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Direct volume rendering can be accomplishedthrough correct
transferfunctionsthatconvert datavaluesto visualpropertiessuch
as transparency and color. Multi-dimensionaltransferfunctions
that have additional axes of gradientmagnitudeand the second
derivative as well as intensity, are useful for the visualizationof
the featuresthat intensityrangesareoverlaped,but gradientmag-
nitudesare distinguishable.However, multi-dimensionaltransfer
functionsare hard to control by hand,sincecorrectcombination
of datavaluesof eachaxis shouldbe searchedto �nd a correct
voxel rolein termsof boundaryby try anderrorin multi-dimesional
space.In otherwords,somevoxels exactly on a boundaryshould
be totally opaqueandotherssupportingtheboundaryshouldhave
propertransparenciesbasedon thedistancefrom theboundary. In
this paper, we presenthow to decidethe voxel role that is �x ed
onceavolumedatasetis generatedandsuggestamulti-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-
sualizevolumedatawithout generatinggeometricstructures.The
direct volumerenderingsimply convertseachvolumeelement(or
voxel) to visualpropertiessuchasopacityandcolorandcomposes
thepropertiesinto an image.Theconvertingwork is usuallydone
by transferfunctions.Goodtransferfunctionsproducegoodimages
thatvisuzlizeinterestingstructuresin volumedatawhile removing
uninterestingarea.However, it is known that�nding goodtransfer
functionis oneof thehardestproblemsin thedirectvolumerender-
ing area.

Themulti-dimensionaltransferfunctionsof direct volumerender-
ing are preciselythe mathematicalfunctions of several parame-
terssuchas intensity, gradientmagnitudeand the secondderiva-
tive. Sincetransferfunctionsthathave morethanonedomainare
hardto controlby hand,many peoplestill useintensity-basedone-
dimensional(1D) transferfunctions. The survery of [Kindlmann
2002] reviews many typesof transferfunctionsanddescribesthe
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reasonswhy transferfunction generationis not a trivial work. It
alsoexplainsthattransferfunctionscanbegeneralizedby increas-
ing thefunction'sdomain. [Knissetal. 2001]shows theadvantage
of multi-dimensionaltransferfunctionsagainst1D transferfunc-
tions. Even thoughmulti-dimensionaltransferfunctionsarehard
to control, the functionsare still useful for separatelyvisulizing
several featuresthat intensityrangesareoverlapped,but otherdata
suchasgradientmagnitudearedistinguishalbe.

Whenmulti-dimensionaltransferfunctionsaredesigned,intensity
hasbeenworkedasthe�rst axisperfectly. Thesecondaxisof trans-
fer functionshasbeengradientmagnitudein many researchessuch
as [Levoy 1988], [Kindlmann andDurkin 1998], [Kniss et al.
2001], [Kniss et al. 2002], and [Kniss et al. 2003] without any
doubtfor morethana decade,sinceit hasbeenbelievedthatsome
regionof volumedatawith highgradientmagnitudeis likly to have
a boundary(or a feature)that shouldbe visualized. As the third
axis, the directionalsecondderivative along gradientdirection is
usedin [Kniss et al. 2001], [Kniss et al. 2002],and [Kniss et al.
2003].

When we consideronly two-dimensional(2D) transferfunctions
with intensityandgradientmagnitude,the two parametersdo not
representboundaryinformationdirectly. If we addonemoreaxis
of the directional secondderivative to the 2D transferfunction,
then it is more promising to visualizeboundaries,but a bound-
ary and surroundedvoxel information of the boundarystill hide
behidethe threeaxes. [Kindlmann andDurkin 1998] suggestsa
semi-automaticmethodto �nd boundariesin the2D spaceof inten-
sity andgradientmagnitudethroughhistogramvolumeinspection.
[Kniss et al. 2001]developeda convenientinterfacewith manipu-
lationwidgetsto searchboundariesin 3D spaceof intensity, gradi-
entmagnitudeandthedirectionalsecondderivative. However, the
methodssuggesta way to searchboundariesusinggradientmagni-
tudeandthesecondderivative thathave no directboundaryinfor-
mation.

