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Abstract

A setof software tools that usecompactlysupportedradial basisfunctions(CSRBFs)to
processcatterediatais proposedn this paper To solve problemsconcerninghe process-
ing of scatterediatain suchapplicationsasreconstructiomf functionalyde ned geometric
objects surfaceretouchingandshapemodi cations,we employ a speciallydesignedC++
software library. Thanksto the ef cient octreealgorithmusedin this study the resulting
matrix is a band-diagonamatrix that permitshandlingof large datasetsin a reasonable
time.

The method,classesof the software library, time performanceof the algorithm, and
variousexamplesof the useof the softwaretoolsarediscussed.

Key words: surfacereconstructiorandmodi cation, retouching scatterediata
interpolationcomputemgraphics.

1 Intr oduction

Many practicalsurfacereconstructiortechniquesasedon measurediatapoints
requirethe solutionof optimizationproblemsin the tting of surfacedata,as,for
example,in restoratiordesignor reverseengineeringasks.Oneof theapplications
consideredn this papernamely reconstructiorof volumegeometrianodels,s an
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attractve researchdirection: it makespossibleto speedup the solutionof reverse
engineeringoroblemsby usingscatteredneasuredlata,andaddressethedemand
for thereconstructiorof volumemodelsthatallow arich setof operationgo beap-
plied. Recentlymary researcherbave paidattentionto possibilitiesopenedoy us-
ing radial basisfunctions(RBFs)for surfacereconstructiorof functionalyde ned
objects.Traditionally, constructve solid geometry( CSG)modelingusessimplege-
ometricobjectsfor abasemodel,which canbefurthermanipulatedy implement-
ing a certaincollectionof operationsuchasset-theoretioperationshlending,or
offsetting. Theoperationsnentionecabore andmary othershave foundquitegen-
eral descriptionsor solutionsfor geometricsolidsrepresente@dspoints Xy z in
spacesatisfyingf xyz  0for acontinuoudunction f. Sucharepresentatiors
usuallycalledafunctionrepresentationSet-theoretisolidshave beensuccessfully
includedin this type of representatiomwith the applicationof R-functionsandtheir
modi cations(see[1], [2]).

A vastvolumeof literatureis devotedto the subjectof scatteredlatareconstruc-
tion andinterpolation.In mostapplicationsPDelaunaytriangulationis usedfor 3D
reconstructionThe mainideaof Delaunaydecompositions to reconstruct sur
facefrom non-uniformsamplesby connectinga subsetof pointsthat are natural
neighborsin a triangulatedmesh.This approach(see,for example,[3]) performs
ef cient Delaunaytriangulationof differentshapetypesreconstructedrom their
cross-sectionpt].

A comprehensie overview of relatedstudies,problems,and limitations can be
foundin [6], which addressetheseproblemsandintroducesa fastalgorithmfor
constructingC?-continuousinterpolationfunctions. Another approachto surface
reconstructions skeletal.An implicit surfacegeneratedby point skeletonsmay be
tted to asetof surfacepoints[7], but this methodis rathertime-consuming.

One other approachis to use methodsof scattereddatainterpolation,basedon
minimum-enegy propertieg8], [9], [10]. Thesemethodsarewidely discussedn
mathematicaliterature(see[11], [12]). Thebene tsof modeling3D surfaceswith
the help of RBFs have beenrecognizedn [13] for PhobosreconstructionRBFs
wereadoptedor computeranimation[14], [5] andmedicalapplicationg15], [16],
andwere rst appliedto implicit surfacesby Savchenlo et al. [17]. However, the
work requiredis proportionalto the numberof the grid nodesandthe numberof
scattereddatapoints. The amountof computationrbecomessigni cant, evenfor a
moderatenumberof nodes Specialmethodgor reducingthe processingime were
developedfor thin-platesplines[18]. Theoreticalaspect®f usingradial functions
in compactdomainswere discussedy Light in [19]. Carr et al. [20] have also
recentlyworked on surfacereconstructiorof implicitly de ned 3D objectsbased
ontheuseof non-compacsupportedRBFsanda"both-side"approachyhich has
beenproposedn [21]. Unfortunately the authorsof that paperdid not describe
their algorithmin detail. Theapproachakenby Turk andO'Brien in [21] of using
pointsspeci ed on bothsidesof thesurfacewill provide successfutestoratiorof a



