinning algo-
rithms andonewavefront propagtionalgorithm. Therea-
son for this is that the thinning algorithmsare relatively
simple and easyto use. The Palagyi algorithmwas cho-
senbecausdt is an example of thinning basedon tem-
platematching,avery populartechniqudor thinningalgo-
rithms. The Xie algorithmwaschoserbecausét is anex-
ampleof athinningalgorithmwhich doesnot usetemplate
matching,andbecausét usesa noisereductiontechnique
asa pre-processingtep. Also, given the visual resultsin
Xie's paper is seemedo perform betterthanthe Palagyi
algorithmfor coral-like structures.The wave propagtion
methodwas chosebecausavave propagtionis a contin-
uousmethodand not basedon voxels. Deschampsalgo-
rithm was chosensinceit seemedo provide good visual
resultson medicaldatasets.
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Figure2. The skeletoncomparisorframework.

3 Method

The framevork can be seenas a pipeline, consistingof

several steps(seeFigure 2). The rst stepis to usea
"GroundTruth” skeletonto createa seriesof binary3D im-

ageseachwith adifferentamountof noise.Next, skeletons
areextractedfrom eachimage,usingthreedifferentskele-
tonizationalgorithms. Eachskeletonis then corvertedto

agraphrepresentatiorif necessaryFinally, the calculated
skeletonsaswell asthe”Ground Truth” skeleton,aremea-
suredusingseveralmetrics.

3.1 Skeletonizationalgorithms

Of the three algorithmsused,two are basedon iterative
thinning, while thethird useswavefrontpropagtion.

Thinningis a methodof obtainingthe skeletonof an
objectby removing eachsuccessie outerlayer of an ob-
ject's voxels, until the objectis just onevoxel thick. Each
iteration of a thinning algorithm consistsof one or more
sub-iterations. Each sub-iterationconsidersone or more
voxelsin the image,and decideswhetherthey canbe set
to thebackgroundralue. A parallelsub-iteratiorconsiders
eachvoxel separatelyandthenremorvesall suitablevoxels
atonce;asequentiabub-iteratioremovesvoxelsoneat a
time, thustheremoval of eachvoxelisin uencedby voxels
removed previously in the samesub-iteration.

Theneighborhoof avoxel is animportantnotionin
thinning algorithms. If the voxels of animageareconsid-
eredto be adjacentcubes,centeredat the voxel locations,
thenthe6-neighborhooaf avoxel consistof all surround-
ing cubeswith which thevoxel shares face;similarly, the
18-neighborhoodaonsistsof all faceand edgeneighbors,
andthe26-neighborhoodonsistof all face edge andver
tex neighbors.Two voxelsaren-adjacentf they arein each
others'n-neighborhood.

In wavefront propagtion, a wavefrontis propagted
insidethe object. A skeletonis thenobtainedby tracking
the pathof thewavefrontbackto the startingpoint.

3.1.1 Palagyi

Palagyi and Kuba[10] describea bordersequentiathin-
ning algorithm. It repeatedlycomparesordervoxels and
their neighborhoodwith a setof templates,and removes

themif thereis a match. Whenno more matchescanbe
made the algorithmstops.

Eachiterationof this algorithmconsistsof six paral-
lel sub-iterationsEachsub-iteratioronly considersobject
voxels,which have a neighboringoackgroundsoxel in one
particulardirection. The templatesare appropriatelyro-
tatedor mirroredfor eachdirection. Eachvoxel matching
oneof thetemplatess removed. Theorderof thedirections
is chosersothatthe objectis thinnedevenly on all sides.

3.1.2 Xie

In the algorithm of Xie, Thompsonand Perucchio[14],
each iteration consistsof six directional parallel sub-
iterations followedby arepeatingsequentiatub-iteration.
As in Palagyi's algorithm,the directionsarechoserto en-
suretheobjectis thinnedevenly.

The parallel sub-iterationgemaove candidateborder
voxelshby classifyingneighboringvoxels,andcountingthe
numberof connecteccomponentformedby the voxels of
eachclass. If the numbersof componentsatisfy certain
requirementsthevoxel canberemoved.

The sequentiabub-iteratiomattemptso remove vox-
elswhich wereconsideredut not removedin the parallel
sub-iterationslt usesa slightly differentsetof conditions,
andcheckghevoxelsin aspeci c order to avoid removing
too mary voxels.

