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ABSTRACT

This paperpresentsa methodfor automaticallyregis-
tering multiple threedimensional3D) datasets. Previous
approachesgequiredmanualspeci cationof initial posees-
timatesor reliedon externalposemeasuremergystemsin
contrast,our methoddoesnot assumeary knowledge of
initial posesor even which datasetsoverlap. Our auto-
matic registrationalgorithmbegins by corvertingthe input
datainto surfacemesheswhich arepair-wiseregisteredus-
ing a surfacematchingengine. The resultingmatchesare
testedfor surfaceconsisteng, but someincorrectmatches
maybelocally undetectableA globaloptimizationprocess
searches graphconstructedrom thesepotentially faulty
pair-wisematchegor aconnectedgub-grapttontainingonly
correctmatchesemploying aglobalconsisteng measuréo
detectincorrect,but locally consistenmatches.From this
sub-graphthe nal posesof all views canbe computeddi-
rectly. We applyour algorithmto the problemof 3D digital
reconstructiorof realworld objectsandshow resultsfor a
collectionof automaticallydigitized objects.

1. INTRODUCTION

The adwent of relatively low-cost, commerciallyavailable
laserrangesensor$asgreatlysimpli ed the procesf ac-
curatelymeasuringhe 3D structureof a staticernvironment,
driving theneedto automateheprocessingf 3D data.One
problemfrequently encounteredn 3D dataprocessings
registration the procesf aligningmultiple 3D datasetsin
acommoncoordinatesystem.In existing applicationsyeg-
istrationis accomplisheckitherby handor throughthe use
of anexternalpositionmeasuremerdevice suchasaglobal
positioningsystem(GPS).This paperintroducesa third al-
ternatve: automatiaegistration whichdoesnotrequireary
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external measurementsr manualintervention. Formally,
we wantto solve thefollowing problem:

Givenanunorderedetof overlapping3D views
of a static sceneand no additional informa-
tion, automaticallyrecovertheviewpointsfrom
which theviews wereoriginally obtained.

We donotassumary prior knowledgeof theoriginal view-
points suchasinitial poseestimatesor even which views
containoverlappingsceneregions(overlapg. This problem
is analogouso assemblingjigsav puzzlein 3D. Theviews
arethepuzzlepiecesandthe problemis to correctlyputthe
piecestogetherwithout even knowing what the puzzleis
supposedo look like.

Threedimensionakegistrationproblemscanbe classi-
ed alongtwo axes: the numberof input datasets(views)
andwhetherinitial poseestimatesareknown. A posees-
timateis arigid body transform(e.qg., threerotationsand
threetranslationsandcanbe speci ed for a singleview in
world coordinategabsoluteposg or with respecto a pair
of views (relativeposg. Along the rst classi cationaxis,
we usethetermpair-wiseregistration whenregisteringtwo
views and n-view registration when more than two views
areinvolved. Along the secondaxis, we usethe termreg-
istration re nementwheninitial poseestimatesareknown,
andunconstainedregistration whenthey areunknown.

With this namingcorvention,the relationshipbetween
ourregistrationalgorithmandexisting registrationmethods
is clear For example,thewell-known iteratedclosestpoint
algorithm(ICP) is a pair-wise registrationre nementalgo-
rithm[1]. Extension®f thelCP algorithmto morethantwo
views aren-view registrationre nementalgorithms[2][3].
Surfacematching,a processoften usedin 3D recognition
systemsis anunconstrainegairwiseregistrationalgorithm
[4][5]- Our automaticregistrationalgorithm occupiesthe
fourth cornerof this taxonomy: unconstraineah-view reg-
istration.

Our solution to the unconstrainech-view registration
problem consistsof two main phases: local registration
andglobalregistration. In the local registrationphase the



Fig. 1. The 3D digitization application. Holding the objectbeforea laserscanner(left), we obtain 3D datafrom various
viewpoints(center),andautomaticallyconstructa digital versionof the original object(right).

