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Abstract

In this paper we presentan efcient and geneal ap-
proadch to computingand integrating 3D distance elds di-
rectlyfrommultiplerange images.We computenormaland
con dencevaluesdirectlyfroma 2D range image. We then
approximate3D Euclideandistanceby correctingtheline-
of-sightdistance To integrate multiple scanswe ef ciently
transformvoxelsof the target distance eld to ead scans
local coodinate systemthenupdatevoxelswith computed
distanceand con dencevalues.Finally, we extract an iso-
surfacefromtheweighteddistanceeld usingthe marching
cubesalgorithm. We extendthe sameideato the assign-
mentof weightedcolors or texture coorinatesto the re-
constructednodel. Experimentshowthat our appmoad is
fast,hasreasonablestorage requirementsandcanproduce
high-qualitysurfacesfrommultiplerange scans.

1. Intr oduction

Recentdevelopmentsin 3D scanningtechnologyhave
madeit feasibleto acquirecomplex modelsof real scenes
oninexpensve platforms.Acquisitionof historicmodelsas
in the Digital Michelangelo project[22] is oneinteresting
applicationof this technology While extensve work has
beendoneon precisedigitization of statuer museuncol-
lections,indoor scenemodelinghasreceved relatively lit-
tle attention.Togethemwith colleaguegrom Univ. of North
Carolinaat ChapelHill, we initiated the ScanningMonti-
cello project, the goal of which is to createan extremely
accuratamodelof Monticello, ThomasJefersons Virginia
homeanda prominentachiezementof Americanarchitec-
ture. With a 3rdTech DeltaSphee laserscannerwe col-
lectedtensof gigabytesof geometriandphotographidata.
We aimto transformthis datainto accurate8D modelsto be
usedfor digital display virtual tourism,andscienti ¢ study

The3D scanningipelineof our systenconsistof range
imagepreprocessingnultiview registration,ef cient mul-
tiview integration,reconstructiormndcoloreddisplayof 3D

models.In this papemwe focuson multiview integrationand
reconstruction.Several techniqueshave beenproposedo
reconstrucBD modelsby integratingvolumetricrepresen-
tations— 3D distanceelds — of alignedrangedata. When
dealingwith largemodels mostexistingapproachegequire
signi cant amountsf computatiorandstorage In this pa-
perwe presenta new approacho computingandintegrat-
ing 3D distanceelds, basedn estimatiorof 3D Euclidean
distancddirectly from rangeimages.The sameideais used
to assignedweightedcolors or texture coordinatesto re-
constructed3D models. Sincemostcomputationsare per
formedin the 2D rangeimagedomain,the new approach
signi cantly reducesomputatiorandstoragerequirements
andis thereforesuitablefor reconstructiorof big models
suchasindoorscenes.

2. Background and Previous Work
2.1.Rangelmage and 3D Registration

A rangeimagestoresdepthvaluesof sampledD points.
Rotatingrangescannersuchasthe DeltaSphee 3000scan
pointsona2D latticein sphericatoordinatestecordingthe
directionangles and andline-of-sightdistancer.

As Whitaker et al. [15] pointout,indoorscenescanning
is subjectto noiseand hole lling problems,which make
it more complicatedthanthe close-upscanningof statues
or museuncollections.Rangescannelccurag is low be-
causeobjectsare distant; different surfacepropertiesmay
leadto invalid or inaccuratelistanceneasurement#\ sin-
gle scanmay producemary rangediscontinuities further
reducingcon dencein thescannediepth.As aresult,care
mustbetakenwhendealingwith indoorscenes.

To obtaina completemodelof the scenemultiple scans
have to be acquiredregistered,andmerged. Pair-wise 3D
registrationhasbeenextensiely studied bothin thecontext
of automatiaegistration[27, 18] andin thecontet of itera-
tivemethodsstartingfrom aninitial alignment5, 9, 26, 25].
ThelCP (Iterative ClosestPointor Iterative Corresponding
Point) algorithmis frequentlyused. Researcherkave also



studiedmultiview registration,which seeksto evenly dis-
tributeregistrationerrorsamongmultiple scang24, 4].

