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Abstract

Determiningtheshapeof coral structuresis an essentialstepfor coral biologiststo classifyandcompare corals.
Currently, coral biologistsanalyzeshapebyperformingmanualmeasurementsonphotographsof coral colonies.
In this paperwedescribean interactivevisualizationsystemfor measuringcoral shapesin a robustandquanti-
tative way. Theinput of the systemis a CT scanof the coral, and the outputconsistsof statisticaldistributions
of variousmorphological properties.Theapproach is to �r st extract a skeletonfrom the CT scan,and thento
performmeasurementson theskeletongraph.Interactivevisualizationis necessary, sincevariousfeaturesof the
coral preventthesystemfrombeingfully automatic.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.8 [ComputerGraphics]:ApplicationsI.4.9 [Image
ProcessingandComputerVision]: ApplicationsJ.3[Life andMedicalSciences]:Biology andGenetics

1. Intr oduction

Stony coralsexist in many shapesandsizes.Theshapeof a
coralis notonly determinedby genetics,but alsoby environ-
mentalfactors,suchastheamountof availablelight, water
�o w speed,andavailability of food,[Kaa99]. Thus,within a
singlespeciestheshapecanshow ahighdegreeof variation.
Understandingof theexternalfactorsin�uencing thegrowth
andshapeof coralcoloniesis essentialin clarifying theirrole
in marineecosystems,andto explain their susceptibilityto
pollutionandglobalclimatechange,[KSM� 05].

Currently, coral biologists analyzecoral shapeby per-
forming manual measurementson photographsof coral
colonies.This is a laborious,errorproneandsubjectivetask.
Although it may suf�ce for simple colonies,it is not ade-
quatefor theanalysisof complex three-dimensionalbranch-
ing coralstructures,suchasthecoralshown in theleft image
of �gure 1.

We proposeto simplify themeasuringprocedurewith in-
teractive visualization.Theapproachis depictedin �gure 1.
GivenaComputerTomography (CT) scanof acoral,askele-
ton of thecoral is extracted,measurementsof variousmor-
phologicalpropertiesareperformedon the skeletongraph,
andstatisticaldistributionsof the measurementsaregener-

ated.By analyzingthesedistributions,coral biologistscan
classifyandcomparecoralsin arobustandquantitativeway.

In this paperwe describeaninteractive visualizationsys-
tem for measuringbranchingcoral shapes.Insteadof dis-
cussingthe detailsof all stepsin the system,we focuson
areaswhichgreatlyin�uencethevisualizationmethods.Ide-
ally, suchasystemshouldbefully automated.Unfortunately,
dueto many reasonsautomationcannotberealized,andwe
will reportin whichstepsinteractionis required.

2. RelatedWork

While theapplicationareaof ourwork is novel, similar sys-
temshave beendevelopedfor the analysisof a variety of
medicaldata,usingvarioustechniques.

Martínez-Pérezet. al. [MPHS� 00] have quanti�ed blood
vesselmorphologyin 2D retinal images,using skeletons.
Measureabledifferenceshave beenfound betweenhealthy
anddiseasedvenoussystems.Themetricsincludedlengths,
areasandbifurcationangles.

More commonly, analysisof medicaldatais focusedon
measuringsingleitems,suchasvesseldiameteralongsingle
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Figure1: Theapproach usedby thesystem,usinga skeletonto quantifythemorphologyof thescannedcoral.

vesselpath,[BRL� 04]. In anothersystem,[PTSP02], inter-
action is usedto measurerelevant objectsor distancesdi-
rectly in volumedata,while it is alsopossibleto usePrinci-
pal ComponentAnalysis(PCA) to automaticallydetermine
the extent of an object,or the anglebetweentwo objects.
The hierarchy of vesselsystemscan also be usedto pro-
vide advancedvisualizationsof complex structures,for use
in surgeryplanning[HPSP01].

