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ABSTRACT

We presenttwo distance eld representations/hich canpresere
sharpfeaturesin original geometricmodels: the offset distance
eld (ODF)andtheuni ed distanceeld (UDF). TheODFis sam-
pledon aspecialcurvilineargrid namedanoffsetgrid. The sample
pointsof the ODF arenotonaregulargrid andthey can oat in the
cellsof aregularbasegrid. The ODF cannaturallyadaptto curva-
turevariationsin theoriginal meshandcanpresere sharpfeatures.
We describeanenegy minimizationapproachio corvertgeometric
modelsto ODFs. The UDF integratesmultiple distanceeld rep-
resentationsnto onedatastructure. By adaptvely usingdifferent
representationfor differentpartsof a shapethe UDF canprovide
high delity surfacerepresentatiomvith compactstorageandfast

renderingspeed.

CR Categories:  1.3.5 [Computer Graphics]: Computational
Geometryand Object Modeling—Cune, surface, solid, and ob-
jectrepresentationd;3.6 [ComputerGraphics]:Methodologyand
Techniques—Graphia$atastructuresanddatatypes;

Keywords: Distanceelds, Sampling/rregulargrids,FeaturePre-
serving,VolumeSculpting

1 INTRODUCTION

Distanceelds areanimportantvolumerepresentatiofor surfaces.
Usually, thedistanceeld is ascalareld sampledonaregular3D
grid. Eachvoxel speci estheminimumdistanceo asurface.If the
surfacerepresents closedshape this distanceis usually signed
to distinguishbetweerthe interior and exterior of the shape.Dis-
tance elds have importantapplicationsn constructve solid mod-
eling [12], morphing[2], etc.

However, asnoticedbefore[6, 7, 8], surfaceseconstructedrom
distance elds often lack sharpedgesor cornersindicatedin the
original models. Recently therehasbeensomenotableresearch
to tacklethis problem[3, 6, 7, 8]. Thesemethodsusuallyachieve
high quality surfacereconstructiorby adaptve samplingand by
using extra information storedwith the distances.For simplicity,
all thesemethodssamplethe distanceeld onaregularor adaptie
rectangulagrid.

Corvertingageometricnodelinto adistanceeld is asampling
problem. The samplingpatterncanbe regular or irregular Com-
paredwith regularsamplingjrregularsamplingorovidesmore e x-
ibility. It is possibleto accuratelyalign featurepointswith sam-
ple pointsin anirregular samplinggrid. In this paper we investi-
gatesamplingdistanceelds onaspeciairregularsamplingpattern
calledan offset grid. The samplepointsin the offsetgrid areno
longeron a regular grid andthey canhave a small offset to their
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correspondingegular grid points. Thus,the offsetgrid is actually
arelatively regularcurvilineargrid becauseachsamples only al-
lowedto oat in its correspondemntegulargrid cell. Theoffsetgrid
strikes the middle groundbetweena regular patternand a totally
irregular pattern,andthus, it is a kind of semirgular pattern. We
nameour representatiothe “offsetdistanceeld” (ODF).

The ODF hasthefollowing advantages:
First, the offset grid can naturally adaptto curvature variations
in the original mesh. Becausehe samplepoints of the ODF can
oat in the cells of a regular grid, we canalign the samplepoints
with the sharpcornersandedgesn the data. Thus,a high delity
surfacewith sharpfeaturescanbereconstructedrom the ODF.
Second,the semirgular structureof the ODF keepsmost of the
simplicity of a regular grid. We canstill usea 3D arrayto store
the ODF and Marching Cubescan still be applied for surface
reconstruction(see Section 3.3). The CSG operations, such
as volume sculpting on the ODF, are still intuitive and easyto
implement(seeSection7.1).
Third, comparedwith other methods[6, 7, 8], the ODF shifts
some expensve computationsfrom the rendering stageto the
constructionstage. After carefully encodingsharpfeaturesinto
the ODF at preprocessingour methoddoesnot needto explicitly
identify and processthesefeaturesat the renderingand manipu-
lation stages. For mary applications,such as volume sculpting,
fast reconstructionand manipulationof a distance eld is more
desirablehanfastconstruction.

With the ODF, we now have several distance eld representa-
tions[6, 7, 8] which male differenttradeofs betweerguality of the
surfacereconstructe@ndstoragesize of the distanceeld. When
convertingary modelinto a distanceeld representationdifferent
partsof the modelmay have differentlevels of compleity. Some
part is smoothwhile anotherpart may have feature points and
edges. Thus, it may be desirableto develop a mixed distance
eld representationhich usesdifferent distancerepresentations
for different partsof the model. Motivated by this, we propose
the uni ed distance eld (UDF) which can seamlesslyintegrate
variousdistanceeld representationsto one datastructure. For
eachsamplepoint in the UDF, in additionto the signedminimum
distancewe alsooptionally storeoneof thefollowing threesetsof
information: (a) the directeddistancesn x, y, andz direction; (b)
thepositionof afeaturepoint; (c) the positionof this samplepoint.