2.2.Multi view Integration and DistanceFields

Extensve researchhas examinedthe problem of inte-
gratingmultiple scansinto a single coherentmodel. Turk
andLevoy [28] proposea techniqueto identify andzipper
overlappingsurfacesamongscans.CurlessandLevoy [10]
presenta techniquebasedon integrating volumetricrepre-
sentations- 3D distance elds — of rangesurfaces. Their
volumetricmethodworks betterthanpolygonzipperingfor
producingtopologicallysoundreconstructionsf geometry

The distance eld is a 3D voxel array that storesthe
signeddistancesfrom eachvoxel to the nearbysurface.
Themetricof distanceseednot be Euclideandistance put
FriskenandPerry[13] suggesskeveral advantageof using
Euclideandistance which we usein our system.The zero
level setof the distanceeld givesthe underlyingsurface,
which canbeextractedusingthemarchingcubeg23] algo-
rithm. A commonproblemwith marchingcubess theloss
of sharpfeatures.Kobbeltet al. [21] recentlypresentedn
extensionto marchingcubedor sharpfeaturegreseration.
Otherapproachebave alsobeenproposed11, 19.

Thevoxel eld needdo beverydenseor adequatesam-
pling andalias-freereconstruction Computingandstoring
distancevaluesfor every voxel is very expensve in both
time andspace.Thatproblemcanbe addressety restrict-
ing distancesvaluationto a“thin shell” of voxelsaroundthe
surfaceand by usingcompressioriechniquesuchasrun-
lengthencodingof the3D grid [10]. FriskenandPerry[14]
have alsosuccessfullyappliedhierarchicalgrids.

Oneway to producedistanceelds is by evaluatingthe
point-to-triangledistancefrom every voxel to nearbyareas
of the surface. It is alsopossibleto rst measuradistance
valueswithin a“narrow band”aroundthesurface[30], then
propagtethe valuesto othervoxelsin the thin shell using
thefastdistancaransform7] or fastmarching20] method.

Researcherdiave examined distance eld generation
from unoganizedpoints [17, 3, 8] in which no assump-
tions are madeaboutthe underlyinggeometry However,
since rangeimage points are sampledcontinuously they
alreadycontainimplied surface connectiity, hencethese
techniquesrelessef cient for rangeimagereconstruction.

In CurlessandLevoy's volumetricmethod[10], arange
surfaceis rst obtainedfrom the rangeimage,andthedis-
tance eld is thenbuilt by computingthe line-of-sightdis-
tancefrom avoxel to the nearessurface.Eachvoxel is as-
signeda con denceasweight. Scansarethenintegratedby
weightedaveragingof the distanceeld voxelsfrom multi-
ple scans.Hilton et al. [16] computeEuclideandistances
basedon local reconstructiorof surfacetopology Wheeler
etal. [29] computesigneddistanceo thesurfaceby nding

Figure 1. (a)-(c) 2D version of Frisken's tech-
nique; (d) Data loss due to projection

Figure 2. 2D version of our new approach

aconsensusf locally coherenbbsenrationsof the surface.

Most of theseexisting techniquegsake rangesurfacesas
input. However, our high resolutionrangescanstypically
resultin 5-15 million triangles,makingit very dif cult to
processFriskenandPerry[13] recentlypresente@method
for estimatingEuclideandistancedirectly from 2D range
images. First they projectrangedistancespr line-of-sight
distancesalong a primary scanningdirection and obtain
projecteddistances.They resamplehe projecteddistances
uniformly to obtaina new orthographiagangeimage.Given
ary voxel, it is trivial to determindts projecteddistanceo
a nearbysurface,thencorrectthe projecteddistancealong
the surfacenormalto approximatethe Euclideandistance.
Assumingthatthe rangesurfaceis smoothandcontinuous
andthatthevoxel in evaluationis closeto the surface,this
estimatedlistances a goodapproximatiorof the true Eu-
clideandistance In addition,they proposeanef cient way
to Il holesaroundrange“cliffs,” wherethe rangesurface



