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ABSTRACT

This paperpresentsa methodfor automaticallyregis-
tering multiple threedimensional(3D) datasets. Previous
approachesrequiredmanualspeci�cationof initial posees-
timatesor reliedon externalposemeasurementsystems.In
contrast,our methoddoesnot assumeany knowledgeof
initial posesor even which datasetsoverlap. Our auto-
matic registrationalgorithmbeginsby convertingthe input
datainto surfacemeshes,whicharepair-wiseregisteredus-
ing a surfacematchingengine. The resultingmatchesare
testedfor surfaceconsistency, but someincorrectmatches
maybelocally undetectable.A globaloptimizationprocess
searchesa graphconstructedfrom thesepotentially faulty
pair-wisematchesfor aconnectedsub-graphcontainingonly
correctmatches,employingaglobalconsistency measureto
detectincorrect,but locally consistentmatches.From this
sub-graph,the�nal posesof all views canbecomputeddi-
rectly. We applyour algorithmto theproblemof 3D digital
reconstructionof realworld objectsandshow resultsfor a
collectionof automaticallydigitizedobjects.

1. INTRODUCTION

The advent of relatively low-cost, commerciallyavailable
laserrangesensorshasgreatlysimpli�ed theprocessof ac-
curatelymeasuringthe3D structureof astaticenvironment,
driving theneedto automatetheprocessingof 3D data.One
problemfrequentlyencounteredin 3D dataprocessingis
registration,theprocessof aligningmultiple3D datasetsin
a commoncoordinatesystem.In existingapplications,reg-
istrationis accomplishedeitherby handor throughtheuse
of anexternalpositionmeasurementdevicesuchasaglobal
positioningsystem(GPS).This paperintroducesa third al-
ternative: automaticregistration,whichdoesnotrequireany
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external measurementsor manualintervention. Formally,
we wantto solve thefollowing problem:

Givenanunorderedsetof overlapping3Dviews
of a static sceneand no additional informa-
tion, automaticallyrecovertheviewpointsfrom
which theviewswereoriginally obtained.

Wedonotassumeany prior knowledgeof theoriginalview-
points suchas initial poseestimatesor even which views
containoverlappingsceneregions(overlaps). Thisproblem
is analogousto assemblingajigsaw puzzlein 3D.Theviews
arethepuzzlepieces,andtheproblemis to correctlyput the
piecestogetherwithout even knowing what the puzzle is
supposedto look like.

Threedimensionalregistrationproblemscanbe classi-
�ed alongtwo axes: the numberof input datasets(views)
andwhetherinitial poseestimatesareknown. A posees-
timate is a rigid body transform(e.g., threerotationsand
threetranslations)andcanbespeci�ed for a singleview in
world coordinates(absolutepose) or with respectto a pair
of views (relativepose). Along the �rst classi�cationaxis,
weusethetermpair-wiseregistrationwhenregisteringtwo
views and n-view registration when more than two views
areinvolved. Along thesecondaxis,we usethe term reg-
istration re�nementwheninitial poseestimatesareknown,
andunconstrainedregistrationwhenthey areunknown.

With this namingconvention,the relationshipbetween
our registrationalgorithmandexisting registrationmethods
is clear. For example,thewell-known iteratedclosestpoint
algorithm(ICP) is a pair-wiseregistrationre�nementalgo-
rithm [1]. Extensionsof theICPalgorithmto morethantwo
views aren-view registrationre�nementalgorithms[2][3].
Surfacematching,a processoften usedin 3D recognition
systems,is anunconstrainedpairwiseregistrationalgorithm
[4][5]. Our automaticregistrationalgorithm occupiesthe
fourth cornerof this taxonomy:unconstrainedn-view reg-
istration.

Our solution to the unconstrainedn-view registration
problem consistsof two main phases: local registration
andglobal registration. In the local registrationphase,the



Fig. 1. The 3D digitization application. Holding the objectbeforea laserscanner(left), we obtain3D datafrom various
viewpoints(center),andautomaticallyconstructa digital versionof theoriginalobject(right).

