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Abstract

For 3D surfacereconstructiorproblemswith noisy andincompleterangedatameasured
from complex sceneswith arbitrarytopologies,a low-level representationsuchaslevel
setsurfaces,is used. Suchsurfacereconstructioris typically accomplishedy minimiz-
ing a weightedsumof data-modeliscrepang and modelsmoothnesserms. This paper
introducesa new nonlinearmodel smoothnesserm for surfacereconstructiorbasedon
variationsof the surfacenormals.A directsolutionrequiressolving a fourth-orderpartial
differentialequation(PDE),whichis verydifficult with corventionalnumericatechniques.
Our solutionis basedn processinghe normalsseparatelyrom the surface ,which allows
usto separateéhe probleminto two second-ordePDEs.The proposednethodcansmooth
comple, noisysurfaceswhile preservingsharp geometrideaturesandit is anaturalgen-
eralizationof edge-preservingnethodsn imageprocessingsuchasanisotropiaiffusion.



Chapter 1

| ntroduction

The precisionof rangemeasuremensystems suchastime-of-flight laserrangefinders,
hasbeenincreasingwhile their price drops. If combinedwith a well-foundedmethodfor
surfacereconstructiontheseimprovementscould make capturing3D shapeasubiquitous
asphotography However, significantchallengego surfacereconstructionsuchasmea-
suremennoiseandvariationsin measurementensity remain. This paperaddressethe
problemof preservinggeometridfeaturesj.e. edgesgcornersandjunctionson surfacesjn
full 3D reconstructions of complex scenegrom multiple, noisyrangeimages.Figurel.1(a)
illustratesatypical rangeimage.Measurememoiseandocclusiongbetweerthefile cab-
inetandthe chair)canbe obsenredin this data.Figurel.1(b)illustratesthereconstruction
with the proposedmnethodfrom a similar view point. Theresultis animprovementover
the state-of-the-arfull 3D reconstruction$or complex scenescreasesandcornersat the
interchapterf the variousplanesin the scenehave beenpresered while measurement
noisehasbeeneffectively eliminated.

(a) (b)
Figurel.1: (a) A rangeimagesurface,and(b) featurepreservingsurfacereconstruction.
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Full 3D reconstructiomecorersaview-independensurfacemodelfrom multiple registered
rangeimages. This problemis distinct from depth reconstruction, also known as Q%D

reconstructionwhich recovers structurefrom only one point of view or a stereopair of

images[1, 2, 3]. Depthreconstructiordoesnot producea modelthat makessensewhen
viewed from differentviewpointsor whendetermininginherently3D properties,suchas
volume. For instance occludedportionsof the scenein Figure1.1(a)are presentn the

reconstructednodel becausanultiple rangeimagesare usedin full 3D reconstruction.
This resultwould not have beenpossiblewith depthreconstructiormethods.The full 3D

problemis not a mere extensionof depthreconstructiorbecauset lacks the following

propertiesof the latter: the depthmap hasa well-definedtopology (a function of two

variables)andthereis a one-to-onecorrespondencbetweenthe measurementand the

positionsonthe model.

Recaovering a full 3D modelfrom a setof noisy 2D rangeimagesis anill-posedinverse
problem.Hence the estimatorcannot dependsolely on the input data,andrequiresregu-
larization. Regularizationreduceghe effectsof measurementoiseandfills surfacesin a
plausiblemannemwherethereis no datafrom ary of therangeimagesby placingadditional
constrainton the reconstructedurfaces. This problemhasbeenapproachedn the com-
putervision literaturemainly asa problemof finding setsof geometricprimitivesthatbest
representheobjectsbeingmeasuredy, 5, 6, 7]. Primitivestypically have only afew shape
parameters,.e., heightandradiusfor a cylinder; therefore jmposetheir own structureon
to thedata.In thiscaseregularizationis inherentto thesurfacemodel. Suchapproacheare
suitablefor higherlevel tasksof objectrecognitionanddecompositionnto parts;however,
they arelimited to modelingrelatively simpleobjects.