surfacearbitrarytopology butit involvesdravbacksthatleadoneto supposéhatit

would beinef cient for applyingRBFsin volumereconstructionlt is beyondthe
scopeof this paperto discussall thesematters;let us note,however, thatthereis

a problemof constructingor specifyingoff-surfacepointsalonga surfacenormal
thatalsoleadsto adoublingof thegivennumberof surfacepoints.The"both-sides”
approachalsohasa problemwith surfaceextraction:a surfaceextractorcanjump

outsidethebandof non-zergpoints.

Methodsexploiting RBFs can be divided into three groups.The rst groupis
"naive” methodswhich arerestrictedto small problems but they work quite well
in applications,dealingwith shapetransformation(see,for example,[22]). The
secondgroupis fastmethodsfor tting andevaluatingRBFs,which allow large
datasetsto bemodeled23], [18]. Thethird andlastgroupis compactlysupported
RBFs[24]. In spiteof signi cant progressn the eld of implementingRBFsand
CSRBF425], for reconstructionpurposesit is still anopenquestionwhetherit is
possibleto handlerealisticamountsof datain realtime. We suppose¢hatRBFsand
CSRBFsaresuitablefor moderatelysized3D datasets;for instancetheexecution
time is about300 secondgor 36000points,without time costsfor surfaceextrac-
tion, asreportedin [23], wherethe authorsusedcommercialsoftware for SLAE
solutionandemployedthe "both-sides"approacho reconstrucimplicitly de ned
objects.NeverthelessRBFspossessnary featureghatmake themvery attractve
for CG applicationdealingwith modi cation of geometricbjects.In thesimplest
casewhenwe usesphereasa carriersolid (seethe descriptionof our surfaceex-
tractionalgorithmgivenlaterin section4) to generateCSGobjectswe restrictour
applicationsto the restorationof objectscloseto a sphere However, using other
carriersolidsor dividing the point datain partsandmodelingthe whole objectby
booleancombinationof the different CSRBFfunction, it is possibleto modelary
type of geometrybut it canbe very dif cult to selectappropriatecarriersolid or
division for thedataset.

Oursoftwaretoolkit canbeusedbothwith carriersolidand"both-sides'approaches
andwe demonstratsomeexamplesof restorationusingboth approachesaterin
sectiord. Neverthelessgenerallywe avoid using"both-sides"approactbecauseét
is not sufciently clearhow to de ne right normalvectorsfor scatteredlatasets.
Actually, we noticedin our experimentghattheresultsof restorationdeavily de-
pendonthenormalvectors.

In practice,reconstructiorwith RBFsconsistsof the following steps:sortingthe
data, constructingthe systemof linear algebraicequations(SLAE), solving the
SLAE, and evaluatingthe functions.In fact, while the solution of the systemis
the limiting step,constructingthe matrix and evaluatingthe functionsto extract
theisosurhicemay alsobe computationallyexpensve. In this paper we attemptto
solvethereconstructiomproblemaccordingo theabose-mentionedtepsThus,the
main goal of the ongoingprojectis to develop an effective library of C++ classes
thatcanbe successfullyappliedto computationallyintensve problemsof surface



reconstructioranddeformationusingRBF splines.The key point of the software
tools we developedis the ef cient octreealgorithm proposedin this study: the
resultingmatrix is a band-diagonamatrix that permitshandlingof large datasets
in areasonabléme.