N input views (Vi ; i 2 1 : : : N ) are convertedto surface
meshes(Si ; i 2 1 : : : N ), andasurfacematchingsystem[6]
performsunconstrainedpair-wise registrationon all view
pairs. The resultingmatchesareveri�ed for surfacecon-
sistency, but someincorrectmatchesmay be locally un-
detectableand potential correct matchesmay be missed.
The �ltered matchesare collectedin an undirectedgraph
calledthemodelgraph,whichencodestheconnectivity be-
tweenoverlappingviews. In the global registrationphase,
we searchthis modelgraphfor a connectedsub-graphcon-
tainingonly correctmatches.Weposethesearchasamixed
continuousanddiscreteoptimizationproblem.Thediscrete
optimizationperformsacombinatorialsearchoverthespace
of connectedsub-graphs,usingaglobalsurfaceconsistency
criterionto detectandavoid incorrect,but locally consistent
matches,while thecontinuousoptimizationadjuststheab-
soluteposeparametersto minimizethedistancebetweenall
overlappingsurfaces,distributing small pair-wise registra-
tion errorsin a principledway. The �nal output,theabso-
luteposesof theinputviews,canbecomputeddirectlyfrom
theresultinggraph1.

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

1In practice,weexpresstheposeswith respectto oneof theinputviews,
which is selectedarbitrarily.

tableduringeachscan,or a portablescannercanbemoved
aroundwhile the sceneremainsstationary. Oncedatacol-
lectioniscomplete,ourapplicationproducesadigitalmodel
of theoriginal objectby automaticallyregisteringtheinput
views andthenmerging the registeredviews into a single
entity. Althoughwe illustrateour algorithmwith 3D object
digitization,themethodis generalandcanbeappliedin any
situationwheremultiple3D datasetsmustberegistered.

In theremainderof thispaper, webeginby summarizing
therelatedwork (section2). Section3 providestheneces-
sarybackgroundon themodelgraphconcept,andsection4
de�nesour surfaceconsistency measures.Sections5 and6
givethedetailsof theautomaticregistrationalgorithm,with
section5 focusingon the local registrationphaseandsec-
tion 6 dealingwith theglobal registrationphase.Section7
presentsacomparisonof threeversionsof ouralgorithmon
a set of test objects. Finally, in section8 we discussthe
algorithm's limitationsandour futurework.

2. RELATED WORK

Existingmethodsfor multipleview registrationrely onme-
chanicalestimationof poses,manualassistance,or both.
Onemechanicalapproachis to mountthescanneronarobot
equippedwith anabsolutepositioningsensor. For example,
Miller usedan autonomoushelicopterwith a differential
globalpositioningsystem(DGPS)to constructterrainmod-
els[7]. For smallerobjects,absoluteposescanbeobtained
by mountingthesensoronarobotarm[8] or by keepingthe
sensor�x edandmoving theobjectona calibratedplatform
[9]. Relativeposescanbeestimatedby mountingthesensor
on a robotequippedonly with a relativepositioningsystem
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Fig. 2. Examplemodelgraphs.A completemodel(left) and
two partialmodels(right).

suchaswheelencodersor inertial sensors[10][11][12].
A commonmanualregistrationmethodis to specifycor-

respondingfeaturepoints in pairs of rangeimages,from
whichrelativeposescanbeestimated[2]. In somesystems,
correspondingfeaturepointsareautomaticallydetectedand
then manually veri�ed for correctness[10]. Alternately,
the 3D datacanbe aligneddirectly throughan interactive
method[3]. In more advancedapproaches,a personin-
dicatesonly which views to register, andperformsuncon-
strainedpair-wiseregistration[5][13]. With this approach,
theuserstill mustmanuallyverify theregistrationresults.

3. THE MODEL GRAPH

A modelgraphis an undirectedgraphG that encodesthe
topologicalrelationshipbetweenviews (�g. 2). It contains
a noden i for eachinput view Vi andanedgeei;j for each
pair of overlappingviews Vi andVj . Associatedwith each
edgeis arelativeposeTi;j andwith eachnodeis anabsolute
poseTi . Therelativeposebetweentwo connectedviewsVi

andVj canbecomputedby compoundingtherelativeposes
alongany pathfrom Vi to Vj in G.

A connectedmodel graphspeci�es a completemodel
anda potentialsolution to our registrationproblem,since
every view canbe transformedinto a commoncoordinate
systemby compoundingrelative poses.If, instead,G con-
tains several connectedcomponents,each componentis
calleda partial model. A spanningtreeof G is the mini-
mum speci�cationof a completemodel. Additional edges
will createcyclesin G, which canleadto con�icts because
compoundingtransformsalongdifferentpathsbetweentwo
viewsmaygivedifferentresults.A modelis poseconsistent
if therelative poseof two views is independentof thepath
in G usedfor thecalculation.In practice,poseinconsisten-
ciesarisefrom theaccumulationof small errorsin relative
posesalonga path.