An alternatve is to uselevel setsurfaceg[8], which area non-parametricshaperepresen-
tation. Level setsurfacescanbe usedto recover scenesith arbitrarily complex geometry
andtopology Thereconstructedevel setmodelsarenot limited to prescribedopologies,
andcanadapto thetopologyof themeasuredcenesutomatically However, level setsur
facesdo not have arigid shapestructure andtherefore regularizationmustbe performed
explicitly.

We formulatesurfaceestimation(reconstructionin avariationalenegy optimizationframe-
work. Variationalmethodgypically minimizeanenegy function,whichis aweightedsum

of aninputdata-modetliscrepang termanda modelsmoothnesgerm, with respecto the

model. Thenthe surfaceestimatoiis definedas

A

S(D,a) = arg igf [F(S, D)+ aP(S)] (1.1)

wherea determineghe relative weightsof the terms. The input data-modeUliscrepang
term, F'(S, D), forcesthe surfaceestimatorto be “close” to the measurediata. Themodel
smoothnesgerm, P(S), providesregularization.



Thispaperstudiegshemodelsmoothnesterm. Surfaceareais asimplechoiceandhasbeen
usedextensvely in previous work [9, 10]. This is basedon the assumptiorthat among
surfaceswith similar data-modeldiscrepang measuresthosethat have smallerareaare
simplerthansurfacesof larger area,andthereforehave a higherchanceof occurrencean
reality. Despiteits simplicity, surface areaas a measureof smoothnes$as significant
dravbacks,suchas pinching of thin structures. We argue that measuringthe variation
of the surface normal vectorsoffers a betterand more flexible alternatve. Specifically
this family of smoothnes$unctionsoffersanelegantandmathematicallycorrectgeneral-
ization of Perona& Malik’s (P&M) anisotropicdiffusion [12] to surfacereconstruction.
This generalizatiorallows usto presere importantshapefeaturessuchasedgescorners
andjunctionsin reconstructedcenesvhile effectively eliminatingmeasuremenioiseand
otherartifacts.

Theremainderof this paperis organizedasfollows. Chapter2 discusseshe relatedwork
in theliterature.Chapter3 discusse$evel setsurfacereconstructiormndproposes gener
alizationof P&M'’ s edgedetectiormethodasa level setsurfaceregularizationterm. Chap-
ter 4 solvesthe proposedegularizationtermasalevel setmotion. Chapter5 demonstrates
the quantitatve advantagef the proposednethodand providesexamplesof reconstruc-
tion of real,complex scene$rom noisyrangedata.Chaptei6 summarizeshecontritutions
of this paperanddiscussegossibilitiesfor futureresearctdirections.



Chapter 2

Related Work

As mentionedearlief computervision researcherapproachsurfacereconstructioreither
asadepthreconstructiomproblem[1, 2, 3] or aview independenproblem.Earlierliterature
ontheview independenproblemfocuseamainly on high-level approachethatfit various
geometricprimitivesto the data[4, 5, 6, 7]. Both problemsare differentfrom a view

independenteconstructionof complex sceneswith low-level shaperepresentationsin

responsdo the advancesin 3D rangesensingdevice, researcherén a variety of fields
have startedto studythis problem.In computergraphicsthe accurag of the dataexceeds
the requirement®f the application,andthereforethe problemis treatedasa problemof

assemblingpiecesof noiselessnformation. For instance,Turk and Levoy [13] propose
a “zippering” algorithmfor combiningtriangle meshesf rangemapsof an objectfrom

differentpointsof view. CurlessandLevoy [14] take into accountmeasurememoiseby

averagingrangeinformationin a volumetricrepresentationHowever, their methodis not

basedn statisticsthe scanneandmodelgeometry

Several authors[9, 10] demonstratehe advantagesf usinglevel setmethodsfor recon-
structingcomplex shapes.They usemeancurvatureflow, a second-ordelevel setpartial
differential equation(PDE), to obtain a smoothsolution. This flow is the gradientde-
scentfor the first variationof surfacearea[15]. Hence,for regularizationpurposespboth
approachesareformulatedwith the surfaceareamodel smoothnessermin the estimator
(2.1). Mean curvatureflow suffers from several problemsincluding volume shrinkage,
pinchingof thin structuresandeliminationof sharpfeatureq11]. Theseproblemscanbe
obseredin theresultspresentedn Chapters.