Themain focusof medicalsystemsis on interactive data
exploration,insteadof comprehensivemorphologicalanaly-
sis,andvisualizationsareusedto gaininsightaboutthedata,
notonly to aidprocessing.

3. SystemRequirements

One approachto quantify the morphology of complex-
shapedbranchingobjectslike coralsis by using measure-
mentsbasedon the medial axis (or morphologicalskele-
ton, [Blu67]) of the object.It is essentialthat this skeleton
is a correctrepresentationof the topologyandgeometryof
the coral.This dependsto a high degreeon the choiceof a
suitableskeletonizationalgorithm[KvLK05]. In addition,an
optimalskeletonizationandaccuratemeasurementdepends
on thequalityof thesegmentationof theobject.

Dueto variousdif�culties with coral,artifactsin thedata
set, and the speci�cs of the various techniquesand algo-
rithms,additionalprocessingis necessary. Someof thispro-
cessingcannotbecarriedoutautomatically, but mustbeper-
formedmanually. In suchcases,the systemmustassistthe
personperformingtheprocessingtask.For otherprocessing
tasks,theresultsdependon a properchoiceof oneor more
parameters,andthesystemmustfacilitatetheassessmentof
differentparameterchoices.In any case,it shouldbepossi-
ble to checkthe resultsof eachstep,whetherautomaticor
manual,to con�rm the properoperationof the system.Vi-
sualcomparisonwith theactualcolony canindicatewhether
anoperationhasintroducedany undesiredartifactsinto the
dataset.

The amountof modi�cations appliedto the datashould
also be minimized, sinceany operationperformedon the
datacanintroduceartifactsinto the data.Thesecanin turn

leadto erroneousmeasurementresults,andthusleadthesci-
entistto wrongconclusionsaboutthecoral.

4. SystemOverview
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Figure2: Systemoverview.

An overview of the stepsperformedby the systemis
shown in �gure 2. A coralcolony is scannedat a high reso-
lution usinga CT scanner, which resultsin a 3D volumetric
dataset.Noisein thedatais �ltered usingasmoothing�lter ,
and the �ltered datais visually inspectedto determinethe
optimumamountof �ltering. Thedatais thensegmentedus-
ing aregiongrowing technique.Oneor moreseedpointsare
interactively marked in the data,andthe correctnessof the
segmentationis assessedby visual comparisonof the visu-
alizedsegmentationbothwith thescan,andwith theactual
coral colony. Holesandcavities in the segmenteddataare
automaticallylocatedand�lled, afterwhichamanualcheck
of the�lled areasis performed.

Fromthesegmentedvolumea morphologicalskeletonis
extracted,which is then converted to a graph representa-
tion [RJP00]. Thenext stepis theremoval of loopsfrom the
skeleton.The loops are automaticallyhighlighted,but the
cut locationmustbeselectedmanually. If deemednecessary,
additionalbranchesor wholesectionsof theskeletoncanbe
removedmanually, or by lengththresholding.It is alsopos-
sible to straightenthe lines of the skeletonby a selectable
amount.

To enablecorrectmeasurements,the root of the coral is
selectedmanually, and the properorientationof the coral
with respectto the groundis establishedinteractively. The
branchesof the skeletonare then orderedusing a Horton-
Strahlerordering[YM94], in orderto split themeasurement
resultsby branchorder. The distancetransform[Bor86] of
the segmentedvolume,neededto measurethe thicknessof
thecoral,is calculated,or loadedfrom disk.
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(a) Minimum and maximum
thickness.

(b) Branchingangles.

(c) Geotropy angles. (d) Branchspacing.

Figure 3: Examplesof themeasurementmethodof �ve dif-
ferentmorphological properties.

