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Direct volume rendering can be accomplishedthrough correct
transferfunctionsthat corvert datavaluesto visual propertiessuch
as transparengc and color. Multi-dimensionaltransferfunctions
that have additional axes of gradientmagnitudeand the second
derivative aswell asintensity are useful for the visualizationof

the featuresthatintensityrangesare overlaped,but gradientmag-
nitudesare distinguishable.However, multi-dimensionaltransfer
functionsare hardto control by hand, since correctcombination
of datavaluesof eachaxis shouldbe searchedo nd a correct
voxel rolein termsof boundaryby try anderrorin multi-dimesional
space.In otherwords, somevoxels exactly on a boundaryshould
be totally opaqueandotherssupportingthe boundaryshouldhave

propertransparenciebasedon the distancefrom the boundary In

this paper we presenthow to decidethe voxel role thatis x ed
onceavolumedatasets generateéndsuggesa multi-dimensional
transferfunction that minizes user interactionsthrough the pre-
de ned voxel roles.
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One of the main advantagesof direct volume renderingis to vi-
sualizevolume datawithout generatinggeometricstructures.The
direct volumerenderingsimply corverts eachvolume element(or
voxel) to visual propertiessuchasopacityandcolorandcomposes
the propertiesinto animage. The corverting work is usuallydone
by transferfunctions.Goodtransferfunctionsproducegoodimages
thatvisuzlizeinterestingstructuresn volumedatawhile removing
uninterestingarea.However, it is known that nding goodtransfer
functionis oneof thehardesproblemsn thedirectvolumerender
ing area.

The multi-dimensionalransferfunctionsof direct volumerender
ing are preciselythe mathematicafunctions of several parame-
terssuchasintensity gradientmagnitudeand the secondderiva-
tive. Sincetransferfunctionsthathave morethanonedomainare
hardto controlby hand,mary peoplestill useintensity-baseane-
dimensional1D) transferfunctions. The sunery of [Kindlmann
2002] reviews mary typesof transferfunctionsand describeghe
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reasonsvhy transferfunction generatioris not a trivial work. It

alsoexplainsthattransferfunctionscanbe generalizedy increas-
ing thefunction'sdomain. [Kniss etal. 2001]shavs theadwantage
of multi-dimensionaltransferfunctionsagainstlD transferfunc-

tions. Even thoughmulti-dimensionaltransferfunctionsare hard
to control, the functionsare still useful for separatelyisulizing

severalfeatureghatintensityrangesareoverlappedput otherdata
suchasgradientmagnitudearedistinguishalbe.

Whenmulti-dimensionakransferfunctionsaredesignedjntensity
hasbeernworkedasthe rst axisperfectly Thesecondaxisof trans-
fer functionshasbeengradientmagnituden mary researchesuch
as [Levoy 1988], [Kindlmann andDurkin 1998], [Kniss et al.
2001], [Kniss etal. 2002], and [Kniss et al. 2003] without ary
doubtfor morethana decadesinceit hasbeenbelieved thatsome
region of volumedatawith high gradientmagnitudes likly to have
a boundary(or a feature)that shouldbe visualized. As the third
axis, the directional secondderivative along gradientdirectionis
usedin [Kniss etal. 2001], [Kniss etal. 2002],and [Kniss etal.
2003].

Whenwe consideronly two-dimensional(2D) transferfunctions
with intensity and gradientmagnitude the two parameterslo not
represenboundaryinformationdirectly. If we addonemoreaxis
of the directional secondderiative to the 2D transferfunction,
thenit is more promisingto visualize boundariesbut a bound-
ary and surroundedvoxel information of the boundarystill hide
behidethe threeaxes. [KindlmannandDurkin 1998] suggestsa
semi-automatienethodto nd boundariesn the 2D spaceof inten-
sity andgradientmagnitudethroughhistogramvolumeinspection.
[Kniss et al. 2001] developeda convenientinterfacewith manipu-
lation widgetsto searchboundariesn 3D spaceof intensity gradi-
entmagnitudeandthe directionalsecondderivative. However, the
methodssuggest way to searchboundariesisinggradientmagni-
tudeandthe secondderivative that have no directboundaryinfor-
mation.

