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Abstract

This article presents geometricfusion algorithmdevelopedfor the reconstruc-
tion of 3D surfacemodelsfrom hand-heldsensodata.Hand-heldsystemsallow full
3D movementof the sensorto capturethe shapeof complex objects. Techniques
previously developedfor reconstructiorfrom conventional2.5D rangeimage data
cannotbe appliedto hand-heldsensorata. A geometricfusion algorithmis intro-
ducedto integratethemeasure@D pointsfrom ahand-heldsensointo asinglecon-
tinuoussurface.Thenew geometricfusionalgorithmis basedn the normal-volume
representationf atrianglewhich enablesncrementatransformatiorof anarbitrary
meshinto animplicit volumetricfield function.Thissystemis demonstratedor re-
constructionof surface modelsfrom both hand-heldsensordataand corventional

2.5Drangeimages.
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1 Capturing 3D models of real objects

Realisticobjectrepresentatiors a primary goalof computergraphicsresearch
[CurlessandLevoy, 1996. Model constructionis a major bottleneckin the application
of computergeneratedmagery Applicationsdemandingealisticmodelsof real objects
includefilm animationyirtual museumstele-shoppingtele-conferencingmmersvevir-
tual reality, military simulationandmultimediaeducation/entertainment.

Currentlymanualtechniquesareusedto build modelsof real objectsandhave been
usedto build commerciaBD model-bankg$infografica,1996 Datalabs]1996. However,
this is an expensve processequiringan expert modelleror animatorandtakes several
monthsto obtain a single instanceof a complex object. Reconstructiorcostsprevent
realisticmodellingof objectswith a high level-of-detail. In addition,eachnew instance
of an objectmust be reconstructedrom scratch. This prohibits realistic modelling of
individualinstance®f organicobjectswhich exhibit largeshapevariationssuchaspeople
or animals.

Image-basetepresentationsave beenintroducedGortler etal., 1996 Levoy andHanrah:
which achieve photo-realistiamagesynthesif objects.This approachencodeshe pro-
jectionof all light raysin asceneasa four dimensionafunction. This approachachieses
highly realisticvisualisatiorbut is currentlylimited to staticobjectsandscenesvith fixed

lighting.

1.1 3D Surface Measurement

Automaticreconstructiorof modelsof 3D objectshasreceved considerablenterestin
computewisionresearchusingbothactive [Hoppeetal., 1992 CurlessandLevoy, 1996
Hilton etal., 1998 Pito, 1996aSouy andLaurendeaul995h Turk andLevoy, 1994 and
passve [Niem andWingebermuhlel1997 Fitzgibbonetal., 1998 surface measurement
technologies.Active surfacemeasuremertiechniquesrojecta structuredight pattern
suchas a laserstripe onto the object surfaceand by a processof optical triangulation
measurehe distanceo pointson the stripe. This approachenablesigh-accurag dense
3D surfacemeasurementCorventionalactive ‘2.5D range’imagesensorcquiresurface
measurementsn a grid correspondingdo eithera planeor cylinder. Captureof the full
surfaceshapdor 3D objectsrequiresheacquisitionof multiple 2.5Dimages. Automatic

acquisitionof full surfaceshapeaequiregechniquegor viewpoint planning.For complex



objectsthis may requirethe sensorto enterthe objectspaceandrisk collisionswith the
unknown objectsurface. A generalsolutionto this problemremainsan openresearch
issue seeg[Pito, 19964 for areview of thiswork.

Hand-heldactve measurementevices have recentlybeendevelopedto enablefull
surface shapemeasurementor complec objects. The basic principle is to allow full
six degree-of-freedommovementof an active surlacemeasuremendevice in 3D space
aroundthe object. The freedomof movementenablesan operatorto selectviewpoints
to capturethe full objectsurface. This utilisesour expertknowledgein selectingsensor
positionswithin the objectspacehatavoid collisions. Theusercanalsoselectandmain-
tain the sensorviewpoint to be approximatelynormal to the object surfaceto achieve
accurateand repeatableneasurement.Providing a fast solution to acquiring surface
shapefor complex real objects. Several hand-heldsensorsystemshave beendeveloped
[Fisheretal., 1999 andare commerciallyavailable including systemsby 3D Scanners
(www.3dscanners.comPolhemus(wwwpolhemus.comandEOIS (www.eois.com).The
sensopositionandorientationis measuredisinganarticulatedarm,electromagnetisen-
soror opticaldevice. Thechoiceof positionsensoidetermineghe systemcost,measure-
mentvolume,accurag of the surfacemeasurementandary restrictionson movement.
An initial calibrationof the systemregistersthe sensorcoordinatesystemwith the posi-
tion sensorcoordinatesystem.This enablesneasurementsf pointsontheobjectsurface
with respecto a singleglobal coordinatesystem.The accurag of the surfacemeasure-
mentsfor a hand-heldsensorare dependenbn both the accurag of the positionsensor
andthe accurag of therangemeasurementrhroughouthis work it is assumedhatthe
positionsensolis repeatablavith a zeromeanerrorover the entireobjectsurface.In this
papemwe focusprimarily onthe3D ScannerdodelMaker system(Figurel(a))for which
thetechniquepresentedvereoriginally developed.