N input views (V;;i 2 1:::N) arecorvertedto surface
meshegS;;i 2 1:::N), andasurfacematchingsysteny6]
performsunconstrainegair-wise registrationon all view
pairs. The resultingmatchesare veri ed for surfacecon-
sisteng, but someincorrectmatchesmay be locally un-
detectableand potential correct matchesmay be missed.
The ltered matchesare collectedin an undirectedgraph
calledthe modelgraph,which encodeghe connectvity be-
tweenoverlappingviews. In the global registrationphase,
we searchthis modelgraphfor a connectedub-graplcon-
tainingonly correctmatchesWe posethesearctasamixed
continuousanddiscreteoptimizationproblem.Thediscrete
optimizationperformsacombinatoriakearctoverthespace
of connectedub-graphsysinga globalsurfaceconsisteng
criterionto detectandavoid incorrect,but locally consistent
matcheswhile the continuousoptimizationadjuststhe ab-
soluteposeparameterso minimizethedistancebetweerall
overlappingsurfaces,distributing small pair-wise registra-
tion errorsin a principledway. The nal output,the abso-
lute poseof theinputviews,canbecomputedirectly from
theresultinggrapht.

We demonstrat@ndtestour algorithmin the context of
3D objectdigitization, the purposeof which is to createa
3D digital reproductionof a real-world object(g. 1). In
our application,the objectto be digitized is held beforea
laserscannewhile rangeimagesareobtainedfrom various
viewpoints. We call this hand-heldmodeling,andit is an
exceedinglyeasydatacollectionmethod,requiringno spe-
cializedhardwareor trainingandonly afew minutesto scan
anaverageobject.Alternately themodelcanbeplacedona

Lin practicewe expressheposeswith respecto oneof theinputviews,
whichis selectedarbitrarily.

tableduring eachscan,or a portablescannecanbe moved
aroundwhile the sceneremainsstationary Oncedatacol-
lectionis completepurapplicationproducesdigital model
of the original objectby automaticallyregisteringthe input
views and thenmeming the registeredviews into a single
entity. Althoughwe illustrateour algorithmwith 3D object
digitization,themethods generabndcanbeappliedin any
situationwheremultiple 3D datasetsmustberegistered.

In theremaindeof this paperwe begin by summarizing
therelatedwork (section2). Section3 providesthe neces-
sarybackgroundnthemodelgraphconceptandsection4
de nesour surfaceconsisteng measuresSectionss and6
givethedetailsof theautomatiaegistrationalgorithm,with
section5 focusingon the local registrationphaseand sec-
tion 6 dealingwith the globalregistrationphase.Section7
presents comparisorof threeversionsof our algorithmon
a setof testobjects. Finally, in section8 we discussthe
algorithm'slimitationsandour future work.

2. RELATED WORK

Existingmethodgor multiple view registrationrely on me-
chanicalestimationof poses,manualassistanceor both.
Onemechanicaapproachs to mountthescanneonarobot
equippedwith anabsolutepositioningsensarFor example,
Miller usedan autonomoushelicopterwith a differential
globalpositioningsystem(DGPS)to constructerrainmod-
els[7]. For smallerobjects,absoluteposescanbe obtained
by mountingthesensoionarobotarm[8] or by keepingthe
sensorx edandmoving theobjecton a calibratedplatform
[9]. Relatve posescanbeestimatedy mountingthesensor
onarobotequippedonly with arelative positioningsystem



Fig. 2. Examplemodelgraphs A completemodel(left) and
two partialmodels(right).

suchaswheelencodersr inertial sensorg10][11][12].

A commonmanuakegistrationmethods to specifycor
respondingfeaturepoints in pairs of rangeimages,from
whichrelative posesanbe estimated?]. In somesystems,
correspondindeaturepointsareautomaticallydetectedand
then manually veri ed for correctnesq§10]. Alternately
the 3D datacanbe aligneddirectly throughan interactve
method[3]. In more advancedapproachesa personin-
dicatesonly which views to register and performsuncon-
strainedpairwise registration[5][13]. With this approach,
theuserstill mustmanuallyverify the registrationresults.

3. THE MODEL GRAPH

A modelgraphis anundirectedgraphG that encodeghe
topologicalrelationshipbetweenviews ( g. 2). It contains
anoden; for eachinputview V; andanedgee;; for each
pair of overlappingviews V; andV, . Associatedvith each
edgeis arelative poseT;; andwith eachnodeis anabsolute
poseT;. Therelative posebetweerntwo connectediiews V;
andV; canbecomputedy compoundingherelative poses
alongary pathfromV; toV; in G.

