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Abstract

For 3D surfacereconstructionproblemswith noisyandin-
completerange data measured from complex sceneswith
arbitrary topologies, a low-level representation,such as
level set surfaces,is used. Such surfacereconstruction
is typically accomplishedby minimizing a weightedsum
of data-modeldiscrepancyand model smoothnessterms.
This paper introducesa new nonlinear model smooth-
nessterm for surfacereconstructionbasedon variations
of the surfacenormals. A direct solutionrequiressolving
a fourth-order partial differential equation(PDE), which
is very dif�cult with conventional numerical techniques.
Our solutionis basedonprocessingthenormalsseparately
from the surface, which allows us to separate the problem
into two second-order PDEs. The proposedmethodcan
smoothcomplex, noisy surfaces,while preservingsharp,
geometricfeatures, and it is a natural generalization of
edge-preserving methodsin image processing, such as
anisotropicdiffusion.

1. Intr oduction

The precisionof rangemeasurementsystems,suchas
time-of-�ight laserrange�nders, hasbeenincreasingwhile
their pricedrops.If combinedwith a well-foundedmethod
for surfacereconstruction,theseimprovementscouldmake
capturing3D shapeas ubiquitousas photography. How-
ever, signi�cant challengesto surfacereconstruction,such
asmeasurementnoiseandvariationsin measurementden-
sity, remain. This paperaddressestheproblemof preserv-
ing geometricfeatures,i.e. edges,cornersandjunctionson
surfaces,in full 3D reconstructionsof complex scenesfrom
multiple, noisy rangeimages.Figure1(a) illustratesa typ-
ical rangeimage. Measurementnoiseandocclusions(be-
tweenthe�le cabinetandthechair)canbeobservedin this
data.Figure1(b) illustratesthereconstructionwith thepro-
posedmethodfrom asimilarview point. Theresultis anim-
provementover thestate-of-the-artfull 3D reconstructions

(a) (b)

Figure 1. (a) A rang e image surface , and (b) fea-
ture preser ving surface reconstruction.

for complex scenes:creasesandcornersat theintersections
of thevariousplanesin thescenehavebeenpreservedwhile
measurementnoisehasbeeneffectively eliminated.

Full 3D reconstructionrecoversa view-independentsur-
facemodel from multiple registeredrangeimages. This
problemis distinct from depthreconstruction, alsoknown
as

���

� D reconstruction,which recoversstructurefrom only
onepointof view or astereopairof images[1, 2, 3]. Depth
reconstructiondoesnot producea modelthatmakessense
whenviewedfrom differentviewpointsor whendetermin-
ing inherently3D properties,suchasvolume.For instance,
occludedportionsof thescenein Figure1(a)arepresentin
thereconstructedmodelbecausemultiple rangeimagesare
usedin full 3D reconstruction.This resultwould not have
beenpossiblewith depthreconstructionmethods.The full
3D problemis not a mereextensionof depthreconstruc-
tion becauseit lacksthe following propertiesof the latter:
the depthmaphasa well-de�ned topology (a function of
two variables)andthereis aone-to-onecorrespondencebe-
tweenthemeasurementsandthepositionson themodel.

Recovering 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.Regularizationreducestheeffectsof
measurementnoiseand �lls surfacesin a plausibleman-
ner wherethereis no datafrom any of the rangeimages
by placingadditionalconstraintson the reconstructedsur-
faces.This problemhasbeenapproachedin the computer
vision literaturemainlyasaproblemof �nding setsof geo-
metricprimitivesthatbestrepresenttheobjectsbeingmea-
sured[4, 5, 6, 7]. Primitivestypically haveonly afew shape
parameters,i.e., heightandradiusfor a cylinder; therefore,
imposetheir own structureon to thedata.In this caseregu-
larizationis inherentto thesurfacemodel.Suchapproaches
aresuitablefor higher-level tasksof objectrecognitionand
decompositioninto parts;however, they arelimited to mod-
eling relatively simpleobjects.