A primary differencebetweenhand-heldsensordataand corventional 2.5D range
imagedatais thatthe measurementsrenot structurecon agrid. With ahand-heldsensor
suchasthe ModelMalker systemthe operatormovesthe projectedlight stripe backand
forth acrossthe surfacein an actionsimilar to paint spraying. This resultsin a series
of stripesof 3D point measurementsn the object surfacewhich are not structuredon
a regular grid and do not have a commonviewpoint. The raw point measurementare
illustratedin Figure1(b). Algorithmsfor surfacereconstructiorfrom corventionalrange
image datacannotbe appliedto handheld sensordata. This paperintroducesa new

algorithmto enablereconstructiorof surfacemodelsfrom hand-heldsensodata.
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1.2 Surface Reconstruction

Rangeimage integration algorithmsdevelopedfor corventionalsensorscan be classi-

fied into two categories: mesh-based which integratedirectly overlappingmeshregions

into a single mesh|[Pito, 1996a Soug andLaurendeaul995h Turk andLevoy, 1994
Rutishauseetal., 1994]; andvolume-based which constructan intermediatevolumetric
implicit surfacerepresentatiofor fusionof overlappingsurfacemeasurements
[CurlessandLevoy, 1996 Hilton etal., 1996 RothandWibowo, 1999.

It hasbeenshowvn [CurlessandLevoy, 1996 Hilton etal., 1994 thatvolumetricapproaches
achieze improved reconstructiorof complex geometryand greatercomputationaleffi-
cieng. Algorithms for reconstructiorof objectmodelsfrom corventionalrangeimage
sensodatahave assumedhatthedataarestructurednaregular2D grid [CurlessandLevoy, 1!
Hilton etal., 1998 Pito, 1996aSouy andLaurendeaul995h Turk andLevoy, 1994 Rutisha
Thisassumptiorallows reliableestimationof thelocal surfacetopologybasednthedis-
tancebetweeradjacenmeasuremerntinthegrid [Soug/ andLaurendeaul995h Turk andLevc
In addition,mary algorithmsassumehattherangeimagemeasurementretakenfrom a
commonview direction[CurlessandLevoy, 1996 Souy andLaurendeaul 9954 in or-
derto evaluatemeasurementverlap. Both of theseassumptiongrohibit the useof pre-
viousrangeimageintegrationalgorithmsfor fusionof hand-heldsensodata.

Exceptionsto this are algorithms,which addresghe more generalproblemof re-
constructiorfrom unstructurediata[Boissonnat,1 984 Hoppeetal., 1992 ,Mencl, 1995.
However, algorithmsfor unstructureddatado not achieve reliable reconstructiorfrom
measurementiataof complex objectsasthe Euclideandistancebetweenmeasurement
pointsis usedto estimatdocal surfacetopology This distancemetricfails wherediffer-
entpartsof theobjectsurfacearein closeproximity suchascreaseedgesandthin sections
[Hilton etal., 1999.

In this paperwe introducea new geometricfusion algorithmfor reliablereconstruc-
tion of objectmodelsfrom hand-heldor conventional3D sensordata. The algorithmis
basedon the constructionof an intermediatevolumetricimplicit surfacerepresentation
for integrationof overlappingmeasurementd he normal-wolumerepresentatioof atri-
angleis usedto incrementallytransforman arbitrary meshinto an implicit volumetric
representationfFor hand-heldsensoidatawe take advantageof therelationshipbetween
adjacentmeasuremendtripesto reliably estimateocal surfacetopology This approach

avoids prior assumption®f a grid measuremengtructureor single viewpoint enabling



reconstructiorfrom hand-heldsensordata. Thereconstructeabjectsurfacefor atypical
objectis illustratedin Figure1(d).