Oncea scalarvolumedatasetsuchasa medicalvolumedatasetis
generated,the role of eachvoxel of thevolumedatasetis �x ed in
termsof boundary. In otherwords,someof thevoxelsareexactly
onaboundary, someareapartof theboundarywith somethickness
andothersarenot relatedto any boundary. If we know therole of
eachvoxel, thentransferfunctiongenerationwill bemoreintuitive
andeasier. In this paper, we presenta methodto decidevoxel roles
in termsof boundaryandsuggetanotherdatavaluesfor thesecond
axisandthethird axisfor multi-dimensionaltransferfunctions.

The remainderof the paperis organizedas follows. In the next
section,we review relatedwork. In section3, we presenta method
to decidea voxel role in volumedatain termsof boundary. Based
onthevoxel role,wesuggestnew opacityfunctionsin section4. In
section5, The suggestedopaicy functionsareimplementedusing
moderngraphicshardwareandtherenderingresultsareexplained.
Finally, we make conclusionsandsuggesta coupleof futurework
in section6.
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[Levoy 1988]suggestedtwo-dimensionaltransferfunctionsof in-
tensity and gradientmagnitudeand suggesteda way to visual-
ize multiple semi-transparentsurfaces. After the research,multi-
dimesionaltransferfunctionshave beenthe function of intensity
andgradientmagnitude. [KindlmannandDurkin 1998]suggested
semi-automaticgenerationof transferfunctions. They still used
two-dimensionaltransferfunctionsof intensityvaluesandgradient
magnitudes.Thesemi-automaticgenerationalgorithmusessecond
derivatives to automaticallycomputeboundarythicknessat some
intensity value and usesa linear function to assignalphavalues
to the thickness. [Kniss et al. 2001] suggestedthree-dimensional
transferfunctionsandinteractive interfacewidgets.Thesurvey of
[Kindlmann2002]explainsmany kindsof transferfunctions,but all
multi-dimensionaltransferfunctionsarethe functionsof intensity,
gradient,andthesecondderivative.

Distancemap have beenusedfor volume renderingin [Gibson
1998a]and [Gibson1998b].For thepurposeof binarysegmented
volumedatavisualization,thedistancemapmethodwasdeveloped.
This reasearchgave us a hint on the multi-dimensionaltrasnfer
functiondesign,sincethedistancemaphasaninterestingcharacter
like that: thezero-valueiso-surfaceof thedistancemapyields the
objectsurface.
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Gradientmagnitudehasbeenusedfor the secondaxis of transfer
functionswithout any doubt,sinceit containsthe rateof chageof
valuesand allows the distinction betweenhomogeneousregions
and transition regions [Kindlmann 2002]. Even though most
boundariesare in the transition regions that have high gradient
magnitude,gradientmagnitudeitself doesnot representboundaries
clearly. In otherwords,someregion thathave relatively low gradi-
entmagnitudecanbeaboundary, while highgradientregioncannot
bea boundary. Thesecondderivative asoneof theaxesof transfer
functionsis promisingto �nd boundaries,sincethe zero-crossing
locationsof it canbeboundaries.However, it still hasfalsebound-
ariesat thelocal minimaof thegradientmagnitude.We belive that
thereasonsmake transferfunctiongenerationhard.In this section,
we exploit boundarydetectiontechniquesandsuggestanotherdata
valuesfor thesecondaxisof transferfunctions.
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Many boundarydetection(or edgedetection)algorithmshavebeen
developedin the imageprocessingandpatternrecognitionareas.
Oneof the traditionaledgedetectiontechniqesis Canny's method
that �nds the local maximaalong the gradientdirection [Canny
1983]. The most commonedgedetectionschemesinclude three
operations:differentiation,smoothingandedgelabeling [Ziou and
Tabbone1998].