This work is a considerablyextendedandimproved versionof a presentatiorwe
made[26]. The paperis organizedasfollows. In Section2 we describea method
of surfacereconstructiorfrom a setof unoilganized(scattered)oints by means
of radial basisfunctions.Our algorithmsgive sucha reconstructior{Section3) in
two steps:sortingof dataandsolutionof the SLAE. Section4 givesexamplesof
surfaceconstructiorasoneof theapplicationf ourtoolkit. Section5 summarizes
theresultsdescribedn the paper

2 RBF splines

For a three-dimensionadrbitraryareaW, the thin-plateinterpolationis the varia-
tional solutionthatde nes a linear operatorT whenthe following minimum con-
dition is used:
a m al! D?f 2dW min

W a m
wherem is a parametenof the variationalfunctionalanda is a multi-index. It is
equivalentto usingtheradial basisfunctionsf r  rlorr3form 2and3, re-
spectvely, wherer is theEuclideardistanceébetweertwo points.Sincethefunction
f r isnotcompactlysupportedthecorrespondingystenof linearalgebraicequa-
tions (SLAE) is not sparseor bounded Storingthe lower triangle matrix requires
O N? realnumbersandthe computationatomplexity of a matrix factorizatioris
O N2 . Thus,theamountof computatiorbecomesigni cant, evenfor amoderate
numberof points.

Wendlandin [24] constructeda new classof positive de nite andcompactlysup-
portedradialfunctionsfor 1D, 3D, and5D space®f theform

fr

whoseradiusof supportis equalto 1. Thefunctionf r 1 r 2, whichisanin-
terpolatedunctionthatsupportnly C° continuity, is used This functionprovides
positivede ned andnonsingulasystem®f equationsHowever, it maybepossible
to apply functionsthat supporta higher continuity, this is a matterfor furtherre-
searchAn investigation27] of the smoothnessf this family of polynomialbasis
functionsshows thateachmemberf r possessean even numberof continuous
derivatives.



Thevolumesplinef P having valuesh; atN pointsP, is thefunction

N
fPp gl P P pP 1)
j 1

wherep Vo viX WYy Vszisadegreeonepolynomial.To solvefor theweights
| j we have to satisfythe constraintd; by substitutingthe right partof equationt,
which gives

N

ho alif R P pR

i1
Solving for the weights| j andvg, v1, V2, v3 it follows thatin the mostcommon
casethereis a doubly borderedmatrix T, which consistof threeblocks, square
sub-matriceA andD of sizeN N and4 4, respectrely, andB, which is not
necessarilsquareandhasthesizeN 4.

Heightsh;, arenotnecessarilyaluesof afunctionde ning aselectectarriersolid.
Arbitrary pointsin the EuclidearspaceE" (morepreciselyvectorsof deviationsof
somede ned 3D points)canalsobeused.

3 Algorithm
3.1 Sortingof scatteeddata

Space-recurse subdvisionis an elegantandpopularway of sortingscatteredD
data.We proposean ef cient approachbasedon the useof variable-depthoctal
treesfor spacesubdvision, which allows us to obtain the resultingmatrix as a
band-diagonainatrix thatreduceghe computationatomplexity.

Our rst goalis to build an octal tree[28] datastructurefrom the original point
data.For eachnodeof thetree,we needto storethe following:

apointerto the parentnode,
8 pointersto child nodes,
apointerto thelist of points(empty if thisnodeis not a leaf).

Thetotalamountof memoryneededo storesuchatreeis (memoryfor eachnode)
(numberof nodes) (memoryneededo storepoints) N. In our software
implementationywe employ astandardapproacHhor creatingthetreefrom aninitial
point datasetwith an additionalrequiredparametricvalue K, which denoteshe
maximumnumberof pointsin the leaf. For the sale of conveniencewe scaleall
N pointsin aunit cube.Afterwardswe divide this cubeinto 8 equalsub-cubesAll



pointsare sharedamongthesesub-cubesThe root of the tree correspondso the
initial cube,andthe 8 sub-cubegorrespondo 8 nodedinkedwith theroot of the
tree.Thisproceduras appliedto eachcube,until all K pointslie in theirown small
cubeslf oneof the 8 cubesdoesnot containpointsin the currentstepwe should
not build a sub-trean thatdirection.

Afterwardswe canusethis treeto searchHor neighborsof any givenpointfrom the
givenN points. The neighborsare pointsof a sphereof radiusr, whosecenteris
locatedat the givenpoint. We call this sphereanr-sphere.

To acceleratéhe searchthetreeis simpli ed aftercreationby removing unneces-
sarynodeslf thenodeA hasonly onesub-nodeB, we canremove nodethe A node
andreplacet with B. For example,seeFig. 1 (numeralgepresenhodenumbers).

