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Abstract

Thispaperproposes novel methodfor global registration
basedon matding 3D medial structues of unomanized
point cloudsor triangulatedmeshesMost practical known
methodsare basedon the Iterative ClosestPoint (ICP) al-
gorithm, which requires an initial alignmentcloseto the
globally optimal solutionto ensue corvergenceto a valid
solution.Furthermog, it canalsofail whenthere are points
in onedatasetwith no correspondingnatdesin the other
dataset.Theproposednethodautomatically nds aninitial
alignmentcloseto the global optimal by usingthe medial
structuee of thedatasetsFor this purposgwe r stcompute
the medial scafold of a 3D dataset: a 3D graph madeof
specialshok curveslinking specialshod nodes.Thisme-
dial scafold is thenregularizedexploiting the knowntran-
sitionsof the 3D medialaxis underdeformationor pertur
bation of the input data. The resultingsimpli ed medial
scafoldsarethenregisteledusinga modi ed graduatedas-
signmengraphmatding algorithm. The proposedmethod
showsobustnes$o noisg shapedeformationsandvarying
surfacesamplingdensities.

1. Intr oduction

Registrationplaysanimportantrole in 3D dataprocessing,
matching andrecognition.Applicationsin world modeling,
manufcturing,objectrecognition,partinspection reverse
engineeringarchaeologicaleconstructionandmedicalap-
plicationsall requireaccurateegistration.Registrationcan
be classi ed into two majortypes: global (crude) registra-
tion andlocal ( ne) registration[21]. Therearegoodmeth-
odsavailablefor local registrationwhich oftenrequirethat
theinitial poseis closeto theoptimalsolution.Ontheother
hand,global registrationis consideredo be moredif cult.
Althoughit canbe donemanually this becomesa tedious
job whenthe numberof candidate$o be matcheds large,
or the featuresare not perceptuallyobvious. In this paper
we considettheglobalregistrationof surfacedatasetsepre-
sentecby unomganizedooint cloudswhereno a priori rela-
tionshipis known betweerthepoints. Suchpointsamplings

Figurel: Themedialscafold matchingof two scansof David's
head[13] resultin aglobalregistration.Matchingscafold curves
areshawn in identical colors; onedataseis shavn with red dots,
andthe otherwith bluedots.

arethe mostcommonform of 3D input datafrom modern
scanningechnologiessuchaslasersensingandComputer
Tomography(CT).

The local registrationproblemhasbeenconsideredex-
tensvely in the pasttwenty- ve years, and a good sur
vey canbe foundin [5], while more recentwork can be
found, e.qg,, in the proceeding®f the 3D Digital Imaging
and Modeling Conferenceseries[12]. Most local regis-
tration techniquesare variantsof the well-known Iterative
ClosestPoint (ICP) algorithm,originally proposedy Besl
andMcKay [2], known to sharemary problemscommonly
associateavith local searchtechniquesFirst, it is sensitve
tolocalextrema with immediateconsequenciatwhenthe
initial poseis relatively differentfrom the optimumor when
multiple nearbylocal extremaexist, the algorithmmay not
corvergeto the correctsolution. Second,t is sensitve to
noise and may corverge slowly if the noise complicates
the landscapeof the enegy pro le. Third, it may be dif-
cult to detectwhethercorvergences reachedr not, espe-
cially whentrying to registerpartially overlappingdatasets.
Fourth, dueto the lack of a surfacerepresentation— since
only samplepointsareconsidered— errorsareexpectedn
the nal solution.

