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Abstract

In this paper we presentan ef�cient and general ap-
proach to computingandintegrating 3D distance�elds di-
rectlyfrommultiplerange images.Wecomputenormaland
con�dencevaluesdirectlyfroma 2D range image. We then
approximate3D Euclideandistanceby correctingthe line-
of-sightdistance. To integratemultiplescans,weef�ciently
transformvoxelsof the target distance�eld to each scan's
local coordinatesystem,thenupdatevoxelswith computed
distanceandcon�dencevalues.Finally, weextract an iso-
surfacefromtheweighteddistance�eld usingthemarching
cubesalgorithm. We extendthe sameidea to the assign-
mentof weightedcolors or texture coordinatesto the re-
constructedmodel.Experimentsshowthat our approach is
fast,hasreasonablestoragerequirements,andcanproduce
high-qualitysurfacesfrommultiplerange scans.

1. Intr oduction

Recentdevelopmentsin 3D scanningtechnologyhave
madeit feasibleto acquirecomplex modelsof real scenes
on inexpensiveplatforms.Acquisitionof historicmodelsas
in the Digital Michelangelo project [22] is oneinteresting
applicationof this technology. While extensive work has
beendoneonprecisedigitizationof statuesor museumcol-
lections,indoorscenemodelinghasreceived relatively lit-
tle attention.Togetherwith colleaguesfrom Univ. of North
Carolinaat ChapelHill, we initiated the ScanningMonti-
cello project, the goal of which is to createan extremely
accuratemodelof Monticello,ThomasJefferson's Virginia
homeanda prominentachievementof Americanarchitec-
ture. With a 3rdTech DeltaSphere laserscanner, we col-
lectedtensof gigabytesof geometricandphotographicdata.
Weaimto transformthisdatainto accurate3D modelsto be
usedfor digital display, virtual tourism,andscienti�c study.

The3D scanningpipelineof oursystemconsistsof range
imagepreprocessing,multiview registration,ef�cient mul-
tiview integration,reconstructionandcoloreddisplayof 3D

models.In thispaperwefocusonmultiview integrationand
reconstruction.Several techniqueshave beenproposedto
reconstruct3D modelsby integratingvolumetricrepresen-
tations– 3D distance�elds – of alignedrangedata.When
dealingwith largemodels,mostexistingapproachesrequire
signi�cant amountsof computationandstorage.In this pa-
perwe presenta new approachto computingandintegrat-
ing 3D distance�elds, basedonestimationof 3D Euclidean
distancedirectly from rangeimages.Thesameideais used
to assignedweightedcolors or texture coordinatesto re-
constructed3D models.Sincemostcomputationsareper-
formed in the 2D rangeimagedomain,the new approach
signi�cantly reducescomputationandstoragerequirements
and is thereforesuitablefor reconstructionof big models
suchasindoorscenes.

2. Background and PreviousWork

2.1.RangeImageand 3D Registration

A rangeimagestoresdepthvaluesof sampled3D points.
RotatingrangescannerssuchastheDeltaSphere3000scan
pointsona2D latticein sphericalcoordinates,recordingthe
directionangles� and� andline-of-sightdistancer .

As Whitaker et al. [15] point out, indoorscenescanning
is subjectto noiseandhole �lling problems,which make
it morecomplicatedthanthe close-upscanningof statues
or museumcollections.Rangescanneraccuracy is low be-
causeobjectsaredistant;differentsurfacepropertiesmay
leadto invalid or inaccuratedistancemeasurements.A sin-
gle scanmay producemany rangediscontinuities,further
reducingcon�dencein thescanneddepth.As a result,care
mustbetakenwhendealingwith indoorscenes.

To obtaina completemodelof thescene,multiple scans
have to beacquired,registered,andmerged. Pair-wise3D
registrationhasbeenextensively studied,bothin thecontext
of automaticregistration[27, 18] andin thecontext of itera-
tivemethodsstartingfrom aninitial alignment[5, 9, 26, 25].
TheICP (Iterative ClosestPointor Iterative Corresponding
Point)algorithmis frequentlyused.Researchershave also



studiedmultiview registration,which seeksto evenly dis-
tributeregistrationerrorsamongmultiplescans[24, 4].