An alternativeis to uselevel setsurfaces[8], whicharea
non-parametricshaperepresentation.Level setsurfacescan
be usedto recover sceneswith arbitrarily complex geom-
etry andtopology. The reconstructedlevel setmodelsare
not limited to prescribedtopologies,andcanadaptto the
topologyof the measuredscenesautomatically. However,
level setsurfacesdo not have a rigid shapestructure,and
therefore,regularizationmustbeperformedexplicitly.

We formulate surface estimation(reconstruction)in a
variational energy optimization framework. Variational
methodstypically minimizeanenergy function,which is a
weightedsumof aninput data-modeldiscrepancy termand
a modelsmoothnessterm,with respectto themodel.Then
thesurfaceestimatoris de�ned as
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where
�

determinestherelative weightsof the terms. The
inputdata-modeldiscrepancy term,
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, forcesthesur-
face estimatorto be “close” to the measureddata. The
modelsmoothnessterm,
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, providesregularization.
This paperstudiesthemodelsmoothnessterm. Surface

areais a simple choiceand hasbeenusedextensively in
previouswork [9, 10]. This is basedon theassumptionthat
amongsurfaceswith similar data-modeldiscrepancy mea-
sures,thosethathavesmallerareaaresimplerthansurfaces
of larger area,and thereforehave a higher chanceof oc-
currencein reality. Despiteits simplicity, surfaceareaas
a measureof smoothnesshassigni�cant drawbacks,such
as pinching of thin structures. We argue that measuring
the variation of the surface normal vectorsoffers a bet-
ter andmore �e xible alternative. Speci�cally, this family
of smoothnessfunctionsoffers an elegant and mathemat-
ically correctgeneralizationof Perona& Malik' s (P&M)
anisotropicdiffusion [12] to surfacereconstruction.This
generalizationallows us to preserve importantshapefea-
turessuchasedges,cornersandjunctionsin reconstructed
sceneswhile effectivelyeliminatingmeasurementnoiseand
otherartifacts.

Theremainderof thispaperis organizedasfollows.Sec-
tion 2 discussestherelatedwork in theliterature.Section3
discusseslevel set surfacereconstructionand proposesa
generalizationof P&M' s edgedetectionmethodasa level
set surfaceregularizationterm. Section4 solves the pro-
posedregularizationterm asa level setmotion. Section5
demonstratesthe quantitative advantagesof the proposed
methodand provides examplesof reconstructionof real,
complex scenesfrom noisy rangedata. Section6 summa-
rizesthecontributionsof thispaperanddiscussespossibili-
tiesfor futureresearchdirections.

2. RelatedWork

As mentionedearlier, computervision researchersap-
proachsurfacereconstructioneitherasa depthreconstruc-
tion problem[1, 2, 3] or a view independentproblem.Ear-
lier literature on the view independentproblem focuses
mainly on high-level approachesthat �t variousgeometric
primitivesto the data[4, 5, 6, 7]. Both problemsaredif-
ferentfrom a view independentreconstructionof complex
sceneswith low-level shaperepresentations.In response
to theadvancesin 3D rangesensingdevice, researchersin
a variety of �elds have startedto study this problem. In
computergraphics,theaccuracy of thedataexceedsthere-
quirementsof theapplication,andthereforetheproblemis
treatedasaproblemof assemblingpiecesof noiselessinfor-
mation. For instance,Turk andLevoy [13] proposea “zip-
pering” algorithmfor combiningtrianglemeshesof range
mapsof an object from differentpoints of view. Curless
andLevoy [14] take into accountmeasurementnoiseby av-
eragingrangeinformation in a volumetric representation.
However, theirmethodis notbasedonstatisticsof thescan-
nerandmodelgeometry.

