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Abstract

For 3D surfacereconstructiorproblemswith noisyandin-

completerange data measued from comple sceneswith

arbitrary topolagies, a low-level representation,suc as
level set surfaces,is used. Sud surfacereconstruction
is typically accomplishedby minimizing a weightedsum
of data-modeldiscrepancyand model smoothnesserms.
This paper introducesa new nonlinear model smooth-
nessterm for surfacereconstructionbasedon variations
of the surfacenormals. A direct solutionrequires solving
a fourth-order partial differential equation(PDE), which

is very dif cult with corventional numerical techniques.
Our solutionis basedon processinghenormalssepaately
from the surface which allows us to sepaate the problem
into two second-oder PDEs. The proposedmethodcan
smoothcomple, noisy surfaces,while preservingsharp,
geometricfeatures, and it is a natural genealization of
edge-preserving methodsin image processing suc as
anisotiopic diffusion.

1. Intr oduction

The precisionof rangemeasuremensystems,suchas
time-of- ight laserrange nders, hasbeenincreasingvhile
their pricedrops.If combinedwith awell-foundedmethod
for surfacereconstructiontheseimprovementscould make
capturing3D shapeas ubiquitousas photography How-
ever, signi cant challengego surfacereconstructionsuch
asmeasurememoiseandvariationsin measuremenden-
sity, remain. This paperaddressethe problemof preserv-
ing geometricdfeaturesj.e. edgescornersandjunctionson
surfacesjn full 3D reconstruction®f complex scenedrom
multiple, noisy rangeimages.Figure 1(a)illustratesa typ-
ical rangeimage. Measuremenhoiseand occlusions(be-
tweenthe le cabinetandthechair)canbeobseredin this
data.Figurel(b)illustratesthereconstructiomwith the pro-
posednethodfrom asimilarview point. Theresultis anim-
provementover the state-of-the-arfull 3D reconstructions
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Figure 1. (a) A range image surface , and (b) fea-
ture preserving surface reconstruction.

for complex scenescreasesndcornersattheintersections
of thevariousplanesn thesceneéhave beenpreseredwhile
measurementoisehasbeeneffectively eliminated.

Full 3D reconstructiomecoversa view-independensur
face model from multiple registeredrangeimages. This
problemis distinct from depthreconstructionalsoknown
as -D reconstructionwhich recoversstructurefrom only
onepointof view or asteregpair of imageq1, 2, 3]. Depth
reconstructiordoesnot producea modelthat makessense
whenviewed from differentviewpointsor whendetermin-
ing inherently3D propertiessuchasvolume. For instance,
occludedportionsof the scendn Figurel(a)arepresenin
thereconstructeanodelbecausenultiple rangeimagesare
usedin full 3D reconstruction.This resultwould not have
beenpossiblewith depthreconstructiormethods.The full
3D problemis not a mere extensionof depthreconstruc-
tion becauset lacksthe following propertiesof the latter:
the depthmap hasa well-de ned topology (a function of
two variables)andthereis aone-to-oneorrespondendee-
tweenthe measurement@ndthe positionson the model.

Recwering a full 3D model from a set of noisy 2D
rangeimagesis an ill-posed inverseproblem. Hence,the



estimatorcannot dependsolely on the input data,andre-
quiresregularization.Regularizationreduceghe effects of
measurementoiseand lls surfacesin a plausibleman-
ner wherethereis no datafrom ary of the rangeimages
by placingadditionalconstraintson the reconstructedur
faces. This problemhasbeenapproachedh the computer
vision literaturemainly asa problemof nding setsof geo-
metricprimitivesthatbestrepresenthe objectsbeingmea-
sured4, 5, 6, 7]. Primitivestypically have only afew shape
parameters,e., heightandradiusfor a cylinder; therefore,
imposetheir own structureon to thedata.In this caseregu-
larizationis inherento thesurfacemodel. Suchapproaches
aresuitablefor higherlevel tasksof objectrecognitionand
decompositionnto parts;however, they arelimited to mod-
elingrelatively simpleobjects.