The UDF hasthefollowing advantages:

Adaptiveness the UDF can selectthe best representation$or

differentpartsof a shape.We only storeextra informationwhen
it is really necessaryFor example,if accuratantersectionpoints
on edgesthat shov sign changescan be reconstructedrom the

minimumdistancethenwe do not needto storetheseintersection
points explicitly. If a surface can be reconstructedaccurately
from the intersectiorpointsin a cell, thenwe do not needto store
an extra featurepoint in this cell. Similarly, if the meshcanbe

reconstructediccuratelyfrom the intersectionpointsand an extra

featurepoint, thenwe do not needto usethe ODF. Therefore the

UDF is anaccurateandcompactrepresentation.



Accuracy: Unlike other methods[7, 8], we explicitly storethe
positionof somefeaturepointsalongwith thedistancevalueswhen
we cornvert a geometricmodelto a distance eld. The positions
of thesefeaturepoints are thus more accuratethan reconstructed
positionsin othermethodsbecauseahey arederived directly from
theoriginal geometry

Ef ciency : During renderingand manipulationstage,we do not
needto reconstructfeaturepointswhich are alreadystoredin the
distance eld representation.Thus, renderingand manipulation
speedof the UDF is faster

Theprimary contritutionsof this paperare:

We introducethe ODF as an extensionto the corventional
distanceeld samplecbnaregulargrid. We demonstrat¢hat
theODF providesmoreaccurayg and e xibility , keepamostof
thesimplicity of aregulargrid distanceeld, andcanpresere
sharpfeaturedn theoriginal model.

We describeanenegy minimizationapproacho corvertatri-
anglemeshto an ODFE. The enegy function we useconsists
of threeterms: a distanceenegy which measureshe delity
of the corversion,a regularity enegy andan orthogonalen-
ey which measurehe quality of the ODF grid. Severaluser
speci edparameterallow thetradeof betweendelity of the
reconstructegurfaceandquality of the ODF grid.

We introducethe UDF to integrate multiple distance eld

representationsito onedatastructure. We demonstratehat
the UDF canprovide high delity surfacerepresentatiomwith
compacttoragesizeandcanbetterpresere featuresandcan
berenderecandmanipulatednoreef ciently .

This paperis organizedasfollowing. After a brief introduction
totherelatedwork in Section2, we introducethe ODFin Section3.
Then,we presentheenegy functionin Sectiord andouroptimiza-
tion methodin Section5. The UDF andits relateddatastructure,
construction and surfacereconstructiormethodsare presentedn
Section6. We exploretheapplicationsof the ODFandUDF in vol-
umessculptingin Section7. Finally, we presentour experimental
resultsin Section8 andconcludein Section9.

2 RELATED WORK

Distanceelds have beenstudiedextensiely. Variousmethodsex-
ist to corvert geometricmodelsinto distancevolumes[1, 4, 17].
However, asmentionedefore thereconstructedurfacefromthese
distance elds lacks the sharpfeaturesindicatedin the original
models.

One solutionis to use supersamplingr adaptve samplingto
presere ne detailsto any userrequiredprecision. Frisken et al.
[3] presentechdaptve distance elds which candramaticallyre-
ducevolumestoragesizewhile presere detailscomparedvith the
supersamplingnethod.

Kobbeltet al. [8] proposedan enhancedlistance eld which
storesdirecteddistancedn x, y, and z directionwith eachvoxel.
They usedan ExtendedMarching Cubesalgorithmto detectthose
grid cells containing sharp featuresand then additional sample
pointslying onthefeaturearecomputedandinsertednto themesh.
By this way, they canreconstructriangle meshesat a muchim-
provedquality comparedvith corventionalmethods.

Huanget al. [6] introducedthe completedistance eld which
storesthe original triangle meshwith the distancevolume. How-
ever, their methodneedsauxiliary datastructuresandthe compu-
tational and storagecostsof their methodare substantial. Their
methodis goodfor high endgraphicswhereaccurag is very im-
portant. Otherwise storingboth distance elds representatioand
original trianglemeshess anoverkill for mostapplications.

Juetal. [7] furtherstorednormalsalongwith the exactintersec-
tion pointsfor edgeswhich shav sign changesn a distanceeld.
They usethesenormalsto de ne aquadraticerrorfunctionfor each
cell. They thengenerate vertex positionedat the minimizerof the
quadraticfunction. By this way, they avoid the needsto explicitly
identify and process'features”. By usingdual methods the gen-
eratedpolygonalmeshesalso have higherquality. Onedisadwan-
tageto this methodis thatthey neednormalswhich dramatically
increasdhetotal storagespace.