is discontinuousMost of thesecomputationsrein the 2D
rangeimagedomain,andthey useAdaptively SampleDis-
tanceFields(ADFs)[14] to achieve betterstorageandcom-
putationalef ciency. As aresult,their methodis very fast
and hasreasonablenemoryrequirements.Figure 1(a)-(c)
shavs a 2D versionto theirtechnique.

Unfortunately Frisken andPerry's techniqués not eas-
ily appliedto scansof indoorscenesSincesuchscangyp-
ically spana large rangeof angles(> 180 ), it is nearly
impossibleto decidea primary scanningdirectionwithout
dividing the scaninto several parts,which introducesarti-
facts.Carelesslchoosingsuchadirectionmaycausealoss
of datawhenpointsfrom separatgartsprojectto the same
position, as shavn 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 scenescanningproducesmary range
discontinuitiessometimest is betterto leave the big holes
un lled. In the next sectionwe presenta new approactthat
addressetheseproblems.

3. Algorithms and Implementation

3.1.Overview of the Algorithm

Givenavoxel P in spacethe directionfrom the origin
(scannercenter)to P de nesthe view directionv. If H is
theintersectiormpoint betweerv andtherangesurface,the
rangevalueat H caneasilybe determinedy interpolating
betweervaluesin therangeimage.Thesigneddistancebe-
tweenH andP is theline-of-sightdistanceof P to a nearby
surface. To estimatethe Euclideandistancewe projectthe
line-of-sightdistancealongthesurfacenormaln athit point
H. Figure? illustratesa 2D versionof this approachlf the
underlyingsurfaceis smoothandcontinuousandP is within
asmalldistancecalledtherampwidth[10]) of thesurface,
this estimatedlistances a goodapproximatiorof thetrue
Euclideandistance We thenassignthe con dencevalueof
H to P asa weight. Closeto rangeedgeswvherethe range
surfaceis discontinuoushowever, the estimatediistancds
no longera goodapproximationof the Euclideandistance.
We addresghis problemin Section3.7.

Like Frisken and Perry we estimatedistancevaluesdi-
rectly from the 2D rangeimages. However, we perform
all computationsn sphericalcoordinates Sincethis is the
original format of theserangeimages,we do not have to
convert rangedistancedo projecteddistancesor resample
therangedata. This makesour approactboth ef cient and
moresuitablefor ourindoorscenescans.

3.2.RangeData

In the following, we user( i; ;) to represent range
image. Here ; and ; arethe sphericalrotation angles.
We assumehe rangeimageis regularly sampledsuchthat
the samplesat each( ;; ;) arealignedon a uniform 2D
lattice. In practice,samplepoints producedby our Delta-
Sphee scannemaresslightly misaligned,sowe needto rst
realignourrangeimagesontoauniform 2D grid. Thevisual
effectof this realignments negligible.

After rangescanningyve take colorimageswith adigital
camerax edatthe samepositionasthe rangescannerWe
thenaligncolorimagedo rangescansisingapre-computed
cameracalibration. As a result,eachrangeimagepoint is
assigned color value. Laterin the pipeline,eachsample
point will alsobe assignedsurfacenormalandcon dence
values. Thesevaluesare storedtogethemwith rangevalues
in therangeimage.Givenary direction( ; ), wecanindex
into the rangeimageandobtaina rangevaluer ° alongthis
directionusingbilinearinterpolation.Thisis thedistancdo
animaginaryhit pointalongthegivendirection.A negative
valueof r®meansno pointis hit in this direction. Similarly,
we canobtainthecolors®, surfacenormaln®andcon dence
c®with bilinearinterpolation.