An alternatveis to uselevel setsurfaceq8], whicharea
non-parametrishapaepresentatiorLevel setsurfacescan
be usedto recover sceneswith arbitrarily complex geom-
etry andtopology The reconstructedevel setmodelsare
not limited to prescribedopologies,and can adaptto the
topology of the measuredscenesautomatically However,
level setsurfacesdo not have a rigid shapestructure,and
therefore regularizationmustbe performedexplicitly.

We formulate surface estimation(reconstruction)n a
variational enegy optimization framewvork. Variational
methodgypically minimize an enegy function,which is a
weightedsumof aninput data-modetliscrepang termand
amodelsmoothnesgerm, with respecto themodel. Then
thesurfaceestimatoris de ned as

@)

where determineghe relative weightsof the terms. The
inputdata-modetliscrepangterm, , forcesthesur
face estimatorto be “close” to the measureddata. The
modelsmoothnesterm, , providesregularization.

This paperstudiesthe modelsmoothnesgerm. Surface
areais a simple choiceand hasbeenusedextensiely in
previouswork [9, 10]. Thisis basedntheassumptiorthat
amongsurfaceswith similar data-modebiscrepang mea-
suresthosethathave smallerareaaresimplerthansurfaces
of larger area,and thereforehave a higher chanceof oc-
currencein reality. Despiteits simplicity, surfaceareaas
a measureof smoothnes$assigni cant drawbacks,such
as pinching of thin structures. We argue that measuring
the variation of the surface normal vectorsoffers a bet-
ter and more e xible alternatve. Speci cally, this family
of smoothnesgunctionsoffers an elegantand mathemat-
ically correctgeneralizatiorof Perona& Malik's (P&M)
anisotropicdiffusion [12] to surfacereconstruction. This
generalizatiorallows us to presere importantshapefea-
turessuchasedgescornersandjunctionsin reconstructed
scenesvhile effectively eliminatingmeasurementoiseand
otherartifacts.

Theremaindeof thispapelis organizedasfollows. Sec-
tion 2 discussesherelatedwork in theliterature.Section3
discussedevel set surfacereconstructionand proposesa
generalizatiorof P&M's edgedetectionmethodasa level
setsurfaceregularizationterm. Section4 solvesthe pro-
posedregularizationterm asa level setmotion. Section5
demonstrateshe quantitatve advantagesof the proposed
methodand provides examplesof reconstructionof real,
complex scenedrom noisy rangedata. Sectioné summa-
rizesthe contributionsof this paperanddiscussegossibili-
tiesfor futureresearchdirections.

2. RelatedWork

As mentionedearlier computervision researchersp-
proachsurfacereconstructioreitherasa depthreconstruc-
tion problem[1, 2, 3] or aview independenproblem.Ear
lier literature on the view independentproblem focuses
mainly on high-level approachethat t variousgeometric
primitivesto the data[4, 5, 6, 7]. Both problemsare dif-
ferentfrom a view independenteconstructiorof comple
sceneswith low-level shaperepresentationsIn response
to the advancesin 3D rangesensingdevice, researcherm
a variety of elds have startedto study this problem. In
computemraphicstheaccurag of thedataexceedshere-
quirementsf the application,andthereforethe problemis
treatedasa problemof assemblingiecesof noiselesénfor-
mation. For instance,Turk andLevoy [13] proposea “zip-
pering” algorithmfor combiningtriangle meshesf range
mapsof an objectfrom different points of view. Curless
andLevoy [14] take into accounimeasurementoiseby av-
eragingrangeinformationin a volumetric representation.
However, their methodis notbasedn statisticsof thescan-
nerandmodelgeometry

Severalauthord9, 10] demonstratéheadvantagesf us-
ing level set methodsfor reconstructingcomplex shapes.
They usemeancurvature o w, a second-ordelevel setpar
tial differential equation(PDE), to obtain a smoothsolu-
tion. This o w is thegradientdescenfor the rst variation
of surfacearea[15]. Hence,for regularizationpurposes,
bothapproacheareformulatedwith thesurfaceareamodel
smoothnesgermin the estimator(1). Meancurvature o w
suffersfrom several problemsincluding volumeshrinkage,
pinching of thin structures,and elimination of sharpfea-
tures[11]. Theseproblemscanbe obsenedin the results
presentedn Sectionb.