First, differentiationis the computationof the derivatives to iden-
tify edges.We computegradientvectorsrepresentedby 4 f using
the centraldifferenceoperatorand the magnitudeof the gradient
vector is 5�4 f 5 . The normalizedgradientvector is computedas
following:

6

n 7

4 f
584 f 5

(1)

The frequently used second-orderderivative operatorsare the
Laplacianoperatorandthe directionalsecond-orderderivative. In
thispaper, wecomputeandusethedirectionalsecond-orderderiva-
tivealonggradientdirection.Theoperatoris de�ndedby:
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Second,for thesmoothingpurpose,a bilateral�lter thatsmoothes
datavalueswhile preservingedges[TomasiandManduchi1998],
is appliedto gradientmagnitudeandthedirectionalsecondderiva-
tive. A bilateral�lter consistsof adomain�lter ,Wd <
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whereN
A

x is the setof neighborsof
6

x. The domain�lter , Wd <
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Finally, edgelabelingis to identify authenticedgeswhile suppress-
ing falseedgesproducedby thereasonsof noiseandnon-maximum
highgradientmagnitudevalues.Sinceweasssumethatvolumedata
have reasonablyhigh signal-to-noiseratio andsomenoisethatcan
beaccumulatedin the�rst andsecondderivativecomputationsis re-
ducedby abilateral�lter , weconsideronly removing the“phantom
edges”(de�ned in [Clark 1989])or non-maximumgradientmag-
nitudeamongthezero-crossinglocationsof thedirectionalsecond
derivative. To detectthezero-crossinglocationsof thedirectional
secondderivative in 3D space,we computethe derivative values
with Equation(2) at every voxel andwe composea cubethathas
theeightdirectionalsecondderivative valuesat eachvertex. If the
eightvaluesof eachvertex doesnot have thesamesigns,thenthe
cubecontainsthezero-crossinglocations.

The survey, [Ziou andTabbone1998], shows several waysto re-
move thephantomedges,but the edgescanbe distinguisedeasily
by climbingthegradientmagnitudevaluesalonggradientdirection,
whenwe decidevoxel roles. In the next sub-section,we present
how to decidetherolesof eachvoxel in termsof boundaryandhow
to remove thephantomedges.
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Sincethe direct volumerenderingvisualizesvolumedatawithout
generatingany geometricstructure,we do not needto searchthe
completesurfacesof thezero-crossinglocationsof thedirectional
secondderivatives. Insteadof searchingthesurfaces,it is enough
to �nd propertransparenciesfor all voxels. If we know therolesof
eachvoxel in termsof boundary, thenwe canassigncorrecttrans-
parenciesto the voxels easily basedon the voxel roles. In other
words, if a voxel is exactly on a boundary, thenthe voxel should



betotally opaque,while a voxel that is a partof theboundarywith
somethicknessshouldhave propertransparency.

In this paper, we de�ne voxel roleswith distanceto an authentic
edge. The distanceis Euclideandistancealonggradientdirection
in 3D space.To computea distancefrom a voxel to an authentic
edge,two raysareshot to the both directionsof the positive and
negative gradientat every voxel location.Thetwo valuesof gradi-
entmagnitudeandthedirectionalsecondderivativeareinterpolated
with thetri-linear interpolationmethodat everysamplinglocations
alongbothpositive andnegativegradientdirections.If thegradient
magnitudevaluesdecreaseat thesamplinglocationsof oneof the
gradientdirections,thentheray thathasdecreasinggradientmag-
nitudevaluesis stoppedto go furtherandonly theotherdirection
ray keepsgoing until it hit a zero-crossinglocationsof the direc-
tional secondderivative. Sincegradientdirectionis perpendicular
to theedgeorientation [Ziou andTabbone1998],if we follow the
gradientdirectionsof a voxel that is closeto a boundary, we easily
�nd a zero-crossinglocationsor a boundaryin 3D space.