Rangeimagesof indoor scenesare usually very noisy
dueto errorsin therangevalues. In apreprocessye apply
anisotropicdiffusion [6] on rangeimagesto reducerange
noiseswhile preservingsharpfeatures.Figure 3(a) shovs
the surfaceof a scannedchair beforeapplying anisotropic
diffusion. Figure 3(b) shows the surfaceafter eightitera-
tions of anisotropicdiffusion. The resultis muchcleaner
thanthe original data. Notice thata few sharpfeaturesare
blurred.In Sectiond we will discusghetradeofs in apply-
ing anisotropiddiffusion.

3.3.Computing Normal and Con dence Values

Becausesurface normals at range image points are
neededto correctline-of-sight distanceswe precompute
andstorethesevaluesin therangeimage. Surfacenormals
canbecomputedlirectly from therangeimage.Givenaset
of samplepointsP = [x;y; z] thatcomposea rangesur
face,eachsurfacenormalis computedasn = % @°
(is crossproduct). We seefrom the following stepsthat
we only needthe dot productof surfacenormalwith view
direction(v n), sowe neednotstorethe surfacenormaln
itself. Herethe view directionis the vectorfrom a sample
pointto theorigin: v = P = [x;y;z]. By substituting

1Therangeaccuray of the DeltaSpher@000laserscanneis  0:3in.
at40 ft. distanceandtheangularaccurag is 0:015 degree.



(b)

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

Equationl(b), we get
r cos

cog (r2+r2)+r?

(v n)= 4

wherer = & andr = & whichcanbeestimatedrom
therangeimageusingcentraldifferencing:

r(i; j):r(wl;J% r(i 1;1)

r( j):r(i§j+1% r(is g 1)

where  and
in therangeimage.
For weightedaveragingof rangevalues we alsoneedto

precomputecon dencevaluesandstorethemin therange

aretheangulardistancebetweerpoints

image. The way we assigncon dencevaluesis similar to
[2]. Threefactorscandecreas®ur con dencein arange
point:

1. Distanceweight—thepointis distantfrom thescanner

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

3. Boundaryfalloff —the pointis a smallnumberof hops
away from a rangeedge. To producesmoothtran-
sitions betweenmeiged surfaces,we usea quadratic
boundaryfalloff (correspondingo , = 2in [2]).

3.4.Estimating 3D Euclidean Distance

In the following we de ne functions that cornvert be-
tweenCartesiarcoordinategx; y; z) andsphericalcoordi-
nateg(r; ; ) as:

8 p 8
< r= X2+y2+ 72 < X =TrCOoS COos
= arctan2(y;x) (&), y=rcos sin (b
= arcsin(z=r) z=rsin
@

As describedn Section3.1,thealgorithmfor estimating

3D Euclideandistancss asfollows:

1. Traversedistanceeld voxelsin order For eachvoxel,
convertits position(x; y; z) into sphericakcoordinates
(r; ; ) with Equationl(a), where( ; ) is the view
directionv.

2. Use( ; ) toindex into the rangeimage and obtain
aninterpolatedrangevaluer®. If rCis negative, skip
processinghe currentvoxel . Similarly, obtainthein-
terpolatechormaln®andcon dencevaluec®.

3. Estimate3D Euclideandistanceby projectingline-of-
sightdistance(r  r% onto normaln® asshavn in
Figure2. Sincetheline-of-sightdistanceis alongthe
view directionv, thecorrectedlistancevalued = (r

rO(v no.

4. If theabsolutevalueof d is within auserde ned ramp
width [10], updatethe currentvoxel with d andthe
con dencevaluec?. if not, the voxel is outsidea thin
shell(de ned by therampwidth) of theunderlyingsur
face,hencewill notbeupdated.