To alleviate the problemsassociatedvith meancurva-
ture o w, severalauthorshave proposedsmoothingevel set
surfacesby modi ed second-ordero ws thatuseweighted
combinationsof principle curvatures.For instance Lorigo
etal. [16] proposea smoothing o w that usesthe mini-
mum curvaturefor tubular structures.Clarenzetal. [17]
proposean anisotropicsurface meshdiffusion as a modi-



ed secondrder o w, butthismodi ed PDElacksavaria-
tional basis,and thereforeis not usefulfor surfacerecon-
struction. Stevensonand Delp proposeminimizing total
cunature,which is the surfaceintegral of the sum of the
squaredorincipal curvaturesfor regularizingdepthrecon-
structionandparametrioMiongepatcheq18]. This method
doesnot apply to level setsurfaces.Furthermorethe gra-
dientdescento w for total curvatureis a fourth-orderPDE
thatis computationallyexpensve andunstableto compute.
Hence,SterensonandDelp usea non-geometri¢hin plate
approximation.

In previouswork [11], we proposea two-stepapproach
to surfacesmoothing:(1) operateon the normalmapof a
surface,and(2) re t asurfaceto the processeaormals.In
this paper we shav thatan quadraticmeasureon the vari-
ationsin surface normalsvariationsis equivalentto total
cunvature. Unlike using calculusof variationson the total
cunatureof the surfacedirectly, our formulationin terms
of the normalsyields a computationallytractableand sta-
ble gradientdescento w. Furthermorewe alsoproposea
robust measureof surfacenormal variationsthat allows a
novel generalizatiorof P&M featurepreservinganisotropic
imagediffusion[12] to surfacereconstruction.

Our enegy optimizationapproackcanalsobe statedin
terms of Bayesianmaximuma posteriori (MAP) estima-
tion. Accordingto Bayesrule, MAP estimatorsmaximize
the logarithm of the productof two distinct probabilities:
thelikelihood of the measuremendataconditionedon the
surfacemodelandthe prior probability distribution of the
model. In the estimatorgivenby (1), theinput data-model
discrepang term correspondso the logarithmof the con-
ditional likelihood and the model smoothnesserm corre-
spondgo the logarithmof the prior [10]. This bringsup a
connectiorwith otherapproacheshat useshapepriorsfor
active contourandlevel setmodels[19, 20, 21, 22]. How-
ever, in all of theseworks, the “prior” is a global descrip-
tion of expectedshape(s)earnedirom atrainingset.In the
segmentationand/orregistrationstagethe shapemodelis
forcedto bearigid transformatiorof thelearnedorior shape
with sometolerancefor local variations. This approach
is usefulfor reconstructing/sgmentingspeci ¢ classesof
shapessuchascorticalsurfacesfrom headMRI data;how-
ever, learnedpriors can not be usedfor regularizationof
reconstructeanodelsin a generalsetting. The commonal-
ity betweergenerakhapess notonagloballevel, butona
lowerlevel, suchasprobabilitydistributionsfor surfacenor-
mal variations,which we usein this paper The quadratic
androbust penaltyterm on surfacenormalvariationsyield
genericisotropicandanisotropidow level shapepriors,re-
spectvely. Thesepriorsarenotlearnedirom atrainingset.

3. Variational Implicit SurfaceReconstruction

A deformablesurface, , canbe representedsthe
zerolevel setof a higherdimensionalembeddingunction
where is the evolution parameteftime). Surfacesde ned
in this way divide a volumeinto two parts:inside ( )
and outside ( ). The family of PDEsthat describe
motionsof via , andtheupwindschemdor solving
themon adiscretegrid is the method=f level setg[8].

