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Abstract

For 3D surfacereconstructionproblemswith noisy andincompleterangedatameasured
from complex sceneswith arbitrary topologies,a low-level representation,suchas level
setsurfaces,is used. Suchsurfacereconstructionis typically accomplishedby minimiz-
ing a weightedsumof data-modeldiscrepancy andmodelsmoothnessterms. This paper
introducesa new nonlinearmodel smoothnessterm for surfacereconstructionbasedon
variationsof thesurfacenormals.A directsolutionrequiressolvinga fourth-orderpartial
differentialequation(PDE),whichis verydifficult with conventionalnumericaltechniques.
Our solutionis basedon processingthenormalsseparatelyfrom thesurface,which allows
usto separatetheprobleminto two second-orderPDEs.Theproposedmethodcansmooth
complex, noisysurfaces,while preservingsharp,geometricfeatures,andit is anaturalgen-
eralizationof edge-preservingmethodsin imageprocessing,suchasanisotropicdiffusion.



Chapter 1

Introduction

The precisionof rangemeasurementsystems,suchas time-of-flight laserrangefinders,
hasbeenincreasingwhile their pricedrops. If combinedwith a well-foundedmethodfor
surfacereconstruction,theseimprovementscouldmake capturing3D shapeasubiquitous
asphotography. However, significantchallengesto surfacereconstruction,suchasmea-
surementnoiseandvariationsin measurementdensity, remain. This paperaddressesthe
problemof preservinggeometricfeatures,i.e. edges,cornersandjunctionson surfaces,in
full 3D reconstructions of complex scenesfrom multiple,noisyrangeimages.Figure1.1(a)
illustratesa typical rangeimage.Measurementnoiseandocclusions(betweenthefile cab-
inet andthechair)canbeobservedin this data.Figure1.1(b)illustratesthereconstruction
with the proposedmethodfrom a similar view point. The result is an improvementover
thestate-of-the-artfull 3D reconstructionsfor complex scenes:creasesandcornersat the
interchaptersof the variousplanesin the scenehave beenpreserved while measurement
noisehasbeeneffectively eliminated.

(a) (b)

Figure1.1: (a)A rangeimagesurface,and(b) featurepreservingsurfacereconstruction.
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Full 3D reconstructionrecoversaview-independentsurfacemodelfrom multipleregistered
rangeimages. This problemis distinct from depth reconstruction, also known as

���� D
reconstruction,which recoversstructurefrom only onepoint of view or a stereopair of
images[1, 2, 3]. Depthreconstructiondoesnot producea modelthat makessensewhen
viewed from differentviewpointsor whendetermininginherently3D properties,suchas
volume. For instance,occludedportionsof the scenein Figure1.1(a)arepresentin the
reconstructedmodel becausemultiple rangeimagesare usedin full 3D reconstruction.
This resultwould not have beenpossiblewith depthreconstructionmethods.The full 3D
problemis not a mereextensionof depthreconstructionbecauseit lacks the following
propertiesof the latter: the depthmap hasa well-definedtopology (a function of two
variables)and thereis a one-to-onecorrespondencebetweenthe measurementsand the
positionson themodel.

Recovering a full 3D model from a setof noisy 2D rangeimagesis an ill-posedinverse
problem.Hence,theestimatorcannot dependsolelyon theinput data,andrequiresregu-
larization. Regularizationreducestheeffectsof measurementnoiseandfills surfacesin a
plausiblemannerwherethereis nodatafrom any of therangeimagesby placingadditional
constraintson thereconstructedsurfaces.This problemhasbeenapproachedin thecom-
putervision literaturemainly asaproblemof findingsetsof geometricprimitivesthatbest
representtheobjectsbeingmeasured[4, 5,6,7]. Primitivestypically haveonly afew shape
parameters,i.e., heightandradiusfor a cylinder; therefore,imposetheir own structureon
to thedata.In thiscaseregularizationis inherentto thesurfacemodel.Suchapproachesare
suitablefor higher-level tasksof objectrecognitionanddecompositioninto parts;however,
they arelimited to modelingrelatively simpleobjects.

An alternative is to uselevel setsurfaces[8], which area non-parametricshaperepresen-
tation. Level setsurfacescanbeusedto recover sceneswith arbitrarily complex geometry
andtopology. Thereconstructedlevel setmodelsarenot limited to prescribedtopologies,
andcanadaptto thetopologyof themeasuredscenesautomatically. However, level setsur-
facesdo not have a rigid shapestructure,andtherefore,regularizationmustbeperformed
explicitly.