After this,themorphologicalpropertiesof thecoralcanbe
measured,usingseveral measurementsspeci�c to the mor-
phologyof branchingcoralsandsimilar organisms[KL04];
�gure 3 showshow � veof thesemeasurementsareobtained.
Figure3(a)showstheminimumandmaximumbranchthick-
ness;this is measuredwith sphereslocatedat branching
points(maximumthickness,whitedisc),andsphereslocated
directly adjacentto these(minimum thickness,black disc).
Figure3(b) shows the branchingangles,�gure 3(c) shows
thegeotropy angles,and�gure 3(d) shows thebranchspac-
ing.

The raw measurementdatais compiledinto histograms
for easyanalysis.The mean,standarddeviation, andother
statisticsarealsocalculated.Both cumulative andper-order
statisticsareprovided.Measurementsfrom differentspeci-
mensaresubjectedto anon-parametricranktest,to quantify
thesimilaritiesor differencesbetweenspecimens.

5. Problemsand Solutions

As statedearlier, conceptuallythe systemis very simple.
The input datasetis �ltered, segmented,and a skeletonis
extracted.This skeletonis thenmeasured,andthemeasure-
mentsarethenanalyzedanddisplayedin someconvenient
form.However, onadetailedlevel therearemany dif�culties
to beovercome.Somearehandledby automaticprocessing,
andsomerequiremanualintervention.

5.1. Noise

CTscansof coralstendtocontainnoiseartifactsin thecenter
partof thecoral.This is presumablyaresultof thescattering
of X-raysby thecoral.

Coralsalsotendto have anunevensurface,becausepart
of the surfacemight have erodedaway asa resultof long-
term exposureto the marineenvironment.Furthermorethe
surfacemightbepartlycoveredby encrustinganimalsor al-
gae,andthecolony mightbedamagedby boringorganisms,
suchasfor examplespongesor certainworms.All thesear-
tifactsmayshow upon theCT scan.

If suchartifactsaresmall, they canbe �ltered from the
scanusing sometype of imagesmoothing�lter . Because
simple�lters alsotendto changethe shapeandlocationof
objectedgesin the image,which areimportantto themea-
suringprocess,we have chosento usea ratheradvanced�l-
ter, which leaveslargeredgesmostlyintact.

A close-upvolumerenderingof a partof a coral colony,
with variousamountsof noisereduction�ltering applied,is
shown in �gure 4. The �lter is very successfulin removing
noise,but it is advisableto limit thenumberof iterationsof
the �lter , becausetoo much�ltering cancausedisjoint but
closely adjacentbranchesto fuse together. Although such
arti�cial branchfusioncanbedetectedautomatically, theun-
necessaryintroductionof suchartifactsinto thedatashould
be avoided.Visual comparisonof the �ltered scanwith the
originalcolony canbeusedto determinetheoptimalamount
of �ltering.

(a) Original (b) Four iterations (c) Eight iterations

Figure4: Close-upvolumerenderingaftervariousamounts
of noisereduction.

5.2. Damage

Coral coloniesare very fragile objects,and the branches
breakoff easily. Becauseacoralcolony mustbetransported
from theoriginal growth site,or from a museumcollection,
to somelocationequippedwith a CT scanner, it is almost
impossibleto avoid all damage.

Broken branchesare often reattachedto the rest of the
colony usingsometype of glue. Becauseglue hasa lower
densitythantheoriginal coral,theCT scancontainsa lower
densitygapbetweenthetwo parts.For thepurposeof study-
ing the shapeof the coral, the low densitygap shouldbe
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Figure5: Cross-sectionshowinga clear fracture.

treatedasbeingpartof thecoral.A cross-sectionof sucha
brokenandreattachedbranchis shown in �gure 5.

Finding a suitablestartingpoint for the segmentationis
often a matterof trial anderror, andeven a seeminglycor-
rect segmentationshouldbe carefully inspected,to deter-
minewhethergluedbrancheshavealsobeenincludedin the
segmentation.A visualizationof thesegmentedcoralcanbe
comparedwith the�ltered scan,to visually determineif the
segmentationhasincludedpartsof thevolumewhichdonot
belongto the coral, or if it hasleft out partswhich do be-
long to thecoral.Theoriginal colony mustalsosometimes
be usedfor this purpose,sinceit is not alwayspossibleto
determinethenatureof someartifactsusingonly thescan.