The surface reconstructionenegy of (1) can be ex-
pressedsafunctionof thedata , andthelevel setmodel

. Whitaker [10] formulatesthe input data-modetliscrep-
ang partof this enegy asavolumetricintegral

)
where is the volumetricdomainsweptout by the range
images, is an accuratdine-of-sighterror function, and

is the Heaviside function [23]. Minimizing (2) by itself
would correspondo a maximumlikelihood estimator but
amaximumapriori estimatoris implementedyy usingsur
faceareaasa modelsmoothnesterm:

®3)
Then,thegradientdescenfor is

(4)

where is meancurvature [15].
Using discretetime steps,the modelis evolved as

The steady-statesolu-
tion of this evolution is the surface estimator:

In this paper we usethe samedata-modeliscrepang
termandtheinitialization methodfor . However,
we proposea bettermodelsmoothnestermbasedon mea-
suresonthevariationof thesurfacenormalvectors,

()

where is the matrix whoserows arethe gradientvec-
tors of therespectie component®f intrinsicto theiso-
surfacesof . The Frobeniusmatrix norm, i.e. the square
root of the sumof squaresof the matrix elements;s de-
notedby . Noticethatif , (5) reducego sur
facearea(3). On the otherhand,if we choosea quadratic
measure, , we obtainthe sumof squaredprin-
cipal curvatures(total curvature)[11]. Theresultinggradi-
entdescenPDE is analogougo runningthe heatequation
PDEonthesurfacenormals.Figure3 (a) illustratesa noisy
eld of unitvectorswhicharethegradientdirectionsfor the
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Figure 2. (a) A quadratic penalty term with a
hard cutoff , (b) an exponential penalty term cor-
responding to P&M's anisotr opic diffusion.

noisydistancdransformof the polygonshavn. Figure3 (b)
demonstratethe resultof smoothingwith the PDE derived
above. Similar to the heatequation,this ow eliminates
both noiseand sharpdiscontinuitiesin the data. Our goal
is to presere thesediscontinuitieswhile penalizingnoisy
variationsof the normalselsevhere. This is similar to seg-
mentingthe normalmap.

Mumford andShahformulatethe problemof imagesey-
mentationin a variationalframework [24]. The Mumford-
Shahenenpy is the sumof threeterms: (i) the data-model
discrepany, (ii) quadratigpenaltyon modelimagesmooth-
nessover the imagedomainexcepton a setof discontinu-
ities modeledby a binaryimage,and(iii) thelengthof the
discontinuitiesin thatbinary image. The sumof the latter
two termscorrespondo usingthe penaltyfunction, ,
shavnin Figure2(a). Theexistenceof abinarymodelposes
seriousdif culties in the estimationprocess. Nordstrom
[25] andBlack etal. [26] shav thatP&M anisotropiadif-
fusionapproacho edgedetectior{12] is equivalentto using
a correspondingobust penaltytermin the Mumford-Shah
segmentatiorframavork. This penaltyterm,

(6)

shawvn in Figure 2(b), avoids using a binary discontinuity
model. Theparameter controlsthedegreeof edgepreser
vation. Theabove resultcanreadily be generalizedo nor-
mal vectorsby substituting . Figure3(c)
illustratesthe resultof smoothingthe noisy imageof nor-
malswith this penaltyterm. The discontinuitiesn the nor-
mal directionsbetweenthe quadrantsare presered while
thenoiseis smoothedMinimization of enegiesof theform
(5) requiresolving fourth-orderevel setPDEs,a computa-
tionally unstableandexpensvetask. Thenext sectionintro-
ducesa methodfor breakingthe solutioninto two second-
orderPDEsthatcanbeef ciently solved.