This algorithm also includesa pre-processingtage
for reducingnoisein theinputimage.Single-voxel protru-
sionsareremoved,andsingle-voxel indentationsare lled.

3.1.3 Deschamps

The algorithm of Deschampgq?2] usesa modied Fast
Marching Method [13] to propagte a wavefront from a
starting point throughoutthe object. The Fast Marching
Methodcalculateghefront arrival timefor all voxels. This
wavefrontis thentracedbackto the origin usingthe Gra-
dientDescenimethodwhichresultsin a setof linesrepre-
sentingthe skeleton.

The speedof the wavefront at eachvoxel is deter
minedby a speedunction. We usedthe squareof the dis-
tancetransform[1] of the datasetfor this purpose;this
ensureghatthe skeletonis centeredvithin the object.

Oneof Deschampsmodi cationsto the FastMarch-
ing Method is the so-called'freezing' of the front in lo-
cationsthatarerelatively closeto the startingpoint of the
propagtion. This resultsin improved detectionof elon-
gatedshapedy stoppingpropagtionin directionswhere
thefront travelsslowly.

Thepointsfrom whichthefront shouldbetracedback
to the origin are determinedwith the aid of anothermod-
i cation to the FastMarchingMethod. In additionto the
arrival time, thelengthof a path,which the front followed
to eachvoxel, is calculated.The objectis thendividedinto
connectedegions wherethe length of this pathis within



Figure 3. The four measurementgerformedon coral branchstructures.Fromleft to right: minimumandmaximumbranch
thicknesga-spheresndb-spheres)anglesbetweerbranchesbranchingrateandbranchspacing.

intervals of a given size. For eachregion it is determined
which otherregion precededt, andwhich region follows

it; the regionswhich do not have ary region following it

arethenconsidereendregions. Fromeachendregion, the

pointwith thehighestpathlengthis selectedasthe starting
pointfor atracebackto the origin.

The backtrackingdoesnot follow the voxels; instead
theobjectvoxelsareconsideredo begrid pointswherethe
wavefrontarrival time andit' s gradientareknown. At each
step,the gradientvector of the arrival time at the current
locationis interpolated andthe currentlocationis maoved
apre-determinedistancan the oppositedirection. Thisis
repeatedintil the startingpointis reached.

Becausethe tracing would producea set of uncon-
nectedlines, eachtraceis haltedandconnectedo another
traceif thedistanceo thisothertraceis smallerthanaspec-
i ed thresholdvalue.

3.2 Skeletongraph

Voxel skeletonsmustbe corvertedto skeletongraphs,be-
fore ary measurementsan be performed. The voxels of
the datasetareassumedo form a three-dimensionajrid,
with thefarbottomleft corneratlocation(0; 0; 0). Thedis-
tancebetweentwo 6-adjacentoxelsin thegrid is de ned
asl. A graphcanbe constructedrom the voxels by con-
nectingthe grid locationsof adjacenskeletonvoxels with
lines. Theseform the edgesf thegraph,while thegrid lo-
cationsarethevertices.Thedistanceébetweervertices,and
thusbetweenvoxels,is the Euclideandistancebetweerthe
correspondingrid locations.

To prevent certain irregularities and loops in the
graph, eachvoxel is connectedto the graphonly once,
andvoxels are addedwith a preferenceor skeletonvox-
elscloserto oneswhich arealreadypartof the graph[11].
Theinitial voxel is chosermanually

3.3 Measurementson stony corals

Several measurementwere performedon the skeletons.
Thesemeasurementare commonly usedby coral biolo-

gists.

The maximumthicknessof a branchis de ned asthe
thicknessat ajunction of the skeleton. It is theradius
of a sphere centeredat a the junction, touchingthe
backgroundn theoriginal voxel image.This radiusis
thusequalto the Euclideandistancetransformat the
junction point. Thesesphereswill be referredto as
a-spheres.

The minimumthicknessof a branchis the radiusof a
sphereon the part of the skeletonfollowing thejunc-

tion, with a radiussuchthatit touchesboth the im-

agebackgroundandthe sphereat thejunction. These
spherewill bereferredto asb-spheresThe rst im-

agein Figure 3 shavs the equivalent minimum and
maximumdiscsin a 2D image.

Theanglebetweenwo branchess de ned asthean-
gle betweentwo lines, startingatthe centerof a maxi-
mumsphereandeachendingatthe centerof adiffer-
ent minimum sphere. The secondimagein Figure3
shavstheseanglesn a2D image.