This proceduras reasonabléo useonly if K is small.For instancefor datain the
example(a) (seeTablel) if K is setequalto 1, applyingof this procedureaesults
in removing 113nodesrom theinitially created?427nodes.

An application-programminlporary wasdevelopedandcontains’ mainC++classes:

TheCDatalListclassde nesastackwhichwe usein ourimplementationinstead
of alist,

The CDatalListltemclassrepresentsnelemenif the stack,

The CGetFunctionslassde nes the interfacefor functionsdependingon the
datastorageechnology

The CPointFunctionglassinheritedfrom CGetFunctionglasscontainsfunc-
tions connectinga COctupleTee classwith the array of points, and also the
conditionthatpointsin spacebelongto the samer-sphere,

The CNodeNumbeclasssenesto describeghe nodes numberin thetree,

The COctupleTeeclassde ning the octaltreecontainghe mainfunctions,
The COctupleTeeNodeclasssenesto representhenodein theoctaltree.

The compleity of creationandsearchingusingan octal tree stronglydependsn
theinitial dataandthe parameteK. The depthof the treedependsn the length
of the cubeedgecorrespondingo the leaf. This lengthis equalto 1 2 M, where
M is the depthof the tree and dependson the original data.If the initial points
aredistributedmoreor lessuniformly, thenthetreewill have sufciently uniform
lling andwill besymmetric.If K 1, atthattime thetreewill be closeto afull
octal treewith N leaves. The maximumcompleity of searchinghe treewill be
proportionalto the depthof the tree,thatis, loggN . A moredetailedaccountof
thesealgorithms,includinga C++ library descriptioncanbefoundin [29].

The procedureof searchingor the neighborsof a pointin a givenr-spheres ap-
plied severaltimesin the application.For example,it is usedin the calculationof
the function 1 to sumup only the pointsthat are neighborsof the speci ed point
with coordinatesx y z . However, the rst applicationis the constructionof the



banddiagonalsub-matrixt P B , which accountdor a signi cant portion of
the computationaktost.Band-diagonakystemshave a; 1 of nonzeroelements
to theleft of thediagonalanda, 1 of nonzeroelementdo its right. In our case,
thesenumbersare equal,becauseur matrix is symmetric.In our application,to
storethe band-diagonatnatrix, we usea so-calledpro le form or a slightly modi-
ed Jenningenvelopeschemd30]. To storethematrix A, anarraycanbeusedfor
diagonalelementsyaluesof non-diagonaklementsandcorrespondenindicesof
the rst non-zeroelementsn the matrix lines areplacedin two additionalarrays.
To make our sub-matrixbanddiagonal,we needto re-enumerat¢he initial points
in aspecialway.

We proposehe following algorithm,named'Sortingdatausinganoctaltree”(see
the pseudo-coden Fig. 2):

Take apointfrom theinitial dataandputit in thelist.

Go throughthelist andfor eachpointin thelist searchfor the neighborsan the
initial data.Whennew pointsarefound,addthemto thelist.

Remae from theinitial arraypointsthathave beenplacedin thelist.

If thereareno morepointsin thelist (thatis, if all pointswereappendedn the
secondstep) thentake the rst pointremainingin theinitial arrayandrepeathe
above steps.

As aresultof this algorithm,a bandwith maximumsizea, thatis, the maximum
numberof the neighborsof a point, is obtained.The maximumcompleity of this
algorithmis the compleity of searchingor neighborsthroughthe octal tree for
eachpoint,thatis,N (themaximumcompleity of the searchinglgorithm).The
maximumcompleity of this algorithmis the compleity of searchingor neigh-
borsthroughthe octal treefor eachpoint,i.e., N (the maximumcompleity of
the searchingalgorithm).We canreduceour computationabutlaysby calculating
the matrix andorderingof the pointssimultaneouslyin the rst stepof sortingal-
gorithm,we have the rst pointandalist of its neighborsThis meanghatwe can
calculateonerow (andone column)of the band-diagonasub-matrix.In the next
step,we take the secondpoint andcalculatethe next row of the matrix, andsoon,
until we have calculatedhe entirematrix.