2.2.Multi view Integration and DistanceFields

Extensive researchhasexaminedthe problemof inte-
gratingmultiple scansinto a singlecoherentmodel. Turk
andLevoy [28] proposea techniqueto identify andzipper
overlappingsurfacesamongscans.CurlessandLevoy [10]
presenta techniquebasedon integratingvolumetricrepre-
sentations– 3D distance�elds – of rangesurfaces. Their
volumetricmethodworksbetterthanpolygonzipperingfor
producingtopologicallysoundreconstructionsof geometry.

The distance�eld is a 3D voxel array that storesthe
signeddistancesfrom eachvoxel to the nearbysurface.
Themetricof distancesneednotbeEuclideandistance,but
FriskenandPerry[13] suggestseveraladvantagesof using
Euclideandistance,which we usein our system.Thezero
level setof the distance�eld givesthe underlyingsurface,
whichcanbeextractedusingthemarchingcubes[23] algo-
rithm. A commonproblemwith marchingcubesis theloss
of sharpfeatures.Kobbeltet al. [21] recentlypresentedan
extensionto marchingcubesfor sharpfeaturespreservation.
Otherapproacheshave alsobeenproposed[11, 19].

Thevoxel �eld needsto beverydensefor adequatesam-
pling andalias-freereconstruction.Computingandstoring
distancevaluesfor every voxel is very expensive in both
time andspace.Thatproblemcanbeaddressedby restrict-
ing distanceevaluationto a“thin shell” of voxelsaroundthe
surfaceandby usingcompressiontechniquessuchasrun-
lengthencodingof the3D grid [10]. FriskenandPerry[14]
have alsosuccessfullyappliedhierarchicalgrids.

Oneway to producedistance�elds is by evaluatingthe
point-to-triangledistancefrom every voxel to nearbyareas
of the surface. It is alsopossibleto �rst measuredistance
valueswithin a“narrow band”aroundthesurface[30], then
propagatethevaluesto othervoxels in the thin shell using
thefastdistancetransform[7] or fastmarching[20] method.

Researchershave examined distance�eld generation
from unorganizedpoints [17, 3, 8] in which no assump-
tions aremadeaboutthe underlyinggeometry. However,
since rangeimagepoints are sampledcontinuously, they
alreadycontain implied surfaceconnectivity, hencethese
techniquesarelessef�cient for rangeimagereconstruction.

In CurlessandLevoy's volumetricmethod[10], a range
surfaceis �rst obtainedfrom therangeimage,andthedis-
tance�eld is thenbuilt by computingthe line-of-sightdis-
tancefrom a voxel to thenearestsurface.Eachvoxel is as-
signedacon�denceasweight.Scansarethenintegratedby
weightedaveragingof thedistance�eld voxelsfrom multi-
ple scans.Hilton et al. [16] computeEuclideandistances
basedon local reconstructionof surfacetopology. Wheeler
etal. [29] computesigneddistanceto thesurfaceby �nding
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Figure 1. (a)­(c) 2D version of Frisken' s tech­
nique; (d) Data loss due to projection
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Figure 2. 2D version of our new appr oach

aconsensusof locally coherentobservationsof thesurface.
Most of theseexisting techniquestake rangesurfacesas

input. However, our high resolutionrangescanstypically
result in 5-15 million triangles,making it very dif�cult to
process.FriskenandPerry[13] recentlypresentedamethod
for estimatingEuclideandistancesdirectly from 2D range
images.First they projectrangedistances,or line-of-sight
distances,along a primary scanningdirection and obtain
projecteddistances.They resampletheprojecteddistances
uniformly to obtainanew orthographicrangeimage.Given
any voxel, it is trivial to determineits projecteddistanceto
a nearbysurface,thencorrecttheprojecteddistancealong
the surfacenormalto approximatethe Euclideandistance.
Assumingthat the rangesurfaceis smoothandcontinuous
andthat thevoxel in evaluationis closeto thesurface,this
estimateddistanceis a goodapproximationof the trueEu-
clideandistance.In addition,they proposeanef�cient way
to �ll holesaroundrange“clif fs,” wherethe rangesurface



is discontinuous.Most of thesecomputationsarein the2D
rangeimagedomain,andthey useAdaptively SampledDis-
tanceFields(ADFs)[14] to achievebetterstorageandcom-
putationalef�ciency. As a result,their methodis very fast
andhasreasonablememoryrequirements.Figure1(a)-(c)
showsa2D versionto their technique.