To alleviate the problemsassociatedvith meancurvatureflow, several authorshave pro-
posedsmoothingevel setsurfacesby modifiedsecond-ordefiows thatuseweightedcom-
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binationsof principle cunatures.For instance Lorigo et al. [16] proposea smoothing
flow thatusegheminimumcurvaturefor tubular structuresClarenzet al. [17] proposean
anisotropicsurfacemeshdiffusionasa modifiedsecondorderflow, but this modifiedPDE
lacks a variationalbasis,and thereforeis not useful for surfacereconstruction. Steven-
sonandDelp proposeminimizing total curvature,which is the surfaceintegral of the sum
of the squaredprincipal curvatures,for regularizing depthreconstructiorand parametric
Monge patcheq18]. This methoddoesnot applyto level setsurfaces.Furthermorethe
gradientdescentlow for total curvatureis a fourth-orderPDE thatis computationallyex-
pensve and unstableto compute. Hence,Stevensonand Delp usea non-geometrichin
plateapproximation.

In previouswork [11], we proposea two-stepapproactto surfacesmoothing:(1) operate
on the normalmap of a surface,and(2) refit a surfaceto the processedormals. In this
paper we shav thatan quadraticmeasureon the variationsin surfacenormalsvariations
is equivalentto total curvature. Unlike using calculusof variationson the total cunvature
of the surfacedirectly, our formulationin termsof the normalsyields a computationally
tractableandstablegradientdescentlow. Furthermorewe alsoproposea robustmeasure
of surfacenormalvariationsthatallows a novel generalizatiorof P&M featurepreserving
anisotropidmagediffusion[12] to surfacereconstruction.

Our enegy optimizationapproachcan also be statedin termsof Bayesianmaximuma
posteriori(MAP) estimation. Accordingto Bayesrule, MAP estimatorsmaximizethe
logarithmof the productof two distinct probabilities: the lik elihood of the measurement
dataconditionedon the surfacemodelandthe prior probability distribution of the model.
In the estimatorgivenby (1.1), the input data-modetiscrepang term correspondso the
logarithmof the conditionallik elihoodandthe modelsmoothnesgerm correspondso the
logarithmof the prior [10]. This bringsup a connectionwith otherapproacheshatuse
shapepriors for active contourandlevel setmodels[19, 20, 21, 22]. However, in all of
theseworks,the“prior” is aglobaldescriptionof expectedshape(s)earnedrom atraining
set. In the segmentationand/orregistrationstage the shapemodelis forcedto be a rigid
transformationof the learnedprior shapewith sometolerancefor local variations. This
approachs usefulfor reconstructing/sgmentingspecificclasse®f shapessuchascortical
surfacesfrom headMRI data;however, learnedpriors cannot be usedfor regularization
of reconstructednodelsin a generalsetting. The commonalitybetweengeneralshapes
is not on a global level, but on alower level, suchas probability distributionsfor surface
normalvariations,which we usein this paper The quadraticandrobust penaltytermon
surfacenormal variationsyield genericisotropic and anisotropiclow level shapepriors,
respectrely. Thesepriorsarenotlearnedrom atrainingset.



Chapter 3

Variational Implicit Surface
Reconstruction

A deformablesurface,S(t), canberepresentedsthezerolevel setof ahigherdimensional
embeddindunctiong : R* x R — IR, S(t) = {x(¢) € R® | ¢ (x(t),t) = 0}, wheret is

theevolutionparamete(time). Surfacesdefinedn thisway divide avolumeinto two parts:
inside (¢ > 0) andoutside(¢ < 0). Thefamily of PDEsthat describemotionsof S via

d0¢/0t, andthe upwind scheméor solvingthemon a discretegrid is the methodsof level

sets[8].

