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ABSTRACT

We introduceLight Collages— a lighting designsystemfor effec-

tive visualizationbasedon principlesof humanperception Artists

andillustratorsenhanceperceptiorof featureswith lighting thatis

locally consistenandglobally inconsistentinspiredby thesetech-
nigueswe designtheplacemenbof light sourcego corvey agreater
senseof realismand betterperceptionof shapewith globally in-

consistentighting. Our algorithm sggmentsthe objectsinto local

surfacepatchesandusesa numberof perceptuaheuristics suchas
highlights, shadaevs, andsilhouettesto enhancehe perceptionof

shapeWe shav our resultson scienti ¢ andsculptureddatasets.

CR Categories: 1.3.3 [Computing Methodologies]: Computer
Graphics—Picture/Imag&eneration;l.3.8 [Computing Method-
ologies]: ComputerGraphics—Applications

Keywords: Lighting design,scienti ¢ illustration, inconsistent
lighting, light placementsilhouetteenhancemenproximity shad-
ows

1 INTRODUCTION

The last two decadeshave withessedimpressie advancesin al-

gorithmsfor lighting simulation. However, effective lighting de-

sign hasremaineda challenge.Effective lighting designcancon-

vey a large numberof data featuressuch as local surface ori-

entation, curvature, silhouettes,and ne texture. Currentlight-

ing designtechniquesncludeautomaticplacemenof lights based
on userspeci cation of shadavs and highlights [19, 20]. In-

verselighting modelshave proven to be powerful in lighting de-

sign [3, 4, 7, 21, 22, 29]. Suchmodelsallow one to compute
the intensitiesof light sourcesfrom photographspr in general,
userspeci edlight distributions. Recentadvancesn relightingare

basedon linear superpositiorof light transport.Thus,onemethod
for lighting designinvolves compositingmultiple imagesunder
varyinglighting. Akersetal. [1] have shavn how imagecomposi-
tion canbeusedwith sophisticatedspatially-\aryinglight matteso

createcompellingtechnicalillustrationsfrom a setof photographs
of anobject.

Our interestin lighting designfor effective scienti ¢ visualiza-
tion is inspiredby researchhatexaminesthe humanperceptiorof
art. Over two millennia ago Pliny the Elder describedthe tech-
nique of locally shadinga surfacefold to make it appearto rise
above the background[8]. Sincethen, similar local techniques
for lighting have beensuccessfullyusedby artistsandillustrators
to corvey lighting and shading. What is interestingaboutthese
techniquess that they corvey a powerful impressionof geome-
try, althoughthe lighting acrossthe surfaceis inconsistent. It is
even more interestingthat althoughthe geometryof perspectie
hasbeenwell understoodor the past ve centuries,the geome-
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Figure 1: (a) Consistent lighting with four lights at the vertices of a
regular tetrahedron, and (b) a Light Collage rendering with 4 lights.
Material properties are the samefor both renderings.

try of consistentighting hasbeenlargely ignoredin art. Thus, if

onewereto apply the inverselighting modelsthat have beende-
velopedrecently[3, 21, 29] to mostpaintingsandillustrations,one
would nd innumerablesrrors(someadmittedlyslight, but present
nonethelessn their lighting andshading.However, notonly have

theselighting errorspassedvirtually unnoticedby mostuntrained
humanobserers,lighting for suchpaintingsis visually impressve

andsometimesvendeeplycompelling.

Artists useinconsistentighting for a coupleof reasons.First,
it is corvenient. Consistentighting is often not worth the effort
sincehardly aryone noticesit. Secondthe artistscanuseincon-
sistentlighting to guide the viewer's attentionand enhancecom-
prehensibility Cavanagh[5] hassuggestedhatour brainperceves
theshape-from-shadingueslocally anddoesnot uselargeregions
of thevisual eld for shape-from-shadingnalysis. In this paper
we exploretheimplicationsof globally inconsistentighting for en-
hancingthe visualizationof scienti ¢ datasets.Inconsistentight-
ing, asusedin art, might allow us to convey a betterperception
of geometrythanconsistentighting. Herewe usethis obseration
in optimizing light placemento corvey a greatersenseof realism
whenvisualizingscienti ¢ datasets.