Unfortunately, FriskenandPerry's techniqueis not eas-
ily appliedto scansof indoorscenes.Sincesuchscanstyp-
ically spana large rangeof angles(> 180� ), it is nearly
impossibleto decidea primary scanningdirectionwithout
dividing the scaninto several parts,which introducesarti-
facts.Carelesslychoosingsuchadirectionmaycausealoss
of datawhenpointsfrom separatepartsprojectto thesame
position, as shown in Figure 1(d). In general,projecting
distancesalonga major directionbiasesthe resultsin that
direction. Frisken and Perry's approachalso involves re-
samplingof the rangedata,which we would like to avoid.
Finally, sinceindoor scenescanningproducesmany range
discontinuities,sometimesit is betterto leave thebig holes
un�lled. In thenext sectionwepresentanew approachthat
addressestheseproblems.

3. Algorithms and Implementation

3.1.Overview of the Algorithm

Given a voxel P in space,the directionfrom the origin
(scannercenter)to P de�nes the view directionv . If H is
the intersectionpoint betweenv andtherangesurface,the
rangevalueat H caneasilybedeterminedby interpolating
betweenvaluesin therangeimage.Thesigneddistancebe-
tweenH andP is theline-of-sightdistanceof P to a nearby
surface.To estimatetheEuclideandistance,we projectthe
line-of-sightdistancealongthesurfacenormaln athit point
H. Figure2 illustratesa 2D versionof this approach.If the
underlyingsurfaceis smoothandcontinuousandPis within
asmalldistance(calledtherampwidth [10]) of thesurface,
this estimateddistanceis a goodapproximationof the true
Euclideandistance.We thenassignthecon�dencevalueof
H to P asa weight. Closeto rangeedgeswherethe range
surfaceis discontinuous,however, theestimateddistanceis
no longera goodapproximationof theEuclideandistance.
Weaddressthisproblemin Section3.7.

Like Frisken andPerry, we estimatedistancevaluesdi-
rectly from the 2D rangeimages. However, we perform
all computationsin sphericalcoordinates.Sincethis is the
original format of theserangeimages,we do not have to
convert rangedistancesto projecteddistancesor resample
therangedata.This makesour approachbothef�cient and
moresuitablefor our indoorscenescans.

3.2.RangeData

In the following, we user (� i ; � j ) to representa range
image. Here � i and � j are the sphericalrotation angles.
We assumetherangeimageis regularly sampled,suchthat
the samplesat each(� i ; � j ) arealignedon a uniform 2D
lattice. In practice,samplepointsproducedby our Delta-
Sphere scannerareslightly misaligned,so we needto �rst
realignourrangeimagesontoauniform2D grid. Thevisual
effectof this realignmentis negligible.

After rangescanning,wetakecolor imageswith adigital
camera�x edat thesamepositionastherangescanner. We
thenaligncolorimagesto rangescansusingapre-computed
cameracalibration. As a result,eachrangeimagepoint is
assigneda color value. Later in the pipeline,eachsample
point will alsobe assignedsurfacenormalandcon�dence
values.Thesevaluesarestoredtogetherwith rangevalues
in therangeimage.Givenany direction(� ; � ), wecanindex
into therangeimageandobtaina rangevaluer 0 alongthis
directionusingbilinearinterpolation.This is thedistanceto
animaginaryhit pointalongthegivendirection.A negative
valueof r 0 meansnopoint is hit in thisdirection.Similarly,
wecanobtainthecolors0, surfacenormaln0andcon�dence
c0 with bilinearinterpolation.

Rangeimagesof indoor scenesare usually very noisy
dueto errorsin therangevalues1. In apreprocess,weapply
anisotropicdiffusion [6] on rangeimagesto reducerange
noiseswhile preservingsharpfeatures.Figure3(a) shows
the surfaceof a scannedchair beforeapplyinganisotropic
diffusion. Figure3(b) shows the surfaceafter eight itera-
tions of anisotropicdiffusion. The result is muchcleaner
thantheoriginal data.Notice thata few sharpfeaturesare
blurred.In Section4 wewill discussthetradeoffs in apply-
ing anisotropicdiffusion.