3 OFFSET DISTANCE FIELD

3.1 De nition

We introducea structuredrregular grid, calledan offsetgrid. The
offset grid is basedon our previous work on O-huffer (or offset
buffer) [13, 14]. Theoffsetgrid is generatedy connectingsamples
storedin auniform O-buffer. Fromanotherpointof view, theoffset
grid is formedby placinga samplepointin eachcell of a regular
grid. Thesesamplepointsarethenconnectedo form a structured
curvilineargrid. Therefore the offsetgrid is a moreregular curvi-
lineargrid becauseachsamplecannotieave its correspondingell
in theregulargrid. The OffsetDistanceField is de ned asary dis-
tance eld sampledon an offsetgrid. Typically, the distanceeld
is de ned everywhereas an Euclideandistance eld. In orderto
simplify the presentationye usethe following terms: grid points
asthe pointson a regular grid; samplepointsasthe pointson an
offsetgrid; featue edgsastheedgesvhoseadjacentacesenclose
a dihedralanglelessthan a threshold;featule points asthe joint
pointsof morethantwo featureedges.

Figure 1: (a) A distance eld sampled on a regular grid. (b) A dis-
tance eld sampled on an offset grid. The dotted lines show the
underlying regular grid.

Figurelashavs adistanceeld sampledonaregulargrid. Fig-
ure 1b shavs an ODF wherethe distance eld is sampledon an
offset grid. Fromthe gure we canseethatthe grid of an ODF
cannaturallyadaptto curvaturevariationsin the original mesh and
thuspresere the ne detailsin thedata.

The ODF canalsobe usedto capturethe sharpfeaturesin the
original data. Figure 2 shavs two scenariof usingthe ODF to
presere sharpfeaturesFor ary featurepoint, we canchooseeither
aligninga samplepointin the ODF with this featurepoint (seeFig-
ure 2b) or align an edgeof the ODF with it (seeFigure2c) sothe
featurepoint canbe reconstructeeasily at the renderingstageby
theMarchingCubesalgorithm.

We malke a few commentson the motivation behindthe ODF.
Theirregularvolumetricgrids canbe divided into structuredgrids
(i.e., curvilinear grids) and unstructuredgrids (i.e., tetrahedral
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Figure 2: (a) A sharp feature point of a geometric model; (b) Aligning
a sample point of an ODF with the feature point; (c) Aligning an edge
of an ODF with the feature point.

meshes). The tetrahedralmeshesprovide better e xibility and

adaptveness.However, samplinga distanceeld on atetrahedral
meshhassomedisadwantagesFirst,for unstructuredrids,thecon-

nectvity informationhasto be storedexplicitly. This will greatly
increasehestoragaequiremenfl1]. Secondfor CSGoperations,
quickly locatingthe correspondingell for a given samplepointis

critically important. However, this taskis not trivial for tetrahe-
dral meshes.The offsetgrid is a structuredgrid. Thus,we do not

needto storetheconnectvity information.As a specialconstrained
curvilineargrid, locatinga cell in the ODF for a samplepoint is

relatively straightforvardandeasy Thus,the offsetgrid achievesa

ne balanceébetweeraregulargrid andatotally irregulargrid.

3.2 Data Structure

We canusethe samedatastructureasa corventionaldistancevol-
umeto storeanODF, whichis justa 3D arrayof samplesFor each
samplewe storethepositionof this samplepointandtheminimum
distanceto a shapefrom this samplepoint. This datastructurecan
beimprovedin two ways: First, for mostvoxelswhich arenotclose
to the shapetheir offsetis simply zero. Thus,we canusea ag to
identify if this is a regularvoxel or an offset voxel for quick pro-
cessing Secondijf storagespacds abig concernthepositionof a
samplepointcanberecordedasanoffsetto its nearestegulargrid
pointandthis offsetcanbe quantizedor compactepresentation.

3.3 Rendering of ODFs

Distance elds can be either directly renderedby ray castingor
canbe rst corvertedinto anotherrepresentatioisuchastriangle
mesheg9] or points[6], which canthenberenderedy projection
or splatting, respectiely. Ray castingcan generatehigh quality
imagesbut high renderingspeedis often unattainabldn practice.
A trianglemeshis the mostpopularprimitive andconsiderablee-
searchhasbeenconductedo extracttrianglemeshedrom volume
data[4, 9, 15, 19]. Therearetwo major approachescube-based
methodd4, 9] anddeformablemethodq15, 19].

MarchingCubesds themostfamouscube-basethethod9]. The
original Marching Cubesalgorithm hasbeenfurther extendedto
solve the ambiguity caseq10] andto extract surfacesfrom mul-
tiresolutionvolume representation§?, 16, 18]. The SurfaceNets
method[4] canbeconsideredsadualmethodof MarchingCubes.
Insteadof generatingrerticeson cell edgesthe SurfaceNetsalgo-
rithm generate®ne representate vertex inside eachcell. Then,
theserepresentate verticesare connectedo form a surfaceac-
cordingto the signchange®n cell edges.

In this paper we usethe cube-basedlgorithmsasthe surface
reconstructiommethodfor ODFs. Eventhoughthe cell of the ODF
is no longera cube(it is actually a hexahedralcell), the March-
ing Cubes(or its dualmethod the SurfaceNetspalgorithmcanstill

be directly usedto renderODFsaslong asthesecells are not in
bad shape(seeSection5.2). The algorithm structureis identical
to the original Marching Cubesmethod. Every cell of the ODFis
processedeparatelyanda surfacepatchis generatedor cellswith
sign changes.For eachedgewhich shavs a sign changewe use
linearinterpolationto computeanintersectiorpoint. After that,the
intersectionpointsin a cell are connectednto trianglesusingthe
lookuptableof MarchingCubes.