5. Repeastepsl through4 until all voxelsaretraversed.

If the above algorithmwere run on the entire distance
eld, asubstantiahmountof computatiorwould bewasted

on voxels that are distantfrom the underlyingsurface. To
reducethe amountof unneedeadtcomputationwe rst con-
structa 3D bit array correspondingo the distance eld.



Eachbit indicateswhethera givenvoxel is closeto the sur
faceand hencecomputationshouldproceedat stepl. To
build the bit array we go throughevery rangeimagepoint,
nd its positionin spaceandmark a surroundingvolume
centeredat the point astrue in the bit array The volume
marked is a cube of side length at leasttwice the ramp
width. If therangepointsaredenseenoughthebit arrayis
agoodestimationof a thin shellaroundthe surface. While
ourdistanceeld structureis accessedequentiallyandcan
thereforebe run-lengthencoded10] effectively, the bit ar-
ray is not run-lengthencoded.This allows us to maintain
accesspeedobut canbe a problemfor high resolutiondis-
tance elds. To save storageand setuptime, we build the
bit arrayat a lower resolutionthanthe actualdistanceeld.
For example givenadistanceeld of size1024, thetwice-
downsampledit arrayis of size256°; eachbit represents
43 volumeof voxelsandis setto trueif anyof the4® voxels
is closeto thesurface.

3.5.Ef cient Multi view Integration

In this sectionwe describean extensionto the above al-
gorithmthatallows for ef cient multiview integration.Sup-
posewe have N rangescansandtheir correspondingeg-
istrationmatricesM, which we precomputeausing Stanford
University's Scanalyzaoftwarepackagdl]. Applying reg-
istrationmatrix M; to scani placesthe scanin acommon
(target) coordinatesystem. Similarly, applyingthe inverse
matrix M; ! onapointin thetamgetcoordinatesystentrans-
formsit backinto scani's coordinatesystem. The size of
the distance eld we will useis determinedby both the
boundingbox of all scansin the target coordinatesystem
andauserde ned voxel size. We apply the transformation
M; ! to everydistanceeld voxelp = [x;y;z]". Thetrans-
formedvoxel, p® = M, 1 p, is thenusedat step1 for
distanceestimation. Whenupdatingvoxels at step4, we do
anincrementalveightedaverageasdescribedn [10].

Unfortunately transformingevery distance eld voxel
into eachscans coordinatesystemis an expensve opera-
tion. We canimprove thespeedhowever, by observinghat
voxel traversalis incrementabindvoxel transformatioris a
linear operation. Supposem?; m2;m? arethe rst three
columnvectorsof M, ! suchthatM; * = [m#;m?;m3;t];
applying the transformationon voxel p = [x;y;z]" pro-
ducesp®= [x%y%z9" = M, * p; considetthenext voxel
traversedn x directionpy+ = [x+ X;y;z]", applyingthe
transformatiorproducep?, = M; ' pyxs = p%+m} x,
which is simply the previous result p° plus an increment
m! x.Here( x; y; 2z)istheuserde nedvoxelsize.
Hencewe canpre-computeandstorethe threeincrements
m! x,m? yandm? zinthex,y, andz directionsre-
spectvely. Now the only transformatiomeededs on the
startingvoxel; for eachsubsequentoxel traversedn thex,

y, or z direction, we simply add the correspondingncre-
mentto gettransformedroxel.

After all scanshave been incorporated,we run the
marchingcubesalgorithmon thetargetdistanceeld to re-
constructhe meiged3D model.

3.6.Weighted Colors and Texture Coordinates

With little modi cation, we canextendthe abore algo-
rithm to assignweightedcolors to verticesin the recon-
structed3D model. The stepsare:

1. Startingfrom the rst scan,corvert eachvertex of the
reconstructe@D modelto (r; ; ) coordinates.

2. Usethecomputed ; ) toindex into therangeimage
andgettheinterpolatedrangevaluer®, con dencec®,
andcolors®.

3. If jr  rY is within anacceptablerror metric, update
the vertex color with s° andc®. Otherwise the vertex
is probablyoccludedn this scanhencsits coloris not
updated.