Thebranchingrateis de ned asthe distancebetween
two successie branchingpointsin the skeleton. It is

a measureof how often new branchesare formed; a

high valueindicatesrelatively slow formationof new

branchegluringthe growth process.Thethird image
in Figure3 shavs the branchingrate.

Thebranchspacings de ned asthedistancebetween
the endpointof a branch,andthe closestpoint on the

skeletonwhich doesnot belongto the currentbranch.
Theendpointof a branchis notthelastskeletonpoint

belongingto thebranch.Insteadit is a pointfoundby

searchingfor a maximumdistancetransformsphere
alongthe skeleton, startingat the end. A sphereis

considereda maximumspheref it is not completely
containednsideanothersphereon the skeleton. The

lastimagein Figure3 shavs the branchspacing.

In additionto the measurementasedby biologists,
the ratio of the length of the skeletonbetweenevery



two successie branchingpoints, and the Euclidean
distancebetweenthesetwo points, was calculated.
For a sggmentof the skeletonconsistingof the points

mulais:

K 1
kpi+1  pik
i=0
kpn  pok

The original skeletonconsistsof straightlines, with
ratio 1.0, thereforethisratioindicateshow straightthe
calculatedskeletonis.

3.4 Testdata

The datausedfor testingis a setof 3D binaryimagesof a
fractal-like tree,to which increasingamountsof noisehave
beenadded A syntheticobjectwaschoserin orderto have
areferenceskeleton,or "GroundTruth”, to whichthecom-
putedskeletonscould be compared.

3.4.1 Data creation

To createthedatasets, rst apolygonalline modelof atree
wasgeneratedThe modelstartswith a verticalline. From
the top of this line, two new lines continue,oneat55 to
the left, the otherat 55 to the right from the initial line,
in the XY plane. Thelengthof the new linesis 0.8 times
the lengthof the initial line. This processof addingnew,
shorterlines is repeatedseven more times, with eachtwo
new lines constructedn a differentplane,rotated65 to
theright aroundthe,relative to the previousplane.

Next, aroundtheselines a set of round polygonal
tubeswas constructedwith a linearly decreasingliame-
ter, suchthat the diameterat the baseof the tree was 10
timesthe diameterat the end;the diameterat the basewas
setto 0.2 timesthe length of the rst sgment. Spheres
were addedat the root andthe endpointsof the tree, with
thesamediameterasthetubes to createroundendpoints.

The polygonalmodelwasthenvoxelizedasa binary
volume,with theinside lled with valuel.

3.4.2 Noise

Additional datasetswere producedby addingincreasing
amountsof noiseto the initial data,aroundthe boundary
betweenobject and background. To add the noise, rst

a volume of the samesize asthe datasetwas lled with

random oating point valuesbetween0:0 and 1000. To

generatea particularnoiselevel I, rst all pointsfrom this
volumewith a valuelessthan| wereselected.All corre-
spondingpointsin the binaryimage,which werefoundto

be 6-adjacento at leastonevoxel with value 1, but them-
seleshadvalue0, werethensetto 1, producinganinter-

mediateimage.

Figure4. Thepolygonalmodelof thetestobject. Shadeof
grayindicatesthe diameterof the object.

Next, from the randomdataall pointswith a value
greaterthan1000 | wereselected.Eachcorresponding
1-valuedvoxel from theintermediatémage,which was6-
adjacento atleastone0-valuedvoxel, wasthensetto O in
a nal image.For ouranalysiswe have chosemoiselevels
0,1,2,4and8.

This methodproduceshoisewhichis only presenbn
the surfaceof an object, ascould be the casewith a sey-
mentedmageof anobject,obtainedfrom a CT-scanneior
similar device.

4 Results

The syntheticobjectwas voxelizedto createa 3D binary
imagewith a resolutionof 360 300 240voxels. The
algorithmsof Palagyi, Xie, andDeschampsverethenused
to obtainskeletonsof theimages.

While the algorithmsof Palagyi andXie areturn-key
solutions, the wavefront propagtion algorithm requires
mary parameterslt wasusedwith the following settings:
pointswerefrozenwhenthe distanceto the startingpoint
waslessthan0:5 timesthemaximumdistancethedistance
interval for endpointdetectionwas 6:0; the minimum re-
gionsizewas>5 voxels; the GradientDescenstepsizewas
0:5; andthe minimumdistancebetweertracesvas3:5.