A digital colour camerain the hand-heldsensoralso enablesacquisitionof set of
multi-view colourfrom known locations.Texture mappingtechniques
[Niem andWingebermuhlel997] areusedto projectthe imagesonto the reconstructed
3D surface and integrate overlappingimageregions. This resultsin a highly realistic

colour3D objectmodelsuitablefor computergeneratedmagery

2 Geometric fusion to reconstruct a 3d model

The goal of geometricfusion is to obtaina surfacemodel from the captured3D point
measurementslhis sectionpresentsa generalalgorithmfor reconstructing surfaceby
fusion of arbitrarysetsof surfacemeasurementsito a singlevolumetricrepresentation.
A single triangulatedmeshmodel of the surface canthen be obtainedfrom the fused
volumetricrepresentation.

Hoppe[Hoppeetal., 1997 introducedthe useof anintermediatamplicit volumetric
representatiorior fusion of unstructured3D point measurementsThis approachwas
extendedCurlessandLevoy, 1996,Hilton etal., 1994 to achievereliablereconstruction
of detailedsurfacesfrom corventionalrangeimagesby assuminghatthe measurements
areonaregulargrid in orderto estimatehelocal surfacetopology

The new geometricfusionalgorithmpresentedhereenablegeliableandefficient fu-
sion of surfacemeasurementBom both corventionalrangeimagesand hand-held3D
sensodata.Thisis achiezedby introducinganincrementaprocedurdor transformation
of an arbitrary meshto a volumetricfield function. This approachdoesnot requirethe
measuremerdatato beeitherstructuredn agrid or have acommonview direction. The
geometricfusion algorithmfor generatinga singleintegratedsurfacemodelproceedsn

four stages:

1. Surface Topology Estimation: Estimatethe local surfacetopologyto triangulate

the measurements.

2. Volumetric Representation: Transformthe surfacetriangulationto an implicit

volumetricrepresentation.

3. Geometric Fusion: Integrateoverlappingvolumetricrepresentationsto a single

implicit surface.



(a)3DScannerblodelMaler system

(b) Raw pointstripes (c) Triangulatedoatchegpartial)

(d) Fusedmodeltriangulation (e) Fusedmodelsurface

Figurel: Modelreconstructiorirom hand-heldsensodata



4. Triangulation: Triangulatetheimplicit surfaceto generatea singlemeshmodel.

2.1 Surface Topology Estimation

Corventionalrangesensodatais structuredn a2.5Dgrid enablingestimatiorof thelocal
surfacetopologybaseddnthedistancebetweeradjacenpoints. A step discontinuity con-
strained triangulationHilton etal., 1998 haspreviouslybeenusedCurlessandLevoy, 1996
Pito, 1996a Rutishauseetal., 1994 Souy andLaurendeaul995a,Turk andLevoy, 1994
asainitial stepto generatea meshrepresentatiomwhich approximateshelocal topology
of themeasuredurface.

For hand-heldsensodatameasurement@retakenin stripesacrosshe objectsurface
asthe sensolis moved. We performa stepdiscontinuitytriangulationbetweerpointsin
adjacentstripesto estimatethe local surfacetopology As in previouswork a threshold
distance, , Is usedto testif the surfaceis continuoushetweenadjacentpoints
on consecutre stripes: where is the known samplingresolutionof
the sensomystemfor a givensurfacedistance.lf adjacenpointssatisfythis criteriathen
they areconnectedn alocal surfacetriangulation.Discontinuitiesbetweerpatcheccur
dueto eithera stepon the objectsurface,the sensombeingmoved rapidly or the sensor
changingdirection. For a single patchthere may not be a commonviewpoint as the
sensororientationis changingcontinuouslyduringacquisition.This triangulationresults
in a seriesof overlappingsurfacepatcheswvhich approximatehe surfacegeometryand
topology Theresultingtriangulationfor hand-heldsensodatais illustratedin Figurel(c)
for a subsebf thetotal patchegyeneratedrom theraw stripedata. The objectveis then
to integratethesesurfacepatchesnto a singlesurfacerepresentationDueto the lack of
a grid structureor singleviewpoint for surfacepatcheghey cannot be integratedusing

previousapproachefor corventional2.5D rangeimagedata.