Sampling Locations

Hit
Location

Voxel

False Boundary

Authentic Boundary

Gradient Vector

Figure1: The Voxel Role or DistanceComputationby Sampling
from a Voxel to anAuthenticEdgealongtheGradientDirectionof
theVoxel

Figure 1 shows a 2D exampleon computinga distancefrom a
voxel to an authenticedgealong the negative gradientdirection.
Ideally, the two valuesof gradientmagnitudeand the directional
secondderivative are changedlike Figure 2 along both positive
andnegative gradientdirections.
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Figure2: TheAuthenticandFalseEdgesandTheRelationsof f ,
f � , and f � �

The samplinglocationsare representedby
6

xs
<

t =�7

6

x
�

t
� f

@3A

xC

�

� f
@3A

xC

� ,

where ? dmax �

t
�

dmax. If thesignsof thetwo directionalsecond
derivativevaluesarechangedat thetwo consecutivesamplingloca-
tionsof t1 andt2 asfollowing, f � �

<

6

xs
<

t1 = =�� f � �

<

6

xs
<

t2 = =

�

0, thenwe
computetheexactzero-crossinglocationwith thebisectionmethod,
[BuchananandTurner1992]. Experimentally, we decidethesam-
pling interval anddmax suchasLmin�

5 andLmin � 15 respectively,
whereLmin 7 Min

<

Width of a Voxel, Heightof a Voxel, Depthof
aVoxel = .

(a)VisibleHumanMaleCT

(b) MRI Brain

(c) Engine

Figure3: VolumeDataSlice(left), theDirectionalSecondDeriva-
tive(middle)and Distance(right):The red and blue colors of the
middleimagesrepresentthenegative andpositive valuesof thedi-
rectionalsecondderivative respectively.

Figure4: TurbinBladeDistanceImage:Theright-handsideimage
is theenlargedpictureof theleft imageof theyellow box.

Figure 3 shows theresultsof thedistanceandthedirectionalsec-
ondderivative computationaswell aseachdatasetslice. Theposi-
tiveandnegativesecondderivativevaluesarecoloredwith blueand
redrespectively. Therefore,thezero-crossinglocationsof thesec-
ondderivative arebetweenthe two colors. To denotethedistance
valuesthroughimages,we linearly �ip thedistancevalues.For ex-
ample,if the distancevaluesat d

<

6

x= rangesfrom 0 to dmax, then
we simply computethe following formula for eachpixel valueof
Figure3 (right) andFigure4.
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In this section,we suggestthe opacity functionsof the distance
from a voxel to anauthenticedgeandthe2D opacityfunctionsof
intensityandgradientmagnitudeat hit locations.Thetwo kindsof
opacity functionsaremultiplied to generatethe �nal opacitiesof
eachvoxel.
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Oncewe decideeachvoxel role in termsof boundary, the trans-
parency of eachvoxel can be generatedeasily basedon the role
or the distancethat is computedin the previous section. We sug-
gestthreedifferentopacityfunctions,linear, concavenonlinear, and
convex nonlinearfunctionsasFigure 5. Thelinearopacityfunction
is to mapthe�ipped distanceandtheconcaveandconvex nonlinear
funcionsusethen-th power of thedistanceasfollowing:
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where0 � dc � dmax, 0 � a � 1, andn � 1. Equation 7, 8 and
9 arelinear (Figure 5 (a)), concave nonlinear(Figure 5 (b)), and
convex nonlinear(Figure 5 (c)) opacityfunctionsrespectively. The
locationof the threeopacityfunctionsarecontroledwith dc anda
andn dominatestheshapeof thenonlinearfunctions.
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Figure5: AlphaMaps

Sincetheopacityfunction,ad <

d = , is computedbasedon only dis-
tance,we de�ne anotheropacity function of intensity like au

<

v=

that is controledby a user. The �nal opacity value is computed
by the multiplication of the two opacity functionsas following,
au

<

v= � ad <

d = . The opacityfunctionhasboth of usercontroland
automaticopacitygeneration.While a userturn on somerangeof
theintensityvalueswith au

<

v= by assigninga totally opaquevalue
suchas1, ad <

d = automaticallygeneratetheopacitiesof eachvoxel
with thealphamapof Figure 5. au

<

v= alsoprovidestherampsof
traditional1D transferfunctions.
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Mostmulti-dimensionaltransferfunctionshavegradientmagnitude
for the secondaxis, while intensity works as the �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 space,it is muchharderto
controlby hand.Oneof themainreasonsis that,to visualizeanin-
terestingfeatureor aboundary, while wedecidetheintensityrange
of thefeature,we alsoneedto searchthegradientmagnituderange
of the feature. In other words, we needto searchthe combined
rangesof intensityandgradientmagnitude.