4.1 Quantitativeresults

The graphsin Figure5 shav the averagevaluesof each
measuremenfpr eachalgorithmat eachnoisesetting. In
addition,theresultsof the samemeasurementer theorig-
inal skeleton,which wasusedto constructthe testobject,
areshowvn in eachgraph. Thesemeasurementweremade
by subdviding the lines of the original skeletonuntil each
of thesesmallerlineshadalengthof lessthat0:5, andusing
thesdinesasa skeletongraphfor measurements.

The graph of the averageradius of the a-spheres
shaws that the Xie resultsare the bestfor this particular
measurementyut the differencewith wave propagtionis



A spheres

B spheres

Branch angles

114

»
=
&

29 —+—Reference
—u— Xie
281 Palgayi
27 Wave p.
26
e
25 = 195

N
@
&

N
N
ki

Sphere Radius
Sphere Radius

I
o

o
&

13
B ——
112

1 —+—Reference
110 - —m— Xie

109 Palgayi
Wave p.

—+—Reference

—=—Xie
Palgayi
Wave p.

Angle

108
107
106

0 1 2 4 8
Noise Setting

o

1

4

Noise Setting

105

m
o

1 2 4 8
Noise Setting

Branching rate

Branch spacing

Length / distance ratio

13 ——Reference
—u- Xie
Palgayi

Distance
.
I
Distance
©

1,08 —+—Reference
—=—Xie
Palgayi

= Xie
Palgayi

Distance
5
S

1 Wave p.

Wave p. 1,04 Wave p.

0 1 2 4 8
Noise Setting

o

Noise Setting

Noise Setting

Figure5. Graphsof eachmeasuremerfor the referenceskeleton,the Palagyi skeleton,the Xie skeletonandthe Deschamps
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minimal. Palagyi shavs erraticresults,andonly performs
well for the highestnoiselevel.

For the averageradiusof the b-spheresXie performs
slightly worsethanthe otheralgorithmsat lower noiselev-
els, but at highestnoiselevel Palagyi producesa quite dif-
ferentaverage while wave propagtion performsthe same
asXie.

The angles between branchesare fairly constant
acrossoiselevelsfor Xie andwave propagtion. Thean-
gleswith Xie arealittle too high, while they areabit more
too low with wave propagtion. Palagyi giveshigheran-
glesthanXie atlower noiselevels,but graduallydecreases
to almostthesameangleaswave propagtionatthehighest
noiselevel.

For the branchingrates,both Xie andwave propa@-
tion give resultsvery closeto the referenceskeleton. The
resultswith Palagyiarealittle worsewithoutnoise,but de-
terioraterapidly whennoiseis added.

Thebranchspacings consistentlytoo highwith wave
propagtion,andmuchtoolow with Xie. Palagyiwith little
noiseproduceghe bestresults,but is still too low. With
morenoise,the averagevaluebecomesnuchtoo low.

The length=distanceratio betweenbranchingpoints
is reasonableonsistenbetweemoiselevels. Thethinning
algorithmshave a much higherratio thanthe wave prop-
agation algorithm. This is mostly dueto the voxel-based
natureof thesealgorithms,which increaseghe length of
a diagonalpathbetweenmore distantvoxels dueto alias-
ing, asopposedo the smoothlines producedby the wave
propagtionalgorithm.

Tablel shavs the numberof a-spheresoundby each
algorithmfor eachnoiselevel. Recallthatana-spheréndi-
catesajunctionpointin the skeleton. The tableshawvs that
thePalagyiskeletonis very sensitve to noise while the Xie

algorithmis lesssensitve. The numberof a-sphere$ound
by Deschampslgorithm remainsthe sameasthat of the
referenceskeleton.

| 0 | 1] 2|48 |

Reference 255 | 255 | 255 | 255 | 255
Xie 255 | 255 | 255 | 257 | 259
Palagyi 267 | 275 | 287 | 341 | 517
Wave propagtion | 255 | 255 | 2565 | 255 | 255

Tablel. Numberof a-sphere$or eachnoiselevel.