Themaincontritutionsof this paperare:

Globally InconsistentLighting: This paper discussesa
methodof localillumination thatis locally accurateglobally
inconsistentand yet presentanore comprehensibleender
ings.

Lighting Design: We discussplacementof multiple light
sourcego enhanceview-dependentisualization.

Featue EnhancementSilhouettesand shadevs add impor
tantdetailsin technicalillustrations. Herewe shav how sil-
houetteand shadaev lighting can be integratedinto a local
illumination framework for enhancingfeaturesin scienti ¢
datasets.

2 PREVIOUSAND RELATED WORK

Lighting designhaslong beenconsiderectrucial in photograpl,
cinematidighting andstagedighting. Lighting designfor computer



Figure 2: Overview of our lighting design pipeline: The input model is segmented using a curvature-based-watershed method into a set of
patches. The light placement function models the appropriateness of light directions for illuminating the model. This is done by using the
curvature-based segmentation as well as the di use and specular illumination at every vertex. Lights are placed and assignedto patches based
on the light placement function. Silhouette lighting and proximity shadows are added for feature enhancement.

graphicsinvolves specifyingthe parametergor light position, di-

rection, color, intensity and the illumination model. Traditional
lighting designmethodsfor graphicshave beendirect— they have
requireda userto directly specifythe lighting parametersWhile

directlight speci cationis satisactory it oftenrequiressigni cant

expertiseon the partof the userto adequatelyommunicatehe vi-

sualfeaturesof a graphicsscene. Direct lighting designis often
iterative andtime consuming.The userstartsout by specifyingan
initial setof lighting parameterandthenvisually evaluateghere-
sults. Thelighting parametersarethenchangedteratively till the
graphicgenderingconvergesto adesiredoutput. Thisis oftenate-
diousprocessTheapproactof DesignGallerieg17] addressethis
by usingseveraluserspeci edlighting parametergexcludinglight

placement) generatinga setof renderingswith randomly placed
lights, andhaving a userbrowse andlinearly combinethe render

ingsthataredesirable.The LightKit system[11] allows a userto

interactiely adjustlighting to enhancevisualization. This system
allows camera-relatie lights that include a dominantlight, head-
lights, andbacklights.The systemalsoallows the userto adjustthe
light color andwarmthof lighting.

Indirectlighting designmethodausescenepropertieghatareei-
therspeci edby auseror procedurallyestimatedIn userspeci ed
indirectlighting design the userspeci esthe desiredhighlightsor
shadevs andthe systemtheninfersthelight placemento achieve
them [6, 15,19, 20, 23]. In proceduerl indirectlighting design the
systemautomaticallyinferslight placementaindparametersy op-
timizing a setof perceptuatriteriafor a givenview. Shacled and
Lischinski[24] derive light placemenfor up to two light sources
by optimizing a perception-baseimage quality objective func-
tion. Their objective functionis comprehensie andincludessix
termsthat are basedon shadinggradients pixel luminancestatis-
tics, and illumination direction. Gumhold[10] hasdevelopeda
light-placemenstratgy by maximizingtheilluminationentrogy as
measuredrom arenderedmage.Basedn userstudieshehasthen
developeda perceptuaentrofy objective functionthatincorporates
asurface-curature-baseé@nportanceweighting.

Non-Photoealisticlighting differsfrom theabove in thatit does
notrestrictitself to physically correctlighting andshading.Gooch
etal. [9] have developeda lighting modelthatusesuminanceand
changesn hueto corvey surfaceorientation edgesandhighlights.
Hamel[12] hasdevelopeda lighting modelthatincorporates ve
components-standardighting with shadevs, rim shadav lighting,
cunatureshadingtranspareng andvolumeillumination. Sloanet
al. [25] have developedan effective methodto transferthe shad-
ing from oneobjectto anotherusinga sphere(ervironmentmap)
asanintermediary AndersonandLevoy [2] have usedcunature-
andaccessibility-baseshading 18] to enhancehevisualizationof
cuneiformtablets.Vicinity lighting [26] improvesupontheideaof
accessibilityshadingby using uniform diffuselighting andocclu-
sionby local occluders.