The surfacereconstructiorenegy of (1.1) canbe expressedasa function of the dataD,
andthelevel setmodel®. Whitaker[10] formulatestheinput data-modetliscrepang part
of this enegy asavolumetricintegral

F(¢,D) = /QG(X, D)H (¢(x)) dx, (3.1)

where(2 is the volumetricdomainsweptout by the rangeimages,G is an accuratdine-
of-sight error function, and H is the Heaviside function [23]. Minimizing (3.1) by itself
would correspondo a maximum likelihood estimator, but a maximum apriori estimator is
implementedy usingsurfaceareaasa modelsmoothnesgerm:

P(®) = [ V66 dx. (3.2
Q
Then,thegradientdescentor ¢ is

96/0t = [|Vé(1)[| (G(x, D) + aH (x)), (3.3)
6
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Figure3.1: (a) A quadratigpenaltytermwith a hardcutoff, (b) anexponentialpenaltyterm
correspondingo P&M’ s anisotropiadiffusion.

whereH =V - (V¢/ ||V¢||) is meancurvature[15]. Usingdiscretetime stepsthemodel
is evolvedas¢(t + At) = ¢(t) + At 0¢/0t. The steady-statsolutionof this evolution is

~

thesurfaceestimator:S = {x € R’ | lim; o ¢ (x,t) = 0}.

In this paper we usethe samedata-modeHiscrepang term andthe initialization method
for ¢(t = 0). However, we proposea bettermodelsmoothnestermbasedn measuresn
thevariationof the surfacenormalvectors,N,

Pe) = [ B (19N, ) 119660 d, (3.4

whereV N is thematrix whoserows arethegradientvectorsof therespectie components
of N intrinsic to the isosurticesof ¢. The Frobenius matrix norm, i.e. the squareroot of
the sumof squaresf the matrix elementsjs denotedby |[-[|,,. Noticethatif E(y) = 1,
(3.4) reducedo surfacearea(3.2). Onthe otherhand,if we choosea quadraticmeasure,
E(y) = y?, we obtainthe sumof squaredorincipal curvatures(total curvature)[11]. The
resultinggradientdescenPDE is analogougo runningthe heatequationPDE on the sur
facenormals.Figure4.1 (a) illustratesa noisyfield of unit vectorswhich arethe gradient
directionsfor the noisy distancetransformof the polygonshavn. Figure4.1 (b) demon-
strateshe resultof smoothingwith the PDE derived above. Similar to the heatequation,
this flow eliminatesbothnoiseandsharpdiscontinuitiesn thedata.Our goalis to presere
thesediscontinuitieswhile penalizingnoisy variationsof the normalselsavhere. This is
similar to segmentingthe normalmap.

Mumford and Shahformulatethe problemof imagesegmentationin a variationalframe-
work [24]. The Mumford-Shahenegy is the sumof threeterms: (i) the data-modeHbis-
crepany, (i) quadratigpenaltyon modelimagesmoothnessvertheimagedomainexcept
onasetof discontinuitiesnodeledby a binaryimage,and(iii) thelengthof thediscontinu-
ities in thatbinaryimage. The sumof the lattertwo termscorrespondo usingthe penalty
function, E(y), shovn in Figure3.1(a). The existenceof a binarymodelposesseriousdif-



ficultiesin the estimationprocessNordstrom[25] andBlack et al. [26] shov thatP&M
anisotropidiffusionapproacho edgedetection12] is equialentto usingacorresponding
robustpenaltytermin the Mumford-Shahsegmentatiorframenork. This penaltyterm,

y2

E(y)=1—¢ #?, (3.5)

showvn in Figure 3.1(b),avoids usinga binary discontinuitymodel. The parametey. con-

trolsthedegreeof edgepreseration. Theabove resultcanreadilybegeneralizedo normal
vectorsby substitutingy = |[V,N(x)||,. Figure4.1(c)illustratesthe resultof smooth-
ing the noisyimageof normalswith this penaltyterm. The discontinuitiesn the normal

directionsbetweerthe quadrantarepreseredwhile the noiseis smoothedMinimization

of enegiesof the form (3.4) requiresolving fourth-orderlevel setPDEs,a computation-
ally unstableand expensve task. The next chapterintroducesa methodfor breakingthe

solutioninto two second-ordePDEsthatcanbe efficiently solved.