It canalsobedecidedto ignorecertainpartsof thecoral
for the purposeof the analysis,or to study only one part
of the colony. For example,the colony may have suffered
extensive damage,or a partof it mayhave diedandslowly
decayeda long time beforethe study. The systemprovides
aneasymethodof selectingapartof theskeleton,andeither
removing it, or keepingonly theselectedpart.

5.3. Holes

Coralhasahighdensitynearits surface,but avery low den-
sity in thecenter. Theresultis that in CT scans,thereis not
a very large differencebetweenthe insideof the coral and
thebackground.Especiallyin thecenterof thecoral,where
thereis noisein thescanasa resultof thescannerray being
scattered,thedifferencebetweentheinsideof thecoraland
the backgroundcannotbe readily determined,as the den-
sity valuesarehardlydistinguishable.ThussegmentingaCT
scanof a coralwill resultin cavities insidetheobject.If the
denseouterlayer is very thin in somelocation,or evenab-
sent,for exampledueto a drilled hole,theresultis that the
cavity insidethe segmentedobject is actuallyconnectedto
thebackground.This kind of cavity is calleda hole,andan
examplecanbeseenin �gure 6.

Cavities and holes in the segmentedcoral make proper
skeletonizationandmeasurementvery dif�cult andunreli-
able,dueto their effectson skeletonizationalgorithmsand

Figure6: Part of a slicefroma scannedcoral, clearlyshow-
ing a hole.

distancetransforms,so they must be �lled up. While it is
trivial to �ll acavity whichis completelyenclosedinsidethe
object,�lling holesconnectedto theoutsidepresentsquitea
challenge.

A cavity in anobjectis de�nedasasetof connectedback-
groundvoxels,which is surroundedby objectvoxels.These
backgroundvoxels thus form a `bubble' inside the object.
Thesecavities can easily be found by using an appropri-
ate�ood-�ll algorithm.If the backgroundof the volumeis
�lled with thesamevalueastheobject,thentheonly remain-
ing backgroundvoxelsarethosethatbelongto thecavities.
Thus,if it is known that an object is not supposedto have
any cavities, thesecaneasilybefoundand�lled.

Holesarecavities which have a connectionto theregular
backgroundin thevolume.Due to this connection,it is not
possibleto locatethemusinga �ood-�ll algorithm,asthere
is noboundarybetweentheholeandthebackground.

However, if the volume is divided into 2D slices,it can
be seenthat in many of theseslicesthe part corresponding
to the hole is actuallyan islandof backgroundvaluesfully
enclosedby foregroundvalues,as would be the casewith
a cavity. By combiningthis informationfrom many slices,
cut in differentdirectionsfrom thevolume,it is possibleto
locatemostof thevoxelsbelongingto thehole.

In our system,�rst all cavities are �lled with a regular
�ood-�ll. Then the remainingholesare �lled by consider-
ing the volume slice-by-slice,with slicesperpendicularto
theprimaryaxes,aswell asslicesperpendicularto theside
diagonalsof the volume.The backgroundin eachslice is
�ood-�lled with theforegroundvalue,andtheninverted,so
the only remainingforegroundvoxels in the slice arethose
belongingto a hole.Theseslicesarethenrecombinedinto
a new volumeusinga logicalOR operation.Thewholepro-
cessis performedasecondtimeontheoutputof the�rst run,
to �ll someremaininggapswhich couldnot be �lled in the
�rst iteration.
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Sinceit is possiblethat this methodwould �ll up areas
which would not be consideredholes,the �llings mustbe
checkedmanuallyby theuser. This is doneby showing the
usereach�lling, alongwith theoriginalobject.Theusercan
thendecidefor each�lling whetherit is corrector not, and
only thecorrectonesarethencombinedwith theobject.Be-
causemost of the �llings createdby this methodare very
small,andnot likely to bevery signi�cant, they areordered
by decreasingsize.The usercan thendecidethat any �ll-
ing smallerthanthecurrentonewill beinsigni�cant, evenif
incorrect,andstopcheckingmore�llings.