Weformulatesurfaceestimation(reconstruction)in avariationalenergy optimizationframe-
work. Variationalmethodstypically minimizeanenergy function,whichis aweightedsum
of aninput data-modeldiscrepancy termandamodelsmoothnessterm,with respectto the
model.Thenthesurfaceestimatoris definedas����	��

������������������ �"! �#��

�$�&%'��()�#�*�,+ (1.1)

where
�

determinesthe relative weightsof the terms. The input data-modeldiscrepancy
term, ! �#��
-�$� , forcesthesurfaceestimatorto be“close” to themeasureddata.Themodel
smoothnessterm,

(.�/���
, providesregularization.



Thispaperstudiesthemodelsmoothnessterm.Surfaceareais asimplechoiceandhasbeen
usedextensively in previous work [9, 10]. This is basedon the assumptionthat among
surfaceswith similar data-modeldiscrepancy measures,thosethat have smallerareaare
simplerthansurfacesof larger area,andthereforehave a higherchanceof occurrencein
reality. Despiteits simplicity, surfaceareaas a measureof smoothnesshassignificant
drawbacks,suchas pinching of thin structures. We argue that measuringthe variation
of the surfacenormalvectorsoffers a betterandmore flexible alternative. Specifically,
this family of smoothnessfunctionsoffersanelegantandmathematicallycorrectgeneral-
ization of Perona& Malik’ s (P&M) anisotropicdiffusion [12] to surfacereconstruction.
This generalizationallows us to preserve importantshapefeaturessuchasedges,corners
andjunctionsin reconstructedsceneswhile effectively eliminatingmeasurementnoiseand
otherartifacts.

Theremainderof this paperis organizedasfollows. Chapter2 discussestherelatedwork
in theliterature.Chapter3 discusseslevel setsurfacereconstructionandproposesagener-
alizationof P&M’sedgedetectionmethodasa level setsurfaceregularizationterm.Chap-
ter4 solvestheproposedregularizationtermasa level setmotion.Chapter5 demonstrates
thequantitative advantagesof theproposedmethodandprovidesexamplesof reconstruc-
tion of real,complex scenesfrom noisyrangedata.Chapter6 summarizesthecontributions
of this paperanddiscussespossibilitiesfor futureresearchdirections.



Chapter 2

Related Work

As mentionedearlier, computervision researchersapproachsurfacereconstructioneither
asadepthreconstructionproblem[1, 2,3] or aview independentproblem.Earlierliterature
on theview independentproblemfocusesmainly on high-level approachesthatfit various
geometricprimitives to the data[4, 5, 6, 7]. Both problemsare different from a view
independentreconstructionof complex sceneswith low-level shaperepresentations.In
responseto the advancesin 3D rangesensingdevice, researchersin a variety of fields
have startedto studythis problem.In computergraphics,theaccuracy of thedataexceeds
the requirementsof the application,andthereforethe problemis treatedasa problemof
assemblingpiecesof noiselessinformation. For instance,Turk andLevoy [13] propose
a “zippering” algorithmfor combiningtrianglemeshesof rangemapsof an object from
differentpointsof view. CurlessandLevoy [14] take into accountmeasurementnoiseby
averagingrangeinformationin a volumetricrepresentation.However, their methodis not
basedonstatisticsthescannerandmodelgeometry.

Several authors[9, 10] demonstratethe advantagesof usinglevel setmethodsfor recon-
structingcomplex shapes.They usemeancurvatureflow, a second-orderlevel setpartial
differential equation(PDE), to obtain a smoothsolution. This flow is the gradientde-
scentfor the first variationof surfacearea[15]. Hence,for regularizationpurposes,both
approachesareformulatedwith the surfaceareamodelsmoothnessterm in the estimator
(1.1). Mean curvatureflow suffers from several problemsincluding volume shrinkage,
pinchingof thin structures,andeliminationof sharpfeatures[11]. Theseproblemscanbe
observedin theresultspresentedin Chapter5.