2.2 Volumetric Representation

In this sectionwe introducea generalalgorithmfor corverting an arbitrarytriangulated
mesh  to avolumetricrepresentationAn arbitrarytopology closedmanifold surface

canberepresenteth implicit form asaniso-surbiceof a spatialfield function, ,

where is ary pointin Euclideanspace, . Thuswe canrepresenasurface
by definingthe field function asthe signeddistancefrom a point, , to the nearest
pointonthesurface.This givestheiso-surfice for all pointson and
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elsavhere. A discretevolumetricrepresentatioicanbe implementedoy uniform spatial
subdvision into voxels cells andlocal planarapproximatiorfor voxels nearthe implicit
surface, . In practice,we requirea discretevolumetricrepresentatiofor com-
putationalefficiengy of thefusionalgorithm[CurlessandLevoy, 1994.

Let us definea voxel grid basedon a uniform spatialsubdvision with voxel centres

i givenby:
. - - - (1)
The discreterepresentations definedin the range with uniform voxel
resolutionin eachspatialdimension . Thenumberof voxel cells
in eachdimensionis givenby . Thevolume

occupiedby the voxel cell correspondingo centre ; denoted —

— — . Foragivenpoint we canevaluatethe correspondingoxel index i_by:

i 2)

Volumetric surfacerepresentatioms achiased by local planarapproximationof the
surfacein thediscretevoxel structure.Givenaninputtriangulatednesh  composedf
a setof vertices andtriangles where

. We assuméhat is a simply connectednanifold triangulationwith

no self-intersectionsThuswe canestimatethe local surfacenormalfor eachtriangleas

. Vertex normalscanbe estimatedby a weightedaverageof the
adjacentrianglenormals[Taubin,1995:

©)

A volumetric envelope is definedaroundthe mesh  which enablesus to corvert
to animplicit volumetricrepresentationAn offset surface  for mesh is givenby
displacingeachmeshvertex by a distance in the vertex normal direction suchthat

If welet be a constantoffset distance then the distanceof
all pointson the offsetsurface  is lessthanor equalto the offset distance from
the original mesh . The offset surfaceis a continuousmeshbut may not be a simple
manifold due to self-intersection.Figure 2(b) illustratesthe offset surfacefor a cross-
sectionthrougha mesh. We cannow definea volumetric envelopearound by two

offsetmeshes  and suchthat eachvertex is displacedby a distance and
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(a) Meshandvertex normals (b) Offsetsurface (c) Volumetricervelope

Figure2: Volumetricsurfacerepresentation

in the normaldirectionrespectrely. The spaceenclosedby and is a
closedvolumetricervelopesuchthatevery pointinsidethis regionis lessthan from
themesh . Thevolumetricenvelopeencloseduy the offsetsurfacess illustratedfor a
crosssectionthrougha meshin Figure2(c).

For eachtriangle in mesh  theoffsetmeshes  and define
aclosednormal volume, , between and . The
normalvolumefor atriangularelements illustratedin Figure3(a). Theconcepbf avolu-
metric envelope andnormal volume or fundamental prism haspreviously beenintroduced
[Cohenetal., 1999 to definea representatiofor meshsimplificationwith boundedap-
proximationerror.

Eachside of the normalvolumeis a surface  constrainedby threevectors: the
triangleedge ; andthecorrespondingertex normals and . If thevertex
normalsareequal thenthesurface is aplane.In generalif the normalsare
notequalwe cansatisfythe constraintdy definingthesurface  asabilinearor Bezier
patch[Cohenetal., 1994.

The volumetricervelopefor mesh  betweeroffsetmeshes  and IS equiv-
alentto the union of the normal volumesfor all triangles . Therefore,
transforminghemesh  to anapproximatevolumetricrepresentatiosanbereducedo

anincrementaproces®f transforminghenormalvolumefor eachtriangle, asfollows:
1. Evaluatethenormalvolume

2. Findthesetof voxel centresnsidethenormalvolume, i

3. For all voxel centresnsidethe normalvolume i constructa local planarsurface

approximatiorfrom thenearespointon  andthecorrespondingiormal, ; ;.