Chapter 4

L evel set motion via nor mal map
diffusion

In equation(3.4), V4N is the matrix whoserows arethe gradientvectorsof therespectie

component®f N intrinsic to theisosurbicesof ¢. By intrinsic, we meanthatwhenusing
implicit representationsnemustaccountfor the factthatderivativesof functionsdefined
on the surfaceare computedby projectingtheir 3D deriativesonto the surfacetangent
plane.The3x 3 projectionmatrixfor theimplicit surfacenormalis P = VooV ¢/ ||V [,
whereg isthetensormroduct. TheprojectionmatrixontothesurfacetangenplaneisI-P,

wherel is the identity matrix. Thenthe intrinsic gradientof the normalscanbe defined
usingthis projectionoperatorandthe regular EuclideangradientV,N = VN (I — P).

Givenaninitialization for ¢ with the methodsdescribedn [10], we computethe surface
normalsN = V¢/||V¢||. Then,to avoid solving fourth-orderlevel setPDEsdirectly,

« MARNe X P a222727
VEVEEYY | NNy NN

(©)

Figure4.1: (a)Normalscomputedirom a noisy distancetransformof a polygon,normals
smoothedvith (b) the quadratigpenaltyterm,and(c) therobustpenaltyterm.
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we decoupleN from ¢. In otherwords,we fix ¢ (the surfaceshape)aswe processhe
normalsto minimize the enegy givenby (3.4). Solutionsto constrainedninimizationfor

unit vectorsonanimplicit surfacearediscusseadh [27]; however, thegoalin thatwork is to

not to smoothsurfaces but to diffusegeneralvectorfunctionson surfaces.We implement
the constrainedninimizationwith the following second-ordePDE:

ON
S =—(I-NeN)V- B (\|V¢NHfT) AN (4.1)

mrew

whereF (y) is the derivative of E(y). For the penaltytermgivenin (3.5), = e »* up

to a constantmultiplicative factor Figure4.1 (a) illustratesa noisy field of unit vectors.
Figure4.1(b) and(c) demonstrateesultsof smoothingwith the choicesof E(y) discussed
in Chapter3.

Thenext stepis to relatethe deformationof thelevel setsof ¢ to the evolution of N. Once
more,usingavariationalapproachywe canmanipulatep sothatit fits thenew normalfield
by minimizing a penaltyfunction,

((;5):/Q V-V —-V¢-VN d | 4.2)

thatquantifieghediscrepang betweerthegradientvectorsof ¢ andthetargetnormalmap
Ballesteret al. [28] usethesamefunctionfor filling in missingregionsin imagesby joint
interpolationof theimageintensityandits gradient.Thefirst variationof this functionwith
respecto ¢ is
d Vo
=Y. —
d¢ IVl

where ¢ is the meancurvatureof the level setsurfaceand is half the divergenceof
thenormalmap. Figure4.1(b)and(c) illustratethe curvesrefittedto the smoothechormal
fields with this approach Finally, the gradientdescenfor the surfacereconstructiorwith
themodelsmoothnesenegy (3.4)is

=— H°-H (4.3)

09/0t = |[V(t)|| G(x,D)+a H(x)—H (x) , (4.4)

whichis similarto (3.3), but hasa differentsmoothingterm.