Cinematograppis a majorapplicationof lighting design.Kahrs
etal. [13] have summarizedhelighting designapproachefor com-
puteranimation. Logical lights are motivatedby actualsourcesof
light in a scenethatthe viewer canseeor imply. For example,the
key light is usedin a sceneasthe primary sourceof illumination.
In additionto logical lighting, cinematographeralsousepictorial
lighting, just for enhancinghe artistic aesthetic®f the scene.For
example, Il lightsareusedto softenand Il theshadavs,andbadk
or rim lights areusedto separate¢he objectfrom thebackground.

To the bestof our knowledge, none of the previous work has
tried to 3D renderthe sameobjectwith multiple light sourceswith
eachlight sourcelighting a differentregion of the object. In fact,
the generaladviceseemdo have beento illuminate objectswith a
single light sourcethatis placedabove andto the left of the ob-
ject [27]. In this paperwe introducethe idea of Light Collages
thatinvolveslighting differentregionsof a 3D objectwith multiple
light sourcego rendeiit in amorevisually comprehensiblenanner
while retainingits traditional3D-graphics-renderedok andfeel.

3 LIGHT COLLAGES

Thegoalof ourLight Collagesframework is to assigrocallightsto
differentregionsof anobject. Speci cally, consideranobjectcom-

solve hereis: GivenP , m,anda viewer position,geneateL and

amappingM thatpairseadlightl;2 L ;1 j mtoasubset
of patchesP ; P thatit lights, to bestelucidatethelocal struc-
ture of the object Eachpatchp; is assigneda primarylight source
lj = M (pj). Here,obviously, whatconstituteshe bestelucidation
is opento interpretation.We assumehat corveying the local cur-

vatureinformationis important.In factuserstudieson light source
placemenby Gumhold[10] have indicatedthat obsererstendto

selectlight sourcedirectionsthat favor surfacecurvatureelucida-
tion. In this paperwe only considerdirectionallight sources.

3.1 Surface-Curvature-basedSegmentation

We usea surface-curature-basedggmentatiorof anobjectto bet-
ter elucidatethe objectshape.The sggmentationof an objectis a
classicalreaof researchin computewvision andimageprocessing.
Recenwork in computeigraphicgdiscusselow polygonalmeshes
may be sggmentedto yield visually intuitive segmentation[14].
Any of thevastnumberof sgmentatioralgorithmscanbe usedfor
objectsggmentatioratthis stagedependingnwhatthegoalsof the
segmentation-baselighting designare. In this paper we sggment
the objectinto patcheshasedon local curvature. For this, we rst
computethemeancurvatureat eachvertex of theinputmeshasthe
averageof its two principal curvatureswhich are computedusing



Figure 3: The watershed algorithm: First, we assign unique labels
(patch IDs) to local minimums. Next, imagine that we place a drop
of water at a vertex. The water drop will o w to the local minimum.
We assignthe label of the local minimum to the vertex where the
water-drop was placed. We repeat this for each vertex.

Taubin's method[28]. We thenusea simplewatershedalgorithm
basecbn ManganandWhitaker's method[16].

Mangan and Whitaker's methodsegmentsa meshinto patches
suchthat eachpatch has a largely similar curvature and is sur
roundedby regionsof drasticallydifferentcurvature.Their method
proceeddy nding verticeswith local cunatureminimaandusing
theseasseedsor growing new patchesThemethodtheniteratively
assignyerticesto thesepatchesA pathof steepestiescents com-
putedfrom eachunassignedertex till it reaches seedvertex with
alocal curvatureminimum. Thevertex is assignedo the patchcor-
respondingo this seedvertex. A wateisheddepthis computedor
eachpatchbasedon the minimum differencein curvaturevalues
betweeraboundaryertex andtheseedvertex for thatpatch.Since
this phaseof the algorithmresultsin over-segmentationit is fol-
lowedby a patch-meging phasen which patchesvhosewatershed
depthis below athresholddeptharememged. Thisis shavn in Fig-
ure 3. The sggmentationcanbe increasedr decreasetby respec-
tively loweringor raisingthethresholddepth.Thisis shavn in Fig-
ure 4. Figure5(a) shavs the distribution of the curvatureover the
PelvismodelandFigure5(b) shovs theresultsof our segmentation