3.3.Computing Normal and Con�dence Values

Becausesurface normals at range image points are
neededto correct line-of-sight distances,we precompute
andstorethesevaluesin therangeimage.Surfacenormals
canbecomputeddirectly from therangeimage.Givenaset
of samplepointsP = [x; y; z] that composea rangesur-
face,eachsurfacenormalis computedasn = � @P

@� � @P
@�

(� is crossproduct). We seefrom the following stepsthat
we only needthedot productof surfacenormalwith view
direction(v � n), soweneednotstorethesurfacenormaln
itself. Heretheview directionis thevectorfrom a sample
point to theorigin: v = � P = � [x; y; z]. By substituting

1Therangeaccuracy of theDeltaSphere3000laserscanneris � 0:3 in.
at40 ft. distance,andtheangularaccuracy is � 0:015 degree.



(a)

(b)

Figure 3. Chair model before and after eight
iterations of anisotr opic diffusion

Equation1(b),weget

(v � n) =
r cos�

q
cos2 � (r 2 + r 2

� ) + r 2
�

wherer � = @r
@� andr � = @r

@� , which canbeestimatedfrom
therangeimageusingcentraldifferencing:

r � (� i ; � j ) = r ( � i +1 ;� j ) � r ( � i � 1 ;� j )
2� �

r � (� i ; � j ) = r ( � i ;� j +1 ) � r ( � i ;� j � 1 )
2� �

where� � and� � aretheangulardistancesbetweenpoints
in therangeimage.

For weightedaveragingof rangevalues,we alsoneedto
precomputecon�dencevaluesandstorethemin the range

image. The way we assigncon�dencevaluesis similar to
[2]. Threefactorscandecreaseour con�dencein a range
point:

1. Distanceweight– thepoint is distantfrom thescanner.

2. View weight – the point hasa large gazingangle,as
determinedby the dot productof view directionwith
surfacenormal(v � n).

3. Boundaryfalloff – thepoint is asmallnumberof hops
away from a rangeedge. To producesmoothtran-
sitions betweenmerged surfaces,we usea quadratic
boundaryfalloff (correspondingto � b = 2 in [2]).

3.4.Estimating 3D EuclideanDistance

In the following we de�ne functions that convert be-
tweenCartesiancoordinates(x; y; z) andsphericalcoordi-
nates(r; � ; � ) as:
8
<

:

r =
p

x2 + y2 + z2

� = arctan 2(y; x)
� = arcsin(z=r)

(a) ,

8
<

:

x = r cos� cos�
y = r cos� sin �
z = r sin �

(b)

(1)
As describedin Section3.1,thealgorithmfor estimating

3D Euclideandistanceis asfollows:

1. Traversedistance�eld voxelsin order. For eachvoxel,
convert its position(x; y; z) into sphericalcoordinates
(r; � ; � ) with Equation1(a), where(� ; � ) is the view
directionv .

2. Use (� ; � ) to index into the rangeimageand obtain
an interpolatedrangevaluer 0. If r 0 is negative, skip
processingthecurrentvoxel . Similarly, obtainthein-
terpolatednormaln0 andcon�dencevaluec0.

3. Estimate3D Euclideandistanceby projectingline-of-
sight distance(r � r 0) onto normal n0, as shown in
Figure2. Sincethe line-of-sightdistanceis alongthe
view directionv , thecorrecteddistancevalued = (r �
r 0)(v � n0).

4. If theabsolutevalueof d is within auser-de�ned ramp
width [10], updatethe currentvoxel with d and the
con�dencevaluec0; if not, the voxel is outsidea thin
shell(de�nedby therampwidth)of theunderlyingsur-
face,hencewill notbeupdated.

5. Repeatsteps1 through4 until all voxelsaretraversed.

If the above algorithm were run on the entire distance
�eld, asubstantialamountof computationwouldbewasted
on voxels that aredistantfrom the underlyingsurface. To
reducetheamountof unneededcomputation,we �rst con-
struct a 3D bit array correspondingto the distance�eld.