Theflow chartfor thealgorithmis shovnin Figure4.2. We have derveda gradientdescent
for the normal map that minimize the enegy functionsof the form (3.4). The normals
processingtageof the algorithmcomputeghe gradientdescenfor the normalsdefinedin
(4.1)for afixednumberof iterations(25 for theexperimentsn this paper).Hence we avoid
evolving evolving the normalstoo far away from their initialization from ¢. The surface
fitting to thethecombinechormalmapanddatatermsis givenasagradientdescenin (4.4).
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Figure4.2: Surfacereconstructiorflow chart.

This stageof the algorithmis run until the discrepang measurg4.2) betweenthe new
normalsand¢ ceases$o decreasewhich signalsthe needfor anotherroundof processing
the normalvectors. The overall algorithmrepeatghesetwo stepsto minimizethe surface
reconstructiorenegy in termsof ¢ until the RMS valuefor d¢/0t becomesmall (less
than10~ ), which signalscorvergence. This algorithm consistsof solving two second-
orderPDEsin seriesinsteadof a directfourth-orderPDE,which makesit computationally
tractable We show therelationshipof this algorithmto solvingthedirectfourth-ordePDE
in [11].



Chapter 5

Experiments

In this chapterwe comparereconstructionsvith proposedhe modelsmoothnesgsnengies
againstreconstructionsvith the standardsurfaceareaenepgy. For the proposedamily of
2

_y_

enegies(3.4),wewill callthechoiceof E(y) = y? andE(y) = 1—e™ #?, theisotropicand
anisotropiaeconstructiongespectrely. Notethat is fixedat0.2 for all theexperiments.
Unlike, in P&M imagediffusion,this parametedoesnot needto be changedor different
surfacereconstructionsln the context of P&M imagediffusion,the unitsof x arein gray
levels;consequentlythe optimalchoiceof . is imagedependentln surfacereconstruction,
theunitsarein curvaturewhich is dataindependentThis makesit possibleto choosea 1
valuethatgivesconsistentesultsover a broadrangeof surfaces.

We first experimentwith geometricshapedor which we canconstructanalyticaldistance
transforms We usethefollowing experimentsetup:

1. Build rangeimagesby simulatingthelaserrangefinderlocatedat severalpositions,
2. Add independenGaussiamoiseto therangeimages,
3. Reconstrucamodel,and

4. Computetheroot meansquaregeometricdistancepetweertheresultingmodeland
theanalyticalshape.

Thefirst shapewe examineis a spherewith radius1 unit. All otherdistancesarerelative
to this measuremeninit. For this experimentwe simulatesix rangefinderslocatedat a
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distanceof 3. units from the centerof the spherealongthe six cardinaldirections. In-

dependenGaussiamoisewith a standarddeviation of 0.1 units, is addedto eachrange
image. Figure5.1(a)plots the RMS error, , againstthe logarithmof the regularization
weight,1 g «, for thedifferentreconstructionsThe unitson they-axis arethe sameasthe
units usedto describedhe size of the shape.It canbe obsered from Figure5.1 thatthe
limiting valuefor asa — 0 is approximately0.012 . Thislimit is the error obtainedif

surfacereconstructions performedwithout regularization.This errorlevel is smallerthan
thenoiseaddedo therangeimageshecaus®f theaveragingeffect of usingmultiple range
images.Theanisotropicandtheisotropiccurvaturepriors at their optimal weight provide
a reductiononthis error. Onthe otherhand,surfaceareaprovidesslightly betterthan
a 0 reductionatits optimalweight. Theshape®f theerrorplotsis moreimportantthan
the resultsat optimal choicesof weight. The surfaceareaprior performspoorly asa is
increasedeyond1l; thisis dueto thefactthatthe surfaceareaprior causeshrinkagdn the
surfacemodels.In practice this will meandifficultiesfor theuserin choosinga weightfor

surfacearearegularizationthat works differentreconstructiorscenarios.Iln contrastthe
proposedeconstructionbave relatively flat errorplots. Isotropicreconstructions asgood
astheanisotropiaeconstructiorbecausehe spheredoesnot containcreases.