Oncea scalarvolumedatasesuchasa medicalvolume datasetis
generatedthe role of eachvoxel of the volumedataseis x edin
termsof boundary In otherwords,someof the voxels are exactly
onaboundarysomearea partof theboundarywith somethickness
andothersarenotrelatedto any boundary If we know therole of
eachvoxel, thentransferfunctiongeneratiorwill be moreintuitive
andeasier In this paper we presentamethodto decidevoxel roles
in termsof boundaryandsuggetanothematavaluesfor thesecond
axisandthethird axisfor multi-dimensionatransferfunctions.

The remainderof the paperis organizedasfollows. In the next

sectionwe review relatedwork. In section3, we presenta method
to decidea voxel role in volumedatain termsof boundary Based
onthevoxel role, we suggeshew opacityfunctionsin sectiord. In

section5, The suggesteapaig functionsareimplementedusing
moderngraphicshardwareandtherenderingresultsareexplained.
Finally, we make conclusionsandsuggest coupleof future work
in section6.



[Levoy 1988]suggestedwo-dimensionatransferfunctionsof in-
tensity and gradientmagnitudeand suggesteca way to visual-
ize multiple semi-transparergurfaces. After the researchmulti-
dimesionaltransferfunctionshave beenthe function of intensity
andgradientmagnitude. [KindlmannandDurkin 1998]suggested
semi-automatigenerationof transferfunctions. They still used
two-dimensionatransferfunctionsof intensityvaluesandgradient
magnitudesThe semi-automatigeneratioralgorithmusessecond
derivatives to automaticallycomputeboundarythicknessat some
intensity value and usesa linear function to assignalphavalues
to the thickness. [Kniss et al. 2001] suggestedhree-dimensional
transferfunctionsandinteractive interfacewidgets. The suney of
[Kindlmann2002]explainsmary kindsof transferfunctions butall
multi-dimensionatransferfunctionsarethe functionsof intensity
gradientandthe secondieriative.

Distancemap have beenusedfor volume renderingin [Gibson
1998a]and [Gibson1998b]. For the purposeof binary segmented
volumedatavisualization thedistancenapmethodwasdeveloped.
This reasearchgave us a hint on the multi-dimensionaltrasnfer
functiondesign sincethe distancenaphasaninterestingcharacter
like that: the zero-\alueiso-surficeof the distancemapyieldsthe
objectsurface.

Gradientmagnitudehasbeenusedfor the secondaxis of transfer
functionswithout ary doubt,sinceit containsthe rate of chageof

valuesand allows the distinction betweenhomogeneousegions

and transition regions [Kindlmann 2002]. Even though most
boundariesare in the transition regions that have high gradient
magnitudegradientmagnituddtself doesnotrepresenboundaries
clearly In otherwords,someregion thathave relatively low gradi-

entmagnitudecanbeaboundarywhile high gradientregion cannot
beaboundary The secondderivative asoneof the axesof transfer
functionsis promisingto nd boundariessincethe zero-crossing
locationsof it canbe boundariesHowever, it still hasfalsebound-
ariesat thelocal minimaof the gradientmagnitude We belive that

thereasonsnale transferfunctiongeneratiorhard. In this section,
we exploit boundarydetectiontechniquesindsuggesanotherdata
valuesfor the secondaxis of transferfunctions.

Many boundarydetection(or edgedetection)algorithmshave been
developedin the image processingand patternrecognitionareas.
Oneof the traditionaledgedetectiontechnigess Canry's method
that nds the local maximaalong the gradientdirection [Canry

1983]. The mostcommonedgedetectionschemesnclude three
operationsdifferentiation smoothingandedgelabeling [Ziou and
Tabbonel998].

First, differentiationis the computationof the derivativesto iden-
tify edges.We computegradientvectorsrepresentetty f using
the centraldifferenceoperatorand the magnitudeof the gradient
vectoris f . Thenormalizedgradientvectoris computedas
following:

n —— @)

The frequently used second-orderderivative operatorsare the
Laplacianoperatorandthe directionalsecond-ordederivative. In
this paperwe computeandusethedirectionalsecond-ordederiva-
tive alonggradientdirection. The operatoris de nded by:
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Secondfor the smoothingpurposea bilateral Iter thatsmoothes
datavalueswhile preservingedges[Tomasiand Manduchi1998],
is appliedto gradientmagnitudeandthe directionalsecondderiva-
tive. A bilateral lter consistof adomain lter ,\WWy X , andarange
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whereN, is the setof neighborsof x. The domain Iter, Wy x ,