To alleviate the problemsassociatedwith meancurvatureflow, severalauthorshave pro-
posedsmoothinglevel setsurfacesby modifiedsecond-orderflowsthatuseweightedcom-
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binationsof principle curvatures.For instance,Lorigo et al. [16] proposea smoothing
flow thatusestheminimumcurvaturefor tubularstructures.Clarenzet al. [17] proposean
anisotropicsurfacemeshdiffusionasamodifiedsecondorderflow, but this modifiedPDE
lacks a variationalbasis,and thereforeis not useful for surfacereconstruction.Steven-
sonandDelp proposeminimizing total curvature,which is thesurfaceintegral of thesum
of the squaredprincipal curvatures,for regularizingdepthreconstructionandparametric
Mongepatches[18]. This methoddoesnot apply to level setsurfaces.Furthermore,the
gradientdescentflow for total curvatureis a fourth-orderPDEthat is computationallyex-
pensive andunstableto compute. Hence,StevensonandDelp usea non-geometricthin
plateapproximation.

In previouswork [11], we proposea two-stepapproachto surfacesmoothing:(1) operate
on the normalmapof a surface,and(2) refit a surfaceto the processednormals. In this
paper, we show thatan quadraticmeasureon thevariationsin surfacenormalsvariations
is equivalentto total curvature. Unlike usingcalculusof variationson the total curvature
of the surfacedirectly, our formulationin termsof the normalsyields a computationally
tractableandstablegradientdescentflow. Furthermore,we alsoproposea robustmeasure
of surfacenormalvariationsthatallows a novel generalizationof P&M featurepreserving
anisotropicimagediffusion[12] to surfacereconstruction.

Our energy optimizationapproachcan also be statedin termsof Bayesianmaximuma
posteriori (MAP) estimation. According to Bayesrule, MAP estimatorsmaximizethe
logarithmof the productof two distinct probabilities: the likelihoodof the measurement
dataconditionedon thesurfacemodelandtheprior probabilitydistribution of themodel.
In theestimatorgivenby (1.1), the input data-modeldiscrepancy termcorrespondsto the
logarithmof theconditionallikelihoodandthemodelsmoothnesstermcorrespondsto the
logarithmof the prior [10]. This bringsup a connectionwith otherapproachesthat use
shapepriors for active contourandlevel setmodels[19, 20, 21, 22]. However, in all of
theseworks,the“prior” is aglobaldescriptionof expectedshape(s)learnedfrom atraining
set. In thesegmentationand/orregistrationstage,theshapemodelis forcedto bea rigid
transformationof the learnedprior shapewith sometolerancefor local variations. This
approachis usefulfor reconstructing/segmentingspecificclassesof shapes,suchascortical
surfacesfrom headMRI data;however, learnedpriors cannot be usedfor regularization
of reconstructedmodelsin a generalsetting. The commonalitybetweengeneralshapes
is not on a global level, but on a lower level, suchasprobabilitydistributionsfor surface
normalvariations,which we usein this paper. The quadraticandrobust penaltytermon
surfacenormalvariationsyield genericisotropicandanisotropiclow level shapepriors,
respectively. Thesepriorsarenot learnedfrom a trainingset.



Chapter 3

Variational Implicit Surface
Reconstruction

A deformablesurface,
���10��

, canberepresentedasthezerolevel setof ahigherdimensional
embeddingfunction 24365 798;:<5 7>= 5 7 ,

�?�@0��A�CBED��10��AF 5 798HGI2 �JD��@0��K
L0��*��MON , where
0

is
theevolutionparameter(time). Surfacesdefinedin thiswaydivideavolumeinto two parts:
inside( 2QP M ) andoutside( 2SR M ). The family of PDEsthat describemotionsof

�
viaT 2&U T 0 , andtheupwindschemefor solvingthemon a discretegrid is themethodsof level

sets [8].

The surfacereconstructionenergy of (1.1) canbe expressedasa function of the data
�

,
andthelevel setmodel 2 . Whitaker [10] formulatestheinput data-modeldiscrepancy part
of this energy asavolumetricintegral

! � 2 

�$����V�W;X)�@DY
-�$��Z[� 2 �1D\�L�^]EDY
 (3.1)

where _ is the volumetricdomainsweptout by the rangeimages,
X

is an accurateline-
of-sight error function, and

Z
is the Heaviside function [23]. Minimizing (3.1) by itself

would correspondto a maximum likelihood estimator, but a maximum apriori estimator is
implementedby usingsurfaceareaasamodelsmoothnessterm:()� 2 �Y� V W G�Ga`.2 �1D\� G�G ]EDYb (3.2)