5.4. SkeletonLoops

Some of the used measurementsrequire the skeleton
branchesto be ordered. This hierarchical ordering of
branchesis only possibleif the skeletoncontainsno loops,
but unfortunatelythis is usuallynot thecase.Loopscanap-
pear in coral skeletonseither as an artifact of insuf�cient
scannerresolution,or becausethebranchesof thecoralhave
actuallygrown backtogether.

Figure7: Skeletonwith loopshighlighted.

To properlyperformthemeasurements,theseloopsmust
bedisconnected.To our knowledgethereis currentlyno al-
gorithmavailablewhich candetecttheexact locationof fu-
sionpointsof branches,or determinehow muchof theskele-
ton shouldactually be removed. Due to this lack of auto-
maticmethods,userinteractionis requiredfor this task.The
systemcanonly assistby highlightingtheloopsin theskele-
ton,asshown in �gure 7.

5.5. SkeletonNoise

As a result of the unevennessof the surfaceof the coral,
even after �ltering, the skeletonmay containmany 'f alse
branches'.Thesearebrancheswhich do not correspondto
an actualbranchof the coral, but ratherto a small distur-
banceon the surface.While thesebranchescould be re-
movedmanuallyfrom theskeleton,therecanbealot of such
branches,andit is easierto remove themby de�ning a min-
imum lengthfor suchbranches.All endbrancheswhich are
shorterthanthe thresholdvaluearethenremoved from the

skeleton.This is shown in �gure 8. A potentialpitfall hereis
thatbrancheswhichhavevery recentlyformed,andarethus
still very short,will alsoberemovedfrom thedata,andwill
notbemeasured.

Figure8: Removingshortendbranchesfromtheskeleton.

5.6. Discretization Artifacts

Becausetheskeletonis voxel-based,it will containaliasing
artifacts.Theseappearin the form of jaggedlines, which
shouldhave beenstraight.If this is consideredto bea prob-
lem,for examplebecauseit increasesthelengthof abranch,
thelinescanbestraightenedout [RJP00]. Theparameterfor
this simpli�cation canbe interactively selected;a proposed
new skeleton,with a very largeamountof simpli�cation, is
shown highlightedin �gure 9.

Figure9: Simpli�cation of theskeleton.

6. Implementation

The�ltering andsegmentationhasbeenimplementedusing
standard�lters from the Insight Segmentationand Regis-
tration Toolkit (ITK). The �ltering is doneusing the ITK
Curvature Flow �lter , while the segmentationutilizes the
ITK Con�denceConnected�lter . TheVisualizationToolkit
(VTK) is usedto show the resultsof the �ltering andseg-
mentation,andto interactively selectthesegmentationstart-
ing point.Thevisualizationtechniquesusedinclude3D vol-
ume rendering,translucentand solid 3D iso-surfaces,2D
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sliceimages,and3D geometricrepresentationsof theskele-
tal graphandsomemeasurementresults.

Unfortunately, there is no �lter in either the Insight
Toolkit or the VisualizationToolkit which can �ll holesin
binary volumes.Also, most work in the areaof hole �ll-
ing is focusedon either patchingclearly de�ned gaps in
meshsurfaces[DMGL02], or retouchinggapsin 2D images
[BSCB00]. Wehave thereforedevisedandimplementedour
own crude�lling algorithmfor 3D volumes,usinganexist-
ing VTK �lter as the basis.This algorithm was described
in section5.3. As statedbefore,theoutputof this algorithm
requiresinteractive inspection.