computeshe weightsof eachvoxel basedon spatialdistanceat x

andtherange Iter , W x , measureshe “photometric” similarity

betweena function value at x andthe neighborhoodunction val-

uesof centerx. The bilateral Iter thatcombinesthe domainand
range lters andgenerates new functionvalue, f x , is described
asfollows:
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Finally, edgelabelingis to identify authenticedgeswhile suppress-
ing falseedgegroducedy thereason®f noiseandnon-maximum
highgradienimagnitudevalues.Sincewe asssuméhatvolumedata
have reasonablhigh signal-to-noiseatio andsomenoisethatcan

beaccumulateéh the rst andsecondierivative computationss re-

ducedby abilateral Iter , we consideonly remaoving the“phantom

edges’(de nedin [Clark 1989]) or non-maximumgradientmag-

nitudeamongthe zero-crossindgocationsof the directionalsecond
derivative. To detectthe zero-crossindocationsof the directional

secondderivative in 3D space,we computethe deriative values

with Equation(2) at every voxel andwe composea cubethat has

the eightdirectionalsecondderiative valuesat eachvertex. If the

eightvaluesof eachvertex doesnot have the samesigns,thenthe

cubecontainsthe zero-crossindpcations.

The suney, [Ziou and Tabbonel998], shaws several waysto re-

move the phantomedges but the edgescanbe distinguisedeasily
by climbingthegradientmagnitudevaluesalonggradientdirection,
whenwe decidevoxel roles. In the next sub-sectionwe present
how to decidetherolesof eachvoxel in termsof boundaryandhow

to remove thephantomedges.

Sincethe direct volumerenderingvisualizesvolume datawithout
generatingary geometricstructure,we do not needto searchthe
completesurfacesof the zero-crossindocationsof the directional
secondderivatives. Insteadof searchinghe surfaces,it is enough
to nd propertransparenciefor all voxels. If we know therolesof
eachvoxel in termsof boundarythenwe canassigncorrecttrans-
parenciedo the voxels easily basedon the voxel roles. In other
words, if avoxel is exactly on a boundary thenthe voxel should



betotally opaquewhile avoxel thatis a partof the boundarywith
somethicknessshouldhave propertransparenc

In this paper we de ne voxel roleswith distanceto an authentic
edge. The distanceis Euclideandistancealong gradientdirection
in 3D space.To computea distancefrom a voxel to an authentic
edge,two rays are shotto the both directionsof the positive and
negative gradientat every voxel location. The two valuesof gradi-
entmagnitudeandthedirectionalsecondlerivative areinterpolated
with thetri-linear interpolationmethodat every samplinglocations
alongbothpositive andnegative gradientdirections.If thegradient
magnitudevaluesdecreaset the samplinglocationsof one of the
gradientdirections,thenthe ray thathasdecreasingradientmag-
nitudevaluesis stoppedto go furtherandonly the otherdirection
ray keepsgoing until it hit a zero-crossindocationsof the direc-
tional secondderivative. Sincegradientdirectionis perpendicular
to theedgeorientation [Ziou and Tabbonel998],if we follow the
gradientdirectionsof a voxel thatis closeto a boundarywe easily
nd azero-crossingocationsor aboundaryin 3D space.
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Figure1: The Voxel Role or DistanceComputationby Sampling
from a Voxel to an AuthenticEdgealongthe GradientDirection of
the Voxel

Figure 1 shavs a 2D exampleon computinga distancefrom a
voxel to an authenticedgealong the negative gradientdirection.
Ideally, the two valuesof gradientmagnitudeand the directional
secondderivative are changedike Figure 2 along both positive
andnegative gradientdirections.
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Figure2: The Authenticand FalseEdgesand The Relationsof f,
f,andf

The samplinglocationsare representedy xst X t—

x

where dmax t dmax If thesignsof thetwo directionalsecond
derivative valuesarechangedtthetwo consecutie samplingloca-
tionsoft; andt, asfollowing, f xs t1 f xto 0, thenwe
computeheexactzero-crossindpcationwith thebisectionmethod,
[Buchanamand Turner1992]. Experimentallywe decidethe sam-
pling intenal anddmax suchasLmin 5 andLmin 15 respectiely,
whereLmin  Min Width of a Voxel, Height of a Voxel, Depthof
aVoxel .

(c) Engine

Figure3: Volume DataSlice(left), the Directional SecondDeriva-
tive(middle)and Distance(right): The red and blue colors of the
middleimagesrepresenthe negative andpositive valuesof the di-
rectionalsecondderivative respectiely.

Figure4: Turbin BladeDistancelmage: Theright-handsideimage
is theenlagedpictureof theleft imageof theyellow box.