Severalauthors[9, 10] demonstratetheadvantagesof us-
ing level set methodsfor reconstructingcomplex shapes.
They usemeancurvature�o w, asecond-orderlevel setpar-
tial differential equation(PDE), to obtain a smoothsolu-
tion. This �o w is thegradientdescentfor the�rst variation
of surfacearea[15]. Hence,for regularizationpurposes,
bothapproachesareformulatedwith thesurfaceareamodel
smoothnesstermin theestimator(1). Meancurvature�o w
suffersfrom severalproblemsincludingvolumeshrinkage,
pinching of thin structures,and elimination of sharpfea-
tures[11]. Theseproblemscanbe observed in the results
presentedin Section5.

To alleviate the problemsassociatedwith meancurva-
ture�o w, severalauthorshaveproposedsmoothinglevel set
surfacesby modi�ed second-order�o ws thatuseweighted
combinationsof principlecurvatures.For instance,Lorigo
et al. [16] proposea smoothing�o w that usesthe mini-
mum curvaturefor tubular structures.Clarenzet al. [17]
proposean anisotropicsurfacemeshdiffusion asa modi-



�ed secondorder�o w, but thismodi�ed PDElacksavaria-
tional basis,and thereforeis not useful for surfacerecon-
struction. Stevensonand Delp proposeminimizing total
curvature,which is the surfaceintegral of the sumof the
squaredprincipal curvatures,for regularizingdepthrecon-
structionandparametricMongepatches[18]. This method
doesnot apply to level setsurfaces.Furthermore,the gra-
dientdescent�o w for total curvatureis a fourth-orderPDE
thatis computationallyexpensiveandunstableto compute.
Hence,StevensonandDelp usea non-geometricthin plate
approximation.

In previouswork [11], we proposea two-stepapproach
to surfacesmoothing:(1) operateon the normalmapof a
surface,and(2) re�t a surfaceto theprocessednormals.In
this paper, we show thatanquadraticmeasureon thevari-
ations in surfacenormalsvariationsis equivalent to total
curvature. Unlike usingcalculusof variationson the total
curvatureof the surfacedirectly, our formulation in terms
of the normalsyields a computationallytractableandsta-
ble gradientdescent�o w. Furthermore,we alsoproposea
robust measureof surfacenormalvariationsthat allows a
novelgeneralizationof P&M featurepreservinganisotropic
imagediffusion[12] to surfacereconstruction.

Our energy optimizationapproachcanalsobe statedin
termsof Bayesianmaximuma posteriori (MAP) estima-
tion. Accordingto Bayesrule, MAP estimatorsmaximize
the logarithmof the productof two distinct probabilities:
the likelihoodof themeasurementdataconditionedon the
surfacemodelandthe prior probability distribution of the
model. In theestimatorgivenby (1), the input data-model
discrepancy term correspondsto the logarithmof the con-
ditional likelihoodand the model smoothnessterm corre-
spondsto the logarithmof theprior [10]. This bringsup a
connectionwith otherapproachesthatuseshapepriors for
active contourandlevel setmodels[19, 20, 21, 22]. How-
ever, in all of theseworks, the “prior” is a global descrip-
tion of expectedshape(s)learnedfrom a trainingset.In the
segmentationand/orregistrationstage,the shapemodel is
forcedto bearigid transformationof thelearnedprior shape
with sometolerancefor local variations. This approach
is useful for reconstructing/segmentingspeci�c classesof
shapes,suchascorticalsurfacesfrom headMRI data;how-
ever, learnedpriors can not be usedfor regularizationof
reconstructedmodelsin a generalsetting. Thecommonal-
ity betweengeneralshapesis notonagloballevel, but ona
lowerlevel,suchasprobabilitydistributionsfor surfacenor-
mal variations,which we usein this paper. The quadratic
androbustpenaltytermon surfacenormalvariationsyield
genericisotropicandanisotropiclow level shapepriors,re-
spectively. Thesepriorsarenot learnedfrom atrainingset.