Global registrationapproachewhich rely on shapetyp-



ically useeither  surface-basedeaturesor skeletal
graphs. Allen et al. [1] target the particular caseof ar
chitecturaldatasetshere,e.g., the straightlines of walls,
windows, doors,etc, canbe usedasrobustlarge-scalesur
facefeaturesto nd the global pose. Wyngaerdand van
Gool rely on surfacelandmarksin the form of bitangent
cune pairs[21]. A majordravbackis thenthat CAD-like
objects,madeof at or quadricpatches,cannotbe mod-
eledasthey are seenas degenerateshapeswithout bitan-
geng. Thesetwo recentrepresentatie of “surface-based
feature”methodsunderlinea lack of genericitypreventing
their applicationto free-formobjects.Brennecle andlsen-
berg usean internal skeletal graph(or 3D curve skeleton)
for the object[4]. They requirea polygonalmeshwhich
is iteratively simpli ed usingthe edge-collapsalgorithm
until only edgesnot attachedo ary surfacepolygonsare
left. H. Sundaretal. alsouse3D skeletalgraphq19], com-
putedby thinning a volumetric representatioti.e., voxel-
basedyia adistanceransform.A relatedsetof techniques
is basedon the constructionof a Reebgraph, a globally
oriented3D curve skeletondependenbn the choiceof an
heightfunction appliedto a volumetric objectrepresenta-
tion [11]. In theserecenttechniqueghe resultingskeletal
graphsareoftenover-simpli ed anddo not alwayscapture
essentiajeometricfeaturessuchassurfaceridges,which,
e.g., may lead to matcha spherewith a cube or with a
bust[4]. They alsooftenrequirea well-segmented3D ob-
ject (with a closedsurfacemesh). Furthermoretheir is no
clearunderstandingf how to dealwith skeletalgraphshav-
ing differentlocal topologiesyet representingperceptually
similar shapesEvenwhenmatchingthe sameshapeunder
differentacquisitionmodes suchasobtainedfrom two dif-
ferentscansat differentresolution,suchtechniquedack a
clearunderstandingf the dynamicsof their skeletalrepre-
sentations.Our approachdoesnot rely on a particularset
of surfacefeaturesit doesnotrequireamesh voxelization,
or an extrinsic referencedirection, and, furthermore.,it is
basedon a comprehensie analysisof the dynamicsof the
localtopologicalchangesindershapeperturbations.

The primary contribution of ourwork is aimedat the au-
tomationof the global registration. We proposeto match
medialstructure— in theform of a 3D graphderivedfrom
Blum's classicaimedialaxis— usinggraphmatchingtech-
niguesasaremedyfor bothlocalandglobalregistrationfor
thefollowing reasonsFirst, a global hierarchicalstructure
is built-in naturallywith the medialstructure.Scaleis eas-
ily represented,e., smallerfeaturesanbedistinguishfrom
largeronesandrankedaccordingly[3]. Secondthe medial
representatiois completei.e., reconstructiorf thebound-
ary shapeis always possible[8], throughthe dynamicsof
theformationof the medialstructuresThird, structuralin-
formationmadeavailablevia the network of medialcurves
is moreaccurateandreliableto captureobjectfeatureghan

unoiganizedsurfacesamplepoints. Fourth,importantout-
line featuressuchascunatureextremaandridges aremade
explicit by the tips of medialbranches.Also, genealized
axesof elongatedobjectsare explicitly representedby the
medialscafold. Fifth, the medialstructureprovidesa pow-
erful framework to modelshapedeformations

The medialscafold ( ) [15, 16, 14)], is a hierarchical
andsummarizedrganizationof the 3D medialaxis( )
in theform of agraphrepresentatioryhich permitsa qual-
itative descriptionof a shape. The graphstructuremakes
the representatioruseful for shapeanalysisand recogni-
tion, while atthe sametime simplifying the computatiorof
the , its datamanagementandits visualization,since
only specialpoints,calledmedialnodes needto be explic-
itly detected.The aswell asthe requirea no-
tion of medialtransitionso modelwell-known instabilities
of the representationwhenthe shapeis slightly per
turbed,the topology may undego large changes.A
formal understandingf 3D transitionswas recently
completed[7]. It is necessaryo modelthesetransitions
in orderto be ableto matchthe (or ) of similar
shapespneof which canbe understoodsa perturbedver-
sionof theother

The matchingof two graph structuresis an NP-hard
computationalproblem[10], which hasleadto the devel-
opmentof several sub-optimalsolutions,including search-
orientedmethods,nonlinearoptimizationmethods eigen-
valuedecompositionpeuralnetworks,linearprogramming,
etc.In this paperwe applythe GraduatedAssignmengraph
matchingalgorithm,originally proposediy Gold andRan-
garajan[10]. Sharvitet al. [17] successfullyapplied it
to matching 2D medial graphsfor indexing a 25-shape
databaseand demonstrategoromising results. Matching
the3D medialscafolds, however, is morecomplicatedhan
the equivalent 2D task of matchingshockgraphs,essen-
tially dueto the additionaldimension.First, for 2D closed
contours,the shockgraphof the object's interior (and as-
sociatedmedial axis) is a planarrootedtreg i.e., with no
loops,while in 3D, evenfor a closedsurfaceboundarythe

for theobject'sinterior typically containdoopswhich

arethe boundarief the corresponding sheets.Fur
thermore,it is oftenthe casein 3D that no closedsurface
boundaryis available, or the task may be to register two
surface patches hencewithout a notion of inside/outside,
Figurel3.