A connectednodel graph speci es a completemodel
and a potentialsolutionto our registrationproblem, since
every view can be transformednto a commoncoordinate
systemby compoundingelative poses.If, instead,G con-
tains several connectedcomponents,each componentis
calleda partial model A spanningtree of G is the mini-
mum speci cationof a completemodel. Additional edges
will createcyclesin G, which canleadto con icts because
compoundindransformsalongdifferentpathsbetweernwo
views maygive differentresults.A modelis poseconsistent
if the relative poseof two views is independenof the path
in G usedfor the calculation.In practice poseinconsisten-
ciesarisefrom the accumulatiorof small errorsin relative
posesalonga path.

4. SURFACE CONSISTENCY

The automaticregistrationproblemwould be greatly sim-
pli ed if we couldknow with absolutecertaintywhich pair-

surfaces are close

§ blocked by § S isnot observed

Fig. 3. Visibility consisteng from the perspectieof C;: an
example of correctregistration (left), free spaceviolation
(center),andoccupiedspaceviolation (right).

wise matchesrom our surfacematchingenginewere cor

rect. Suchagoalis not attainable but we canmake an es-
timateby looking at the consisteng of the underlyingdata
atthelocal aswell asthe globallevel. Surfaceconsisteng

is a measureof the degreeto which the overlappingdata
from two (or more)surfacescouldrepresenthe samephys-
ical surface. A thresholdcanbe usedto turn a consisteng

measurento aclassi er. At thelocallevel, we useacontin-
uousvaluedsurfaceconsisteng measurdo rank pairwise
registrationresults. At the global level, we usea surface
consisteng classi er to verify thatanentiremodel(or par

tial model)is consistent.

4.1. Local surfaceconsistency

For pairsof surfacespnecommonmeasuref surfacecon-
sisteny is the meansquaredistancebetweerthe overlap-
ping regions(overlapdistancg. However, overlapdistance
only takesinto accounthe spacecloseto thetwo surfaces,
andin somecasesphbviously incorrectmatcheswill have a
small overlapdistancebecausehe region wherethey over
lap matcheswell.

For rangesensorswith a single point of projection,we
candevelopmorepowerful measurethattake advantageof
thesensors entireviewing volumeby looking atthe consis-
teng of thetwo surfacesalongtheline of sightfrom eachof
thesensowiewpoints. We call this concepisibility consis-
tency For example,considethesurfacesn gure 3viewed
from the sensompositionC;. For a correctregistration,the
two surfaceshave similar rangevalueswherever they over-
lap (g. 3left). For anincorrectregistration,two typesof
visibility inconsistenciesanarise. A free spaceviolation
(FSV) occurswhena region of S; blocksthe visibility of
S; from C; (g. 3, center),while an occupiedspaceviola-
tion (OSV) occurswhenaregion of S; is not obsered by
Ci, eventhoughit oughtto be (g. 3, right). Freespace
violations are so namedbecausehe blocking surfacevio-
latesthe assumptiorthatthe spaceds clearalongtheline of
sightfrom the sensotto the sensedurface.Similarly, OSV
surfacesviolatetheassumptiothatrangesensodetectsoc-
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Fig. 4. An exampleof visibility consisteng for anincor-
rectmatch.Thez-buffersfrom eachviewpoint (bottomrow)
shaw the classi cation of pixels for the FSV fraction con-
sisteny measurgeq. 8). TheindicatedFSV pixelsin the
z-buffer for view 2 suggesanincorrectmatch.

cupiedspaceHere,we focuson FSV's, but the potentialof
OSV'sis discussedn section8. Visibility consisteng has
beenusedpreviouslyin other3D vision contets, including
hypothesisreri cation [14], surfaceregistration[15], range
shadev detection[16], andmulti-view integration[17][18].

We can detectFSV's with respectto sensorposition
Ci by projectinga ray from the centerof projectionof C;
througha pointp on S;. If theray passeshroughS; ata
pointgwhichis signi cantly closerto C; thanp, thengis an
inconsistenpoint. We musttestwhetherq is signi cantly
closerbecausevenfor correctlyregisteredsurfacesp and
g will nothave preciselythe samerange.

We canefciently implementFSV detectionusingtwo
z-huffers[19]. To computeFSV's for surfacesS; and S
with respecto C;, bothsurfacesareprojectednto separate
z-huffers (Z; andZ;) usingthe coordinatesystemand pa-
rametersof C; (e.g.,focal length, viewing frustum). The
depthdifference

Dij (k) = Zj(k)  Zi(k) 1)
is thencomputedor eachpixel x(k) whereboth z-buffers
arede ned(g. 4).