Figure 3 shaws the resultsof the distanceandthe directionalsec-
ondderivative computatioraswell aseachdataseslice. The posi-

tive andnegative secondierivative valuesarecoloredwith blueand
redrespectrely. Therefore the zero-crossindocationsof the sec-
ondderiative are betweerthe two colors. To denotethe distance
valuesthroughimageswe linearly ip thedistancevalues.For ex-

ample,if the distancevaluesatd x rangesfrom 0 to dmax then
we simply computethe following formulafor eachpixel value of

Figure3 (right) andFigure4.
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In this section,we suggestthe opacity functions of the distance
from a voxel to an authenticedgeandthe 2D opacityfunctionsof
intensityandgradientmagnitudeat hit locations.The two kinds of
opacity functionsare multiplied to generatehe nal opacitiesof
eachvoxel.

Oncewe decideeachvoxel role in termsof boundary the trans-
pareng of eachvoxel can be generateckasily basedon the role
or the distancethatis computedin the previous section. We sug-
gestthreedifferentopacityfunctions linear, concae nonlinearand
corvex nonlinearfunctionsasFigure 5. Thelinearopacityfunction
isto mapthe ipped distanceandtheconcae andcorvex nonlinear
funcionsusethen-th power of the distanceasfollowing:
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where0 dc dnax O a 1,andn 1. Equation 7, 8 and

9 arelinear (Figure 5 (a)), concae nonlinear(Figure 5 (b)), and
corvex nonlinear(Figure 5 (c)) opacityfunctionsrespectiely. The
locationof the threeopacityfunctionsare controledwith d. anda
andn dominateghe shapeof the nonlinearfunctions.
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Figure5: AlphaMaps

Sincethe opacityfunction,aq d , is computedbasedon only dis-
tance,we de ne anotheropacity function of intensity like ay v
thatis controledby a user The nal opacityvalueis computed
by the multiplication of the two opacity functions as following,
ay v aq d. Theopacityfunction hashoth of usercontroland
automaticopacity generation.While a userturn on somerangeof
theintensityvalueswith ay v by assigninga totally opaquevalue
suchasl, aq d automaticallygeneratehe opacitiesof eachvoxel
with the alphamapof Figure 5. ay v alsoprovidesthe rampsof
traditional 1D transferfunctions.

Mostmulti-dimensionatransferfunctionshave gradientmagnitude
for the secondaxis, while intensity works asthe rst axis. The

2D transferfunctionsof intensityandgradientmagnitudearemore
powerful than1D transferfunctionsto visualizeseparatelyseveral

featuresthat have the overlappedintensity ranges,but the distin-

guishablegradientmagnituderanges. However, asthe dimension
of transferfunctionsis extendedto 2D spaceijt is muchharderto

controlby hand.Oneof the mainreasonss that,to visualizeanin-

terestingfeatureor aboundarywhile we decidetheintensityrange
of thefeature we alsoneedto searchthe gradientmagnituderange
of the feature. In otherwords, we needto searchthe combined
rangeof intensityandgradientmagnitude.

Sincedirectvolumerenderingassumethatmostboundarie®f vol-

umedatahave somethicknessall voxelsthatarein athick bound-
ary (or boundaryvoxels) shouldbe visualizedwith propertrans-
parencieswhile iso-surbcingextractsvery thin surfacesat the ex-

act locationsof a boundary Therefore,the gradientmagnitude
rangeof a featurecanvary from a relatively small valueto a big

valuein athick boundary Eventhoughall voxel's opacitiesof a

volumedatasetredecidedby somepre-processingt is notatriv-

ial work to collect boundaryvoxels throughsearchinga gradient
magnituerange.

Toreducehegradientmagnitudeaangesearchingvork, wereplace
eachvoxel's gradientmagnitudevaluewith theinterpolatedgradi-
entmagnitudevalueat the hit location. Whenwe computethe dis-
tanceasin Figure 1, thegradientmagnitudevalueatthehit location
is interpolatedoy thetri-linear interpolationmethod.If we usethe
interpolatedgradientmagnitudeat hit locationasthe secondaxis,
thenit will make the searchingvork easier sincewe only have to
considetthegradientmagnituderangeata boundary

The2D opacityfunctionof intensityandgradientmagnitudds rep-
resente@say Vv g , whereg representgradientmagnitudeof each
voxel atthehit location. Eachvoxel's opacityis nally decidedby
ayvg aq d.The2D opacityfunction,ay v g , is controledby
auserlike [Knissetal. 2001]'s function, but the opacityvaluesof
eachvoxel canbe 1 always, sincethe opacityfunciton of distance,
aq d , generateslphavalues. A useronly have to selectsome
regionsto be visualizedin the 2D spaceof intensity and gradient
magnitude.