4. SURFACE CONSISTENCY

The automaticregistrationproblemwould be greatlysim-
pli�ed if wecouldknow with absolutecertaintywhichpair-
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Fig. 3. Visibility consistency from theperspectiveof Ci : an
exampleof correctregistration(left), free spaceviolation
(center),andoccupiedspaceviolation (right).

wise matchesfrom our surfacematchingenginewerecor-
rect. Sucha goal is not attainable,but we canmake anes-
timateby looking at theconsistency of theunderlyingdata
at thelocal aswell astheglobal level. Surfaceconsistency
is a measureof the degreeto which the overlappingdata
from two (or more)surfacescouldrepresentthesamephys-
ical surface.A thresholdcanbeusedto turn a consistency
measureinto aclassi�er. At thelocal level,weuseacontin-
uousvaluedsurfaceconsistency measureto rankpair-wise
registrationresults. At the global level, we usea surface
consistency classi�er to verify thatanentiremodel(or par-
tial model)is consistent.

4.1. Local surfaceconsistency

For pairsof surfaces,onecommonmeasureof surfacecon-
sistency is themeansquareddistancebetweentheoverlap-
ping regions(overlapdistance). However, overlapdistance
only takesinto accountthespacecloseto thetwo surfaces,
andin somecases,obviously incorrectmatcheswill have a
smalloverlapdistancebecausetheregion wherethey over-
lap matcheswell.

For rangesensorswith a singlepoint of projection,we
candevelopmorepowerful measuresthattakeadvantageof
thesensor'sentireviewing volumeby lookingat theconsis-
tency of thetwo surfacesalongtheline of sightfrom eachof
thesensorviewpoints.Wecall thisconceptvisibility consis-
tency. For example,considerthesurfacesin �gure 3 viewed
from thesensorpositionCi . For a correctregistration,the
two surfaceshave similar rangevalueswherever they over-
lap (�g. 3 left). For an incorrectregistration,two typesof
visibility inconsistenciescanarise. A freespaceviolation
(FSV) occurswhena region of Sj blocksthe visibility of
Si from Ci (�g. 3, center),while an occupiedspaceviola-
tion (OSV) occurswhena region of Sj is not observedby
Ci , even thoughit ought to be (�g. 3, right). Freespace
violationsareso namedbecausethe blocking surfacevio-
latestheassumptionthatthespaceis clearalongtheline of
sightfrom thesensorto thesensedsurface.Similarly, OSV
surfacesviolatetheassumptionthatrangesensordetectsoc-
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Fig. 4. An exampleof visibility consistency for an incor-
rectmatch.Thez-buffersfrom eachviewpoint(bottomrow)
show the classi�cationof pixels for the FSV fraction con-
sistency measure(eq.8). The indicatedFSV pixels in the
z-buffer for view 2 suggestanincorrectmatch.

cupiedspace.Here,we focusonFSV's,but thepotentialof
OSV's is discussedin section8. Visibility consistency has
beenusedpreviously in other3D visioncontexts, including
hypothesisveri�cation [14], surfaceregistration[15], range
shadow detection[16], andmulti-view integration[17][18].

We can detectFSV's with respectto sensorposition
Ci by projectinga ray from the centerof projectionof Ci

througha point p on Si . If the ray passesthroughSj at a
pointqwhichis signi�cantly closerto Ci thanp, thenq is an
inconsistentpoint. We musttestwhetherq is signi�cantly
closerbecauseevenfor correctlyregisteredsurfaces,p and
q will nothavepreciselythesamerange.

We canef�ciently implementFSV detectionusingtwo
z-buffers [19]. To computeFSV's for surfacesSi andSj

with respectto Ci , bothsurfacesareprojectedinto separate
z-buffers (Z i andZ j ) usingthecoordinatesystemandpa-
rametersof Ci (e.g., focal length,viewing frustum). The
depthdifference

D i;j (k) = Z j (k) � Z i (k) (1)

is thencomputedfor eachpixel x(k) wherebothz-buffers
arede�ned (�g. 4).