3. Variational Implicit SurfaceReconstruction

A deformablesurface,
� �

�




, can be representedas the
zerolevel setof a higherdimensionalembeddingfunction
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where
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is theevolution parameter(time). Surfacesde�ned
in this way divide a volumeinto two parts: inside(
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)
and outside(
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). The family of PDEsthat describe
motionsof

�

via  
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, andtheupwindschemefor solving
themona discretegrid is themethodsof levelsets[8].

The surface reconstructionenergy of (1) can be ex-
pressedasa functionof thedata

�

, andthelevel setmodel
�

. Whitaker [10] formulatesthe input data-modeldiscrep-
ancy partof thisenergy asavolumetricintegral

�

� � �	��
 �$#&%('%��� �	��
*)"� � ��� 
 
,+-���

(2)

where . is the volumetricdomainsweptout by the range
images,

'

is an accurateline-of-sighterror function, and
)

is theHeavisidefunction [23]. Minimizing (2) by itself
would correspondto a maximumlikelihoodestimator, but
a maximumapriori estimatoris implementedby usingsur-
faceareaasamodelsmoothnessterm:
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Then,thegradientdescentfor
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is
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where
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is meancurvature [15].
Using discretetime steps,the model is evolved as
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. The steady-statesolu-
tion of this evolution is the surface estimator:
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In this paper, we usethe samedata-modeldiscrepancy

termandthe initialization methodfor
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. However,
we proposea bettermodelsmoothnesstermbasedon mea-
sureson thevariationof thesurfacenormalvectors,H ,
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where
1

L

H is thematrix whoserowsarethegradientvec-
torsof therespective componentsof H intrinsic to the iso-
surfacesof

�

. The Frobeniusmatrix norm, i.e. thesquare
root of the sum of squaresof the matrix elements,is de-
notedby

�;�S8M�0�

NTO

. Noticethatif
J
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��WV

, (5) reducesto sur-
facearea(3). On theotherhand,if we choosea quadratic
measure,

J
�3U�
 �XU

�

, we obtain the sumof squaredprin-
cipal curvatures(total curvature)[11]. Theresultinggradi-
entdescentPDE is analogousto runningtheheatequation
PDEon thesurfacenormals.Figure3 (a) illustratesa noisy
�eld of unit vectorswhicharethegradientdirectionsfor 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.

noisydistancetransformof thepolygonshown. Figure3 (b)
demonstratestheresultof smoothingwith thePDEderived
above. Similar to the heatequation,this �o w eliminates
both noiseandsharpdiscontinuitiesin the data. Our goal
is to preserve thesediscontinuitieswhile penalizingnoisy
variationsof thenormalselsewhere.This is similar to seg-
mentingthenormalmap.

MumfordandShahformulatetheproblemof imageseg-
mentationin a variationalframework [24]. TheMumford-
Shahenergy is the sumof threeterms: (i) the data-model
discrepancy, (ii) quadraticpenaltyonmodelimagesmooth-
nessover the imagedomainexcepton a setof discontinu-
ities modeledby a binary image,and(iii) the lengthof the
discontinuitiesin thatbinary image. The sumof the latter
two termscorrespondto usingthepenaltyfunction,

J
�3U�


,
shown in Figure2(a).Theexistenceof abinarymodelposes
seriousdif�culties in the estimationprocess. Nordstrom
[25] andBlack et al. [26] show thatP&M anisotropicdif-
fusionapproachto edgedetection[12] is equivalentto using
a correspondingrobustpenaltyterm in theMumford-Shah
segmentationframework. Thispenaltyterm,
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(6)

shown in Figure2(b), avoids usinga binary discontinuity
model.Theparameter	 controlsthedegreeof edgepreser-
vation. Theabove resultcanreadilybegeneralizedto nor-
mal vectorsby substituting

U �
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H
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. Figure3(c)
illustratesthe resultof smoothingthe noisy imageof nor-
malswith this penaltyterm. Thediscontinuitiesin thenor-
mal directionsbetweenthe quadrantsare preserved while
thenoiseis smoothed.Minimizationof energiesof theform
(5) requiresolvingfourth-orderlevel setPDEs,a computa-
tionally unstableandexpensivetask.Thenext sectionintro-
ducesa methodfor breakingthesolutioninto two second-
orderPDEsthatcanbeef�ciently solved.