Eachpatchis acollectionof triangleswith similar cunaturevalues.
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Figure 4: Segmentation of Pelvis model at di erent thresholds: For
all models in this paper, we use 7.5% of the range of curvature
di erence as a threshold. Figures (a), (b), and (c) show a low level
(3.0%), a middle level (7.5%), and a high level (25%) segmentation,
respectively.

3.2 Light Blending and Normalization

As discussecarlier our Light Collagesframework illuminateslo-
cal surfacepatcheswith globally inconsistentighting. A straight-
forwardimplementatiorof this idearesultsin sharpvisualdiscon-
tinuities acrosgpatchboundarieshatarelighted differently Such
shadingdiscontinuitiesare disconcertingespeciallywhenthey oc-
cur in absenceof shapediscontinuities. To alleviate suchvisual
artifactswe blendillumination from neighboringpatchesAs men-
tioned earliet every vertex i in a patchpj is illuminated by light
M (pj). Theillumination atavertex i is a weightedsumof illumi-
nationsfrom the primary lights for all the patchesN j thatneigh-
borpatchpj: Nj = fpcj Tpj\ Tpx 6 0g, wherep; denotesthe
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Figure 5: In (a) we show curvature distribution on the surface. Con-
vex regionsare shown brighter and concaveregionsare darker. Figure
(b) shows the results of our curvature-based segmentation.

boundaryof patchpj. Let the primary light for patchpy, 2 N;j be
givenby |, = M (py). Lettheweightof vertex i with respecto the
primary light of patchpyx be basedon the distancefunctiond() of
vertex i from theboundaryfpyx andbegivenby:

1
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We notethatthe distanced(i; 1pj) is zerofor a vertex insideor
on the boundaryof the patchp;j. Therefore the weightof vertex i
in patchpj, wij = 1.

Let theillumination at vertex i dueto light I, be givenby [;(ly).
Thenthetotal illumination at vertex i in patchp; will be givenby
Ii = &xwili(lk), wherepy 2 N j. Thedistribution of the blending
weightsat verticesarounda patchis shovn in Figure6.

Figure 6: Visualization of weights for blending illumination from a
patch. The dark area in the middle shows the patch, and the pro-
gressively whiter colors outside the patch show the weight values
diminishing away from the patch boundary.

The overall brightnessof a renderedmageis perceptuallyim-
portant. It is desirableto avoid renderingan objectwith too much
brightnesssinceit tendsto diminish the discriminability amongst
object features. To achieve a balancedrenderingbrightnesswe
normalizethe illumination as computedabove with the blending
weightsfor a givenvertex. Thus,the nal illumination formulafor
avertex i in patchp; with neighborsN j is givenby:
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4 PROCEDURAL LIGHTING DESIGN

Lighting designis a very broadareathatinvolvesspeci cationof a
numberof lighting parametersuchasnumberandtype of lights,
their placementandtheir colors. Herewe focuson light placement
andassignmenbf lights to surfaces.We assumehatall the lights
arewhite anddirectional. Our lighting designproceedsn two in-
terleaved phasesin onephasewe identify the placemenbf alight
andin theotherphasewe assigrthelight to appropriatgpatches.



4.1 Light Placement

Humansuse several visual cuesto comprehendshapesand dis-
tinguishamongobjects. One of the importantfeaturesof shapes
is their curvature. Curvaturein uences the illumination gradient
acrossthe surface. We usea combinationof local lighting mod-
elsto enhancehe appearancef high-cunatureareasof anobject
from a given viewpoint. The re ectanceof an object consistsof
three components:ambient, diffuse, and specular The ambient
color doesnot vary acrossan object. The diffuse color variesac-
cordingto the Lambertianlaw. The illumination componenthat
changeshefastesis specularA speculahighlightonashiry sur
facecaneasilyvanishwith evensmallperturbation®f theviewing
direction,surfacenormal,or light direction.For anobjectwith high
cunature the speculahighlightis usefulasit canresultin asharp
cunature-basedtlighlight, andthushelpillustrateobjectdetail.