The3rd columnof Figure 6 shawvs the graphsof intensityandgra-
dient magnitudeat the hit locationthatis describedn Figure 1.
The eachslice of Figure 3 is usedfor the graphs. We caneasily
recognizethateachblob of the 3rd columngraphsof Figure 6 rep-
resentsa boundaryand the blobs are usually locatedin the local
maximaof gradientmagnitudgthe 1stcolumngraphsof Figure 6)
or in the zero-crossindocationsof the secondderiative (the 2nd
columngraphsof Figure 6).

We have implementeda 3D texture-based/olume rendererusing
nVidia graphicscardssuchasGeForce3,4, andFX. Sincethecards
provide atleastfour 3D multi-texturesanddependentexturereads
with register combiners,the mult-dimensionaltransferfunctions
canbe implementedon a PC equippedwith thosegraphicscards.
As far aswe usea single PC,the maximumresolutionof theload-
ablevolumedatais governedby the texture memorysize of those
graphicscards. To visualizea large size volume datasetwe also
have implementeda 3D texture-basecparallel volume rendering



fvs. f

fvs. f fvs. f

(a) Visible HumanMale CT

(b) MRI Brain

(c) Engine

Figure 6: The Graphsof f vs. f (1stColumn), f vs. f (2nd
Column),and f vs. f (3rd Column): The f and f valuesof the
3rd columngraphsareinterpolatedat the hit locationsof the zero-
crossingsecondderivative. Eachslice of (a), (b), and(c) of Figure
3is usedto generatéhesegraphs.

tool, but we skip the detail description,sincethe topic is beyond
this paper

Figure 7 shavstherenderingpipeline in anVidia GeForcecard.In
therenderingpipeline,dependentextureis usedfor implementing
theopacityfunction,ay v g thatis controledby auserandassign-
ing colorsto eachvoxel with the color functionof v andg. For the
shadingpurposediffuseis computedby the dot productof a light
vector L, anda normalvector N. The normal vectorsof voxels
arestoredin a 3D texture memorywith the RGB format. The dot
productof the half vector H L V 2, andanormalvector
N, computeghe specularcontritution. To avoid too wide specular
area,we computethe 8th power of thedot product, H N 8, with
theregistercombiners.

The volumerenderingpipelinerequiresthe six componentsRGB

normal,intensity (v), gradientmagnitude(g), anddistance(d), for

eachvoxel. If we wantto visualizea 256°> volume dataset(=16

Mbytes), then we needat least256° 6, (=96 Mbytes) texture

memory To reducethe texture memoryrequirementour imple-

mentationrelieson hardware assistingtexture compressionhatis

one of the ARB OpenGLextensions. Especially we usethe s3tc
texture compressiorformat [NVIDIA 2004]thatis provided by

thenVidia graphicscards.Sincetheformattreatsa4 4 block as

a singlepixel, the compressiomatiois 1 16. In ourimplementa-
tion, the s3tccompressioriormatis usedfor only normalvectors,
andtherenderingresultsarereasonablyacceptablsvithout hurting

renderingperformancea lot, eventhoughit is alossycompression
method.If we usethetexturecompressioformat,thentheloadable
maximumresolutionof a graphicscardthathas128 Mbyte texture

memoryis 256 256 512.

We generatedeveralimagedo testthedistance-basechultidimen-
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Figure7: RenderingPipelinein anVidia GeForceCard: Threetex-
ture volume datasetdeed into the registercombinersanda RGB
colorandanalphavaluearecomputedvith theregistercombiners.
The solid lines representlata o w and processesnd the dashed
line indicatetheregistercombiners.

Figure 8: The Turbine Blade Graphsand an Alpha Map: (a) is
the generalgraphof f vs. f, (b) is the graphof f vs. f at Hit
Locationsand(c) is thealphamap,a, v g , de ned by auser

sionaltransferfunctionswith several alphamaps. First, all voxels
areturnedon by assigningl to all voxelsthatarein the white re-
gion of Figure 8 (c) andwe adjustthe alphamapparametersf a
andn and x edd. like Figure 9. Whenwe wantto visualizethick
andopaqueboundarie®f a volumedatasetthenthe corvex alpha
mapof Figure 9 (c) will beusefull,while the concae alphamaps
of Figure 9 (c) - (e) areusefulto make boundarieghinner Figure
9 shaws that simply assigningsmallalphavaluesto eachvoxel (a)
is differentfrom makingboundanthinner(e).