2 The Medial Scaffold and its Transitions

We now review two conceptswhich are key to our ap-
proach,the medialscafold ( ) whichidenti es a quali-
tative structureof the medialaxis( ), andthe notion of
transitions the suddentopologicalchangesn the scafold
underperturbations.

The is the closureof theloci of centersof maximal
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Figure2: (a)Let  denoteacirclein 2D or aspherdn 3D os-
culatinga boundaryelementat distinctpoints,eachwith
degreeof contact.(b) In 3D thereare5 possiblecontacttypesfor

points: (i)  : aspherewith 2 ordinary  contactswhose
centeris part of a medialsheet (ii) : limiting caseof 2
pointscomingin unison;it correspondsn 3D to rib curvesasso-
ciatedto ridgeson the boundary (iii)  : contactspherewith 3
ordinary  contactsvhosecenteris partof acurvewhere3 sheets
cometogether (iv) : limiting caseof centersof spheredav-
ing contactwith the surfacein 2 placespnenearan  pointand
oneneara point; this is wherean cure “terminates”to-
getherwitha  curne. (v) : thecontactspherehas4 ordinary
contactsandatits centerpasseg  cunes.

ballstangento the objectsurfaceat two or morepoints. A
classi cationof thelocal form of contactof the ball of tan-
geng leadsto v e principaltypesof shockpoints[6]:

, , and , Fig.2. Themedialscafold ( )is
ahierarchicaktructurebasednthis classi cation[15, 16]:
medialsheetsareviewed as“hangingoff” a scafold made
from medialcurves( and ) andmedialpoints(
and ). The is representedsa graphwherethe me-
dial pointsarenodesandthe medialcurvesarelinks in the
structurejthe medialsheetsarethenrepresentedby hyper
links. In thispaper and  curvesareshown in blue
andred,respectiely,! Figure3.

The secondhotionrequiredfor our proposedyraphrep-
resentatiorof 3D shapeis oneof medialtransitions,some
of which arewell-known in 2D asthe classicalnstabilities
of the : whenthe shapeis slightly perturbedthe
topology canexperiencelarge changesi.e., the growth of
anaxis,Figure4.(a), or theswappingof brancheskig-
ure4.(b). Their completesetcanbefoundin [9]. Figure5
illustrateshow thoselong branche®f the whichcorre-
spondto a small perturbatiornof the shapecanbe removed
(the transition, Figure 4.(a)), thusreversingthe ef-
fect of the presumedperturbation.This operationcanthen

IMore details and examples are available from our website:
www.lems.brevn.edu/vision/researchAreas/8ks3D/
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Figure3: (a) Two views of anobject(sheep)scanneds22,619
unoiganizedpointsandreconstructe@sa suriacemeshusingthe
methoddescribedn [15] by thefull medialscafold ( ) shavn
in (b). Shocksheetsarecoloredby distanceof formation.(c) Two
views of the of curvesandvertices.  axialsarein redand

ribsarein blue. (d) Two views of theregularizedandsmoothed
Scafold. verticesarein greenand  verticesarein pink.

be iterated,remaoving noisein the processut retainingthe
“signi cant corners"whichareseerto have alargedistance
to thetransitionpoint [20].

A similar processin 3D requiresboth a formal under
standingof the transitionsof the 3D which wasre-
cently completed7] andaniterative procedureo regular
izethescafold [14]. Figure6 identi es thecompletdist of
generictransitionsundera one-parametefamily of defor
mations. For example,the -1 transitionindicatesthe
introductionof aloop consistingof two curves  and
meetingat a pair of arisingfrom a protrusionon the
surface.Clearly, thesamplingprocessreategerturbations
in the obsened surfaceand suchsuddenchangeanustbe
Itered outto the extentpossibleprior to registration. The
approachn [14] identi es suchloopsandremovesthemto
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Figure4: From[7, Fig.1]. The growth of anaxiswith small
perturbationg Yand theswappingof brancheg )
bothaffectthe topologywith slight perturbations.