Wehavedevelopedtwo localconsistency measuresbased
on theFSV concept.The �rst one,which we call theFSV

likelihood, is a statisticalmeasurebasedon the likelihood
ratio test. Giventhe two possiblehypotheses,H + (correct
match)andH � (incorrectmatch),andthesetof depthdif-
ferencemeasurementsD = f D i;j (1); : : : ; D i;j (K )g, we
estimate

L (Si ; Sj ) =
Pr (H + jD )
Pr (H � jD )

=
Pr (D jH + )Pr (H + )
Pr (D jH � )Pr (H � )

(2)

Assumingsamplesof D areindependentandtakingthelog-
arithm,wehave

ln(L (Si ; Sj )) =
KX

k=1

ln Pr (D i;j (k)jH + )

�
KX

k=1

ln Pr (D i;j (k)jH � )

+ ln Pr (H + ) � ln Pr (H � ) (3)

An independentlikelihoodratio L (Sj ; Si ) canbecom-
putedwith respectto sensorviewpoint Cj . Frequently, an
incorrectmatchwill bedetectablefrom only oneviewpoint,
so we conservatively combineL(Si ; Sj ) andL(Sj ; Si ) to
form theFSV likelihood:

L(Si ; Sj ) = � min(ln (L (Si ; Sj )) ; ln(L (Sj ; Si )) (4)

Thesmallerthevalueof L (Si ; Sj ), themorelikely it is
acorrectmatch2. ThecorrespondingFSVlikelihoodclassi-
�er is:

L C (Si ; Sj ) =
�

1 if L (Si ; Sj ) < t l

0 otherwise
(5)

The probabilitiesin equation3 canbe estimatedfrom
labeledtrainingdata.We usea setof hand-labeledmatches
obtainedfrom exhaustive unconstrainedpair-wise surface
matchingof theviewsof atypicalobject.First,wecompute
separatehistogramsof the depthdifferencesfor the setof
correctmatches(�g. 5, left) andthesetof incorrectmatches
(�g. 5, right). We thenmodelPr (D jH + ) asa mixture of
two Gaussians,onefor outliersandonefor inliers, �tted to
the correspondinghistogram. The processis repeatedfor
the incorrectmatchesto estimatePr (D jH � ). Mixturesof
two Gaussiansarenecessarybecausecorrectmatcheswill
containsomeoutliers, primarily due to small registration
errors,andincorrectmatcheswill containinliers in the re-
gion that wasmatchedduring surfacematching. Pr (H + )
andPr (H � ) areestimatedusingthe frequency of correct
andincorrectmatchesin thetrainingset.

2The sign changeis introducedto make this measureconsistentwith
our othermeasuressuchasoverlapdistance.
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Fig. 5. Thedistribution of depthdifferencemeasurementsD overa largesetof correctmatches(left) andincorrectmatches
(right) from a testobject. The predicteddistributions,mixturesof two Gaussianslearnedfrom a separatetraining set,are
overlaid(thin blackline).

For pair-wisematches,thelikelihoodratio testis agood
measureof surfaceconsistency, but for non-adjacentviews
in a modelgraph,theaccumulationof errorwhencomput-
ing therelative transformsreducestheaccuracy of this test.
For this situation,we usean alternative methodfor esti-
mating surfaceconsistency, the FSV fraction (�g. 4). To
computethe FSV fraction, we apply a threshold,tSS , to
the depthdifferencemeasurements(eq. 1) to classify the
overlappingpixels into oneof threecategories: pointson
thesamesurface(X SS), pointsthatareFSV's (X F SV ), and
“don't care”pointswhereSj is behindSi (X D C ):

x(k) 2

8
<

:

X SS (i; j ) if jD i;j (k)j � tss

X F SV (i; j ) if D i;j (k) > tss

X D C (i; j ) if D i;j (k) < � tss

(6)

We thencomputethe fractionof pointsthatareFSV's,
ignoring“don't care”points(classX D C ):

F (Si ; Sj ) =
jX F SV (i; j )j

jX F SV (i; j )j + jX SS (i; j )j
(7)

As with the FSV likelihoodmeasure,we canperform
thecomputationwith respectto sensorviewpoint Sj to get
F (Sj ; Si ). CombiningtheresultsgivestheFSV fraction:

F (Si ; Sj ) = max(F (Si ; Sj ); F (Sj ; Si )) (8)

ThecorrespondingFSV fractionclassi�er is:

F C (Si ; Sj ) =
�

1 if F (Si ; Sj ) < t f

0 otherwise
(9)

4.2. Global surfaceconsistency

Globalsurfaceconsistency is thestraightforwardextension
of local surfaceconsistency to anentiremodel.A modelis

globally surfaceconsistentif every pair of views is locally
surfaceconsistentaccordingto theFSV fractionclassi�er:

CM (G) =
�

1 if 8( i;j )2 VC F C (Si ; Ti;j Sj ) = 1
0 otherwise

(10)

whereVC the set of connected(not necessarilyadjacent)
view pairsin G, andTi;j is the relative posecomputedby
compoundingtransformsalonga connectingpathbetween
ni andn j in G.