4 DEFINITION OF THE ENERGY FUNCTION

We needto considerthe following requirementsvhenwe develop
algorithmsto corvertgeometrionodelsinto ODFs:

First,the delity of thecorversion.Givenatriangularmeshandits
correspondin@DF, we canmeasurgheerrorbetweertheoriginal
meshandthereconstructedneshfrom its ODF. Thesmallertheer-
ror, the betterthe corversion. Also, the sharpfeaturesin the data
shouldbefaithfully reconstructedrom the ODF.

Secondthe quality of the offsetgrid. The quality of the offsetgrid
will affectthe aspectatiosof the trianglesgenerated We wantto
avoid slivery/thintriangles.The moreregularthe grid is, the better
aspectatiosthe nal triangleswill have. As a volumerepresenta-
tion, abadquality grid will affecttheprecisionof somepartsof the
volume. This maydegradethe performancef CSGoperations.

In orderto satisfythe competingdesiresof thesetwo criteria,
we de ne anenegy functionandcastthe conversionprobleminto
an optimizationproblemof minimizing this enegy function. Our
approachis inspiredby the methodusedby Hoppeet al. [5] for
meshoptimization. Let the original triangle meshbe Mq(V; T),
whereV = vi;vo; v vi 2 R is a set of vertex positionsand
T is the trianglelist. Its correspondingODF is O(G, D), where
R® is a setof samplepointsandD is thecor-
respondingsetof minimum distances Let the meshreconstructed
from the ODF be M,. Theenegy functionis:

E(Mo;0) = I 4Edist(Mo; Mr) + I sEspring(O) + I 0Eortho(0) (1)

The rst termcorrespondso the delity of thecornversion,andthe
last two termscorrespondo the quality of the offset grid. The
distanceenepgy Egis equalsthe sumof squareddistancedetween
theoriginalmeshM, andthemeshreconstructefom the ODF M .

Thedistanceenegy canbecomputedas:

Edist(Mo; Mr) = min(§ d?(vi;Mr); & d2(gi:Mo) (2

The grid quality for structuredgrids consistsof regularity and
orthogonality To guarante¢he regularity of thegrid, a springwith
therestlengthof | is placedon eachedgeof themesh.Thepotential
enegy is:

Epring(0) = & (19 gd D% (3)
whereg; andgy areary two adjacensamplepoints. Thespringen-
ergy measureshe equi-distritution of samplepointsandpenalizes
samplesvhich gettoofaror too close.Therestlengthof the spring
equalgtheunit lengthof the ODF's underlyingregulargrid.

However, we noticethatjust preventingary two samplepoints
from gettingtoo closeandtoo far cannotguaranteeggood results
becausehe cell still can get deformedvery much without even
changingthe springenegy. Thus,we addthe third term, the or-
thogonalityenegy. We canthink thatsamplesrelinked by arigid
structureandrodswhich arefreeto extendandthoseadjacenbnes
areconnectedy torsionsprings.The orthogonalityenegy canbe
computeds:

Eorino(O) = & (jer:eji)? (4)
wherevectorsg; ande;j areary two adjacenedgesvhich shouldbe

perpendiculato eachotherif thegrid is regular The orthogonality
enepgy penalizesellswhich getdeformed.



The userspeci ed parameters 4, | s, and/ o provide a control-
labletrade-of betweendelity of corversionandquality of the off-
setgrid. For example,alarger/ 4 indicatesthata high delity con-
versionis preferredover a high quality grid. Large/ s and/ o can
avoid concae andotherbadly shapectellsin the ODF

5 MINIMIZATION OF THE ENERGY FUNCTION

We usea regular grid distance eld asa startingpoint for an op-
timization process.During the optimization,we vary the position
of samplepointsandtry to reducethe total enegy. In principal,
we caniterateuntil someformal corvergencecriterionis met. In
practice we oftenperforma x ednumberof iterations.Like mary
optimizationproblemsin computergraphics thereis no guarantee
of nding aglobalminimum. Ourgoalisto nd heuristicmethods
which canwork in practicewith awide variety of datasets.

5.1 General Solution

We describe some general methodsto minimize the enegy
function. We rst computethe enegy for eachcell of the initial

regulargrid. For thosecellswhoseenepgiesarebeyondathreshold,
theverticesof thesecellsaretaggedascandidateso move.

Random Move and Simulated Annealing: For ary candidate
samplepoint, we randomlymove it to anew pointandcomputethe
enepy function. If the enepgy is reducedacceptit. If not, we try
again. If alargenumberof trials failsto reducetheenegy function,
we terminatethe iteration. This is a brute-forcemethod.However,
it is found that even this simple stratgy of randomdescentcan
generateggoodresults[5]. Simulatedannealingre nes therandom
descentapproachby acceptingsome maves which increasethe
enegy. Simulatedannealingcan overcomelocal minimum and
achieve global optimization.However, it is very slov andwe have
notseenmuchof its applicationin computemgraphics.