\ \

Figure5: From[20, Fig.1]; theoriginal squarevave is perturbed
at numerougplaces.Traditionalsmoothingmethodssmoothaway

both the noise and corners. Instead, the iterative removal of

brancheof the graphsmootheshe shapewhile preserving
its corner(only a subsebf thediscretespaces shovn).

effect both surface smoothingand a regularizationof the
scafold, Figure 7. While the approachin [14] usedonly
threeof seventransitionswe arenow in apositionto utilize
all sessenandhave usedthemfor regularizationin this pa-
per. Figure3 illustratesthe processf extractinga regular
ized . Theinputis assumedo be a setof unomganized
points. The procesof extractinga scafold andsurfacere-
constructioraredonesimultaneouslasdescribedn detalil
in [15] andasshawn in Figures3.(a)and3.(b). The
without the sheetgdescribeghe qualitative structureof the
shapeas shavn in Figure 3.(c) but it also containsdetails
pertainingto smallaswell aslarge structures.Theregular
izationof thescafold bringsouttheessencef theshapeas
shawvn in Figure3.(d).

Figure8 shavsanotheexampleof aregularizedscafold
ontheright which featuresbothregularizedridgesandreg-
ularizedgeneralizedxes. It is clearfrom the scafold that
thesigni cant featuredik ethearmsandlegsareeffectively
presentedvhile smoothingthe noisy structures.

Oncea medial scafold hasbeenregularized,and thus
greatly simplied by removing the adwerse effects of
smallerfeaturesand perturbationswe canuseit for regis-
trationby matchingthescafold structureasdescribedext.

3. Matching Medial Scaffolds by the
Graduated AssignmentAlgorithm

We extendthe graduatedassignmenf10] algorithmwhich
wasusedwith succesdor matching2D shockgraphs[17]
to matchingmedialscafold graphs.Formally, considettwo
graphs and . Referto nodesof and by and
~, respectiely, andlinks of and by and

Figure6: Smallperturbationsn 3D shapecause? typesof sud-
denchangesn the topology The completesetof generic
transitionsin a one parameteffamily of deformationsis shavn
in [7].
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Figure7: From[14, Fig.6]. (a) P(gin)tsamplesfrom arectangular
box, deformedby 5 protrusions(4 on top, 1 on a side). (b) The
shavs ve transitionswhich whenremoved both smooththe
surface(c) aswell asregularizethe scafold (d).

(@) (b)
Figure8: Laserscannediatasebf areal-life humanfemalebody
provided by CybervwareInc., comprisedof 30,430points. (a) The
surfacemeshrecorery from theassociatetisamplingartifactscaf-
fold” [15]. (b) The structureof theinterior.

, and
associatesodesin two graphs:

respectrely, where
Thematd matrix

if thenode correspond$o node
otherwise.
)
Missing and extra nodesare handledby adding sladk
rows andcolumns. An objective enegy function is

de ned for eachpossible
give a genericde nition of
graphg(ARGs)as

. Gold and Rangarajari10]
for attributedrelational

(@)

where - representdotal similarity betweenlinks
and -, and representsotal similarity betweemodes
and

A signi cant ideain [10Q] is to extend the discrete as-
signmentproblemto a continuousone by embeddingt in
alarge spacewheregradientdescentanbe performedto
iteratively move from oneassignmento another A contin-
uousanalogyto the discrete assignmenmatrix (matching
matrix) ,is ,thecontinuousassignmeninatrix, which
takes valuesbetween0 and 1 with the constraintthat
hasto be a doublystotasticmatrix, i.e., and

[18].

Gradientdescenbn is usedto move from oneas-
signmento anothelin a GraduatedNon-Corvexity setting.
The Taylor Expansiorof the enegy function

3
where — , turnstheenegy minimizationinto
maximizing , anassignmenprob-
lem [10]. This assignmenis solved by softassign[18],

wherean initial matrix is moved toward a solutionby in-
creasinga parameter which controlsthe corvexity of the
enegy landscapéto avoid poorlocalminima). In eachiter-
ationof graduatedassignmenthecontinuousnatchmatrix

is bestestimatedand normalizedsuchthatit gradually
movestowarda discretization.

This approachwas successfullyusedin matching2D
shockgraphg17]. Thenodeandlink attributeswerebased
onthetypesof shocksandtheirgeometricanddynamicfea-
tures. A key obsenationin matching3D shockgraphsis
thata quadraticenegy functionis not sufciently discrim-
inatory dueto the introductionof a third dimension. Thus
we employ a order enegy termto matchthe hy-

pemgraph.

(4)

wherethe node link, andhyperlinkcostsarede ned as

_ if and havedifferenttypes,
_— otherwise,

()



if any of links and aremissing,
_— otherwise,

(6)
if arylinks , , , aremissing,
- - otherwise,
()
where istheradiusatnode , isthe maximumradius,
is thelink length, isthe maximumlink length,_ s
the anglebetweernthe link and . In Equation(4),
and areweights; -,and - alltakevalues
betweerD and1, wherel indicatesa perfectmatch.