Sincedirectvolumerenderingassumesthatmostboundariesof vol-
umedatahave somethickness,all voxelsthatarein a thick bound-
ary (or boundaryvoxels) shouldbe visualizedwith propertrans-
parencies,while iso-surfacingextractsvery thin surfacesat theex-
act locationsof a boundary. Therefore,the gradientmagnitude
rangeof a featurecanvary from a relatively small valueto a big
value in a thick boundary. Even thoughall voxel's opacitiesof a
volumedatasetaredecidedby somepre-processing,it is nota triv-
ial work to collect boundaryvoxels throughsearchinga gradient
magnituerange.

To reducethegradientmagnituderangesearchingwork,wereplace
eachvoxel's gradientmagnitudevaluewith theinterpolatedgradi-
entmagnitudevalueat thehit location.Whenwe computethedis-
tanceasin Figure 1, thegradientmagnitudevalueatthehit location
is interpolatedby thetri-linear interpolationmethod.If we usethe
interpolatedgradientmagnitudeat hit locationasthesecondaxis,
thenit will make thesearchingwork easier, sincewe only have to
considerthegradientmagnituderangeata boundary.

The2D opacityfunctionof intensityandgradientmagnitudeis rep-
resentedasau

<

v
E

g= , whereg representsgradientmagnitudeof each
voxel at thehit location.Eachvoxel's opacityis �nally decidedby
au

<

v
E

g= � ad <

d = . The2D opacityfunction,au
<

v
E

g= , is controledby
a userlike [Kniss et al. 2001]'s function,but theopacityvaluesof
eachvoxel canbe1 always,sincetheopacityfuncitonof distance,
ad <

d = , generatesalphavalues. A useronly have to selectsome
regionsto be visualizedin the 2D spaceof intensityandgradient
magnitude.

The3rd columnof Figure 6 shows thegraphsof intensityandgra-
dient magnitudeat the hit location that is describedin Figure 1.
The eachslice of Figure 3 is usedfor the graphs.We caneasily
recognizethateachblobof the3rdcolumngraphsof Figure 6 rep-
resentsa boundaryand the blobsareusually locatedin the local
maximaof gradientmagnitude(the1stcolumngraphsof Figure 6)
or in the zero-crossinglocationsof the secondderivative (the 2nd
columngraphsof Figure 6).
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We have implementeda 3D texture-basedvolumerendererusing
nVidia graphicscardssuchasGeForce3,4, andFX. Sincethecards
provide at leastfour 3D multi-texturesanddependenttexturereads
with register combiners,the mult-dimensionaltransferfunctions
canbe implementedon a PC equippedwith thosegraphicscards.
As far aswe usea singlePC,themaximumresolutionof theload-
ablevolumedatais governedby the texturememorysizeof those
graphicscards. To visualizea large sizevolumedataset,we also
have implementeda 3D texture-basedparallel volume rendering



f vs. f � f vs. f � � f vs. f �

(a) VisibleHumanMale CT

(b) MRI Brain

(c) Engine

Figure 6: The Graphsof f vs. f � (1st Column), f vs. f � � (2nd
Column),and f vs. f � (3rd Column): The f and f � valuesof the
3rd columngraphsareinterpolatedat thehit locationsof thezero-
crossingsecondderivative. Eachsliceof (a), (b), and(c) of Figure
3 is usedto generatethesegraphs.