A skeletonizationalgorithmproposedby W. Xie [XTP03]
hasalsobeenimplementedasa VTK �lter . Although there
are no 3D volume skeletonization�lters in either ITK or
VTK, themain reasonfor anown implementationwasthat
thechoiceof thespeci�c algorithmhadalreadybeenmade
before[KvLK05].

After skeletonization,the voxel-basedskeleton is con-
vertedinto agraphrepresentation,usingVTK geometrydata
structures,with linesconnectingneighboringvoxels.All the
remainingparts of the systemoperateon theselines. As
VTK lacksa �lter to performeithertheconversionto lines,
or many of theothertasksrequiredfor thesystem,this too
hasmadethe developmentof several new VTK �lters nec-
essary.

6.1. Performance

Due to thesizeof theCT scans(typically 512� 512� 512
voxels, 512MB of dataif single-precision�oating point is
used),the performanceof the systemduring somestepsis
verydependenton theamountof availablememory. The�l-
teringis aparticularlymemory-intensive operation,asit not
only uses�oating-point valuesfor all voxels,but alsokeeps
several copiesof the datain memoryat the sametime. On
our test system,equippedwith an AMD Athlon64 3800+
CPUand2 GB of memory, the�ltering takesapproximately
80 secondsper iterationof thealgorithm,dependingon the
sizeof thevolume,assumingthatatypicalvolumehasasize
of 5123 voxels.

The amountof time neededfor segmentation,assuming
a suitablestartingpoint is chosen,dependsmainly on the
volumeoccupiedby the objectbeingsegmented.We have
observedtimesbetween20 secondsand2 minutes.If anin-
correctstartingpoint is chosen,it is possiblethateitherthe
background,or the whole volume is marked as the object
of interest.In thatcase,thesegmentationtakesmoretime to
completethanthetimerequiredwith acorrectstartingpoint.

Thehole�lling algorithmrequiresthemosttime to com-
plete.Thetime to performthetwo �lling iterationsusedby
thesystemrangedfrom 7 to 11minutesfor thedataanalyzed
in section7. It alsotakesseveralminutesto manuallycheck
theresults.

For the samedata,we have observed the skeletonization
algorithmto take from 30secondsto 2 minutesto complete.
Thistimedependsonthevolumeoccupiedby theobject,and
on thethicknessof theobject.A thin objectwill requireless
iterationsto extract theskeletonthana thick objectoccupy-
ing thesamenumberof voxels.

Thecalculationof thedistancemap,which is neededfor
the measurements,requiresa greatamountof memoryfor
large volumes.The time to calculatethe distancemapsfor
thepreviouslymentioneddatarangedfrom 80secondsupto
nearly4 minutes,with thelatterbeingpartly dueto thepro-
cessusingmorethantheavailable2 gigabytesof RAM, with
someamountof diskswappingslowing theprocessdown.

Oncethedistancemapis eithercalculatedor loadedfrom
disk, the actual measuringand the generationof the his-
togramstakesno longerthan30seconds.

Typicaltotaltimesrequiredfor processinganaveragedata
setrangefrom 30 to 45minutes.

7. Results

We have usedthesystemto comparethreespecimensof the
scleractiniancoralspeciesMadracismirabilis, which is na-
tive to the Caribbeanregion. The threecoral colonieswere
scannedataresolutionof 0.25mm� 0.25mm� 0.3mm,with
a slicesizeof 512� 512pixels.Thespecimenswerenamed
object389,object393andobject394.Therespective num-
ber of slicesin eachscanis 541, 373 and 329. A volume
renderingof thesethreespecimensis shown on the far left
in �gure 10. Note that theserenderingsarenot on thesame
scale.It caneasilybe seenthat objects393 and394 differ
signi�cantly in theircompactness,andit is assumedthatob-
ject389constitutesanintermediateform betweenthesetwo.

All threespecimenshave beendenoisedusing four iter-
ationsof the denoising�lter , as this wasdeterminedto be
theoptimalsettingfor thisparticulardata.Theclose-upof a
partof object394 in �gure 4 demonstratestheeffect of the
�ltering.