Figure 7: Finding good light directions: For a given viewing direc-
tion, a weight function for each surface point is added to the light
placement function de ned in the directional space (shown here by
the large circle). The value of the light placement function in a di-
rection is related to the appropriatenessof placing a light along that
direction.

Let us considera simple examplewith two points A andB on
which we would like to placespeculahighlights(Figure7). If we
have the freedomto placea directionallight sourcealongary di-
rection,we would like to placethatlight sourcein a directionthat
maximizesthe possibility of having highlightson pointsA andB.
By usingthe view direction,the shapeandthe materialproperties
of pointsA andB, we caninfer thelight directionsthatwill cause
speculahighlightsto appeaonthem.Usingthereciprocityprinci-
pal, thisis equivalentto shootinga ray of light from the viewpoint
to the points A and B, and having that light specularlyre ect out
to the ervironment. The specularlyre ected rayswill resultin a
distribution aroundthedirectionof mirror re ection. Thisis shovn
in Figure 7. The red blobs on the upperleft region of the circle
representheprobabilitydensityfunction(PDF)of there ectedray
alongthosedirections.Thetotal probability of a speculahighlight
canbe computedby the sumof theindividual PDFs,asshavn by
the greencune. Thus, following the reciprocity principal, if we
wereto placealight sourcein the directionwherethe greencurve
hasthe largestvalue,we would get the besthighlightsat both the
pointsA andB for thegivenview position.

Figure 8: Computation of specular weight function for a vertex with
normal 1 and curvature intensity ¢;: Let Rbe the re ection of viewing
direction V at vertex i. This meansthat the light placed along R
maximizes the specular illumination at vertex i. Specular weight
function §(i;T) is de ned as the fall-o function around R weighted
by curvature.

We extendthe above ideasto de ne alight placemenfunction

|
P(1) tr|1at modelsthe appropriatenessf placinga light in the di-

rection’| . Suchalight placemenfunction shouldinclude contri-
butionsfrom bothspeculaaswell asdiffuseillumination. We next
discusshow we computethe specularandthediffuse-illumination-
basedfactorsthatwill go towardsde ning the overall light place-
mentfunction.

As before,let P be thF set of surface patchesfor gn object.

Let'v betheview vector | betheligrln direction,and 'h bethe

halfway unit vectoralopgthe direction'| +'v. Further let ki be
themeancurvatureand’'n; bethenormalvectoratavertex i onthe
surface. We de ne ‘he speculaweight function S for the vertex i

with thelight along’| with ashininess as:
! oo !
Si; 1) =jkii(ni h)®

I
Given a view direction, we computeS(i; | ) for ealchverte( i
andfor a setof uniformly distributed light directions’l . In our

implementationwe use 12K uniformly distributed directions’| .
The use of specularhighlights aloneis not desirable,as shavn
by Gumhold[10]. In additionto speculadighting, we would also
like to considerdiffuse lighting when computingthe light place-
ment function to guide us in light sourceplacement. Since ob-
senershave found cunvatureto be informative in lighting design,
we have designedour diffuse lighting componento adaptto the
local cunatureon a patch-by-patchbasis. Figure 5(a) shavs a vi-
sualizationof curvaturedistribution. We de ne the curvatue in-
tensityc; at a vertex i to be its normalizedmeancunature, i.e.
G = (Ki Kmin)=(kmax Kmin), wherek; is the meancunatureat
vertex i, and Kkmax and kpin are the maximumand minimum val-
uesof themeancurvatureamongall theverticesqf theinputmesh,
respectiely. For a vertex i with normalvector'nj, let D bethe
setof light directionswhosediffusecoloris sameasthe curvature
intensityc;.