Gradient Search: For eachpoint, we pick somediscretizeddi-
rectionsand computethe gradientsof the enegy function along
thesedirections. Then,we move this point alongthe steepeste-
scentgradientdirection. This is a kind of greedyalgorithmandis
widely usedin practice.In our casewe consider6 discretizeddi-
rections(positive andnegative x, y, andz directions)for ary sample
point. For eachdirection,we canmove the point alongthis direc-
tion atasmallstep.Then,we computetheenepgy functionagainfor
the new position. The differencegivesthe gradient.We thenmove
this samplealongthe directionthatcanreducethe enegy function
most. Good resultscan often be achieved by decreasinghe step
sizeof themove aftereachroundof iterations.In this paperwe use
the gradientsearchmethodto minimize the enegy function.

5.2 LegalMove

Somemovesof samplepointsmay causebadly shapectells. Two
kinds of shapewill causgproblemsandmake MarchingCubesn-
appropriatefor surface reconstruction:self-intersectioncell (see
Figure 3a) and concae cell (seeFigure 3b). We de ne the legal
move of a samplepoint asa move which doesnot causeary self-
intersectiorandconcae cellsin the ODF grid.

The structureof the offset grid canavoid ary self-intersection
cell if asamplepointis only allowedto oat in its corresponding
cell of the underlyingregular grid. Thus,we will focuson how to
avoid concae cells. Figure3cillustratesour method.For asample
point, we will notallow any moveswhich causethe penetratiorof
ary samplea of the ODF throughthe planepassinghroughthree
adjacensampled, ¢, andd in thesamecell.
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Figure 3: (a) A self-intersection cell; (b) A concave cell; (c) A legal
cell.

5.3 Acceleration

In this section,we describesomeheuristicacceleratiormethods
whichcandramaticallyreducetherunningtime. First,weintroduce
an approximateenegy function computationmethod. After that,
we presentaplaciansmoothingfor insidevoxels.

5.3.1 Enegy FunctionComputation

During the iteration,we needto know in advancehow the enegy
functionwill be affectedby moving the positionof a samplepoint.
Therearetwo differentwaysto computethe enegy function: ex-
act evaluationand approximateevaluation. For exact evaluation,
aftereachmove, we updatethe enegy function for eachcell. For
approximatesvaluation,we usesomefasterheuristicmethodto es-
timatethe enegy andusethe estimatecenegy to updatethe total
enepy functionafteranacceptednove. By this way, we canavoid
computingthe exactenegy functionaftereachmove.

Amongthe threetermsof the enegy function, the computation
of the springand orthogonalityenegies are easyand straightfor
ward. To evaluatethe distanceeneny, it is necessaryo compute
the sumof squaredlistancedetweerthe original meshandthere-
constructednesh. This is an expensve operation. We develop a
fastapproximatiormethodfor thedistanceeneny.

It hasbeendemonstratedhatif a surfaceis smooth,a distance
eld canaccuratelyrepresenthis surface[6]. Thus,the errorbe-
tweenthe reconstructedurfaceandthe original surfaceis mainly
causedy featurepointsandedgeswvhich have high cunature. For
eachcell with featurepoints falling in or featureedgespassing
through, we computethe minimum distancesfrom eachfeature
point and featureedgein this cell to the verticesof the triangle
meshreconstructeth this cell from thedistanceeld usingMarch-
ing Cubes. Theseverticesare on the cell edgeswhich shav sign
changes.The smallerthe distance the morelikely the surfaceis
separateihto smoothpatchesn eachcell, andthe smallerthereal
distanceenegy. Thus,we approximatehe distanceenegy by the
sumof squaredminimum distancedrom all featurepointsor fea-

tureedgedo theverticesof thereconstructeanesh.

5.3.2 LaplacianSmoothingfor InsideVoxels

Fortheinsidevoxelswhoseadjacentellscontainno segmentof the
shapetheenegy functiononly containsgregularity andorthogonal-
ity enegy. Insteadof usingthe gradientsearchwe cansimply use
Laplaciansmoothingto improve the grid quality. For eachsample
pointin an ODF, thereareup to eightadjacentells. Thus,the new
positionof the samplepoint canbe simply computedastheaverage
of the centersof theseadjacentells. This cangreatlyimprove the
grid quality.



6 UNIFIED DISTANCE FIELD

Besideghe ODF, therearefour otherdifferentdistanceeld repre-
sentationsthe corventionaldistanceeld which only storesmin-
imum distancesthe enhancedlistance eld [8] which storesdi-
recteddistancesn X, y, andz direction;the Hermitedistanceeld
[7] which storesexact intersectionpoints and their normalsfor
edgeswith sign changes;the completedistance eld [6] which
storesminimum distancesandthe original mesh. All thesemeth-
odshave their advantagesainddisadwantages They male different
tradeof betweenquality of the reconstructeaneshand spacere-
quirementof thedistanceeld representationsSomemethodmay
be suitablefor somesituation.No onemethodcanwin in all situa-
tions.