4. Level setmotion via normal map diffusion

In equation(5), is the matrix whoserows arethe
gradientvectorsof the respectie component®f  intrin-
sicto theisosurficesof . By intrinsic, we meanthatwhen
usingimplicit representationsnemustaccountfor thefact
thatderivativesof functionsde ned onthesurfacearecom-
puted by projectingtheir 3D derivatives onto the surface
tangentplane.The projectionmatrix for theimplicit
surfacenormalis , Where isthe
tensorproduct. The projectionmatrix ontothe surfacetan-
gentplaneis , Where is theidentity matrix. Then
the intrinsic gradientof the normalscan be de ned using
this projectionoperatorandthe regular Euclideangradient

Givenaninitializationfor  with the methodsdescribed
in [10], we computethe surfacenormals
Then,to avoid solvingfourth-orderlevel setPDEsdlrectIy,
we decouple from . In otherwords,we x (thesur
faceshape)swe procesghe normalsto minimize the en-
ergy given by (5). Solutionsto constrainedminimization
for unit vectorson animplicit surfacearediscussedn [27];
however, thegoalin thatwork is to notto smoothsurfaces,
but to diffusegeneralectorfunctionson surfaces.We im-
plementthe constrainedminimization with the following
second-ordePDE:

— (7)
where is thederivative of . Forthepenaltyterm
givenin (6), " upto aconstanmultiplicative fac-

tor. Figure3 (a)illustratesanoisy eld of unitvectors.Fig-
ure 3 (b) and(c) demonstrateesultsof smoothingwith the
choicesof discussedn Section3.

Thenext stepis to relatethedeformatiorof thelevel sets
of totheevolutionof . Oncemore,usinga variational
approachwe canmanipulate sothatit ts thenew normal
eld by minimizing apenaltyfunction,

(8)

thatquanti esthediscrepang betweerthegradientvectors
of andthetargetnormalmapBallesteretal. [28] usethe
samefunction for lling in missingregionsin imagesby
joint interpolationof the imageintensity andits gradient.
The rst variationof this functionwith respecto is

— — 9)

where  isthemeancurvatureof thelevel setsurfaceand
is half the divergenceof the normalmap. Figure 3(b)
and(c) illustratethe curvesre tted to the smoothechormal
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Figure 3. (a)Normals computed from a noisy distance transf orm of a polygon, normals smoothed with (b) the

guadratic penalty term, and (c) the robust penalty term.
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Figure 4. Surface reconstruction o w chart.

elds with this approach.Finally, the gradientdescenfor
the surfacereconstructiorwith the model smoothnesgn-

ergy (5) is

(10)
whichis similarto (4), but hasa differentsmoothingerm.
The ow chartfor the algorithmis shown in Figure 4.
We have deriveda gradientdescenfor the normalmapthat
minimizetheenegy functionsof theform (5). Thenormals
processingtageof thealgorithmcomputeghegradientde-
scentfor the normalsde ned in (7) for a x ed numberof
iterations(25 for the experimentsn this paper).Hence we
avoid evolving evolving thenormalstoo far away from their
initializationfrom . Thesurfacetting tothethecombined
normalmapanddatatermsis givenasagradientdescentn
(10). This stageof the algorithmis run until the discrep-
ang/ measurdg8) betweerthenewn normalsand ceaseso
decreasewhich signalsthe needfor anotherroundof pro-
cessingthe normalvectors. The overall algorithmrepeats
thesetwo stepsto minimize the surfacereconstructioren-
ergy in termsof  until the RMS valuefor becomes
small (lessthan ), which signalscorvergence. This

algorithmconsistof solvingtwo second-ordePDEsin se-
ries insteadof a direct fourth-orderPDE, which malkesit
computationallytractable.We shaw therelationshipof this
algorithmto solvingthedirectfourth-orderPDEin [11].

5. Experiments

In this section,we comparereconstructionswith pro-
posedthe model smoothnes&nepies againstreconstruc-
tions with the standardsurfaceareaenegy. For the pro-
posedfamily of enepies (5), we will call the choice of

and ~, the isotropic and

anisotropicreconstructionsyespectiely. Note that is
X ed at for all the experiments. Unlike, in P&M im-
agediffusion, this parametedoesnot needto be changed
for differentsurfacereconstructionsin the context of P&M
imagediffusion, the units of  arein gray levels; conse-
guently theoptimalchoiceof isimagedependentln sur
facereconstructionthe unitsarein curvaturewhich is data
independentThis makesit possibleo choosea valuethat
givesconsistentesultsover abroadrangeof surfaces.