1
D=fdjd 'ni=qg

|
We de ne thediffuseweightfunctionD(i; | ) for vertei in the

directionof | suchthatthe diffuseillumination at vertex i is sim-
ilar to the curvatureintensityc;. We compu‘eit asthe |\pperernve-

lope (maximum)of the dot productbetween| andall 'd 2 D:

Figure 9: Computation of di use weight function for a vertex with
normal f; and curvature intensity ¢;: First, (a) we de ne the set
of light directions @2 D for which #; @ = ¢;. These directions @
are shown by green arrows. If we were to place a light along any
@2 D, the diuse intensity at this vertexs; @ will be proportional to
¢i. Figure (b) shows the cosinefall o about each direction @2 D,
computed as the dot product of an arbitrary vector T with &, for
all . (c) The diuse weight function D(i;T) is the upper envelope
(maximum) of the functions shown in Figure (b).
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Figure 10: The light placement function P(T) is computed in Figure
(a) by adding di use and specular weight functions. Figure (b) shows
the o wchart of the processfor light placement and assignment.

| | |
D(i;'1)= Max| d
‘d2D
The light placementfunction can be computedas the sum of
specularand diffusqweightfunctionsover all surfacepoints. For

ary light direction 'l the value of the light placementfunction
P('1 ) alongthatdirectionis givenby:

P(1)= &(Si:'1)+ (i 1))

4.2 Assignmentof Lights to Patches

|
We usethelight placemenfunctionP('| ) to selecthebestm Iigrllts

that maximizesP('l ). We selectthis to be the direction of the
rst light I1. We thenidentify the patcheswvhich will belit by the
lightl;. Forary lightl 2 L andpatchp2 P , letS , bethesetof
pointsthatareon p. We de ne afunctionE(p;ly) thatmeasurethe
similarity of theilluminatedintensityl; for verticesi in the patchp
(asde nedin Section3.2)to its curvatureintensityas:

E(pl) = & (i) ©)?
i2S,

So, for the rst light 11, we computeE(p;1;) for everyp2 P,
andif E(p;l1) islessthanathreshold (currentlyweuset = 0:15),
I, is assignedo p, i.e. M (p) = I1. We deductthe contritutionsof
theverticesn thepatchedit by thislight I; from thelight placement
function. Thenwe againidentify thelight directionthatmaximizes
the updatedight placemenfunction, and selectthatto be the di-
rectionof thesecondight sourcd,. We repeathis processuntil m
lights areselectedFigure11 shawsthelighting with one,two, and
four lights. Patcheghatarenotlightedareshaovn darkwithoutary
blendingwith the neighboringpatches.

After we have chosermm light sourcesmostof the patcheswill
be lit by somelight source. However, somepatchesnay remain
unlit. For eachunlit patch,oneof the m light sourcess assigned
to it usingthefunctionE(p;ly) de nedin the previoussection.For
eachpatchp, E(p;lx) is computedor all m lights, andthelight I
which minimizesE(p; ly) is assignedo p.

M (pi) = Argmirg(p;ly)
k2L

Figure12 shavsthelight directionsfor someof the patches.
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Figure 12: (a) Rendering of the pelvis model in which each surface
patch is lighted by one out of 8 directional light sources. Figure (b)
is enlarged view of the region selectedby the rectangle in Figure (a)
and shows the primary light directions for some of the patches. The
blue stripes show the boundaries between patches.

5 FEATURE ENHANCEMENT

5.1 SilhouetteLighting

Silhouettesareimportantfor de ning the boundaryof objects. A

well-de ned silhouettemalkesan objecteasierto comprehendnd
malkesits shapemore distinguishable.In cinematograph back-
lights are used for separationof foreground from background.
Backlightsaretraditionally placedbehindthe objectgeneratinga
thin rim of light aroundthe silhouetteof the object. Backlights
are alsoreferredasrim, hair, or separatiorlights. In particular

the lights at the three-quarters-bacgosition are called as kicker
lights[13].