Figure4 shavs somescenarios.Figure4a demonstratethat if
therearenofeaturepointsor edgesn acell, theminimumdistances
andthe standardviarching Cubesmethodsometimesprovide bet-
ter delity thanamoresophisticateanethodsuchasthe Dual Con-
touringmethod.In this casejt is hardto nd agoodpositionfor a
samplepoint insidethe cell which is usedby the Dual Contouring
method. Figure4b shaws thatif thereare sharpcornersor edges
in a cell, the ExtendedMarching Cubesandthe Dual Contouring
methodprovide betterreconstruction.However, the reconstructed
featurepoint is only an estimationof the real featurepoint of the
original mesh. Figure 4c shavs that thereare two featurepoints
in a cell of aregulargrid. The ODF canalign thesefeaturepoints
with differentedgef cellsby adjustingthepositionsof thesample
pointsof the ODF
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Figure 4: (a) No feature point; (b) One feature point; (c) Two feature
points. The dotted lines show the ODF grid.

All thesescenariogmay appearsimultaneouslyin one model.
Thus,it may be desirableto develop a mixedrepresentatiowhich
usesdifferent distancerepresentationgor different parts of the
model. We proposethe uni ed distance eld (UDF) representa-
tion which integratesmultiple distance eld representationsto
onedatastructure.

6.1 Data Structure

For eachsamplepoint, we storeone of the following four setsof
information. Figure5 illustratesthesefour setsin 2D.

Dm: theminimumdistanceo the surface.

(Dm; (Dx; Dy; D2)): the minimum distanceand the directed
distancen positive x, y, andz directions. The exactintersec-
tion pointsin theedgesanbecomputedrom thesalistances.

(Dm; (Vx; Vy; Vz)) - the minimum distanceand the position of
onefeaturepointinsidethis cell.

(Dm; (Ox; Oy; O7)), theminimumdistanceandthe positionof
this samplepoint. This samplepointis only allowedto oat

in its correspondentell of aregulargrid. In otherwords,it is
asamplepointin the ODF.

L
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Figure 5. Four sets of information: (a) Dm, which is the minimum
distance; (b) Dy, and (Dx; Dy), which are the distances in positive x
and y direction; (c) Dm and (Vy;Vy), which is the position of a feature
point; (d) D, and (O; Oy), which is the position of this sample point.

There are two featuresof this representation:First, we may
explicitly storea featurepointin a cell. This is inspiredby the
completedistanceeld (CDF) [6]. Unlike the CDF which stores
whole triangle meshes,we only store one feature point. This
makesour representatiomorecompactandwe believe thatthisis
goodenoughfor mostapplications.Comparedwith the Extended
Marching Cubesmethod[8] andthe Dual Contouringmethod|[8],
our methodprovidesmoreaccurag for the positionof the feature
pointshy gettingthemdirectly from the original dataandprovides
moreef ciency for renderingandmanipulatiorof thedistanceeld
by avoiding the expensve reconstructiorof thesefeaturepoints.
Secondwe alwaysstorethe minimumdistance Theminimumdis-
tanceplaysakey roleto integratedifferentrepresentationdie will
demonstratéhisin Section6.3.

Theimplementatiorof thisrepresentatiois straightforvard. For
eachsamplepoint, we storea minimum distanceand a pointerto
additionalinformation. The additionalinformationincludesthree
oating point numbersanda 2-bit ag. Basedon this ag, these
threenumberscan be interpretedas either the directeddistances,
the positionof a featurepoint, or the positionof this samplepoint.
If only the minimum distanceis stored,the pointerto additional
informationis simply null.

6.2 Construction of UDFs

Whenwe convert geometrymodelsinto UDFs, we needto decide
which one of the four setsof informationto storein eachsample
point. The principleis thatwe only storeextra informationwhen
necessarye startfrom the minimumdistanceandthengradually
storedirecteddistancesfeaturepoints,andthepositionsof samples
with the increaseof the compleity of the shape. Even though
directed distances,feature points, and the positionsof samples
require equal amountof memory their underlying grid quality,

constructionand reconstructionalgorithms, and CSG operations
aredifferent. Thecriteriato choosewhich informationto storeare



the delity of therepresentatiortheregularity of the nal grid, and
the simplicity of the constructiorandreconstructioralgorithms.

Thestepdo corvertatrianglemeshmodelto a UDF are:
First, we generatea regular grid distanceeld representatiomvith
the minimum distanceto the surfacecomputedandstoredin each
grid point. For eachedgewhich shows a signchangewe rst try
to reconstructhe intersectiorpoint by interpolatingthe minimum
distancestoredonthetwo verticesof thisedge.Then,we compute
the exact intersectionpoint and comparethe reconstructegoint
andexactintersectiorpoint. If their differenceis lessthanathresh-

old, the information of the exact intersectionpoint is abandoned.

Otherwisewe storethedirecteddistancesomputedrom theexact
intersectiorpoint.