Then,thegradientdescentfor 2 isT 2&U T 0c� GdG `.2 �@0�� G�G �/X)�@D�

�$�^%'�eZ[�@D��L�f
 (3.3)
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Figure3.1: (a)A quadraticpenaltytermwith ahardcutoff, (b) anexponentialpenaltyterm
correspondingto P&M’sanisotropicdiffusion.

where
Zg� `ih � `.2&U;GjG"`)2*GkG � is meancurvature[15]. Usingdiscretetimesteps,themodel

is evolvedas 2 �@0^%mln0��o� 2 �10��\%'lp0 T 2&U T 0 . Thesteady-statesolutionof this evolution is
thesurfaceestimator:

��q�rBEDqF 5 7 8 Gts ��unvkw�x 2 �1DY
Lyt�*�zMON .
In this paper, we usethesamedata-modeldiscrepancy termandthe initialization method
for 2 �10*��M{� . However, we proposea bettermodelsmoothnesstermbasedon measureson
thevariationof thesurfacenormalvectors,| ,(.� 2 �Y�}V�W9~�� GdG `���| �@D\� GdG �
�
�$GkG"`)2 �1D\� GkG ]ED�
 (3.4)

wherè���| is thematrixwhoserowsarethegradientvectorsof therespectivecomponents
of | intrinsic to the isosurfacesof 2 . TheFrobenius matrix norm, i.e. thesquareroot of
thesumof squaresof thematrix elements,is denotedby GdG�h/G�G �-� . Notice that if

~.�	���;���
,

(3.4) reducesto surfacearea(3.2). On theotherhand,if we choosea quadraticmeasure,~��@�6����� �
, we obtainthesumof squaredprincipalcurvatures(total curvature)[11]. The

resultinggradientdescentPDEis analogousto runningtheheatequationPDEon thesur-
facenormals.Figure4.1 (a) illustratesa noisyfield of unit vectorswhich arethegradient
directionsfor the noisy distancetransformof the polygonshown. Figure4.1 (b) demon-
stratesthe resultof smoothingwith thePDEderivedabove. Similar to theheatequation,
thisflow eliminatesbothnoiseandsharpdiscontinuitiesin thedata.Ourgoalis to preserve
thesediscontinuitieswhile penalizingnoisy variationsof the normalselsewhere. This is
similar to segmentingthenormalmap.

Mumford andShahformulatetheproblemof imagesegmentationin a variationalframe-
work [24]. The Mumford-Shahenergy is the sumof threeterms: (i) the data-modeldis-
crepancy, (ii) quadraticpenaltyonmodelimagesmoothnessovertheimagedomainexcept
onasetof discontinuitiesmodeledby abinaryimage,and(iii) thelengthof thediscontinu-
ities in thatbinaryimage.Thesumof thelattertwo termscorrespondto usingthepenalty
function,

~��	���
, shown in Figure3.1(a).Theexistenceof abinarymodelposesseriousdif-



ficulties in theestimationprocess.Nordstrom[25] andBlack et al. [26] show thatP&M
anisotropicdiffusionapproachto edgedetection[12] is equivalentto usingacorresponding
robustpenaltytermin theMumford-Shahsegmentationframework. Thispenaltyterm,~��@�6�Y�>�?���I���,�� � 
 (3.5)

shown in Figure3.1(b),avoidsusinga binarydiscontinuitymodel. Theparameter� con-
trols thedegreeof edgepreservation.Theaboveresultcanreadilybegeneralizedto normal
vectorsby substituting

�4� GdG `���| �@D\� GdG �
� . Figure4.1(c) illustratesthe resultof smooth-
ing the noisy imageof normalswith this penaltyterm. The discontinuitiesin the normal
directionsbetweenthequadrantsarepreservedwhile thenoiseis smoothed.Minimization
of energiesof the form (3.4) requiresolving fourth-orderlevel setPDEs,a computation-
ally unstableandexpensive task. The next chapterintroducesa methodfor breakingthe
solutioninto two second-orderPDEsthatcanbeefficiently solved.