We havedevelopedwo local consisteng measurebased

onthe FSV concept.The rst one,which we call the FSV

likelihood, is a statisticalmeasurebasedon the likelihood
ratio test. Giventhe two possiblehypothesest * (correct

match)andH (incorrectmatch),andthe setof depthdif-
ferencemeasurement® = fDj; (1);:::;Di; (K)g, we
estimate
Pr(H*jD Pr(DjH*)Pr(H*
L(si:s)= Pr(H"ID) _ PrDJHMPr(H*) o)

Pr(H jD) Pr(DjH )Pr(H )

Assumingsample®f D areindependengndtakingthelog-
arithm,we have

In(L(Si;S)) = InPr(Di; (k)jH™)

k=1

InPr(Dy; (KiH )
k=1
+ InPr(H*) InPr(H ) (3)
An independenlikelinoodratio L (S; ; S;) canbe com-
putedwith respectio sensowiewpoint Cj . Frequentlyan
incorrectmatchwill bedetectabldrom only oneviewpoint,
so we consenratively combineL (S;; ;) andL(S;;S;) to
form the FSV likelihood:
L(S; S)= min(In(L(S;;S5;));In(L(S;;S))  (4)
Thesmallerthevalueof L(S;; S;), themorelikely it is
acorrectmatclt. ThecorrespondingSV likelihoodclassi-
er is:

1 if E(Si;Sj)< t)

Lc(Si;§) = 0 otherwise

®)
The probabilitiesin equation3 can be estimatedirom
labeledtraining data.We usea setof hand-labelednatches
obtainedfrom exhaustve unconstrainegair-wise surface
matchingof theviews of atypical object. First,we compute
separatehistogramsof the depthdifferencedor the setof
correctmatcheq g. 5, left) andthesetof incorrectmatches
(g. 5, right). We thenmodelPr(DjH*) asa mixture of
two Gaussianspnefor outliersandonefor inliers, tted to
the correspondindhistogram. The processs repeatedor
theincorrectmatchedo estimatePr(DjH ). Mixtures of
two Gaussiangre necessarnpecauseorrectmatcheswill
containsomeoutliers, primarily due to small registration
errors,andincorrectmatcheswill containinliersin the re-
gion that was matchedduring surfacematching. Pr(H *)
andPr(H ) areestimatedusingthe frequeng of correct
andincorrectmatchesn thetrainingset.

2The sign changeis introducedto male this measureconsistentwith
our othermeasuresuchasoverlapdistance.
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Fig. 5. Thedistribution of depthdifferencemeasurementS over alarge setof correctmatchegleft) andincorrectmatches
(right) from a testobject. The predicteddistributions, mixturesof two Gaussiansearnedfrom a separatdraining set,are

overlaid(thin blackline).

For pairr-wisematchesthelik elihoodratio testis agood
measuref surfaceconsisteny, but for non-adjacenviews
in amodelgraph,the accumulatiorof errorwhencomput-
ing therelative transformseduceghe accuray of this test.
For this situation, we use an alternatve methodfor esti-
mating surface consisteny, the FSV fraction (g. 4). To
computethe FSV fraction, we apply a threshold,tss, to
the depthdifferencemeasurementéeq. 1) to classify the
overlappingpixels into one of threecatayories: pointson
thesamesurface(X ss), pointsthatareFSV's (X g sy ), and
“don't care”pointswhereS; is behindS; (Xpc):

8
< Xss(iyj)  if jDij (K)]  tss

X(k) 2 Xgsv (I, j) if Di;j (k) > tgg (6)
" Xpe(ij) if Di;j (k) < tss

We thencomputethe fraction of pointsthatare FSV's,
ignoring“don't care”points(classX pc):

Xesv (i) )
IXesv (i )i+ jXss(i; )]
As with the FSV likelihood measurewe canperform

the computatiorwith respecto sensowiewpointS; to get
F (S;; Si). Combiningtheresultsgivesthe FSV fraction:

F(Si;S)) = max(F (Si; §)); F(S;; Si) (8)

F(Si;S) =

ThecorrespondindrSV fractionclassi eris:

1 ifE(Si;Sj)< te

Fe(SiiS) = 4 otherwise

(9)

4.2. Global surfaceconsistency

Global surfaceconsisteny is the straightforvard extension
of local surfaceconsisteng to anentiremodel. A modelis

globally surfaceconsistenif every pair of views is locally
surfaceconsistenticcordingto the FSV fractionclassi er:

1 if 8(i;j )2 Ve ﬁc (Si;Ti;j SJ) =1

Cu(G) = § otherwise

(10)
where V¢ the setof connectednot necessarilyadjacent)
view pairsin G, andT;; is therelatve posecomputedoy
compoundingransformsalonga connectingpathbetween
n; andn; in G.