4. Repeatheabove stepsor all scans.

An alternatve approachwould be to usethe color data
from eachrangeimageasatexture mapandapply color to
the reconstructeanodelat runtime usingweightedtexture
mapping.This would requirethatwe assigna setof texture
coordinatedo eachvertex for every texture map. The con-

dence valueswould be storedalongwith the color dataso

that the texture mapscould be weightedappropriately We
could also useview-dependenprojective texture mapping
[12], wherethe vertex color seenby the viewer is dynami-
cally blendedrom all thetexture mapshasecdn theviewer
positionandtheview direction.

3.7.DistanceCorr ectionaround RangeEdges

Rangeedgesare placeswhererangevaluesare discon-
tinuous(i.e., the scannedurfacehasa large gazingangle).
Holesmaybeleft in therangesurfacedueto thesedisconti-
nuities. Sinceour algorithmassumes smoothandcontin-
uousrangesurfaceformedby therangepoints,distancees-
timationis subjectto erroraroundedges.As demonstrated
by Figure4, the computeddistanceat voxel P is nolonger
a good approximationof the true distance. Frisken and
Perry[13] proposea methodfor lling holesaroundrange
edges. In our case,hawever, lling holesis not alwaysa
goodidea. Rangeedgesarecommonin indoor scenescan-
ning, so sometimeslling holesmay produceundesirable
results.For example,theedgeof a chairshouldnotbecon-
nectedwith thewall behindit. Thereforeyatherthan lling
suchholes,we rely on scanswith betterviewsto Il in the



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 Smalldiscontinuitiespn the otherhand,
shouldbe connectedbecausendoor scenescanningoften
leavesmary smallholes,which arenot alwayspossibleto
X by scanningrom moreviewpoints.

To addresghis problem,we usea hybrid schemewhich
computeghe true distancevaluesaroundedges. The fol-
lowing is performedfor eachscanafter the distanceesti-
mationis completed:1) Mark rangepointsthat are close
to edges.Recallwe alreadyhave “edge hops”whencom-
putingthe con dencevalues,andthey canbedirectly used
here. 2) Form trianglesby connectingneighbor points
aroundthe marked points. Remae thosetrianglesthat
have side lengthsover a pre-de nedthreshold- theseare
the holeswe will not Il. 3) In the distance eld, within
a thin shell of the remainingtriangles,computepoint-to-
triangle distancesastrue distancevalues,and usethemto
overwrite the estimatedlistancevalues. The overheaddue
to this computationis neggligible sinceonly a small portion
of thetrianglesis used.Figure5illustrateshereconstructed
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 sizesresultin higherresolutiondis-
tance elds, hencethereconstructedhodelsaremore nely
tesselatedThis alsoincreasegxecutiontime, howvever. We
userampwidthsof 0.6to 0.8inchesto de ne thethin shell
aroundthesurface.Performancés measure@nal.53GHz
AMD Athlon processowith 1GB of memory

Figure 6 shaws one of the six rangescanswe usedin
reconstructionFigure 7 shavs the modelasreconstructed
with a voxel sizeof 0.2 inchesanda distanceeld of size
1641 768 1652 Figure8 shavsthe samemodelwith
eachvertex assignedh weightedcolor.