Chapter 4

Level set motion via normal map
diffusion

In equation(3.4), `���| is thematrixwhoserows arethegradientvectorsof therespective
componentsof | intrinsic to the isosurfacesof 2 . By intrinsic, we meanthatwhenusing
implicit representationsonemustaccountfor thefact thatderivativesof functionsdefined
on the surfacearecomputedby projectingtheir 3D derivativesonto the surfacetangent
plane.The ��:�� projectionmatrixfor theimplicit surfacenormalis � � `.2^��`.2&U;G�G"`.2YG�G � ,
where� is thetensorproduct.Theprojectionmatrixontothesurfacetangentplaneis � � � ,
where � is the identity matrix. Thenthe intrinsic gradientof the normalscanbe defined
usingthis projectionoperatorandtheregularEuclideangradient̀���| � `�| � � � � � .
Givenan initialization for 2 with the methodsdescribedin [10], we computethesurface
normals | � `)2&U;G�Ga`.2YG�G . Then, to avoid solving fourth-orderlevel setPDEsdirectly,

(a) (b) (c)

Figure4.1: (a)Normalscomputedfrom a noisydistancetransformof a polygon,normals
smoothedwith (b) thequadraticpenaltyterm,and(c) therobustpenaltyterm.
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we decouple| from 2 . In otherwords,we fix 2 (the surfaceshape)aswe processthe
normalsto minimizetheenergy givenby (3.4). Solutionsto constrainedminimizationfor
unit vectorsonanimplicit surfacearediscussedin [27]; however, thegoalin thatwork is to
not to smoothsurfaces,but to diffusegeneralvectorfunctionson surfaces.We implement
theconstrainedminimizationwith thefollowing second-orderPDE:T |T 0 �>��� � � |r�m| � `ih�� ~�� � G�Ga`���|�GdG �-� � `���| � (4.1)

where
~ � �	���

is the derivative of
~��@�6�

. For the penaltyterm given in (3.5), ¡ �¢� � � �� � up
to a constantmultiplicative factor. Figure4.1 (a) illustratesa noisy field of unit vectors.
Figure4.1(b) and(c) demonstrateresultsof smoothingwith thechoicesof

~��@�6�
discussed

in Chapter3.

Thenext stepis to relatethedeformationof thelevel setsof 2 to theevolutionof | . Once
more,usingavariationalapproach,wecanmanipulate2 sothatit fits thenew normalfield
by minimizingapenaltyfunction,£ � 2 �Y�¤V6W �¦¥ `.2.h�`)2 � `.2.h�`�| � ]{§9
 (4.2)

thatquantifiesthediscrepancy betweenthegradientvectorsof 2 andthetargetnormalmap
Ballester et al. [28] usethesamefunctionfor filling in missingregionsin imagesby joint
interpolationof theimageintensityandits gradient.Thefirst variationof this functionwith
respectto 2 is ] £] 2 �>� `ih�¨ `.2GdG `.2YGdG � |$© �ª�>«¬Z � ��Z®­�¯ (4.3)

where ° � is the meancurvatureof the level setsurfaceand °9± is half the divergenceof
thenormalmap.Figure4.1(b)and(c) illustratethecurvesrefittedto thesmoothednormal
fieldswith this approach.Finally, thegradientdescentfor thesurfacereconstructionwith
themodelsmoothnessenergy (3.4) isT 2fU T 0�� GdG `.2 �@0�� GdG�² X)�@DY

���³%'� ² Z � �1D\����Z�­;�@D\�µ´¶´c
 (4.4)

which is similar to (3.3),but hasa differentsmoothingterm.

Theflow chartfor thealgorithmis shown in Figure4.2.Wehavederivedagradientdescent
for the normalmap that minimize the energy functionsof the form (3.4). The normals
processingstageof thealgorithmcomputesthegradientdescentfor thenormalsdefinedin
(4.1)for afixednumberof iterations(25for theexperimentsin thispaper).Hence,weavoid
evolving evolving the normalstoo far away from their initialization from 2 . The surface
fitting to thethecombinednormalmapanddatatermsis givenasagradientdescentin (4.4).



Range data
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Final φ, surface 
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Figure4.2: Surfacereconstructionflow chart.

This stageof the algorithm is run until the discrepancy measure(4.2) betweenthe new
normalsand 2 ceasesto decrease,which signalstheneedfor anotherroundof processing
thenormalvectors.Theoverall algorithmrepeatsthesetwo stepsto minimizethesurface
reconstructionenergy in termsof 2 until the RMS valuefor

T 2&U T 0 becomessmall (less
than

�¶M �¸· ), which signalsconvergence. This algorithmconsistsof solving two second-
orderPDEsin seriesinsteadof adirectfourth-orderPDE,whichmakesit computationally
tractable.Weshow therelationshipof thisalgorithmto solvingthedirectfourth-orderPDE
in [11].