Eachbit indicateswhethera givenvoxel is closeto thesur-
faceandhencecomputationshouldproceedat step1. To
build thebit array, we go throughevery rangeimagepoint,
�nd its positionin space,andmark a surroundingvolume
centeredat the point as true in the bit array. The volume
marked is a cube of side length at least twice the ramp
width. If therangepointsaredenseenough,thebit arrayis
a goodestimationof a thin shellaroundthesurface.While
ourdistance�eld structureis accessedsequentiallyandcan
thereforeberun-lengthencoded[10] effectively, thebit ar-
ray is not run-lengthencoded.This allows us to maintain
accessspeedbut canbea problemfor high resolutiondis-
tance�elds. To save storageandsetuptime, we build the
bit arrayat a lower resolutionthantheactualdistance�eld.
For example,givenadistance�eld of size10243, thetwice-
downsampledbit arrayis of size2563; eachbit representsa
43 volumeof voxelsandis setto trueif anyof the43 voxels
is closeto thesurface.

3.5.Ef�cient Multi view Integration

In this sectionwe describeanextensionto theabove al-
gorithmthatallowsfor ef�cient multiview integration.Sup-
posewe have N rangescansand their correspondingreg-
istrationmatricesM, which we precomputeusingStanford
University'sScanalyzesoftwarepackage[1]. Applying reg-
istrationmatrix M i to scani placesthe scanin a common
(target) coordinatesystem.Similarly, applyingthe inverse
matrixM � 1

i onapoint in thetargetcoordinatesystemtrans-
forms it backinto scani 's coordinatesystem.The sizeof
the distance�eld we will use is determinedby both the
boundingbox of all scansin the target coordinatesystem
anda user-de�ned voxel size.We applythetransformation
M � 1

i to everydistance�eld voxel p = [x; y; z]T. Thetrans-
formed voxel, p0 = M � 1

1 � p, is then usedat step1 for
distanceestimation.Whenupdatingvoxelsat step4, wedo
anincrementalweightedaverageasdescribedin [10].

Unfortunately, transformingevery distance�eld voxel
into eachscan's coordinatesystemis an expensive opera-
tion. Wecanimprovethespeed,however, by observingthat
voxel traversalis incrementalandvoxel transformationis a
linear operation. Supposem 1

i ; m 2
i ; m 3

i are the �rst three
columnvectorsof M � 1

i suchthatM � 1
i = [m 1

i ; m 2
i ; m 3

i ; t ];
applying the transformationon voxel p = [x; y; z]T pro-
ducesp0 = [x0; y0; z0]T = M � 1

i � p; considerthenext voxel
traversedin x directionpx + = [x + � x; y; z]T, applyingthe
transformationproducesp0

x + = M � 1
i � px + = p0+ m 1

i � x,
which is simply the previous result p0 plus an increment
m 1

i � x. Here(� x; � y; � z) is theuser-de�ned voxel size.
Hencewe canpre-computeandstorethe threeincrements
m 1

i � x, m 2
i � y andm 3

i � z in thex, y, andz directions,re-
spectively. Now the only transformationneededis on the
startingvoxel; for eachsubsequentvoxel traversedin thex,

y, or z direction,we simply add the correspondingincre-
mentto gettransformedvoxel.

After all scanshave been incorporated,we run the
marchingcubesalgorithmon thetargetdistance�eld to re-
constructthemerged3D model.

3.6.WeightedColors and TextureCoordinates

With little modi�cation, we canextendthe above algo-
rithm to assignweightedcolors to verticesin the recon-
structed3D model.Thestepsare:

1. Startingfrom the�rst scan,convert eachvertex of the
reconstructed3D modelto (r; � ; � ) coordinates.

2. Usethecomputed(� ; � ) to index into therangeimage
andget the interpolatedrangevaluer 0, con�dencec0,
andcolor s0.

3. If jr � r 0j is within anacceptableerrormetric,update
the vertex color with s0 andc0. Otherwise,the vertex
is probablyoccludedin thisscan,henceits color is not
updated.

4. Repeattheabove stepsfor all scans.

An alternative approachwould be to usethe color data
from eachrangeimageasa texturemapandapplycolor to
the reconstructedmodelat runtimeusingweightedtexture
mapping.Thiswould requirethatweassignasetof texture
coordinatesto eachvertex for every texturemap. Thecon-
�dence valueswould bestoredalongwith thecolor dataso
that the texturemapscouldbeweightedappropriately. We
could alsouseview-dependentprojective texture mapping
[12], wherethevertex color seenby theviewer is dynami-
cally blendedfrom all thetexturemapsbasedontheviewer
positionandtheview direction.