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

Figure 7 showstherenderingpipeline in anVidia GeForcecard.In
therenderingpipeline,dependenttextureis usedfor implementing
theopacityfunction,au

<

v
E

g= thatis controledby auserandassign-
ing colorsto eachvoxel with thecolor functionof v andg. For the
shadingpurpose,diffuseis computedby thedot productof a light
vector, L, anda normalvector, N. The normalvectorsof voxels
arestoredin a 3D texturememorywith theRGB format. Thedot
productof the half vector, H 7

<

L
�

V =

�

2, anda normal vector,
N, computesthespecularcontribution. To avoid too wide specular
area,we computethe8th power of thedot product,

<

H 9 N =

8, with
theregistercombiners.

Thevolumerenderingpipelinerequiresthesix components,RGB
normal,intensity(v), gradientmagnitude(g), anddistance(d), for
eachvoxel. If we want to visualizea 2563 volumedataset,(=16
Mbytes), then we needat least 2563

� 6, (=96 Mbytes) texture
memory. To reducethe texture memoryrequirement,our imple-
mentationrelieson hardwareassistingtexture compressionthat is
oneof the ARB OpenGLextensions.Especially, we usethe s3tc
texture compressionformat [NVIDIA 2004] that is provided by
thenVidia graphicscards.Sincetheformattreatsa 4 � 4 block as
a singlepixel, the compressionratio is 1

�

16. In our implementa-
tion, thes3tccompressionformat is usedfor only normalvectors,
andtherenderingresultsarereasonablyacceptablewithouthurting
renderingperformancea lot, eventhoughit is a lossycompression
method.If weusethetexturecompressionformat,thentheloadable
maximumresolutionof a graphicscardthathas128Mbyte texture
memoryis 256 � 256 � 512.

Wegeneratedseveralimagesto testthedistance-basedmultidimen-

Light Vector (L)

Normal Vector
Volume (N)

Tex2

Half Vector (H)

Dot Product
(N  H).

.(H  N)
SpecularPower

. 8
Specular
(H  N)

.
Diffuse
(L  N)

Dot Product (L  N).

Alpha1*Alpha2

RGB Color*Diffuse
+ Specular

RGB

Alpha

Tex0

Volume Data
(v, g)

RGB Color

Distance Volume

Tex3 Conversion through
Look Up Table 

Alpha1

Alpha2

Register Combiners

Dependent Texture
Tex1

u (v, g)a C(v, g)

Figure7: RenderingPipelinein anVidia GeForceCard:Threetex-
ture volumedatasetsfeed into the registercombinersanda RGB
colorandanalphavaluearecomputedwith theregistercombiners.
The solid lines representdata�o w andprocessesand the dashed
line indicatetheregistercombiners.

(a) (b) (c)

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,au

<

v
E

g= , de�ned by a user

sionaltransferfunctionswith several alphamaps.First, all voxels
areturnedon by assigning1 to all voxels thatarein thewhite re-
gion of Figure 8 (c) andwe adjustthealphamapparametersof a
andn and�x eddc like Figure 9. Whenwe wantto visualizethick
andopaqueboundariesof a volumedataset,thentheconvex alpha
mapof Figure 9 (c) will beusefull,while theconcave alphamaps
of Figure 9 (c) - (e) areusefulto make boundariesthinner. Figure
9 shows thatsimply assigningsmallalphavaluesto eachvoxel (a)
is differentfrom makingboundarythinner(e).

Sincethegradientmagnitudevalueof a voxel is replacedwith the
valueat thehit locationof thezero-crossingsecondderivative, it is
easyto decidea gradientmagnituderange. Figure 10 shows the
advantangeof the f vs. f � graphat thehit locations,(b), againstthe
generalf vs. f

�
graph,(a). You canseea featurethathasa wide

gradientmagnituderangefrom thetop to thebottomof Figure 10
(a)andtherangeis mixedwith otherfeatures.However, thefeature
is easilydistingushablein Figure 10 (b). Therefore,theproposed
multi-dimensionaltransferfunctioncanreduceuserinteraction.