4.2 Visualresults

Figure6 givesavisualcomparison®f thetestresults.The
top row shavs a surfacerenderingof the test object for
noiselevels 0, 2, and8. The bottomrow shaws the cor-
respondingskeletonsin yellow (Palagyi), cyan (Xie), and
magentgDeschamps)As statedin the introduction,with
only visualinspectiont is very dif cult to determinavhich
algorithmperformsbest.

Figure 7 shavs the Palagyi skeletonwith a-spheres,
atthreenoiselevels. Theseémagesshav wherethe Palagyi
algorithmintroducesadditionaljunctions.Fromtheimage
it canbe obseredthatjunctionsaregeneratedt the lower
branchinglevels of the tree (wherethe branchthicknesss
large), and not at the higher branchinglevels (wherethe
branchthicknesds small).



Figure6. Surfacerenderingof thetestobjectfor threenoiselevels (top), andthe correspondindPalagyi skeletong(bottom).

Figure7. The Palagyiskeletonwith a-spheresat noiselevel 0 (left), 2 (middle),and8 (right).

5 Discussion

In the previous sectionswe have comparedhreeskeleton
algorithmsby applyingmorphologicametricsto theoutput
of thealgorithmswith theresultsof a-prioriknown geomet-
ric structure . Two obsenationscanbemadewhenstudying
theresults:

No algorithm preformsclearly bestfor all metrics.
Evenfor onetype of metric, resultscanvary depend-
ing on theamountof noisepresenin the dataset.

From this we can concludethat it cannotbe deter
minedin advancewhich algorithmwill give the best
performanceThechoicewill dependnwhichmetric
is mostimportantfor the biologist.

Wave propagtion is less sensitve to noise than
the thinning algorithms,althoughthe pre-processing
stageof the Xie algorithmappeardo eliminatemost
noise-relatedrtifacts.On the otherhand,wave prop-
agationrequireshatall parameterde setto appropri-
atevalues. The usermust ne-tune the algorithmfor
eachnew object; the thinning algorithms,having no
parametergiequireno userinteraction.

From this we can say that the wave propagtion
methodis the safestto useif the datasetof the coral
hasmuchnoise.

It mustbe notedthatvariousassumptionsveremade

for this study:

Theskeletonsareassumedo containno loops. While

the testobjecthasbeencreatedwithout loops, mary

real branching objects can and do contain loops.
While the thinning algorithms can properly handle
loops, the wave propagtion algorithmignoresloops
altogether

Theresolutionof thesynthetidestobjectis fairly arbi-
trary chosen.The skeletonalgorithmswhich preform
well for certainresolutions,do not necessarilypro-
ducethe sameresultsfor datasetswith signi cantly
higheror lower resolutions.

Thevaluesusedin the resultswerecomputedby tak-
ing the averageof all measurementsver the com-
pleteskeleton.An alternative, but alsovalid approach,
would beto computethe averageof all measurements
ateachbranchlevel. This mayleadto otherresults,as



the algorithmsmay perform differently on thick and
thin branches.

In the study we have applied noiseto the surface
of the synthetictestobject. An alternatve to adding
noisewould beto perturbthe geometryof thetestob-

ject, andto generataestobjectsfrom the perturbed
geometry Although this approachleadsto differ-

ent skeletonsfor eachnoiselevel, it may be a better
approachto simulatethe irregularitiesof story coral
branchingprocesses.

The morphologicalmetricswe useare derived from
coralbiologyandhave speci c meaningor analyzingcoral
growth processesHowever, it could be arguedthat mary
of the metricsarequite genericfor studyingbranchingob-
jects. For example,branchingangles branchingratesand
branchspacingsare quite generic. Thesemetricsmay be
of interestfor usersthat study branchingobjectsin other
applicationdomains.

6 Conclusion

The contritution of this casestudy is that it provides a
framavork to quantitatvely compareskeletonalgorithms.
Morphologicalmetrics,thathave speci ¢ meaningfor an-
alyzing coral branchinggrownth processeshave beenused
asbasisfor thesecomparisonsThe algorithmsof Palagyi,
Xie and Deschampdave beenusedin this study An a-
priori known geometricstructurehasbeenuseda ground
truth, for whichwerelatetheoutputof thethreealgorithms.

We concludethatit cannotbe determinedn adwance
which algorithm will give the best performance. The
choicewill dependon which metricis mostimportantfor
thebiologist.

In the futurewe will usethe skeletonsfor othermea-
surementse.g. Horton statistics, Tokunag statistics frac-
tal dimensions.
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