3.7.DistanceCorr ectionaround RangeEdges

Rangeedgesareplaceswhererangevaluesarediscon-
tinuous(i.e., thescannedsurfacehasa largegazingangle).
Holesmaybeleft in therangesurfacedueto thesedisconti-
nuities. Sinceour algorithmassumesa smoothandcontin-
uousrangesurfaceformedby therangepoints,distancees-
timation is subjectto erroraroundedges.As demonstrated
by Figure4, thecomputeddistanceat voxel P is no longer
a good approximationof the true distance. Frisken and
Perry[13] proposea methodfor �lling holesaroundrange
edges. In our case,however, �lling holesis not alwaysa
goodidea.Rangeedgesarecommonin indoorscenescan-
ning, so sometimes�lling holesmay produceundesirable
results.For example,theedgeof achairshouldnotbecon-
nectedwith thewall behindit. Therefore,ratherthan�lling
suchholes,we rely on scanswith betterviews to �ll in the
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Figure 4. Distance estimation is problematic
at rang e discontin uities

Figure 5. Before and after distance correction
at rang e discontin uities. Notice the artifacts
in the top image

missinggeometry. Smalldiscontinuities,on theotherhand,
shouldbeconnected,becauseindoorscenescanningoften
leavesmany small holes,which arenot alwayspossibleto
�x by scanningfrom moreviewpoints.

To addressthis problem,we usea hybrid schemewhich
computesthe true distancevaluesaroundedges.The fol-
lowing is performedfor eachscanafter the distanceesti-
mation is completed:1) Mark rangepoints that areclose
to edges.Recallwe alreadyhave “edgehops” whencom-
putingthecon�dencevalues,andthey canbedirectly used
here. 2) Form triangles by connectingneighbor points
aroundthe marked points. Remove thosetriangles that
have side lengthsover a pre-de�nedthreshold– theseare
the holeswe will not �ll. 3) In the distance�eld, within
a thin shell of the remainingtriangles,computepoint-to-
triangledistancesastrue distancevalues,andusethemto
overwrite theestimateddistancevalues.Theoverheaddue
to this computationis negligible sinceonly a smallportion
of thetrianglesis used.Figure5 illustratesthereconstructed
surfacebeforeandafterdistancecorrection.

4. Resultsand Discussion

We testedour algorithm on six rangeimagesacquired
inside the Monticello library room. For eachscan, we
apply eight iterationsof anisotropicdiffusion during pre-
processing.We experimentedwith several differentvoxel
sizes. Smallervoxel sizesresult in higher resolutiondis-
tance�elds, hencethereconstructedmodelsaremore�nely
tesselated.Thisalsoincreasesexecutiontime,however. We
userampwidthsof 0.6 to 0.8 inchesto de�ne thethin shell
aroundthesurface.Performanceis measuredona1.53GHz
AMD Athlon processorwith 1GBof memory.

Figure 6 shows one of the six rangescanswe usedin
reconstruction.Figure7 shows themodelasreconstructed
with a voxel sizeof 0.2 inchesanda distance�eld of size
1641� 768� 1652. Figure8 shows thesamemodelwith
eachvertex assignedaweightedcolor.

4.1.Performance

For performance analysis we consider two parts:
Anisotropic diffusion, normal, and con�dence valuesare
computedin the 2D rangeimagedomain. For thesecal-
culations,theexecutiontime grows linearly with therange
imageresolution.Givenarangeimageresolutionof n2, we
have executiontime t1 = O(n2). In distanceestimation,
with thetheauxiliary bit array, expensive computationsare
restrictedto voxels within the thin shell aroundthe target
surface.If weassumethesurfaceis a2D manifold,thepro-
cessingtime is roughlyquadraticwith respectto thewidth
of distance�eld. Noticethatthewidth of a distance�eld is
inverselyproportionalto thevoxel size.Thecostof building
thebit arraydependson thenumberof rangeimagepoints
andthe numberof voxels within the rampwidth. Despite
someoverhead,the bit arrayhelpsincreaseoverall execu-
tion speedby afactorof two to three.Givenadistance�eld
resolutionof N3, we have executiontime t2 = O(N2) and
a total executiontimeT = t1 + t2 = O(n2 + N 2).