5. LOCAL REGISTRATION PHASE

Now thatwe have de ned the modelgraphandthe surface
consisteng measureswe canfully explain our automatic
registrationalgorithm.Theproceswill bedemonstratedn
theangel2testobject( g. 99).

In the local registration phase,we attemptto register
all pairsof views usinga surfacematchingalgorithm. For
smallnumbersof views ( 20), this exhaustie registration
strat@y is reasonableFor larger scenesthe combinatorics
malke this approachinfeasible,andview pairsmustbe se-
lectively registeredseesection8).

In preparatiorfor surfacematching,the views are pre-
processeasfollows: Theinputrangeimagesarecorverted
to triangularsurfacemeshedy projectinginto 3D coordi-
natesand connectingadjacentrangeimage pixels. Mesh
faceswithin rangeshadaevs (whichoccuratoccludingbound-
ariesin the rangeimage)are removed by thresholdingthe
anglebetweertheviewing directionandthesurfacenormal.
For computationakf ciency, the meshesaresimpli ed us-
ing Garlands quadricalgorithm[20].

Thesurfacematchingalgorithmperformsunconstrained
pairwise registrationof two surfacesbasedon their shape.



Wetreatthis processsablackbox,whichtakestwo meshes
asinputandoutputsalist of relative poseestimatesDetails
canbe foundin [5]. If the two views overlap, the algo-
rithm often nds the correctrelative pose,but it may fail
for a numberof data-dependeneasonge.g., not enough
overlap or insufcient compleity of the surfaces). Even
if the views do not containoverlappingsceneregions,the
algorithmmay neverthelessnd a plausible,but incorrect,
match. Furthermoresymmetriedn the datamay resultin
multiple matchedbetweena single pair. The modelgraph
of pairwise matchesfor the angel2datasetis shovn in
gure 7a. For illustration, the matcheshave beenhand-
classi ed, but theselabelsare,of course hot known by the
algorithm.

Next, thealignmentbof eachmatchisimprovedby apply-
ing a pairwise registrationre nementalgorithm. We have
implementedwo algorithmsfor this—onebasednthelCP
algorithmbut extendedto handlepartially overlappingsur
faces[21], anda secondmethodthat minimizesdistances
betweenpoints and tangentplanesin a mannersimilar to
thatdescribedoy ChenandMedioni[22].

Finally, we perform a local surface consisteng test
by applying the FSV likelihood classi er to the matches
(eg. 10). We classify the matchesusing a conserative
thresholdchoserwith theintentionof eliminatingobviously
incorrectmatcheswithout removing ary correctones.The
resultingmodelgraphG_ g is shavnin gure 7b.

6. GLOBAL REGISTRATION PHASE

Theglobalregistrationphasaiseghelocally consistenpair-

wisematchegGr ) to constructaposeconsistenandglob-

ally surfaceconsistenmodelfrom whichtheabsolutegposes
canbereaddirectly. Theconnectedub-graphef G g rep-
resenthesetof all possiblemodelhypothese$or thegiven

pair-wise matchesTo succeedthe globalregistrationmust
nd asub-graphcontainingonly correctmatches;a single
incorrectmatchgenerallyresultsin a dramaticallyincorrect
solution( g. 9p).

The global registration can be posedas a mixed dis-
creteandcontinuousoptimizationproblemoverthediscrete
modelsub-graptstructureandthe continuousvaluedpose
parametersithin. We decomposehe probleminto two
nestedsub-problemsaninnercontinuousptimizationover
absoluteposesfor a x ed model graphand an outer dis-
creteoptimizationover modelgraphsfor x ed poses.For
thediscreteoptimization,we sequentiallyconstructa span-
ning treefrom the edgesin G r usinga modi ed version
of Kruskal's minimum spanningreealgorithm[23]. Using
a spanningree ensureghat the graphis alwaysposecon-
sistentandallows usto directly computeabsoluteposeesti-
mates It alsoreduceshecontinuousptimizationstepto an
instanceof then-view registrationre nementproblem.Our