7.1. Visual Results

The resultsof segmentationof the threeobjectsareshown
in thesecondcolumnfrom theleft in �gure 10. Visualcom-
parisonwith theoriginalobject,andwith thescan,indicates
thatthesegmentationis correct.

Thecorrespondingmorphologicalskeletonof eachspeci-
mencanbeseenin thethird columnof �gure 10. Theloops
have alreadybeenremovedfrom theseskeletons,andsome
simpli�cation hasbeenapplied.

7.2. Quantitati veResults

Becausethe systemproduceda large amountof data(225
histogramsweregenerated),anda detaileddiscussionof all
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Figure 10: Fromtop to bottom:object393,object389,andobject394.Fromleft to right: Volumerenderingof theCT scan,
iso-surfaceof the segmentation,the skeleton,a histogram of the branch lengths,and a histogram of the branching angles
thickness.

resultsis beyondthescopeof thispaper, weshallonly high-
light two of theobtainedresults.

Thehistogramsin �gure 10 show thevaluesof themea-
surementson the X-axis, andthe frequency distribution of
thesevalueson theY-axis.Fromtop to bottom,eachsetof
histogramsshows the distribution for object 393, 389 and
394.This orderis usedbecauseobject389is believedto be
anintermediateform betweenobject393andobject394.

The left histogramsin �gure 10 show the lengthsof the
branchesof eachcoral.Thismetricis de�nedasthedistance
alongtheskeletonbetweensuccesive branchingpoints.The
graphshows that thebranchesof object393areon average
slightly longer than the branchesof object 389, while the
branchesof object394aresigni�cantly shorter. Thusin the
caseof branchlength,object 389 might be consideredan
intermediateform.

Theright histogramsin �gure 10 show thebranchingan-
gles.Theseare the anglesbetweenbranchesoriginatingat
a commonbranchingpoint,asillustratedin �gure 3(b). The
histogramsshow that the averageangleis very similar for
all threeobjects,but the deviation from this averageis the
smallestfor object393,andthe largestfor object394,with
object389again in themiddle.

8. Conclusion

In this paperwe describea procedurefor themorphological
quanti�cation of branchingcomplex-shapedobjects.This
procedurecanbeappliedto a broadclassof biotic andabi-
otic branchingobjects.In coral taxonomy[VP76] the mor-
phological descriptionof coral coloniesis usually highly
qualitative. In our approachwe are able to make a true
quantitative differentiationbetweenmorphologiesof differ-
entcoralspecies.Furthermorethemethodcanbeusedto in-
vestigatetheimpactof thephysicalenvironmentonthemor-
phology. In simulationstudieson growth andform of coral
colonies[KSM� 05], theavailability of methodsfor compar-
ing simulatedandactualgrowth formsis a crucialprerequi-
site.

We have describedthevariousproblemswhich canoccur
whenattemptingto quantifycoralmorphology. Therecanbe
noisein thedata,thecoral colony canhave sustaineddam-
age,andthestructureof thecoral itself makesit dif�cult to
performapropersegmentation.Themorphologicalskeleton
can contain loops,which must be disconnected,and vari-
ousotherartifacts.All theseissueshave anin�uence on the
quanti�cation of the morphologyof the coral,andmustbe
properlyresolved in orderto performan accuratequantita-
tiveanalysis.

Interactive visualizationis an essentialpart of the quan-

c
 TheEurographicsAssociation2006.
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ti�cation process.It is necessary, becausesometaskscannot
beperformedautomatically, suchasdisconnectingany loops
presentin theskeleton.Sometimesit is alsoneededin order
to correctthe resultsof automaticprocessing,or to provide
the quanti�cation systemwith informationwhich it cannot
infer from thedata.Finally, it is usedto verify that thesys-
tem doesnot introduceartifacts into the data,and thus to
make surethat theobtainedresultsareindeedaccurateand
reliable.
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