Sincethe gradientmagnitudevalue of a voxel is replacedwith the

valueatthehit locationof the zero-crossingecondleriative, it is

easyto decidea gradientmagnituderange. Figure 10 shows the

adwantangeof the f vs. f graphatthehit locations(b), againsthe

generalf vs. f graph,(a). You canseea featurethathasa wide

gradientmagnituderangefrom the top to the bottomof Figure 10

(a)andtherangeis mixedwith otherfeatures However, thefeature
is easilydistingushablén Figure 10 (b). Therefore the proposed
multi-dimensionatransferfunction canreduceuserinteraction.

Oneof the main reasonghat make transferfunction geneneration
hardis a hugenumberof degreesof freedom. Even thoughwe
consideronly 1D transferfunctions,eachcontrol point hasthe two
degreesof freedomin intensityandtransparencaxes.However, in
the proposedmulti-dimensionakransferfunctions,the numberof
degreesof freedomis reducedvery much,sincethe alphavaluesof
eachvoxel aredecidedby thealphafunction,ayq d , automatically
Plus,sincetheshapeandlocationof aq d canbecontroledby the
threeparametersa, dc, andn, a usercan adjustthe transparengc
effect.



In this paperwe presentedhe multi-dimensionatransferfunctions
of intensity gradientmagnitudeat hit location,anddistanceto the

zero-crossindpcationsof thesecondlerivative. Multi-dimensional
transferfunctionsare betterthan 1D transferfunctionsto visual-

ize separatelysomefeatureshathave overlappedntensityranges,
but distinguishablggradientmagnituderanges. However, the tra-

ditional multi-dimesionaltransferfunctionsare hardto control by

hand,sincethe functionshave an enormousnumberof degreesof

freedom. The proposedmulti-dimensionaltransferfunctionscan
reducethe numberof degreesof freemradically sincethe alpha
valuesof all voxelsaredecidedautomaticallywith thethreeparam-
etersa, dc, andn basedn distanceo thezero-crossindpcationof

thesecondlerivative. Plus,thegradientmagnitudeangesearching
time canbe saved, sinceeachvoxel's gradientmagnitudevaluesis

replacedvith the gradientmagnitudevalueof the hit location.

Sincewe use2D dependentexturefor thealphafunction,a, vg ,

anddistanceis convertedto transparanchby alook up tablethatis

computedwith ag d , thetwo alphafunctionsareseparatedh the

renderingpipeline. Therefore we only canusethe samefunction,

aq d, for all vandg. We needto modity the renderingpipeline
to implement3D dependentexture or a similar thing. Anotherim-

provementof this paperis to shav honv muchbilateral Iters can
improve Canry's edgedetector Originally, Canry's edgedetector
is combinedwith Gaussianlters.
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Figure9: TurbineBladeRenderingwith several Alpha Maps

(a) Generalf vs. f (b) f vs. f atHit Locations

Figurel0: TheToothDataseGraphs
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Figure11: Renderedmagesof the Tooth Dataset:Eachimageof
A - H is generatedy usingthe alaphmaps,A - H, of Figure 12
andthecorvex alphamapof Figure 9 (b) is usedfor aq d
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Figure12: Alpha Maps, ay v g , for the Tooth Imagesof Figure
11

d max ;
(a) UserDe ned OpacityFunctionin 2D Spaceof Intensityand
GradientMagnitude:Gradientmagnitudds replacewith thevalue
atthe hit locationsof the zero-crossingecondlerivative

(b) Renderedmage: Thetwo alphafunctionsareusedto generate
thisimage,ay vg of (a)anday d of Figure 9 (b). Two
differentregionsarerenderechtthe sametime.

Figurel3: Toothimage

(a) Generalf vs. f (b) f vs. f atHit Locations

dmax D
(c) UserDe ned OpacityFunctionin 2D Spaceof Intensityand
GradientMagnitude:Gradientmagnitudds replacewith thevalue
atthehit locationsof the zero-crossingecondierivative

(d) Renderedmage: Thetwo alphafunctionsareusedto generate
thisimage,ay vg of (a)andag d of 9(b).

Figurel4: Visible HumanMale CT