1. G Go
2: for all edgess;; 2 Grr , sortedin increasingorder
usingeq.4 do

3 if n; andn; arenotconnectedn G then

4 G° GJ e

5 n_view_r egster (G9

6 if G°is globally surface consistent(eq. 10)
then

7: G G°

Fig. 6. Pseudo-codéor the full
registrationphase.

algorithmfor the global

n-view registration re nement implementation,basedon
Neugebaues [2], minimizesthe squaredlistancebetween
points andtheir correspondingangentplanes. The corre-
spondencesire establishecbetweenall overlappingview
pairs, not just the edgesfrom the currentmodelgraph. At
theendof eachstep thegraphis checledfor globalsurface
consisteng, which ensureshe nal solutionwill besurface
consistentand reduceshe chanceghat the algorithmwill
fall into a local minimum. The pseudo-codéor this algo-
rithmis shavnin gure 6.

Initially, G representdN partial modelswith oneview
each(line 1). The edgesof G r aresortedby their FSV
likelihoodmeasureandtestedoneat a time. In eachitera-
tion throughthe loop, the bestuntestecedgefrom G r is
selectedandif it connectstwo componentsa temporary
modelgraphGPis formed,therebyjoining two partialmod-
els (line 4). Thealignmentof the views in G is improved
usingan n-view registrationre nementalgorithm (line 5).
If the resultingpartial modelis globally surfaceconsistent
(line 6), thenew edgeis acceptedandG°becomeshestart-
ing point for the next iteration(line 7). Eventually the al-
gorithm either nds a spanningtree of G r , resultingin
a completemodel, or the list of candidatematcheds ex-
haustedresultingin a setof partialmodels.Figure7 shavs
the modelgraphG at several stagesandthe nal model,
correspondingo thegraphin gure 7f, is shavnin gure 8.

In additionto thefull algorithmdescribedabove (full
hereafter) we testedtwo simplerversionsof our algorithm
to analyzethe effects of the continuousoptimizationand
theglobalconsisteng check.Thediscrete  _only algo-
rithm omits the continuousoptimizationstep(line 5), and
themin _span algorithmskipstheglobalconsisteng check
(line 6) aswell.

The min _span algorithm, which nds the minimum
spanningtree of G r , hasthe advantagethatit is simple,
fast,andalways nds a solution, but the resultmay not be
globally surfaceconsistentThe global consisteng testcan
be performedatthe endasaveri cation, but it is not possi-
ble to correcttheinconsistenyg.
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Fig. 7. Model graphsfrom the local registrationphase(a-b) and global registrationphase(c-f) for the angel2testobject.
Matchesverehand-labeledor illustration: thick (blue)edgesarecorrectmatchesandthin (red)edgesareincorrectmatches.
a) Themodelgraphfrom exhaustve pairwiseregistration;b) after Itering theworstmatchegG g ); ¢) emptymodelgraph

(Go); d) after5 stepsof full

Thediscrete _only algorithmintegratesthe global
surface consisteng checkinto min _span , effectively al-
lowing a singlestepof backtracking.However, the buildup
of small pairwise errorsleadsto large discontinuitiesbe-
tweensomeoverlappingsurfaceswhich maycauseamodel
to begloballyinconsisteneventhoughit containsonly cor-
rect matches.By incorporatingn-view registrationre ne-
mentat eachstep,the errorsareevenly distributedover the
entiremodel,allowing thefull  algorithmto nd thecor-
rectsolutionin somecasesvherediscrete  _only fails.

7. RESULTS

We testedour automaticregistrationalgorithmsby digitiz-

ing a collection of ten test objects(g. 9). Using a Mi-

nolta Vivid 700 laserscannerwe obtained15 to 20 views
of eachobiject, scanningwith the hand-helddata collec-
tion methoddescribedn the introduction. A black back-
groundandglove allow simple,automaticsgmentationof
the backgroundby thresholdingthe intensity image. We
comparedhe performanceof the threeglobal registration
algorithmsdescribedn section6. Theresultsareshovnin

tablel.