To ensurethat the normal volume, , enclosesall pointslessthan from

we canevaluatethe vertex offsetdistancefor the  vertex, , as: —. Itis
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(a) Trianglenormal-wlume (b) Bilinear sideof normal-wolume

Figure3: Normal-wlumetrianglerepresentation

assumedhatfor ary trianglein mesh  theanglebetweeratrianglenormalandadjacent
vertex normalis to avoid the degenerateasewherethe normalvolumereducego
zero.To obtaina closedvolumetricenvelopefor avoxel size it is necessaryo setthe
offsetdistance . Thisgivesadiscretefield function representatiofor

all pointswith offsetdistancelessthan—  of the implicit surface or mesh

Efficientencodingof atrianglein avolumetricrepresentatiosanbeimplementedy
first evaluatingthe boundingbox for the normalvolume on the voxel grid
Thentestingeachvoxel insidethe boundingboxif thevoxel center isinsidethenormal
volume. Testingif a voxel centeris inside the normalvolume canbe implementedoy
evaluatingif thepointis insideeachof thenormal-wolumesides.Not all thevoxelsin the
boundingbox needto be testedaseachgrid row of voxels canonly enterandleave the

volumeonce.

2.3 Geometric Fusion

Fusionof multiple overlappingmeshes, , canbeachievedusingthevolumetric
surfacerepresentatiomtroducedn theprevioussection.Foreachmesh  wecandefine

a closedoffsetervelopebetween  and with offsetdistance . Thusfor each
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triangle we candefinea normalvolume andincrementallytransformthe mesh

to avolumetricrepresentationin overlappingregionsof surfacemeasurementsom
differentmesheghe normalvolumeswill intersectprovidedthe maximummeasurement
error . If this conditionis satisfiedwe cancombinethefield functionsfrom
differentmeshesnto a single volumetricrepresentationln practicethis conditioncan
always be satisfiedfor a particularsensorby settingthe voxel size approximately
equalto the maximummeasuremergrror.

Fusionof multiple meshesequiresan‘overlap’ testto determinaf surfacemeasure-
mentsfrom differentmeshesn closespatialproximity correspondo thesameor different
regionsof the measureabjectsurface. Definition of a robust overlaptestis critical for
reliablesurfacereconstructiorasdiscussedn previouswork [Hilton etal., 1996. Asin
previous work geometricconstraintsare usedto estimateif overlappingmeasurements

correspondo the samesurfaceregion basedn thefollowing criteria:

1. Spatialproximity: distancebetweeroverlappingmeasurements lessthanthe maximum

distance
2. Surfaceorientation:overlappingsuriacenormalswith the sameorientation

3. Measurementincertainty:likelihood of measurementverlapbasedon estimateof mea-

surementuncertainty

Spatialproximity providesa coarseestof measuremeraverlapwhich hasbeenused
in previous work [CurlessandLevoy, 19964. However, this testis unreliablefor sharp
edgesandfor surfacesin close proximity. Surface orientationenablesreliable recon-
structionof creaseedgesandthin surfacesectionsfor continuousimplicit surfacerep-
resentatiorfHilton etal., 1996]. Someprevious discretevolumetric representationgor
fusion of rangeimagedata[CurlessandLevoy, 1999 storedonly positioninformation
which doesnot allow a surface orientationtestto be performed. The use of an ori-
entationtestincreasesobustnesdor reconstructiorof complex surfaces. Surface ori-
entationwas previously usedwith a discretevolumetric representatiorby Roth et al.
[RothandWibowo, 1995.

Measurementincertaintyfor surfacemeasurementsanbeestimatedrom therelative
orientationof thesurfaceandsensowriewpoint[Soug/ andLaurendeaul 995h Hilton etal., 19

If overlappingmeasurementsredeterminedo correspondo thesamesurfaceregionthey

11



may be combinedaccordingto a weightedaverage[Turk andLevoy, 1994 or maximum

confidencdPito, 19964. Theweightedaveragefor theii voxelis evaluatedas:

i SR i 4)
L

where, jisthenumberof measurementsnd ;  istheweightbasednthemeasure-
mentconfidencdor triangle

Fusionof overlappingsurface measurements illustratedin Figure4. The cross-
sectionthroughoverlappingvolumetricervelopedor two meshesreillustratedin Figure
4(a). Theresultingvolumetricervelopeandintegratediso-surbiceaftergeometricfusion
is illustratedin Figure 4(b). Overlappingregions of the volumetric representatiorare
combinedo obtaina singleiso-surficeaccordingo the algorithmpresentedbove.