Chapter 5

Experiments

In this chapter, we comparereconstructionswith proposedthemodelsmoothnessenergies
againstreconstructionswith thestandardsurfaceareaenergy. For theproposedfamily of

energies(3.4),wewill call thechoiceof
~��@�6���z� �

and
~��@�6�Y�>�^��� � � �� � , theisotropicand

anisotropicreconstructions,respectively. Notethat � is fixedat
M�b �

for all theexperiments.
Unlike, in P&M imagediffusion,this parameterdoesnot needto bechangedfor different
surfacereconstructions.In thecontext of P&M imagediffusion,theunitsof � arein gray
levels;consequently, theoptimalchoiceof � is imagedependent.In surfacereconstruction,
theunitsarein curvaturewhich is dataindependent.This makesit possibleto choosea �
valuethatgivesconsistentresultsoverabroadrangeof surfaces.

We first experimentwith geometricshapesfor which we canconstructanalyticaldistance
transforms.Weusethefollowing experimentsetup:

1. Build rangeimagesby simulatingthelaserrangefinderlocatedatseveralpositions,

2. Add independentGaussiannoiseto therangeimages,

3. Reconstructamodel,and

4. Computetheroot meansquaregeometricdistance,betweentheresultingmodeland
theanalyticalshape.

Thefirst shapewe examineis a spherewith radius
�

unit. All otherdistancesarerelative
to this measurementunit. For this experimentwe simulatesix rangefinderslocatedat a
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distanceof � bº¹ units from the centerof the spherealongthe six cardinaldirections. In-
dependentGaussiannoisewith a standarddeviation of

M�bk�
units, is addedto eachrange

image. Figure5.1(a)plots the RMS error, » , againstthe logarithmof the regularization
weight, s�¼ �*� , for thedifferentreconstructions.Theunitson they-axis arethesameasthe
unitsusedto describedthesizeof theshape.It canbeobserved from Figure5.1 that the
limiting valuefor » as

� = M is approximately
M�b�M�� � ¹

. This limit is theerrorobtainedif
surfacereconstructionis performedwithout regularization.This errorlevel is smallerthan
thenoiseaddedto therangeimagesbecauseof theaveragingeffectof usingmultiple range
images.Theanisotropicandtheisotropiccurvaturepriorsat their optimalweightprovide
a ½ ¹�¾ reductionon this error. On theotherhand,surfaceareaprovidesslightly betterthan
a
¹IM{¾

reductionat its optimalweight.Theshapesof theerrorplotsis moreimportantthan
the resultsat optimal choicesof weight. The surfaceareaprior performspoorly as

�
is

increasedbeyond
�
; this is dueto thefactthatthesurfaceareaprior causesshrinkagein the

surfacemodels.In practice,thiswill meandifficultiesfor theuserin choosingaweightfor
surfacearearegularizationthat works differentreconstructionscenarios.In contrast,the
proposedreconstructionshaverelatively flat errorplots. Isotropicreconstructionis asgood
astheanisotropicreconstructionbecausethespheredoesnot containcreases.

To examinethe differencesbetweenisotropicandanisotropicreconstructionfurther, we
experimentwith a cubeshape. In this experiment,we use ¿ rangefinder locations(one
in eachoctant). Figure5.2 (a) and(b) show theoriginal cubewith sides

�
unit long, and

thesurfaceinitialization from thenoisyrangeimages,respectively. IndependentGaussian
noisewith standarddeviation

M�bk�
wasaddedto thesimulateddatato createthenoisyrange

images. The results(seeFigure5.2) with isotropicreconstructionhave roundedcorners
comparedto the successfullydenoised,approximatelypiecewise planarresultsobtained
with theanisotropicreconstruction.

Thenext exampleinvolves12 real rangescansof a roomwhich wereregisteredusingthe
methodsdescribedin [10]. A close-upview of aportionof oneof therangeimagesandthe
resultof anisotropicreconstructionareshown in Figure1.1.Theanisotropicreconstruction
of theentiresceneis shown in Figure5.3. We now examinereconstructionsof oneof the
chairsin thisscene.Figure5.4(a),(c) and(e) illustratetheresultsobtainedby qualitatively
choosinggoodvaluesfor

�
. Figure5.4(b),(d) and(f) illustratethe resultsif

�
is chosen

to be
�¶M

timesthis value. Theseresultsshow that theanisotropicreconstructionproduces
thebestresultsandis leastsensitive to thechoiceof

�
. Anotherwell known problemwith

surfaceareareconstructioncaneasilybe observed in Figure5.4(b); the beamconnecting
thebaseto theseatis beingpinched-off. This experimentillustratestheimportanceof the
anisotropicreconstructionfor sceneswith highcurvaturefeaturesandsharpcreases.