After sortingwe have a bandedmatrix asillustratedin Fig. 3; thatis, the matrix
hasthe maximumnumberof nonzeroelementdor somepoint. Naturally, the re-
sults of matrix constructiondependon the appropriateselectionof the radiusof
ther-sphereNotethatthe specialorderprescribeddy a sparsamatrix to minimize
ll-ins is notimportant.Note alsothat the half-width for the selected cannotbe
decreasedConsideringhefollowing unlikely eventwill clarify this conceptlf we
connectll neighboringpoints,wewill obtainagraph,andif thisgraphhasacycle,
thenthe maximumsizewe will getis lessthanor equalto the cycle length.Thus,
if theradiusis quitelarge,thenthecycle will includenearlyall the pointsfrom the
input data.In this case the maximumsize of the bandwill alsobe large,andwe



will have anexpansionof the bandat somepoint. The positionof the expansions
notimportantfor ourimplementation.

3.2 SLAEsolution

Notethatgoalsin solvingary sparsesystemareto sase time andspaceAccording
to theoreticalestimationandour own practicalexperiencewith the reconstruction
of surfaceshasedn usingRBFssplinesthe bestmethodof solutionis the House-
holder method[31]. However, this methodis time-consumingwhich becomesa
crucialdravbackin practicalreconstructiorproblems.The attractvenesof using
implicit methodssuchasconjugategradientmethoddor large sparsesystemshas
beenwell recognizedn variousapplicationsIf T is positive de nite andsymmet-
ric, the algorithmcannotbreakdown, in theory[32]. Conjugategradientmethods
work well for matricesthatarewell-conditionedIn practicalapplicationsthis re-
strictioncanlimit theaccurag with which a solutioncanbe obtained andthuswe
preferto useexplicit SLAE solutionmethodsfor matricesstoredin pro le form.
The advantageof Gaussiar,U decompositiorj33] hasbeenwell recognizedand
mary softwareroutineshave beendeveloped For asymmetricandpositive de nite
matrix, a specialfactorization calledCholesk decompositiof31], is abouttwice
asfastasalternatve methoddor solvinglinearequations.

In our case,we have an SLAE in the form Tx b, wheresymmetricmatrix T

consistsof four blocks:A, B, C, andCT . Sub-matrice\, B, andC havesizesN N,

k k, andN k, respectrely. A is a band-diagonamatrix, k 4 for 3D case,
B 0. A combinationof block Gaussiansolution and Cholesk decomposition
wasproposedy GeogeandLiu in [32], andin our softwaretoolswe follow their

proposal.

4 Surfaceevaluation and extraction

The surface tted to a setof surfacedatapoint forms a volume modelof a geo-
metric object. The generaideaof ouralgorithm[17] is to introducea carriersolid
with a de ning function f; andto constructa volume spline f P interpolating
valuesof the function f; in the pointsB. The algebraicdifferencebetweenf P
and f. describeghe reconstructedolid. The algorithm consistsof two steps.In
the rst step,we introducea carrier solid object,which is an initial approxima-
tion of the objectbeing searchedor. In the simplestcase,it canbe a sphereso
thatfc B P53 P4, P 1. Thenthedatasetr associatedvith the points
ri fcB i 12 N is calculatedatall givenpoints.In thesecondstep these
valuesare approximatedoy a volume spline derived for randomor unoganized
points.



Calculationof theresultingsplinefunctionis accelerateth our algorithmby using
previously createdoctal tree. This also makesthe renderingtime very small (see
Table 1). This surfacecanbe visualizeddirectly usingan implicit ray-traceyand
canbevoxelizedor polygonizedo extractameshof polygons For thevisualization
of reconstructedolumeswe useanimplicit functionmodelertool [34], [35].