Thelink andhyperlinkcostscaneasilybefurtherre ned,
i.e., by addingradius,curvature torsion,andothermeasure-
ments,so thatit canalsoperformlocal ne registrations.
Notethattheintroductionof the
affect the computatiortime very much,dueto the sparsity
ofthe  orderconnectvity.

After matching,a Euclideantransformis performedto
align the two objectstogether The bestalignmentis com-
putedby SingularValue Decompositior(SVD). This com-
pletesthe proposedjlobalregistrationalgorithm.

4. Resultsand Applications

The goal of this work is to derive a global alignmentfor

registeringunomganizedatasetsbtainedrom thesameob-

jectatdifferenttimes,usingdifferentoperatorssettings or

equipments Figure9 illustratesthattwo laserrangescans
eachobtainedby a different operator and eachcontain-
ing 20K points, are alignedwell by matchingtheir regu-

larizedmedialscafolds. Figure 10 shavs thattwo scansat

ratherdifferentresolutionsroughly21K and6K points,are
alignedwell. We have alsoveri ed the accurag of there-

sultsby aligningtwo distinctrandomsubsamplesf a high

resolutionshapewhich is itself usedas groundtruth, Fig-

urell.

We also examinedthe robustnessof the global align-
mentwhenlargechunksof dataweremissing.Figurel2a-d
shavs two scanswvherein the secondscan the bottompart
of the “sheep”was not scanned.Neverthelesghe medial
scafold retainssufcient structureto matchthetwo shapes
andalignthem.Similarly, Figure 12e-fshavsthe success-
ful alignmentwith anotherscanwherethe rear sectionof
the“sheep”is cut off.

The global alignmentdoesnot requireclosedsurfaces.
Figure 13 shavs two scansof a pot's outersurfaceandthe
successfualignmentof thetwo surfaces.

Since the method is basedon graduatedassignment
matchingof regularizedmedialscafold, two typesof errors
canoccur First,thematchitself canbeerroneoussshovn
in Figure14, but givena sufcient numberof correctcorre-
spondencesheoverallregistrationis nottypically affected
much. Secondjn the processof regularizingthe scafold,

orderenegy doesnot(b)

(@) (c)

(d)
Figure9: Raegisteringtwo scansof an objectat the sameres-
olution (20K points),obtainedby two distinct operators.(a) The
sheepobjectfrom two scanswith differentviewpoints. (b) Two
views of the shockmatchingresult. (¢c) Zoomin to illustratethe
matchesand mismatches.Matchedverticesare connectecby a
thin line. Matchedlinks are coloredin pair; unmatchednesare
dravn in gray Althoughtherearemismatchesglobally theresult
is still closeto theoptimalsolution.(d) The nal registrationresult
after20iterationsof ICP with (b) astheinitial pose.

differenceganstill remainfrom onescanto another Again
if a sufcient numberof correctcorrespondencesxist, the
overallregistrationis not affected,Figure15.

5. Conclusionsand Futur e Work

We have proposedan automaticglobal registrationmethod
via matchingthemedialscafold ( ) usingthegraduated
assignmenglgorithm. The proposedmethodis robust to
handlemissing/atrasampleonthedata.Resultsshow that
it is reliablefor practicalapplications.
Futurework will aim atre ning the medialhypeigraph
costfunctionandregularizingall shocktransitiongo enable
ne registration. The proposedmethodalso hasa strong
potentialto handlenon-rigid registrationsdueto structural



Figure10: Left: two scansof anobjectat differentresolutions,
top: 21,463points, bottom: 5,748 points. Right: alignmentby
matchingregularizedmedialscafolds.

a b

( l):igure 11: The groundtruth(vgsllidation on a scanningof
Michelangelos David head(42350points,from [13]). (a)
20K andrandompointsfrom the groundtruth, referto Fig-
urel for theotherscanof 30K points.(b) Theresultof
matching.Thetwo point cloudsarealignedclosetogether
Validationagainstthe groundtruth shows thatthe average
squaralistances 3.129372wherethe objectboundingbox
is ). Referto Figurel for the nal registration
resultafter20iterationsof ICP. The nal alignmentmatches
thegroundtruth ( nal averagesquaralistancas 0.000005).

andglobalrepresentatiopropertiesof the
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