Figure5.5 illustratesanisotropicreconstructionsof a vehicle. This examplefurther illus-
tratesthe successof the anisotropicreconstructionin denoisingdatawith sharpfeatures.
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Figure5.1: Rmsdistancebetweenthe reconstructedandtheanalyticalsurfacefor (a) the
sphere,and(b) thecube.
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Figure5.2: (a) Initialization from noisydata.Resultingmodelfor (b) isotropicreconstruc-
tion, and(c) anisotropicreconstructionwith
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Figure5.3: Anisotropicreconstruction.

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

Figure 5.4: Resultsfor the surfaceareareconstructionwith weights (a)
�
, and (b)

�ÀM
,

isotropic reconstructionwith weights(c)
�
, and (d)
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, anisotropicreconstructionwith
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�
, and(f)
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.



The currentshortcomingof this methodis the computationalspeedwhich wasapproxi-
matelyonehouron a Intel Xeon 1.7Ghz Proc. for theexamplespresented.



(a)

(b)

(c)

Figure5.5: (a)Oneof 12 rangeimagesusedin experiment,(b) resultof featurepreserving
reconstructionfrom a similarview point,and(c) adifferentview point.



Chapter 6

Conclusion

Wederiveavariationalgeneralizationof P&M anisotropicdiffusionfor featurepreserving
surfacereconstruction.This generalizationis basedon a robustpenaltyon surfacenormal
vector variations,which is shown to have importantadvantagesover usingsurfacearea
andthequadraticpenaltyon surfacenormalvectorvariationsfor regularization.Thedata
termis independentof theprior, the ideasintroducedin this papercanbeappliedto other
formsof surfacereconstructionsuchasapplicationsin tomography[29]. We useimplicit
surfaces,representingthe implicit function on a discretegrid, modelingthe deformation
with themethodof level sets.Therefore,themethodappliesequallywell to surfacesthat
can be representedin a volume. The resultsshown in this paperare not possiblewith
previousmethodsin theliterature.

Measureson surfacenormal variationsrequiresolving fourth-orderPDEson level sets.
However, by processingthe normalsseparatelyfrom the surface,we cansolve a pair of
second-orderequationsinsteadof a fourth-orderequation. This methodis numerically
morestableandcomputationallylessexpensivethansolvingthefourth-orderPDEdirectly.
Theshortcomingof this methodis thecomputationtime; however, theprocesslendsitself
to parallelism,andtherefore,theuseof multi-threading.

18



Acknowledgements

This work is supportedby the Office of Naval Researchundergrant#N00014-01-10033
andtheNationalScienceFoundationundergrant#CCR0092065.

19



Bibliography

[1] W. E. L. Grimson,“From imagesto surfaces:A comp.studyof thehumanearlyvision
system”,MIT Press,1981.

[2] D. Terzopoulos,“Multiresolution Computationof Visible-SurfaceRepresentations”,
Ph.D.Dissertation,MIT, 1984.

[3] A. BlakeandA. Zisserman,“VisualReconstruction”,MIT Press,1987.

[4] R. M. Bolle andD. B. Cooper, “On Optimally CombiningPiecesof Information,with
Application to Estimating3-D Complex-object position from rangedata”, IEEE T.
PAMI, 8, pp.619–638,1986.

[5] R. BajcsyandF. Solina,“ThreeDimensionalObjectRepresentationRevisited”, Proc.
ICCV, pp.231–240,1987.

[6] A. P. Pentland,“Recognitionby Parts”,Proc.ICCV, pp.612–620,1987.

[7] D. DeCarloandD. Metaxas,“AdaptiveShapeEvolutionUsingBlending”,Proc.ICCV,
pp.834–839,1995.

[8] S. OsherandJ. Sethian,”Fronts Propogatingwith Curvature-DependentSpeed:Al-
gorithmsBasedon Hamilton-JacobiFormulations”,J. Comp.Physics,79, pp. 12–49,
1988.