Visual inspection(imagesin Fig. 4) allows us to judgethe interpolationfeatures
of the algorithmwe have discussedWe would like to note that visual inspection
of differentrestorationshowvs a dependeng of the accurag of restorationon the
choiceof the radiusof support.Actually, thereis sometrade-of betweerthe ef -
cieng/ of computatiorandtherestoratiomguality. Visual evaluationof the resultis
not sufcient for anappraisabf the algorithm,especiallyfor CAGD applications,
wherenumericalerrorestimations very importantfor comparisorof variousscat-
tereddatainterpolants.To compare somenumericalmeasureof the error of the
approximatiorfoundfor atestfunctionis neededln practice therootmeansquare
measurg RMS) of the error for the testfunction and the maximal deviation be-
tweenthe reconstructecnd test functionscan be used.For the 2D casein [17]
we have evaluatedthe error of approximatiorby RBFsfor a "noisy" function.The
RMS erroris equalto 0 02 for the z-coordinate®f 469 randompoints. However,
we haveto statethata smallRMS doesnotguaranteeorrectreconstructiomesults.
In our experiencetheresultsof reconstructiormeavily dependntheuniformity of
datadistribution, andin the caseof reconstructiorwith CSRBFsthey dependalso
on appropriatechoiceof the radiusof support.Thus,how to evaluatethe accurag
of restorationis an openquestion.Neverthelesswe supposethat RBFs provide
sufciently goodinterpolationfeaturesandherewe illustratevisually (seeFig. 5)
theaccurag of reconstructiorasthebooleandifferencebetweerRBF andCSRBF
solutionsfor the samedataset’head"thatwe have alreadyusedasan examplein
this section(seeFig. 4 (a) andTablel).

Fig. 5 shovsanincreasingvhite area(differencethatcanbeobseredon theright-
handside of the reconstructedhead") causedby an inappropriatechoiceof the
radius of support.Let us note that we have a lack of datain the lower part of
the"head".Increasingheradiusof supportprovidesbetterreconstructionmesults.
However, thework requiredfor correctreconstructiorof the objectbecomesearly
proportionatlto thetotal numberof all scatterediatapoints(seeTable?2).

Note that the approachof 3D surfacereconstructiortakenin this study doesnot
guaranteaestorationof highly topologically complex volume objects.As noted
in [36], the accurag of the restorationstrongly depend<n the uniformity of the
distribution of data.Moreover, RBFsdemonstratexcessve blendingfeatureghat
leadto undesirablesmoothingeffects.For 3D reconstructiorusingcross-sectional
data,in [36] it is proposedhat, for m differentcontoursin oneslice, m different
function descriptionsof separatecontoursmustbe usedandthat union of the m
carrier functionsde nes the descriptionof the reconstructe®D object. That s,
introducing m carrier functionsallows us to localize different contourssituated



in oneslice to avoid an excessve blendingor "spilling" of contours.For the 3D
casesuchan approachooks exceedinglycomplicated Neverthelessywe have to
noticethatthe resultsof reconstructiordo not dependon the choiceof the carrier
functions Naturally, theapproachakenby Turk andO'Brien in [21] of usingpoints
speci edon bothsidesof the surfacecanbeapplied(seeFig. 6 (¢)).

5 Conclusions

In this paper we thoroughlyinvestigatedhe problemof developmentC++ tools
basedon the use of CSRBFssplinesfor implementationin variousCG applica-
tions. The main goal of the ongoingprojectis to understandhe processinghar

acteristicsand capabilitiesof RBFsandtheir visualizationaspectsThanksto our
efcient octal tree algorithm,the resultingmatrix is a band-diagonamatrix (not
simply a sparseone) that reducescomputationacompleity, allows the applica-
tion of asimpleanddirectSLAE solver, andpermitsthe explorationof sufciently

large datasets.C++ languagevasusedto createreusablegxtensible,andreliable
componentswhich canbeusedin laterresearchThetoolkit we have createdcan
beusedin conjunctionwith otheralgorithmsto createanimatedapplications.

Oursecondyoalwasveryclear:to developanapplicationfor introductoryuniversity-
level coursedor studentsvith no programmingand CG experience Studentsan
downloadour softwarebinaries(Linux andWindows versions)rom [29]. On this
page,we have alsoestablishe@n online reconstructiorserer, wherethey canin-
putadatale andgetavisualizationof a VRML objectin their browvser(Netscape
Communicato#.x is recommended).
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Initial octaltree | Octaltreeaftersimpli cation
0

/\

01 02 0

| N N

010 021022 0102 02

| /N

0102 021022

Fig. 1. Octaltreesimpli cation.