Secondwe detecttheglobalfeaturepointsandthefeatureedgesn
theoriginal dataandlocatetheir correspondingellsin thedistance
eld. For cellswith onefeaturepoint, we storethe positionof this
featurepoint. For a cell with a featureedgepassingthrough,we
alsostorethe positionof onefeaturepoint alongthe featureedge
in this cell. This positionis computedusingJu et al.s method[7]

which nds theminimizerof aquadricfunction.

Third, we checkthe error of eachcell betweenthe original mesh
andthe reconstructednesh.For cellswith errorsbeyondathresh-
old, we canmove the position of the samplegso reducethe error
by usingthe methoddescribedn Section5. If alegal move of a
samplecanreducethe total enegy, thenwe storethe position of
this samplealongwith the minimumdistance.

6.3 SurfaceReconstructionfrom UDFs

The surfacereconstructiormethodfor the UDF hasthe identical
framawork as the Marching Cubesmethodor its dual, the Sur
faceNetamethod. We processeachcell oneby one. For eachcell
which shavs asignchangewe reconstrucsurfacesn this cell and
thenconnecthemwith surfacesreconstructedrom adjacentells.
Thesurfacereconstructionrmethodis:
First, for eachedgewhich shawvs a sign change checkif the exact
intersectiorpointis alreadystoredasthe directeddistanceslf yes,
we retrieve theintersectiorpoint. If not, we canalwaysreconstruct
the intersectionpoint by linear interpolationof the minimum dis-
tancesstoredin two verticesof the edge.In orderto stitchmultiple
representationtogethertheminimumdistances requiredfor each
samplepoint. If oneor two of the verticesof this edgesarenoton
theregular grid, computethe intersectiorpoint basedon the mini-
mumdistanceandthe positionof thesetwo samples.
Secondfor eachcell whereno featurepoint is stored,triangulate
this cell usingthe MarchingCubesmethod.
Third, for cellswith afeaturepointstored we canusethe Extended
MarchingCubesmethod[8]. We rst generata trianglefanusing
this featurepoint asthe center Then, we checkthe neighboring
cells,if thereareotherfeaturepoints,connecthemto form a fea-
tureedgeby anedgeip process.

7 VOLUME SCULPTING WITH ODF AND UDF

Booleanoperation®nthedistanceeld provide anatural,straight-
forward methodfor sculpting[12]. In this section,we usevolume
sculptingto demonstratehe e xibility andaccurag of the ODF
andthe UDF.

7.1 Volume Sculpting with ODF

Volume sculpting startsfrom reconstructingand resamplingthe
tool's distance eld on eachsamplepoint of the object's distance
eld. Then, Booleanoperationsare appliedfor the object's dis-

tancevalueandtool's distancevalueon eachsamplepoint. Finally,
surfacesarereconstructedrom theresultingdistanceeld.

Supposé¢heobjectto besculpteds representedy anODF Usu-
ally, toolsarelesscomplicatedhanthe objects.Thus,toolscanbe
representeds parametricfunctions, triangle meshespor distance
elds samplednregulargrids. For eachvoxel in anODF, comput-
ing its distanceto a parametricsurfaceor trianglemesh,or resam-
pling its distancen aregulargrid distanceeld by trilinearinterpo-
lation is straightforvard (seeFigure6). Actually, this computation
andthefollowing Booleanoperationsarethe samefor anODF and
aregular grid distanceeld. The resultingODF canthenberen-
deredby Marching Cubes.Thus,volumesculptingusingODFsis
still intuitive and easyto implementjust like usinga regular grid
distanceeld.

Figure 6: An ODF is sculpted by: (a) A parametric surface; (b) A
mesh; (c) A regular grid distance eld. The dotted lines represent
the sculpting tools (e.g., a sphere, a triangle mesh, and a regular
grid distance eld).

Somefeaturesmay be createdafter the CSG operationseven
whenthereis no suchfeaturein both objectsandtools. Then,we
needto useeitherKobbeltetal's method[8] to computetheinter
sectionof the two or threeplanesor useJu et al. s method[7] to
computethe pointwhich minimizesa quadricerrorfunction. After
thefeaturepointis computedwe canlocally deformthecell sothis
featurepointcanbeeitheralignedwith thesamplepointor theedge
of thecell.

7.2 Volume Sculpting with UDF

Volume sculptingwith UDFs hasthe sameframewvork asvolume
sculptingwith corventionaldistanceelds or the ODFs. After the
Booleanoperationponeof thetwo distancevalues(i.e., distanceso
the objectandthe tool) is usedasthe new distancevalue for ary
samplepointin the UDF. For eachcell, if the nal distancevalues
of its eightverticesarefrom differentsourcesthenanew surfaceis
generatedh thiscell. We needto detectif thereis ary sharpfeature
pointor edgecreatedn the new surface.This canbedoneby using
Kobbeltetal's method[8]. If yes,we storeits positionin this cell.

8 EXPERIMENTAL RESULTS

All our experimentaresultshave beengeneratean a Dell Dimen-
sion8200desktopwith a2.53GHzPentiumd CPU,1.0GBof RAM,
andan Nvidia GeForce4graphicsboardwith 64MB memory Our
implementations not highly optimizedfor speed.