We rst experimentwith geometricshapegor whichwe
can constructanalytical distancetransforms. We usethe
following experimentsetup:

1. Build rangeimagedsby simulatingthelaserrange nder
locatedat several positions,

2. Add independenGaussiamoiseto therangeimages,
3. Reconstrucamodel,and

4. Computetherootmeansquarggeometricdistancebe-
tweentheresultingmodelandtheanalyticalshape.

The rst shapewe examineis a spherewith radius unit.
All other distancesare relative to this measurementnit.
For this experimentwe simulatesix range nders locatedat
a distanceof units from the centerof the spherealong
the six cardinal directions. IndependeniGaussiannoise
with astandardleviationof  units,isaddedo eachrange
image.Figure5(a)plotsthe RMS error, , againstthelog-
arithm of the regularizationweight, , for the different



reconstructionsThe unitson they-axisarethe sameasthe
unitsusedto describedhe sizeof the shape.It canbe ob-
senedfrom Figure5 thatthelimiting valuefor as

is approximately . This limit is the error obtained
if surfacereconstructions performedwithout regulariza-
tion. This errorlevel is smallerthanthe noiseaddedto the
rangeimagesbecausef the averagingeffect of usingmul-

tiple rangeimages. The anisotropicandthe isotropic cur-

vaturepriors at their optimal weight provide a reduc-
tion onthis error. On the otherhand,surfaceareaprovides
slightly betterthana reductionat its optimal weight.
The shape®f the error plotsis moreimportantthanthere-
sultsat optimal choicesof weight. The surfaceareaprior

performspoorly as is increasedeyond ; thisis dueto

the factthat the surfaceareaprior causesshrinkagein the
surfacemodels. In practice,this will meandif culties for

theuserin choosingaweightfor surfacearearegularization
that works differentreconstructiorscenarios.In contrast,
theproposedeconstructionaverelatively at errorplots.
Isotropicreconstructioris asgoodastheanisotropiaecon-
structionbecausehe spheredoesnot containcreases.

To examine the differences between isotropic and
anisotropicreconstructionfurther, we experimentwith a
cubeshape.In this experiment,we use range nder lo-
cations(onein eachoctant). Figure6 (a) and(b) shawv the
original cubewith sides unit long, and the surfaceini-
tialization from the noisy rangeimages,respectiely. In-
dependenGaussiamoisewith standarddeviation  was
addedto the simulateddatato createthe noisy rangeim-
ages. Theresults(seeFigure 6) with isotropicreconstruc-
tion have roundedcornerscomparedto the successfully
denoisedapproximatelypiecavise planarresultsobtained
with the anisotropicreconstruction.

Thenext exampleinvolves12realrangescansof aroom
whichwereregisteredusingthe methodsdescribedn [10].
A close-upview of aportionof oneof therangeimagesand
the result of anisotropicreconstructiorare shavn in Fig-
ure 1. The anisotropicreconstructiorof the entiresceneis
shawvnin Figure7. We now examinereconstructionsf one
of thechairsin this scene Figure8 (a), (c) and(e) illustrate
the resultsobtainedby qualitatively choosinggoodvalues
for . Figure8(b), (d) and(f) illustratethe resultsif is
chosento be  timesthis value. Theseresultsshav that
theanisotropiaeconstructiorproduceghe bestresultsand
is leastsensitve to the choiceof . Anotherwell known
problemwith surfaceareareconstructiorcaneasilybe ob-
senedin Figure8(b); the beamconnectinghe baseto the
seatis being pinched-of. This experimentillustratesthe
importanceof theanisotropiaeconstructiotior scenesvith
high curvaturefeaturesandsharpcreases.