4.1.Performance

For performance analysis we consider two parts:
Anisotropic diffusion, normal, and con dence valuesare
computedin the 2D rangeimagedomain. For thesecal-
culations,the executiontime grows linearly with therange
imageresolution.Givenarangeimageresolutionof n?, we
have executiontime t; = O(n?). In distanceestimation,
with thethe auxiliary bit array expensie computationsire
restrictedto voxels within the thin shell aroundthe tarmget
surface.If we assuméhesurfaceis a2D manifold,thepro-
cessingime is roughly quadraticwith respecto the width
of distanceeld. Noticethatthewidth of adistanceeld is
inverselyproportionato thevoxel size. Thecostof building
the bit arraydepend®on the numberof rangeimagepoints
andthe numberof voxels within the rampwidth. Despite
someoverheadthe bit array helpsincreaseoverall execu-
tion speedvy afactorof two to three.Givenadistanceeld
resolutionof N3, we have executiontime t, = O(N?) and
atotal executiontime T = t; + t, = O(n? + N?2).

Table 1 shaws the executiontime for computationger
formedin therangeimagedomain.On averageit takes6 to
8 seconddor a 1024 rangeimage. Table2 shavs the exe-
cutiontime for calculatingthedistanceelds whenmeiging
all six scanslt takesrougly 10to 15 seconddo calculatea
512 distanceeld usinga singlescan.CurlessandLevoy
[10] reporta reconstructiortime of 197 minuteswith hole
lling for 71rangeimagesof thedragonmodelonavolume
of size712 501 322o0na250MHzMIPSR4400proces-
sor This equatego roughly 200 secondf processingdor
onescanona512 distanceeld. FriskenandPerryreport
two to six second®f reconstructiortime for severalmodels
on 512 distanceelds; our approachs a little slower but
is moregeneral. With respecto speedandgenerality our
methodcomparegavorablyto existing techniques.



ImageSize | n;c | Diffusion | Total(ty)

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.

0.8in. | 459 240 461 8.05s 20.20s
0.5in. | 695 246 699 8.10s 54.53s
0.3in. | 1116 534 1123 24.95s| 213.28s
0.2in. | 1641 768 1652 24.95s| 583.38s

Table 2. Execution times for producing dis-
tance elds

4.2.StorageRequirements

The storagerequirementf our algorithm are reason-
able.Eachrangeimagepointis composef oating-point
range,normal,and con dencevalues(recall from Section
3.3 that we only storea scalarvalue for normal) and one
integer color value, for a total of 16 bytes. Eachdistance
eld voxel storesone oating-point distancevalueandone
oat weight. Thedistanceeld is run-lengthencoded.The
auxiliary bit arrayis twice dovnsampledrom the distance
eld' s resolution,so it requiresonly 2MB memoryfor a
1024 1024 1024distanceeld.

4.3.Accuracy

It is particularly challengingto analyzethe accurag of
our model. Sincewe approximateEuclideandistance,it
is theoreticallymoreaccuratehanline-of-sightdistanceor
otherdistancemetrics. The accurag may be affecteddur
ing noisereduction.As mentionedn Section3, anisotropic
diffusioneffectively reducesangenoiseandimprovesover
all accurag of our scans.However, dueto the smoothing
processgdetailsarelostin high curvatureregions. This can
be seenfor example,in the bookshelfin Figure3. Proper
choiceof diffusionparametersancludingtheedgepresera-
tion functionandthenumberof iterationsmayhelpbalance
noisereductionwith detail preseration. Alternatively, we
could considerusingmore aggressiely smootheddatafor
normal estimationand useslightly smootheddatafor dis-
tanceestimation.

5 Conclusionsand Futur e Work

In this paperwe presentan ef cient approachto com-
putingandintegratingdistanceelds 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. Sincemostcomputationsarein the 2D, our ap-
proachis ef cient in bothcomputatiorandstorage.

We hopeto implementa hierarchicalstructurefor our
distanceeld suchasthe adaptvely sampleddistanceeld
to furtherreducecomputatiorandstorageequirementswWe
also seekto apply betterisosurfice extraction algorithms
to reducethe sharpfeaturelosscausedy marchingcubes.
Finally, we would lik e to integrateview-dependenprojec-
tive texture mappinginto 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 vertices and 5.53 million triangles

Figure 8. The reconstructed model with
weighted vertex color s