4. Level setmotion via normal map diffusion

In equation(5),
1 L

H is the matrix whoserows arethe
gradientvectorsof the respective componentsof H intrin-
sic to theisosurfacesof

�

. By intrinsic,wemeanthatwhen
usingimplicit representationsonemustaccountfor thefact
thatderivativesof functionsde�nedonthesurfacearecom-
putedby projecting their 3D derivatives onto the surface
tangentplane.The 






 projectionmatrix for the implicit
surfacenormalis �

� 12�
� 1R�6! �0� 1R�:�M�

�

, where
�

is the
tensorproduct.Theprojectionmatrix ontothesurfacetan-
gentplaneis �

�

� , where � is the identity matrix. Then
the intrinsic gradientof the normalscanbe de�ned using
this projectionoperatorandtheregularEuclideangradient
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.
Givenaninitialization for

�

with themethodsdescribed
in [10], we computethesurfacenormalsH

� 12�6! �0� 12�:�M�

.
Then,to avoid solvingfourth-orderlevel setPDEsdirectly,
we decoupleH from

�

. In otherwords,we �x
�

(thesur-
faceshape)aswe processthenormalsto minimize theen-
ergy given by (5). Solutionsto constrainedminimization
for unit vectorsonanimplicit surfacearediscussedin [27];
however, thegoal in thatwork is to not to smoothsurfaces,
but to diffusegeneralvectorfunctionson surfaces.We im-
plementthe constrainedminimization with the following
second-orderPDE:

 "H

 

�

�

�

�

�

�

H

�

H



1 8��MJ���K&�0� 1RL

H

�0� NTOPQ 12L

H�� (7)

where
J

�

��U 


is thederivativeof
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. For thepenaltyterm

givenin (6), �
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� up to a constantmultiplicative fac-
tor. Figure3 (a) illustratesanoisy�eld of unit vectors.Fig-
ure3 (b) and(c) demonstrateresultsof smoothingwith the
choicesof

J
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discussedin Section3.
Thenext stepis to relatethedeformationof thelevel sets

of
�

to theevolution of H . Oncemore,usinga variational
approach,wecanmanipulate

�

sothatit �ts thenew normal
�eld by minimizingapenaltyfunction,
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thatquanti�esthediscrepancy betweenthegradientvectors
of

�

andthetargetnormalmapBallesteretal. [28] usethe
samefunction for �lling in missingregions in imagesby
joint interpolationof the imageintensityand its gradient.
The�rst variationof this functionwith respectto

�

is
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where$

L

is themeancurvatureof thelevel setsurfaceand
$&% is half the divergenceof the normalmap. Figure3(b)
and(c) illustratethecurvesre�tted to thesmoothednormal
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Figure 3. (a)Normals computed from a noisy distance transf orm of a pol ygon, normals smoothed with (b) the
quadratic penalty term, and (c) the robust penalty term.
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�elds with this approach.Finally, thegradientdescentfor
the surfacereconstructionwith the modelsmoothnessen-
ergy (5) is
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which is similar to (4), but hasa differentsmoothingterm.