Figure 9 illustratesanisotropicreconstruction®f a ve-
hicle. This examplefurther illustratesthe succesf the
anisotropiaeconstructiorin denoisingdatawith sharpfea-
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—B— Anisotropic curvature :

o
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--x-- Surface area
—e— Isotropic curvature
—a— Anisotropic curvature
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0.001 001 01 1 10 100 1000
Weight
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Figure 5. Rms distance between the recon-
structed and the analytical surface for (a) the
sphere , and (b) the cube.

tures. The currentshortcomingof this methodis the com-
putationalspeedwhich was approximatelyone hour on a
Intel Xeonl.7GhzProc. for the examplespresented.

6. Conclusion

We derive a variational generalization of P&M
anisotropicdiffusion for featurepreservingsurfacerecon-
struction. This generalizatioris basedon a robust penalty
on surface normal vector variations, which is shavn to
have importantadvantagesver usingsurfaceareaandthe
guadraticpenalty on surface normal vector variationsfor
regularization. The dataterm is independendf the prior,
the ideasintroducedin this papercanbe appliedto other
forms of surfacereconstructiorsuchasapplicationsin to-
mography[29]. We useimplicit surfacesrepresentinghe
implicit functionon a discretegrid, modelingthe deforma-
tion with the methodof level sets. Therefore the method
appliesequallywell to surfacesthat canbe representedéh
avolume. Theresultsshavn in this paperarenot possible
with previousmethodsn theliterature.

Measureson surface normal variationsrequire solving
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Figure 8. Results for the surface area reconstruction with weights (a)

with weights (c) , and (d)
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Figure 6. () Initialization from noisy data. Result-
ing model for (b) isotr opic reconstruction, and (c)
anisotr opic reconstruction with

fourth-orderPDEson level sets. However, by processing
thenormalsseparatelyrom the surface we cansolve a pair

of second-ordeequationsinsteadof a fourth-orderequa-
tion. This methodis numericallymore stableand compu-
tationallylessexpensve thansolvingthefourth-orderPDE

directly. The shortcomingof this methodis the computa-
tion time; however, the procesdendsitself to parallelism,
andthereforethe useof multi-threading.

Acknowledgements

This work is supportedin part by ONR (#N00014-01-
10033),NSF (#CCR0092065nnd ARO (DAAD19-01-1-
0013).

References

[1] W. E. L. Grimson22Fromimagesto surfaces:A comp.study
of thehumanearlyvision system°MIT Press1981.

[2] D. Terzopoulos,2Multiresolution Computationof Visible-
SurfaceRepresentationsPh.D.DissertationMIT, 1984.

[3] A. Blake andA. Zisserman 2Visual Reconstruction°MIT
Press1987.

[4] R. M. Bolle andD. B. Coopey 20n Optimally Combining
Piecesof Information, with Application to Estimating3-D
Comple-object position from rangedata®, IEEE T. PAMI,
8, pp.619-638,1986.

4 P
(d) (€)

, and (b) , isotr opic reconstruction

, anisotr opic reconstruction with weights (e) , and (f)

Figure 7. Anisotr opic reconstruction.

[5] R.BajcsyandF. Solina,2ThreeDimensionalObjectRepre-
sentatiorRevisited®,Proc.ICCV, pp.231-240,1987.

[6] A.P. Pentland2Recognitiorby Parts®,Proc.ICCV, pp.612—
620,1987.

[7] D. DeCarloandD. Metaxas3daptive ShapeEvolution Us-
ing Blending®,Proc.ICCV, pp.834-839,1995.

[8] S.OsherandJ.SethianfFrontsPropogatingvith Curvature-
DependentSpeed: Algorithms Basedon Hamilton-Jacobi
Formulations®J. Comp.Physics,79, pp. 12-49,1988.

[9] R. Malladi, J. A. SethianandB. C. Vemuri,2ShapeViodel-
ing with FrontPropagationA Level SetApproach,|[EEET.
PAMI, 17(2),pp.158-1751995.

[10] R.T.Whitaker, %A Level-SetApproachto 3D Reconstruction
FromRangeData®,|JCV, 29(3),pp. 203—231,1998.