The computationaknd memorycostof the volumetricrepresentatiomlependon the
numberof voxelsinsidethe volumetricenvelope. For a free-formsurfacethis is propor
tionalto the surfaceareaor the squareof thevoxel size. Explicit storageof all voxelshas

memorycostwhichis prohibitively expensve. A run-lengthencodedsoxel struc-
ture[CurlessandLevoy, 1994 is usedto achieve a storagecostwhich is proportionalto
the numberof voxelsinsidethe volumetricenvelope. This is proportionalto the surface
arearesultingin arelatively efficient storagecostof . Therepresentatioaccurayg

is inverselyproportionatlto voxel size[Hilton etal., 1998].

2.4 Triangulation

Having, constructed fusedvolumetricimplicit surfacerepresentatiofrom the measure-
ment dataan explicit triangulatedmeshrepresentatiortan be extractedusing an iso-
surface polygonizationalgorithm. Marching Cubesis appliedto obtain a fusedmesh
representationf the objectsurface[Bloomenthal 1994 LorenserandCline, 1987.
Figure5 shaws reconstructedriangulatedmodelsof complex objectusingthe geo-
metricfusionalgorithm. Thetop two objectswerecapturedusingthe ModelMaker hand-
held sensorsystem.Both datasetsconsistof approximatelyonemillion raw datapoints
which aretriangulatedto form several hundredoverlappingsurfacepatches.Geometric
fusionof thehand-heldsensodataon a200MHz PentiumPC platformis undertwo min-
utesfor bothobjects.Theresultingmodelsconsistof the orderof onehundredthousand

polygons.Thebottomobjectswereacquiredusingcorventionallaserangeimagesensors
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(a) Overlappingfield-functions (b) Integratedfield-function

Figure4: Fusionof field-functionsfor cross-sectiongroughoverlappingvolumetricen-

velopes

from multiple views usinga Cyberware scannebunny) andan NRCC scannei(knight)
[Rioux, 1984. Thedatasetsconsistof eightandtenrangeimagesrespectrely andtake
of the orderof oneminuteon a SUN Sparcl0platformto reconstructa fusedmodel of
severalhundredthousandolygons.

Theseresultsdemonstratehat the geometricfusion algorithm presentedn this pa-
per canbe usedfor both corventionaland hand-heldrangesensors.The datacaptured
usingthe hand-held-angesensomhasapproximately0.2mmrmserror resultingfrom the
accuray of the Faro Bronzearticulatedarm used. In additionthereare offseterrorsfor
overlappingsurfacemeasurementtaken on differentsweepsf the sensorof the order
of 0.2mm. The resultingmodelswerereconstructedisinga 0.2mmvoxel resolutionto
integrateoverlappingsurfacemeasurement® smallervoxel resolutionresultsin visible
ridgeson the modelwhereoverlappingmeasurementiall into differentvoxels. For the
conventionalrangesensordatathe rms error is or lessdueto the electro-optical
noiseof the sensar The modelswerereconstructedvith a 0.1mmvoxel sizeresultingin
asmoothsurfacemodelwithout visible artifactsdueto the discretevoxel resolution.The
volumetricapproachintroducedn this papermreconstructgorrectsurfacemodelsfor both

sourcesf data.

2.5 Geometric Fusion for Large Objects

Hand-held3D sensorscan be mountedon instrumentedplatformsor large articulated
armsto enablecaptureof large objects[Levoy, 1999. The problemis thento reconstruct
asinglesurfacemodelto therequiredaccurag.

Reconstructiorof large objectsat high-resolutionis prohibitively expensve usinga

singleresolutiondiscretevolumetricrepresentation-or exampleto reconstrucanobject
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Figure5: Reconstructechodelsfor ahand-heldgsensor(topandcornventionalrangemage

sensot(bottom)
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the size of a car requiresa volume of approximately . However, reconstruction
accurag mustbeof theorderof 0.2mmto accuratelyepresentine surfacedetailssuchas
edges.Thenumberof voxelswouldthereforebe . With run-lengthencoding
this gives approximately occupiedvoxels with a memoryrequiremenof

. Thisis prohibitively expensve, thereforewe requiretechniquegor reconstruction
which do notrequirehigh-resolutiorreconstructiorof objectsindependentf size.