Overall, the resultswere very good — the full  algo-

; ) after15 stepsy) the nal modelgraph.

rithm found a qualitatively correctmodelin nine of theten
testcasesFortwo testsetgangel2andlettery), min _span
failedwherediscrete  _only succeededThisis because
one of the mostconsistenimatcheswvas actually anincor-

Fig. 8. Theautomaticallyregisteredviews of theangel2test
object.
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Fig. 9. Photographsf thetentestobjects( rst andthird columns)andtheresulting3D models(secondandfourth columns).
a-b)angell;c-d) coder;e-f) dwarf; g-h) angel2;i-j) angel4k-I) dino; m-n)rabbit;o-p) angel3;g-r) letter]; s-t) letter.y.



object | min _span | discrete _only | full
angell | + X (2 components) | +
angel2 | x (1 err) + +
angel3 | x (1 err) x (lerr) x (lerr)
angeld | + + +
coder | + + +
rabbit | + + +
dwarf | + + +
letterj | + + +
lettery | x (1err) + +
dino + + +

Table 1. Performanceof the threealgorithmson the test
models.+ indicatesa correctresult(i.e., a completemodel
with no incorrectmatches)x indicatesan incorrectresult
(i.e., partialmodelsor a graphwith incorrectmatches).

rectmatch,andthediscrete  _only algorithmcorrectly
detectedthe incorrectmatch using the global consisteng
test. For the angelltestset, both min _span and dis-
crete _only failedbutfull succeededn thiscasethe
accumulatiorof pairwiseerrorpreventeddiscrete  _only
frommegingthelasttwo componentito aconsistenmodel.
The componentoutputby discrete  _only represented
theleft andright sidesof the object.

In onecase(angel3) noneof thealgorithmssucceeded.
This is becauséhe pairwise matchingphasedid not nd
ary correctmatchedetweenwo clustersof views: oneset
representinghe front andsidesof the objectandthe other
containingviews of the back. The global registrationpro-
cesscannotsucceedn this situation,but one optionis to
acquiremore datasetsthat spanthe boundaryregion. An-
otherapproachis to feed the partial modelsbackinto the
pair-wise matchingphase treatingeachpartial modelasa
singleview. The greatersurfaceareaof eachpartialmodel
canresultin matchegshatwould not have beenfoundin the
initial matchingphase.

8. FUTURE WORK

We have identi ed several aspectof our automaticregis-
tration methodto be further developed. One problemthat
canarisein the global registrationphaseoccurswhen an
incorrectmatchis addedto the graphandthe resultingpar
tial modelis still globally consistent. Oncethe algorithm
proceedso the next iteration, thereis no hopeof nding
the correctsolution. This problemcanbe addresseth two
ways.Oneis to incorporatebacktrackingnto thesequential
algorithm,turningit into adepth rst searchof the spaceof
all spanningrees.However, it may be necessaryo search
nearlytheentirespacenf spanningreesf thesearctthooses
anincorrectedgeearlyin theprocessA secondsolutionis

to turnto a stochasti@lgorithm.

We have investigatedusinga RANSAC algorithm, in
which spanningreesarerandomlysampledrom G, g and
then evaluatedusingthe global consisteng test. Unfortu-
nately dependingpn the numberandarrangementf incor-
rectmatchesn G, , a very large numberof trials may be
required.Our next stepis to experimentwith otherstochas-
tic methodssuchas simulatedannealing. The min _span
algorithm could be usedto generatea startingsolutionfor
suchmethods.

Figure 9p shavs an exampleof a modelthat contains
a singleincorrectmatch. Although obviously wrong, the
modelis actuallyconsistenaiccordingto our global consis-
teng test. This situationcouldbeavoidedwith anenhanced
testthat consideredccupiedspaceviolations (OSV's) as
well asFSV's. DetectingOSV's requiresa more sophis-
ticatedsensomodelthan FSV's becausesurfacesmay go
undetectedor a numberof reasonge.g.,the surfaceis out
of sensorrangeor the normalis too obliqueto viewing di-
rection).

Finally, we mustaddressheissueof view selection.To
scaleautomaticregistrationto alarge numberof views, we
needto be selectve aboutwhich view pairswe attemptto
register Oneapproachs to useinformationinherentn each
view to sorttheviewsbasednthelik elihoodof asuccessful
matchor to partition into groupsthat are likely to match
with eachother

9. CONCLUSION

We have presentech methodfor automaticallyregistering
a setof 3D views of a scene. The procedureusesa com-
bination of discreteand continuousoptimizationmethods
to constructa globally consistenmodelfrom a setof pair
wise registrationresults. We comparedthree versionsof
our algorithm,anddemonstrateds utility by automatically
constructing3D modelsof a numberof objects.
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