First, we cornvert the FanDisk modelinto an ODF anda UDF
anddemonstrat¢hatthe ODF andUDF canresene sharpfeatures
in the original model. The grid resolutionfor the distance elds
in thisexampleis 65 65 65. All distancesanderrorsarein grid
unit. All renderingimesarein secondFigure7ashownstheoriginal
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Figure 7: Fandisk surfaces: (a) Original surfaces; (b) Surfaces recon-
structed from a regular grid distance eld; (c) Surfaces reconstructed
from an ODF; (d) Surfaces reconstructed from a UDF.

surface. Figure 7b shavs the surfacereconstructedrom a regular
grid distanceeld. Thealiasingaroundfeatureedgesandcornerss

obvious. Figure 7¢ shavs the surfacereconstructedrom its ODF

The ODF is generatedrom the FanDisk meshusing the method
presentedh Section5. Figure8 shavs surfacesreconstructedrom

the ODF at differentstageof iterations. We canseethat the sur

face delity is improved substantiallyand the sharpfeaturescan
befaithfully reconstructedrom the ODF. Figure7d shawvs thesur

facereconstructedrom the UDF. Directeddistancesare storedin

eachcell if the distancebetweenreconstructedntersectionpoints
andtheexactintersectiorpointsaregreaterthan0.1grid units. We

computethe Hausdorf distanceandthe averagedistancebetween
thesereconstructedurfacesandthe original mesh. Table 1 shavs

theconstructiortime, reconstructioriime, andtheerrors.Fromthe

table,we canseethatthe UDF hasthe bestoverall delity perfor

mance.

Table 1: Rendering times and the errors between reconstructed sur-
faces and the original surface.

Surfaces: RegularDF | ODF UDF
Constructionfime 11.8s 57.8s | 12.5s
ReconstructioMime 1.319s 1.438s | 1.533s

Maximum DistanceError 0.97 0.14 0.12
AverageDistanceError 0.006 0.0022 | 0.0018

Table2 shavstheerrorsof the UDF usingdifferentthresholdgo
storethedirecteddistancesAmongall 262,144 cells,therearel5,
406 boundarycellswhich surfacespassthrough,and1,354feature
cellswhich containa featureedgeor a featurecorner Fromtheta-

(@) (b)

© (d)

Figure 8: FanDisk surfaces reconstructed from: (a) A regular grid
distance eld; (b) The ODF after 5 iterations; (c) The ODF after 10
iterations; (d) The ODF after 15 iterations.

ble we canseethatif the errorthresholds 0.1 grid units,thereare
8,933voxelswhichneedo storedirecteddistancesHowever, if the
error thresholdis 0.2 grid units, only 151 voxels needto storedi-
recteddistancesComparedvith Kobbeltetal's enhancedlistance
eld [8] which alwaysstoresdirecteddistancespur representation
cansave substantiamemoryandstoragespacewith negligible ap-
proximationerror.

Table 2: The errors of the UDF under different error thresholds.

Error Threshold: 0.1 0.2 0.3
Voxelswith Features 1354 1354 1354
Voxelswith DirectedDistances| 8933 151 80
AverageDistanceError 0.0018 | 0.0022| 0.00219
Maximum DistanceError 0.1224 | 0.1228| 0.1228

Figure 9 shavs volume sculptingwith an ODF model. Figure
10 shaws volumesculptingwith a UDF model. Theresolutionsof
thesetwo modelsare128 128 128. These gures demonstrate
thatthe newly createdfeaturescanbe reconstructedrom our rep-
resentations.

9 CONCLUSIONS AND FUTURE WORK

We presentedwo novel distance eld representationg/hich can
provide high delity surfacerepresentationsThe ODF is an at-
temptto sampledistance elds on a irregular grid. We presented
a cornversionmethodbasedon reducingan enegy function which
balancesseveral competinggoals of the corversion, suchas the



Figure 9: Volume sculpting on an ODF.

Figure 10: Volume sculpting on a UDF.

overall delity, featurepreseration, andthe quality of the mesh.
We describedseveral stratgiesto solve the optimizationproblem.
We proposedhe UDF asa datastructureto integratemultiple dis-
tanceeld representations’The UDF providesaccuratesurfacerep-
resentatiorwith compactstoragesize andfastrenderingspeedby
adaptvely usingdifferentrepresentationfor differentpartsof the
modelandby explicitly storingfeaturepoints. The UDF is easyto
implementandthe ODF canbe usedto ne tunethegrid for more
e xible andaccurateepresentation/le demonstratethatthe ODF
andUDF areusefulfor volumesculpting.

In the future, we plan to further extend both representations
to octree-baseddaptve distance elds. We alsowantto investi-
gate how to performgeneralizedBooleanoperationshetweerntwo
ODFs,two UDFs, or one ODF andone UDF. Therearea number
of applicationghatneedto employ a generalizedooleanoperator
(e.g.,solidmodelingoverdistanceelds, managementif rangedata
in 3D scanning).How to integrateandmeige ODFsor UDFs and
still maintainan accurateepresentationf featureelementseeds
furtherresearch.
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