[11] T. TasdizenR. Whitaker, P. Burchard,and S. Osher 2Ge-
ometric surface smoothingvia anisotropicdiffusion of nor
mals®,Proc.|IEEE Visualizationpp. 125-1322002.



[12] P. Peronaand J. Malik, °Scalespaceand edgedet. using
anisotropidiff., IEEE T. PAMI, 12(7),pp.629-639,1990.

[13] G. Turk and M. Levoy, @Zipperedpolygon meshesfrom
rangeimages®Proc.SIGGRAPH'94,pp.311-318,1994.

[14] B. CurlessandM. Levoy, °A volumetricmethodfor building
complex modelsfrom rangeimages®Proc.SIGGRAPH'96,
pp.303-312,1996.

[15] G.Sapiro2GeometridPartial DifferentialEquationsandim-
ageAnalysis®,Cambridgel. Press2001.

[16] L. Lorigo, O. FaugerasE. Grimson,R. Keriven, R. Kiki-
nis, A. Nabavi, andC.-F Westin,2Co-Dimensior2 Geodesic
Active Contoursfor the Segmentatiorof Tubular Strucures®,
Proc.IEEE CVPR,2000.

[17] U. Clarenz,U. Diewald, andM. Rumpf,@Anisotropic Geo-
metric Diffusionin SurfaceProcessing®roc.|EEE Visual-
ization,pp. 397-405.2000.

[18] R. L. StevensonandE. J. Delp, 3Viewpoint Invariant Re-
covery of Visual Surfacesfrom SparseData®,|EEE T. PAMI,
14(9),pp.897-909,1992.

[19] M. LeventonE.GrimsonandO. FaugerasiStatisticaShape
In"uencein GeodesicActive Contours,Proc. IEEE CVPR,
pp.1:316-322,2000.

[20] Y. Chen,S. ThiruvenkadamF. Huang,D. Wilson, and E.
Geiser20ntheincorporationof shapepriorsinto geometric
active contours®,|EEE Workshopon Variationaland Level
SetMethods,pp.145-1522001.

[21] A. Tsai,A. Yezzi,W. Wells, C. Tempary, D. Tucker, A. Fan,
A. Grimson,andA. Willsky, @Model-basedCurve Evolution
Techniquefor Image Segmentation®Proc. IEEE Computer
Vision andPatternRecognitionpp. 1:463—-468,2001.

[22] M. Roussonand N. Paragios,2ShapePriors for Level Set
RepresentationsECCV, pp. 78-92,2002.

[23] H.-K. Zhao,T. Chan,B. Merriman,andS. Osher2A Vari-
ationalLevel SetApproachto MultiphaseMotion®, J. Comp.
Physics127,pp.179-1951996.

[24] D. Mumford andJ. Shah2BoundaryDetectionby Minimiz-
ing Functionals®|EEE CVPR,1985.

[25] N. Nordstrom,2BiasedAnisotropic Diffusion—A uni®ed
Regularizationand Diffusion Approachto Edge Detection®,
ImageandVision Comp.,8(4), pp- 318-327,1990.

[26] M. J. Black, G. Sapiro, and D. H. Marimont, 2Rolust
AnisotropicDiffusion®,IEEE T. ImageProcessing7(3), pp.
421-43271998.

[27] M. Bertalmio,L.-T. Cheng,S. Osher andG. Sapiro,2Vari-
ationalmethodsandpartial differentialequationson implicit
surfaces®J. Comp.Physics.pp.759-7802001.

[28] C. Ballester M. Bertalmio, V. Caselles,G. Sapiro,and J.
Verdera,2Filling-In by Joint Interpolationof Vector Fields
and Gray Levels®, IEEE T. Image Processing,10(8), pp.
1200-12112001.

[29] V. Elangwvan and R. Whitaker, °From Sinogramsto Sur
faces:A Direct Approachto SegmentingTomographidata®,
MICCAI'01. pp.213-2232001.

(@)

(b)

()

Figure 9. (a) One of 12 range images used in ex-
periment, (b) result of feature preserving recon-
struction from a similar view point, and (c) a dif-
ferent view point.