5. LOCAL REGISTRATION PHASE

Now thatwe have de�ned themodelgraphandthesurface
consistency measures,we canfully explain our automatic
registrationalgorithm.Theprocesswill bedemonstratedon
theangel2testobject(�g. 9g).

In the local registrationphase,we attemptto register
all pairsof views usinga surfacematchingalgorithm. For
smallnumbersof views (� 20), this exhaustiveregistration
strategy is reasonable.For largerscenes,thecombinatorics
make this approachinfeasible,andview pairsmustbe se-
lectively registered(seesection8).

In preparationfor surfacematching,theviews arepre-
processedasfollows: Theinput rangeimagesareconverted
to triangularsurfacemeshesby projectinginto 3D coordi-
natesand connectingadjacentrangeimagepixels. Mesh
faceswithin rangeshadows(whichoccuratoccludingbound-
ariesin the rangeimage)areremoved by thresholdingthe
anglebetweentheviewing directionandthesurfacenormal.
For computationalef�ciency, themeshesaresimpli�ed us-
ing Garland'squadricalgorithm[20].

Thesurfacematchingalgorithmperformsunconstrained
pair-wiseregistrationof two surfacesbasedon their shape.



Wetreatthisprocessasablackbox,whichtakestwo meshes
asinputandoutputsa list of relativeposeestimates.Details
can be found in [5]. If the two views overlap, the algo-
rithm often �nds the correctrelative pose,but it may fail
for a numberof data-dependentreasons(e.g.,not enough
overlap or insuf�cient complexity of the surfaces). Even
if the views do not containoverlappingsceneregions,the
algorithmmay nevertheless�nd a plausible,but incorrect,
match. Furthermore,symmetriesin the datamay result in
multiple matchesbetweena singlepair. The modelgraph
of pair-wise matchesfor the angel2dataset is shown in
�gure 7a. For illustration, the matcheshave beenhand-
classi�ed,but theselabelsare,of course,not known by the
algorithm.

Next, thealignmentof eachmatchis improvedbyapply-
ing a pair-wiseregistrationre�nementalgorithm. We have
implementedtwo algorithmsfor this– onebasedontheICP
algorithmbut extendedto handlepartially overlappingsur-
faces[21], anda secondmethodthat minimizesdistances
betweenpointsand tangentplanesin a mannersimilar to
thatdescribedby ChenandMedioni [22].

Finally, we perform a local surface consistency test
by applying the FSV likelihood classi�er to the matches
(eq. 10). We classify the matchesusing a conservative
thresholdchosenwith theintentionof eliminatingobviously
incorrectmatcheswithout removing any correctones.The
resultingmodelgraphGLR is shown in �gure 7b.

6. GLOBAL REGISTRATION PHASE

Theglobalregistrationphaseusesthelocallyconsistentpair-
wisematches(GLR ) to constructaposeconsistentandglob-
ally surfaceconsistentmodelfrom whichtheabsoluteposes
canbereaddirectly. Theconnectedsub-graphsof GLR rep-
resentthesetof all possiblemodelhypothesesfor thegiven
pair-wisematches.To succeed,theglobalregistrationmust
�nd a sub-graphcontainingonly correctmatches;a single
incorrectmatchgenerallyresultsin adramaticallyincorrect
solution(�g. 9p).

The global registrationcan be posedas a mixed dis-
creteandcontinuousoptimizationproblemoverthediscrete
modelsub-graphstructureandthe continuousvaluedpose
parameterswithin. We decomposethe probleminto two
nestedsub-problems:aninnercontinuousoptimizationover
absoluteposesfor a �x ed model graphand an outer dis-
creteoptimizationover modelgraphsfor �x ed poses.For
thediscreteoptimization,we sequentiallyconstructa span-
ning treefrom the edgesin GLR usinga modi�ed version
of Kruskal'sminimumspanningtreealgorithm[23]. Using
a spanningtreeensuresthat the graphis alwaysposecon-
sistentandallowsusto directlycomputeabsoluteposeesti-
mates.It alsoreducesthecontinuousoptimizationstepto an
instanceof then-view registrationre�nementproblem.Our