Oneof themain reasonsthat make transferfunction geneneration
hard is a hugenumberof degreesof freedom. Even thoughwe
consideronly 1D transferfunctions,eachcontrolpoint hasthetwo
degreesof freedomin intensityandtransparency axes.However, in
the proposedmulti-dimensionaltransferfunctions,the numberof
degreesof freedomis reducedverymuch,sincethealphavaluesof
eachvoxel aredecidedby thealphafunction,ad <

d = , automatically.
Plus,sincetheshapeandlocationof ad <

d = canbecontroledby the
threeparameters,a, dc, andn, a usercanadjustthe transparency
effect.
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In thispaper, wepresentedthemulti-dimensionaltransferfunctions
of intensity, gradientmagnitudeat hit location,anddistanceto the
zero-crossinglocationsof thesecondderivative. Multi-dimensional
transferfunctionsarebetterthan1D transferfunctionsto visual-
ize separatelysomefeaturesthathave overlappedintensityranges,
but distinguishablegradientmagnituderanges.However, the tra-
ditional multi-dimesionaltransferfunctionsarehardto control by
hand,sincethe functionshave anenormousnumberof degreesof
freedom. The proposedmulti-dimensionaltransferfunctionscan
reducethe numberof degreesof freem radically, sincethe alpha
valuesof all voxelsaredecidedautomaticallywith thethreeparam-
eters,a, dc, andn basedondistanceto thezero-crossinglocationof
thesecondderivative. Plus,thegradientmagnituderangesearching
time canbesaved,sinceeachvoxel's gradientmagnitudevaluesis
replacedwith thegradientmagnitudevalueof thehit location.

Sincewe use2D dependenttexturefor thealphafunction,au
<

v
E

g= ,
anddistanceis convertedto transparancy by a look up tablethat is
computedwith ad <

d = , thetwo alphafunctionsareseparatedin the
renderingpipeline. Therefore,we only canusethesamefunction,
ad <

d = , for all v andg. We needto modity the renderingpipeline
to implement3D dependenttextureor a similar thing. Anotherim-
provementof this paperis to show how muchbilateral �lters can
improve Canny's edgedetector. Originally, Canny's edgedetector
is combinedwith Gaussian�lters.
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(a) LinearAlpha Mapwith a 7 0 � 1 anddc 7 dmax
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(b) Convex AlphaMap with a 7 1 � 0, dc 7 dmax, andn 7 3 � 0
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(c) Concave Alpha Mapwith a 7 1 � 0, dc 7 dmax, andn 7 3 � 0
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(d) Concave Alpha Mapwith a 7 1 � 0, dc 7 dmax, andn 7 5 � 0
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(e) Concave Alpha Mapwith a 7 1 � 0, dc 7 dmax, andn 7 7 � 0

Figure9: TurbineBladeRenderingwith severalAlphaMaps

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

Figure10: TheToothDatasetGraphs
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Figure11: RenderedImagesof theToothDataset:Eachimageof
A - H is generatedby usingthe alaphmaps,A - H, of Figure 12
andtheconvex alphamapof Figure 9 (b) is usedfor ad <

d =



A B C D

E F G H

Figure12: Alpha Maps,au
<

v
E

g= , for the Tooth Imagesof Figure
11
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(a)UserDe�ned OpacityFunctionin 2D Spaceof Intensityand
GradientMagnitude:Gradientmagnitudeis replacewith thevalue

at thehit locationsof thezero-crossingsecondderivative

(b) RenderedImage:Thetwo alphafunctionsareusedto generate
this image,au

<

v
E

g= of (a) andad <

d = of Figure 9 (b). Two
differentregionsarerenderedat thesametime.

Figure13: ToothImage

(a) Generalf vs. f � (b) f vs. f � at Hit Locations

a

d max

1

D

(c) UserDe�ned OpacityFunctionin 2D Spaceof Intensityand
GradientMagnitude:Gradientmagnitudeis replacewith thevalue

at thehit locationsof thezero-crossingsecondderivative

(d) RenderedImage:Thetwo alphafunctionsareusedto generate
this image,au

<

v
E

g= of (a)andad <

d = of 9 (b).

Figure14: VisibleHumanMaleCT