"Head", Fig. 4 (a),

"Seashell",Fig. 4

"Venus"Fig. 4 (c),

number of points| (b), number of | number of points
N 1487, the | points N 915,| N 6719,selected
selectedradius of | selectedradius of | radius of sup-port
supporr 02 supportr 02 r 013
Treecreationtime | 0 001sec. 0 001sec. 0 01sec.
Sortingtime 0 03sec. 0 03sec. 0 26 sec.
Matrix calculation| 0 05sec. 002sec. 0 58sec.

time

Memory require-

1 675 800bytes(1

669 068 bytes (0

21171936 bytes

ment to store the | MiB) (if storedtra- | MiB) (if storedtra- | (20 MiB)  (if

band diagonal| ditionally it would | ditionally it would | stored tradition-

sub-matrix of the | be 8 856576 | be 3348900 | ally it would be

matrix A bytes(8 MiB)) bytes(3 MiB)) 180579 844 bytes
(172MiB))

Solution time | 0 911sec. 01sec. 3901 sec.

with Cholesly

decomposition

Polygonal surface| 049sec. 041sec. 2 73 sec.

extractiontime

Tablel
Processingime. Testcon guration: AMD Athlon 1000 Mhz, 128 MB RAM, Microsoft
Windows 2000.
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Input_list — unsortedist of points

output_list — sortedlist of points
neighbors_ids_list — temporarylist of integers
i =0
while  (input_list.length 0) do
begin
/[ add rst elementof input_list to output_list
I/l remove rst elementfrom input_list
output_list.add(input_list[0] );
input_list.remove(0);
while (i < output_list.length) do
begin
/I nd ininput_list all neighborsof output_list]i] and

Il puttheirindicesinto neighbors_ids_list
/I this canbe donewith the helpof octree
neighbors_ids_list=

FindNeighbors(output_list[i],in put_ list) ;
for j := 0 to neighbors_ids_list.length do
begin

/I addneighborelementof input_list to output_list
I/l remove this elementrom input_list
output_list.add(input_list[nei ghbor s_li st[jl ]);
input_list.remove(neighbors_id s lis tfj] );
end
end

end

Fig. 2. Datasortingto obtaina band-diagonasub-matrix.

Fig. 3. An exampleof a typical band-diagonamatrix constructedy the proposedalgo-
rithm.
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(@) (b) (c)

Fig. 4. (a) The"Head"modelreconstruction(b) The "Seashell'modelreconstruction(c)
The"Venus"modelreconstruction.

Fig. 5. Visualillustration of the solutionasthe difference(white area)betweenRBF and
CSRBFsolutionswith theradii of support0 4, 0 3, and0 2, respectiely.

Solutiontime | Memoryrequiredto storematrix A

RBF 202 sec. 8 MiB
CSRBEr 02 09 sec. 1MiB
CSRBEr 03 2 2 sec. 2MiB

Table2
Processingime andmemoryrequirementsor differentradii of support.Testcon guration:
AMD Athlon 1000Mhz, 128MB RAM, Microsoft Windows 2000.
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(a) (b)

(c) (d)

Fig. 6. (a) Source(rangedata)pointsof the"Lion-dog" model(courtesyof Dr. A. Belyae/
of The University of Aizu), (b) Reconstructiorirom 19125points;a sphereis usedasa
"carrierfunction"with r 0 3; reconstructions very slow (about38 min), dueto a large
radiusof supportbut theresultlooksvisually smooth(c) ReconstructiobasednthePhD
work of HuguesHoppe[37], (d) Reconstructiorbasedon the "both-sides"approachthe
selectedadiusof supportr 0 015,and39210"both sides"constraintareused.The pro-
cessingime in our testcon guration (AMD Athlon 1000Mhz, 128 MB RAM, Microsoft
Windaws 2000)is madeup asfollows: treebuild time: 0 04 sec,sortingtime: 0 401 sec,
matrix constructingime: 1 322sec,solvingtime: 12 017sec.Sizeof band-diagonainatrix
A: 31752656bytes(30 MiB). Artifacts,which canbe obseredin theimage,werecaused
by problemsof surfaceextraction.
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