1: G  G0

2: for all edgesei;j 2 GLR , sortedin increasingorder
usingeq.4 do

3: if n i andn j arenot connectedin G then
4: G0  G [ ei;j

5: n view register (G0)
6: if G0 is globally surface consistent(eq. 10)

then
7: G  G0

Fig. 6. Pseudo-codefor thefull algorithmfor theglobal
registrationphase.

n-view registration re�nement implementation,basedon
Neugebauer's [2], minimizesthesquareddistancebetween
pointsandtheir correspondingtangentplanes. The corre-
spondencesare establishedbetweenall overlappingview
pairs,not just theedgesfrom thecurrentmodelgraph. At
theendof eachstep,thegraphis checkedfor globalsurface
consistency, whichensuresthe�nal solutionwill besurface
consistentandreducesthe chancesthat the algorithmwill
fall into a local minimum. The pseudo-codefor this algo-
rithm is shown in �gure 6.

Initially, G representsN partial modelswith oneview
each(line 1). The edgesof GLR aresortedby their FSV
likelihoodmeasureandtestedoneat a time. In eachitera-
tion throughthe loop, the bestuntestededgefrom GLR is
selected,and if it connectstwo components,a temporary
modelgraphG0 is formed,therebyjoining two partialmod-
els (line 4). Thealignmentof theviews in G0 is improved
usingan n-view registrationre�nementalgorithm(line 5).
If the resultingpartial model is globally surfaceconsistent
(line 6), thenew edgeis accepted,andG0becomesthestart-
ing point for the next iteration(line 7). Eventually, theal-
gorithm either �nds a spanningtree of GLR , resultingin
a completemodel, or the list of candidatematchesis ex-
hausted,resultingin asetof partialmodels.Figure7 shows
the modelgraphG at several stages,and the �nal model,
correspondingto thegraphin �gure 7f, is shown in �gure 8.

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

The min span algorithm, which �nds the minimum
spanningtreeof GLR , hasthe advantagethat it is simple,
fast,andalways�nds a solution,but the resultmaynot be
globally surfaceconsistent.Theglobalconsistency testcan
beperformedat theendasa veri�cation, but it is not possi-
ble to correcttheinconsistency.
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Fig. 7. Model graphsfrom the local registrationphase(a-b) andglobal registrationphase(c-f) for the angel2testobject.
Matcheswerehand-labeledfor illustration: thick (blue)edgesarecorrectmatches,andthin (red)edgesareincorrectmatches.
a)Themodelgraphfrom exhaustivepair-wiseregistration;b) after�ltering theworstmatches(GLR ); c) emptymodelgraph
(G0); d) after5 stepsof full ; e) after15steps;f) the�nal modelgraph.

The discrete only algorithmintegratesthe global
surfaceconsistency checkinto min span , effectively al-
lowing a singlestepof backtracking.However, thebuildup
of small pair-wise errorsleadsto large discontinuitiesbe-
tweensomeoverlappingsurfaces,whichmaycauseamodel
to beglobally inconsistenteventhoughit containsonly cor-
rect matches.By incorporatingn-view registrationre�ne-
mentat eachstep,theerrorsareevenlydistributedover the
entiremodel,allowing the full algorithmto �nd thecor-
rectsolutionin somecaseswherediscrete only fails.

7. RESULTS

We testedour automaticregistrationalgorithmsby digitiz-
ing a collection of ten test objects(�g. 9). Using a Mi-
nolta Vivid 700 laserscanner, we obtained15 to 20 views
of eachobject, scanningwith the hand-helddata collec-
tion methoddescribedin the introduction. A black back-
groundandglove allow simple,automaticsegmentationof
the backgroundby thresholdingthe intensity image. We
comparedthe performanceof the threeglobal registration
algorithmsdescribedin section6. Theresultsareshown in
table1.

Overall, the resultswere very good– the full algo-

rithm founda qualitatively correctmodelin nineof theten
testcases.For two testsets(angel2andletter y), min span
failedwherediscrete only succeeded.This is because
oneof the mostconsistentmatcheswasactuallyan incor-

Fig. 8. Theautomaticallyregisteredviewsof theangel2test
object.
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object min span discrete only full
angel1 + x (2 components) +
angel2 x (1 err.) + +
angel3 x (1 err.) x (1 err.) x (1 err.)
angel4 + + +
coder + + +
rabbit + + +
dwarf + + +
letter j + + +
letter y x (1 err.) + +
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,andthe discrete only algorithmcorrectly
detectedthe incorrectmatchusing the global consistency
test. For the angel1test set, both min span and dis-
crete only failedbut full succeeded.In this case,the
accumulationof pair-wiseerrorpreventeddiscrete only
frommergingthelasttwo componentsintoaconsistentmodel.
The componentsoutputby discrete only represented
theleft andright sidesof theobject.