To examinethe differencesbetweenisotropic and anisotropicreconstructiorfurther, we

experimentwith a cubeshape.In this experiment,we use rangefinder locations(one

in eachoctant). Figure5.2 (a) and(b) shawv the original cubewith sides1 unit long, and

the surfaceinitialization from the noisyrangeimagesyespectiely. IndependenGaussian
noisewith standardleviation 0.1 wasaddedo the simulateddatato createthe noisyrange
images. The results(seeFigure 5.2) with isotropicreconstructiornave roundedcorners
comparedo the successfullydenoised approximatelypieceavise planarresultsobtained
with the anisotropiaeconstruction.

The next exampleinvolves12 realrangescansof aroomwhich wereregisteredusingthe
methodslescribedn [10]. A close-upview of a portionof oneof therangeimagesandthe
resultof anisotropiaeconstructiorareshavn in Figurel.1. Theanisotropiaeconstruction
of the entirescends shavn in Figure5.3. We now examinereconstruction®f oneof the
chairsin thissceneFigure5.4(a), (c) and(e)illustratetheresultsobtainedoy qualitatively
choosinggoodvaluesfor «. Figure5.4(b),(d) and(f) illustratetheresultsif « is chosen
to be 10 timesthis value. Theseresultsshav thatthe anisotropicreconstructiorproduces
thebestresultsandis leastsensitve to the choiceof «.. Anotherwell known problemwith
surfaceareareconstructiorcaneasilybe obsenedin Figure5.4(b); the beamconnecting
the baseto the seatis beingpinched-of. This experimentillustratestheimportanceof the
anisotropiaeconstructiorior scenesvith high cunaturefeaturesandsharpcreases.

Figure5.5illustratesanisotropicreconstruction®f a vehicle. This examplefurtherillus-
tratesthe succes®f the anisotropicreconstructiorin denoisingdatawith sharpfeatures.
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Figure5.1: Rmsdistancebetweenthe reconstructeé@ndthe analyticalsurfacefor (a) the
sphereand(b) the cube.
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Figure5.2: (a) Initialization from noisydata.Resultingmodelfor (b) isotropicreconstruc-
tion, and(c) anisotropiaeconstructiowith o = 10.



Figure5.3: Anisotropicreconstruction.
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Figure 5.4: Resultsfor the surface areareconstructionwith weights(a) 1, and (b) 10,
isotropic reconstructionwith weights(c) 1, and (d) 10, anisotropicreconstructiorwith
weights(e) 1, and(f) 10.



The currentshortcomingof this methodis the computationakpeedwhich was approxi-
matelyonehouronalntel Xeon 1.7Ghz Proc. for the examplespresented.
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Figure5.5: (a) Oneof 12rangeimagesusedin experiment,(b) resultof featurepreserving
reconstructiorirom a similar view point, and(c) a differentview point.



Chapter 6

Conclusion

We derive avariationalgeneralizatiorof P&M anisotropiadiffusionfor featurepreserving
surfacereconstructionThis generalizations basedon a robustpenaltyon surfacenormal
vector variations,which is shovn to have importantadvantagesover using surfacearea
andthe quadraticpenaltyon surfacenormalvectorvariationsfor regularization. The data
termis independenbf the prior, theideasintroducedin this papercanbe appliedto other
forms of surfacereconstructiorsuchasapplicationan tomography[29]. We useimplicit
surfaces,representinghe implicit function on a discretegrid, modelingthe deformation
with the methodof level sets. Therefore the methodappliesequallywell to surfacesthat
can be representedn a volume. The resultsshown in this paperare not possiblewith
previousmethodsn theliterature.

Measureson surface normal variationsrequire solving fourth-orderPDEson level sets.
However, by processinghe normalsseparatelyfrom the surface,we cansolve a pair of

second-ordeequationsinsteadof a fourth-orderequation. This methodis numerically
morestableandcomputationalljessexpensve thansolvingthefourth-orderPDEdirectly.

The shortcomingpf this methodis the computatiortime; however, the procesdendsitself
to parallelism andtherefore the useof multi-threading.
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