The �o w chart for the algorithmis shown in Figure4.
Wehavederivedagradientdescentfor thenormalmapthat
minimizetheenergy functionsof theform (5). Thenormals
processingstageof thealgorithmcomputesthegradientde-
scentfor the normalsde�ned in (7) for a �x ed numberof
iterations(25 for theexperimentsin this paper).Hence,we
avoid evolving evolving thenormalstoofarawayfrom their
initializationfrom

�

. Thesurface�tting to thethecombined
normalmapanddatatermsis givenasagradientdescentin
(10). This stageof the algorithmis run until the discrep-
ancy measure(8) betweenthenew normalsand

�

ceasesto
decrease,which signalstheneedfor anotherroundof pro-
cessingthe normalvectors. The overall algorithmrepeats
thesetwo stepsto minimize thesurfacereconstructionen-
ergy in termsof

�

until theRMS valuefor  
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�

becomes
small (lessthan

VT�

��� ), which signalsconvergence. This

algorithmconsistsof solvingtwo second-orderPDEsin se-
ries insteadof a direct fourth-orderPDE, which makes it
computationallytractable.We show therelationshipof this
algorithmto solvingthedirectfourth-orderPDEin [11].

5. Experiments
In this section,we comparereconstructionswith pro-

posedthe model smoothnessenergies againstreconstruc-
tions with the standardsurfaceareaenergy. For the pro-
posedfamily of energies (5), we will call the choice of

J
�3U�
�� U

�

and
J
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 � V

�

�
�

�
�

�

� , the isotropic and
anisotropicreconstructions,respectively. Note that 	 is
�x ed at

� 5

�

for all the experiments. Unlike, in P&M im-
agediffusion, this parameterdoesnot needto be changed
for differentsurfacereconstructions.In thecontext of P&M
imagediffusion, the units of 	 are in gray levels; conse-
quently, theoptimalchoiceof 	 is imagedependent.In sur-
facereconstruction,theunitsarein curvaturewhich is data
independent.Thismakesit possibleto choosea 	 valuethat
givesconsistentresultsoverabroadrangeof surfaces.

We �rst experimentwith geometricshapesfor whichwe
can constructanalyticaldistancetransforms. We usethe
following experimentsetup:

1. Build rangeimagesbysimulatingthelaserrange�nder
locatedat severalpositions,

2. Add independentGaussiannoiseto therangeimages,

3. Reconstructa model,and

4. Computetherootmeansquaregeometricdistance,be-
tweentheresultingmodelandtheanalyticalshape.

The �rst shapewe examineis a spherewith radius
V

unit.
All other distancesare relative to this measurementunit.
For thisexperimentwesimulatesix range�nders locatedat
a distanceof 


5 �

units from thecenterof thespherealong
the six cardinal directions. IndependentGaussiannoise
with astandarddeviationof

� 5;V

units,is addedto eachrange
image.Figure5(a)plotstheRMS error, � , againstthelog-
arithmof theregularizationweight,

>
	
�
�

, for thedifferent



reconstructions.Theunitson they-axisarethesameasthe
unitsusedto describedthesizeof theshape.It canbeob-
servedfrom Figure5 thatthelimiting valuefor � as

� 
 �

is approximately
� 5 � V

�

�

. This limit is the error obtained
if surfacereconstructionis performedwithout regulariza-
tion. This error level is smallerthanthenoiseaddedto the
rangeimagesbecauseof theaveragingeffect of usingmul-
tiple rangeimages.The anisotropicandthe isotropiccur-
vaturepriorsat their optimalweightprovide a �

���

reduc-
tion on this error. On theotherhand,surfaceareaprovides
slightly betterthana

� ���

reductionat its optimal weight.
Theshapesof theerrorplotsis moreimportantthanthere-
sultsat optimal choicesof weight. The surfaceareaprior
performspoorly as

�

is increasedbeyond
V

; this is dueto
the fact that the surfaceareaprior causesshrinkagein the
surfacemodels. In practice,this will meandif�culties for
theuserin choosingaweightfor surfacearearegularization
that works different reconstructionscenarios.In contrast,
theproposedreconstructionshaverelatively �at errorplots.
Isotropicreconstructionis asgoodastheanisotropicrecon-
structionbecausethespheredoesnot 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) show the
original cubewith sides

V

unit long, and the surfaceini-
tialization from the noisy rangeimages,respectively. In-
dependentGaussiannoisewith standarddeviation

� 50V

was
addedto the simulateddatato createthe noisy rangeim-
ages.The results(seeFigure6) with isotropicreconstruc-
tion have roundedcornerscomparedto the successfully
denoised,approximatelypiecewise planarresultsobtained
with theanisotropicreconstruction.