In onecase(angel3),noneof thealgorithmssucceeded.
This is becausethe pair-wise matchingphasedid not �nd
any correctmatchesbetweentwo clustersof views: oneset
representingthe front andsidesof theobjectandtheother
containingviews of the back. The global registrationpro-
cesscannotsucceedin this situation,but oneoption is to
acquiremoredatasetsthat spantheboundaryregion. An-
otherapproachis to feed the partial modelsback into the
pair-wise matchingphase,treatingeachpartial modelasa
singleview. Thegreatersurfaceareaof eachpartialmodel
canresultin matchesthatwouldnothavebeenfoundin the
initial matchingphase.

8. FUTURE WORK

We have identi�ed several aspectsof our automaticregis-
tration methodto be further developed. Oneproblemthat
can arise in the global registrationphaseoccurswhen an
incorrectmatchis addedto thegraphandtheresultingpar-
tial model is still globally consistent.Oncethe algorithm
proceedsto the next iteration, thereis no hopeof �nding
thecorrectsolution. This problemcanbeaddressedin two
ways.Oneis to incorporatebacktrackinginto thesequential
algorithm,turningit into a depth�rst searchof thespaceof
all spanningtrees.However, it maybenecessaryto search
nearlytheentirespaceof spanningtreesif thesearchchooses
anincorrectedgeearlyin theprocess.A secondsolutionis

to turn to astochasticalgorithm.
We have investigatedusing a RANSAC algorithm, in

which spanningtreesarerandomlysampledfrom GLR and
thenevaluatedusingthe global consistency test. Unfortu-
nately, dependingon thenumberandarrangementof incor-
rectmatchesin GLR , a very largenumberof trials maybe
required.Ournext stepis to experimentwith otherstochas-
tic methodssuchassimulatedannealing.The min span
algorithmcould be usedto generatea startingsolutionfor
suchmethods.

Figure9p shows an exampleof a model that contains
a single incorrectmatch. Although obviously wrong, the
modelis actuallyconsistentaccordingto our globalconsis-
tency test.Thissituationcouldbeavoidedwith anenhanced
test that consideredoccupiedspaceviolations (OSV's) as
well as FSV's. DetectingOSV's requiresa more sophis-
ticatedsensormodel thanFSV's becausesurfacesmay go
undetectedfor a numberof reasons(e.g.,thesurfaceis out
of sensorrangeor thenormalis too obliqueto viewing di-
rection).

Finally, we mustaddresstheissueof view selection.To
scaleautomaticregistrationto a largenumberof views,we
needto be selective aboutwhich view pairswe attemptto
register. Oneapproachis to useinformationinherentin each
view tosorttheviewsbasedonthelikelihoodof asuccessful
matchor to partition into groupsthat are likely to match
with eachother.

9. CONCLUSION

We have presenteda methodfor automaticallyregistering
a setof 3D views of a scene.The procedureusesa com-
bination of discreteand continuousoptimizationmethods
to constructa globally consistentmodelfrom a setof pair-
wise registrationresults. We comparedthreeversionsof
ouralgorithm,anddemonstratedits utility by automatically
constructing3D modelsof a numberof objects.

10. REFERENCES

[1] Paul Besl and Neil McKay, “A methodof registra-
tion of 3-D shapes,” IEEE Transactionson Pattern
AnalysisandMachineIntelligence, vol. 14,no.2, pp.
239–256,Feb. 1992.

[2] PeterNeugebauer, “Geometricalcloningof 3D objects
via simultaneousregistration of multiple range im-
ages,” in Proceedingsof the1997InternationalCon-
ferenceon ShapeModeling and Applications, Mar.
1997,pp.130–9.

[3] Kari Pulli, “Multi view registration for large data
sets,” in Proceedingsof the SecondInternational



Conference on 3-D Digital Imaging and Modeling
(3DIM'99), Oct.1999,pp.160–8.

[4] Chu-SongChen,Yi-Ping Hung, and Jen-BoCheng,
“RANSAC-basedDARCES: a new approachto fast
automaticregistrationof partially overlappingrange
images,” IEEE Transactionson PatternAnalysisand
Machine Intelligence, vol. 21, no. 11, pp. 1229–34,
Nov. 1999.