The problemof reconstructingnodelsof large objectshasbeenaddressethy subdi-
viding the objectspaceanto a seriesof adjacensub-wlumes.Geometricfusionfor mea-
surementsn eachsub-wlumeis performedusingthealgorithmpresentedh the previous
sectionto obtainanimplicit surfacerepresentationSub-wolumesaresetupto overlapby
exactly onevoxel. Thefield-function for the overlappingsub-\oxelsis exactly the
sameasidenticalinput dataare usedto evaluatethefield function. The MarchingCubes
algorithmfor implicit surfacepolygonizationusesthe field functionvaluesat the centre
of eachvoxel to determinethe intersectionof edgeshetweervoxel centreswith theiso-
surface . Eachintersectionwith the iso-surficeresultsin a new vertex in the
outputfusedmeshmodel.In theoverlappingvoxelsof the sub-wlumesthefield-function
valuesarethe sameresultingin the sameso-surbiceedgeintersectionsMarchingCubes
generatesa setof outputmeshverticesontheboundaryof the sub-volumewhichareiden-
tical for adjacensub-wlumes. Therefore a singlemeshrepresentatiocanbe extracted
from multiple sub-volumessimply by meging outputmeshverticeson the boundaryof
thesub-wlume.

This approachasbeenusedto obtainmodelsof objectswhich requireprohibitively
large memoryfor a single volumetricrepresentationSub-wlumeswere usedto recon-
structthedwarf modelshownn in Figure5 wherethespacavassplitinto four sub-volumes.
Thereconstructiortime usingthe sub-wolumeapproachs the sameasusingasinglevol-
ume. However, the peakmemoryrequiremenis onequarterof the memoryrequirement
for reconstructinghemodelusingasinglevolume. Thereis no differencan theresulting
surfacemodelusingthe sub-wolumeapproach.

The computationalcost of multiple sub-wlumesis the sameasfor a single large-
volume. Therefore this processeducesghe memoryusagewithout requiringincreased
computationatost. Spatialsubdvisionwith geometridusionin multiple sub-wlumesal-
lows reconstructiorof arbitrarily large objectswithout restrictionsdueto finite computer

memorycapacity
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3 Conclusions

In this paperwe have introduceda new geometricfusion algorithm for reconstruction
of 3D objectsurfacemodelsfrom hand-heldsensordata. The principal advanceof this
approachs thatit avoidsthe assumptionsnadein previousfusionalgorithmsdeveloped
for corventionalrangeimagedatabasedon a grid structurewith a commonviewpoint.
Resultsare presentedor reconstructiorof surfacemodelsfrom both hand-heldsensor
dataandcorventionalrangeimages.

The new geometricfusion algorithmis basedon the use of the normal-volume of
a triangle. This normal-wlumeis usedto incrementallytransforman arbitrary trian-
gulatedmeshinto a discretevolumetricimplicit field-functionrepresentationThis ap-
proachavoids ary prior assumptionf a grid structureor commonviewpoint. The
field-functionsfor overlappingsurfacemeasurementsanbeintegratedto definea single
representationimplicit surfacepolygonizationis performedusingthe Marching Cubes
algorithmto generatea fusedmeshmodelof the objectsurface.

Large objectscanbe reconstructedy sub-dviding the spaceinto overlappingsub-
volumes. Geometricfusion is performedindependentlyfor eachsub-wlume. The re-
sulting surfacemodelsfor eachsub-wlume arethenmeigedinto a singlemodel. This
approachallows fusion of datafor arbitrarily large objectwith finite memoryresources.
The computationakostis equivalentto fusionfor a single volume enclosingthe entire

spacewhereaghe storagecostis equivalentto a singlesub-wlume.
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Figure Captions

Figurel: Modelreconstructiorirom hand-heldsensoidata
(a) 3DScannerdlodelMaler system

(b) Raw pointstripes

(c) Triangulatedoatchegpartial)

(d) Fusedmodeltriangulation

(e) Fusedmodelsurface

Figure2: Volumetricsurfacerepresentation
(a) Meshandvertex normals

(b) Offsetsurface

(c) Volumetricervelope

Figure3:Normal-wlumetrianglerepresentation
(a) Trianglenormal-wlume
(b) Bilinear sideof normal-wlume

Figure4: Fusionof field-functionsfor cross-sectionthroughoverlappingvolumetricervelopes
(a) Overlappingdfield-functions
(b) Integratedfield-function

Figure5: Reconstructedhodelsfor a hand-heldsensor(topandcorventionalrangeimagesensor
(bottom)
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