Thenext exampleinvolves12realrangescansof aroom
whichwereregisteredusingthemethodsdescribedin [10].
A close-upview of aportionof oneof therangeimagesand
the result of anisotropicreconstructionare shown in Fig-
ure1. Theanisotropicreconstructionof theentiresceneis
shown in Figure7. Wenow examinereconstructionsof one
of thechairsin thisscene.Figure8 (a),(c) and(e) illustrate
the resultsobtainedby qualitatively choosinggoodvalues
for

�

. Figure8(b), (d) and(f) illustratethe resultsif
�

is
chosento be

VT�

timesthis value. Theseresultsshow that
theanisotropicreconstructionproducesthebestresultsand
is leastsensitive to the choiceof

�

. Anotherwell known
problemwith surfaceareareconstructioncaneasilybeob-
served in Figure8(b); thebeamconnectingthebaseto the
seatis being pinched-off. This experimentillustratesthe
importanceof theanisotropicreconstructionfor sceneswith
highcurvaturefeaturesandsharpcreases.

Figure9 illustratesanisotropicreconstructionsof a ve-
hicle. This examplefurther illustratesthe successof the
anisotropicreconstructionin denoisingdatawith sharpfea-

0

0.005

0.01

0.015

0.02

0.025

0.001 0.01 0.1 1 10 100 1000

Weight

D
is

ta
n

ce
 (

rm
s)

Surface�area
�Isotropic�curvature
Anisotropic�curvature

(a)

0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.001 0.01 0.1 1 10 100 1000

Weight

D
is

ta
n

ce
 (

rm
s)

Surface�area
Isotropic�curvature
Anisotropic�curvature

(b)

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 thecom-
putationalspeedwhich wasapproximatelyonehour on a
Intel Xeon1.7GhzProc. for theexamplespresented.

6. Conclusion
We derive a variational generalization of P&M

anisotropicdiffusion for featurepreservingsurfacerecon-
struction. This generalizationis basedon a robustpenalty
on surface normal vector variations, which is shown to
have importantadvantagesover usingsurfaceareaandthe
quadraticpenaltyon surfacenormal vector variationsfor
regularization. The dataterm is independentof the prior,
the ideasintroducedin this papercanbe appliedto other
forms of surfacereconstructionsuchasapplicationsin to-
mography[29]. We useimplicit surfaces,representingthe
implicit functionon a discretegrid, modelingthedeforma-
tion with the methodof level sets. Therefore,the method
appliesequallywell to surfacesthat canbe representedin
a volume. Theresultsshown in this paperarenot possible
with previousmethodsin theliterature.

Measureson surfacenormal variationsrequiresolving



(a) (b) (c) (d) (e) (f)

Figure 8. Results for the surface area reconstruction with weights (a) � , and (b) ��� , isotr opic reconstruction
with weights (c) � , and (d) ��� , anisotr opic reconstruction with weights (e) � , and (f) ��� .

(a) (b) (c)

Figure 6. (a) 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
thenormalsseparatelyfrom thesurface,wecansolveapair
of second-orderequationsinsteadof a fourth-orderequa-
tion. This methodis numericallymorestableandcompu-
tationallylessexpensive thansolvingthefourth-orderPDE
directly. The shortcomingof this methodis the computa-
tion time; however, the processlendsitself to parallelism,
andtherefore,theuseof multi-threading.
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Figure 9. (a) One of 12 rang e images used in ex-
periment, (b) result of feature preser ving recon-
struction from a similar view point, and (c) a dif-
ferent view point.