Table1 shows theexecutiontime for computationsper-
formedin therangeimagedomain.Onaverageit takes6 to
8 secondsfor a 10242 rangeimage.Table2 shows theexe-
cutiontimefor calculatingthedistance�elds whenmerging
all six scans.It takesrougly 10 to 15 secondsto calculatea
5123 distance�eld usinga singlescan.CurlessandLevoy
[10] reporta reconstructiontime of 197minuteswith hole
�lling for 71rangeimagesof thedragonmodelonavolume
of size712� 501� 322ona250MHzMIPSR4400proces-
sor. This equatesto roughly200secondsof processingfor
onescanon a 5123 distance�eld. FriskenandPerryreport
two to six secondsof reconstructiontimefor severalmodels
on 5123 distance�elds; our approachis a little slower but
is moregeneral.With respectto speedandgenerality, our
methodcomparesfavorablyto existing techniques.



ImageSize n; c Diffusion Total (t1)
1734� 1176 0.66s 13.07s 13.73s
1734� 1236 0.64s 13.17s 13.81s
1630� 1093 0.59s 10.34s 10.93s
2534� 1245 0.79s 18.84s 19.63s
1267� 1199 0.57s 10.01s 10.58s
1534� 1192 0.61s 10.97s 11.58s

Table 1. Execution times for processing in the
rang e image domain

Voxel D.F. Res. Bit Array Dist. Est.
0.8 in. 459� 240� 461 8.05s 20.20s
0.5 in. 695� 246� 699 8.10s 54.53s
0.3 in. 1116� 534� 1123 24.95s 213.28s
0.2 in. 1641� 768� 1652 24.95s 583.38s

Table 2. Execution times for producing dis­
tance �elds

4.2.StorageRequirements

The storagerequirementsof our algorithm are reason-
able.Eachrangeimagepoint is composedof �oating-point
range,normal,andcon�dencevalues(recall from Section
3.3 that we only storea scalarvalue for normal)andone
integer color value, for a total of 16 bytes. Eachdistance
�eld voxel storesone�oating-point distancevalueandone
�oat weight. Thedistance�eld is run-lengthencoded.The
auxiliary bit arrayis twice downsampledfrom thedistance
�eld' s resolution,so it requiresonly 2MB memoryfor a
1024� 1024� 1024distance�eld.

4.3.Accuracy

It is particularlychallengingto analyzethe accuracy of
our model. Sincewe approximateEuclideandistance,it
is theoreticallymoreaccuratethanline-of-sightdistanceor
otherdistancemetrics. Theaccuracy maybeaffecteddur-
ing noisereduction.As mentionedin Section3, anisotropic
diffusioneffectively reducesrangenoiseandimprovesover-
all accuracy of our scans.However, dueto the smoothing
process,detailsarelost in high curvatureregions.This can
beseen,for example,in thebookshelfin Figure3. Proper
choiceof diffusionparameters,includingtheedgepreserva-
tion functionandthenumberof iterations,mayhelpbalance
noisereductionwith detail preservation. Alternatively, we
could considerusingmoreaggressively smootheddatafor
normalestimationanduseslightly smootheddatafor dis-
tanceestimation.

5 Conclusionsand Futur eWork

In this paperwe presentan ef�cient approachto com-
putingandintegratingdistance�elds directly from multiple
rangeimages.Our approachis basedon the estimationof
Euclideandistanceby correctingthe line-of-sightdistance.
Normalandcon�dencevaluesarealsoef�ciently computed
directly from rangeimages.We alsoproposea hybrid ap-
proachthat correctsdistancevaluesaroundrangediscon-
tinuities. Sincemostcomputationsare in the 2D, our ap-
proachis ef�cient in bothcomputationandstorage.

We hopeto implementa hierarchicalstructurefor our
distance�eld suchastheadaptively sampleddistance�eld
to furtherreducecomputationandstoragerequirements.We
also seekto apply better isosurfaceextraction algorithms
to reducethesharpfeaturelosscausedby marchingcubes.
Finally, we would like to integrateview-dependentprojec-
tive texturemappinginto our systemto improve interactive
viewing of thesemodels.
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Figure 6. One single scan used in the recon­
struction

Figure 7. The reconstructed model with about
2.86 million ver tices and 5.53 million triangles

Figure 8. The reconstructed model with
weighted ver tex color s