[9] R. Malladi, J.A. Sethian,andB. C. Vemuri,“ShapeModelingwith FrontPropagation:
A Level SetApproach,IEEE T. PAMI, 17(2),pp.158–175,1995.

[10] R. T. Whitaker, “A Level-SetApproachto 3D ReconstructionFrom RangeData”,
IJCV, 29(3),pp.203–231,1998.

[11] T. Tasdizen,R. Whitaker, P. Burchard,andS. Osher, “Geometricsurfacesmoothing
via anisotropicdiffusionof normals”,Proc.IEEEVisualization,pp.125–132,2002.

[12] P. PeronaandJ. Malik, ”Scalespaceandedgedet.usinganisotropicdiff.”, IEEE T.
PAMI, 12(7),pp.629–639,1990.

[13] G. Turk andM. Levoy, “Zipperedpolygonmeshesfrom rangeimages”,Proc.SIG-
GRAPH’94,pp.311–318,1994.

[14] B. CurlessandM. Levoy, ”A volumetricmethodfor building complex modelsfrom
rangeimages”,Proc.SIGGRAPH’96,pp.303–312,1996.

20



[15] G. Sapiro, “Geometric Partial Dif ferential Equationsand Image Analysis”, Cam-
bridgeU. Press,2001.

[16] L. Lorigo, O. Faugeras,E. Grimson,R. Keriven, R. Kikinis, A. Nabavi, andC.-F.
Westin,“Co-Dimension2 GeodesicActive Contoursfor theSegmentationof Tubular
Strucures”,Proc.IEEECVPR,2000.

[17] U. Clarenz,U. Diewald,andM. Rumpf,“AnisotropicGeometricDif fusionin Surface
Processing”,Proc.IEEE Visualization,pp.397–405,2000.

[18] R. L. StevensonandE. J. Delp, “Viewpoint InvariantRecovery of Visual Surfaces
from SparseData”, IEEE T. PAMI, 14(9),pp.897-909,1992.

[19] M. Leventon,E. GrimsonandO. Faugeras,“StatisticalShapeInfluencein Geodesic
ActiveContours,Proc.IEEE CVPR,pp. I:316–322,2000.

[20] Y. Chen,S. Thiruvenkadam,F. Huang,D. Wilson, andE. Geiser, “On the incorpo-
rationof shapepriors into geometricactive contours”,IEEE Workshopon Variational
andLevel SetMethods,pp.145–152,2001.

[21] A. Tsai, A. Yezzi, W. Wells, C. Tempany, D. Tucker, A. Fan, A. Grimson,andA.
Willsky, “Model-basedCurve Evolution Techniquefor ImageSegmentation”,Proc.
IEEE ComputerVision andPatternRecognition,pp. I:463–468,2001.

[22] M. RoussonandN. Paragios,“ShapePriorsfor Level SetRepresentations”,ECCV,
pp.78–92,2002.

[23] H.-K. Zhao,T. Chan,B. Merriman,andS.Osher, “ A VariationalLevel SetApproach
to MultiphaseMotion”, J.Comp.Physics,127,pp.179–195,1996.

[24] D. Mumford andJ. Shah,“BoundaryDetectionby Minimizing Functionals”,IEEE
CVPR,1985.

[25] N. Nordstrom,“BiasedAnisotropicDif fusion—A unifiedRegularizationandDiffu-
sionApproachto EdgeDetection”,ImageandVisionComp.,8(4),pp.318–327,1990.

[26] M. J. Black, G. Sapiro,andD. H. Marimont, “RobustAnisotropicDif fusion”, IEEE
T. ImageProcessing,7(3),pp.421–432,1998.

[27] M. Bertalmio,L.-T. Cheng,S.Osher, andG. Sapiro,“Variationalmethodsandpartial
differentialequationson implicit surfaces”,J.Comp.Physics.,pp.759–780,2001.

[28] C. Ballester, M. Bertalmio,V. Caselles,G.Sapiro,andJ.Verdera,“Filling-In by Joint
Interpolationof VectorFieldsandGrayLevels”, IEEET. ImageProcessing,10(8),pp.
1200–1211,2001.

[29] V. ElangovanandR. Whitaker, ”From Sinogramsto Surfaces:A Direct Approachto
SegmentingTomographicData”,MICCAI’01. pp.213–223,2001.