[5] Andrew Johnson,Spin-Images: A Representationfor
3-D SurfaceMatching, Ph.D. thesis,RoboticsInsti-
tute,CarnegieMellon University, Pittsburgh,PA, Aug.
1997.

[6] Andrew JohnsonandMartial Hebert,“Using spinim-
agesfor ef�cient object recognitionin cluttered3D
scenes,” IEEE Transactionson Pattern Analysisand
MachineIntelligence, vol. 21,no.5, pp.433–49,May
1999.

[7] JamesRyan Miller, OmeadAmidi, and Mark De-
louis, “Arctic test �ights of the CMU autonomous
helicopter,” in Proceedingsof the Associationfor
UnmannedVehicleSystems,26thAnnualSymposium,
July1999.

[8] Mark Wheeler, Automaticmodelingand localization
for objectrecognition, Ph.D.thesis,Carnegie Mellon
University, Pittsburgh,PA, Oct.1996.

[9] Greg Turk and Marc Levoy, “Zippered polygon
meshesfrom rangeimages,” in Proceedingsof SIG-
GRAPH94, July1994,pp.311–18.

[10] S. F. El-Hakim, P. Boulanger, F. Blais, andJ.-A. Be-
raldin, “A systemfor indoor 3-D mappingand vir-
tual environments,” in Proceedingsof VideometricsV
(SPIEvol. 3174), July1997,pp.21–35.

[11] FengLu andEvangelosMilios, “Globally consistent
rangescanalignmentfor environmentmapping,” Au-
tonomousRobots, vol. 4,no.4, pp.333–49,Oct.1997.

[12] Vitor Sequeira,Kia Ng, Erik Wolfart,JoaoGoncalves,
and David Hogg, “Automated3D reconstructionof
interiorswith multiple scan-views,” in Proceedingsof
VideometricsVI (SPIEvol. 3641), Jan.1999,pp.106–
17.

[13] GerhardRoth, “Registering two overlappingrange
images,” in Proceedingsof the SecondInternational
Conference on 3-D Digital Imaging and Modeling
(3DIM'99), Oct.1999,pp.191–200.

[14] RobertBolles andPatriceHoraud, “3DPO: a three-
dimensionalpart orientationsystem,” International

Journal of RoboticsResearch, vol. 5, no.3, pp.3–26,
Fall 1986.

[15] David Eggert,Fitzgibbon,andRobertFisher, “Simul-
taneousregistrationof multiple rangeviews for use
in reverseengineeringof CAD models,” Computer
Vision and Image Understanding, vol. 69, no. 3, pp.
253–72,Mar. 1998.

[16] Lars Nyland, David K. McAllister, Voicu Popescu,
Chris McCue,andAnselmoLastra, “Interactive ex-
plorationof acquired3d data,” in Proceedingsof the
28th AIPR Workshop: 3D Visualizationfor Data Ex-
plorationandDecisionMaking, Oct.1999,pp.46–57.

[17] Philippe Robert and Damien Minaud, “Integration
of multiple rangemapsthroughconsistency process-
ing,” in 3D Structure fromMultiple Imagesof Large-
ScaleEnvironments.EuropeanWorkshop,SMILE'98,
ReinhardKoch andLuc van Gool, Eds.,pp. 253–65.
Springer-Verlag,June1998.

[18] Marc Soucy andDenisLaurendeau,“A generalsur-
face approachto the integration of a set of range
views,” IEEE Transactionson Pattern Analysisand
MachineIntelligence, vol. 17,no.4, pp.344–58,Apr.
1995.

[19] JamesFoley, Andries van Dam, Steven Feiner, and
John Hughes, ComputerGrpahics Principles and
Practice, Addison-Wesley, 1987.

[20] MichaelGarlandandPaul Heckbert,“Surfacesimpli-
�cation usingquadricerror metrics,” in Proceedings
of SIGGRAPH97, 1997.

[21] ZhengyouZhang, “Iterative point matchingfor reg-
istrationof free-formcurvesandsurfaces,” Interna-
tional Journal of ComputerVision, vol. 13, no. 2, pp.
119–152,Oct.1994.

[22] YangChenandGerardMedioni,“Objectmodellingby
registrationof multiple rangeimages,” Image andVi-
sionComputing, vol. 10,no.3, pp.145–55,Apr. 1992.

[23] Thomas Cormen, Charles Leiserson, and Ronald
Rivest, Introductionto Algorithms, MIT Press,1990.