To malke the objectsstandout from their backgroundwe would
like to producea dark silhouettefor a bright backgroundand a
bright silhouettefor a dark background. To enhancethe contrast
betweena silhouetteandits baﬁ:kgrpund,we usea simplefall-off
formulaweightedby ws= (1 'nj 'v)l“', for addinganadditiqnal
silhouettelight at vertex i with normal’n; andview direction*v .
Theresultsof incorporatingblacksilhouettdighting appeain Fig-
ure 13. We computethe silhouette-enchancetdumination asthe
linear blend of the silhouettelighting H; weightedby ws andthe
existingillumination: (1  wg)l; + wsH;.

(@) (b) (c)

Figure 13: Light Collagesrendering (a) without, and (b), (c) with
silhouette lighting. In this gure, (1 #; v)" is usedas the silhouette
light's weight factor. The silhouette lighting H; is black to make
near-silhouette regions dark since the background is bright. (b) and
(c) show dierent levels of silhouette enhancementwith u= 4 and
u= 2 respectively.

5.2 Proximity Shadowvs

Shadavs presenta very importantvisual cue. Carefully placed
shadavs can greatly enhancefeaturesand make spatial relation-
shipsbetweerregionsclearer As anexample,it may be dif cult

to distinguishtwo surfacepatchesf they have similarillumination
but differentdistancesrom theviewer andoverlapin spaceasseen
by theviewer. If however, thefront patchcastsa visible shadev on
thebackpatch thentheviewerwill hase noambiguityin recogniz-
ing their spatialrelationship.Two visible patcheghatoverlapin a
given view, but are at differentdistancedrom the viewer will re-
sultin adepthdiscontinuityin the computeddepthmap. Thedepth
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Figure 11: Partial surfacelighting with (a) rst light, and (b) rst two lights, and (c) four lights. The red arrows show the light directions. The
dark regionsin (a) and (b) are the patcheswhich are not lit by current partial lights. No blending is used here.

discontinuity usually occursalong one or more curves as shavn
in Figure14 (a). We useproximity shadevs to shav the relative
distancedetweenthe two overlappingpatchesf their depthsare
within a prede nedthresholdvalue.

First, we identify the depthdiscontinuitycurves by comparing
the value of eachpixel in the depthmap with its neighbors. We
thengeneratea shadaev light directionfor eachdepthdiscontinu-
ity curve by usingthe depthgradient. We computethe perpixel
depthgradientby usingthe centraldifferenceamethodthat exam-
inesthe depthvariationsin the immediatevicinity of a pixel. We
thenaveragetheperpixel depthgradientover all thepixelsof adis-
continuity curve to arrive at an averagevalueof the depthgradient
for thecurve. Theshadev light directionis determinedy rotating
theviewing directionby asmallangleq towardsthe averagedepth
gradientof the depthdiscontinuity curve as shovn in Figure 15.
Finally we usethe shadav light directionin a shadev mapto cast
proximity shadav for the depthdiscontinuitycurve. This process
is repeatedor all thedepthdiscontinuitycurves.

During the generatiorof local proximity shadevs, we have to
be aware of one possibleproblem— a narrav region might have
depthdiscontinuityon both of its sides.If we castshadaevs of this
region on bothsurfacesthatarebehind,it canproducea somevhat
disconcertingeffect asshawn in Figure17(b). For suchsituations
one canuseary heuristicthat consistentlypicks one side of the
region over the other Examplesof suchheuristicsmay include
picking the side of the discontinuityregion thatis on the left and
the top, or pick the side of the discontinuityregion thathasmore
surfacepointson thediscontinuitycurve anduseit to castshadavs
asshaown in Figurel7(c).

6 RESULTSAND CONCLUSIONS

We have implementedhe Light Collagessystemin OpenGL.The
visualizationresultsusingour systemcanbe seenin Figures18 —

(@) (b)

Figure 14: (a) A set of adjacent points whose depth di erences
with neighbors are greater than a threshold forms a discontinuity
curve in the depth map. The arrows show the averagegradients of
discontinuity curves. Figure (b) shows the proximity shadows casted
by the discontinuity curvesin (a).

Figure 15: The placement of a light for proximity shadow: At each
depth discontinuity curve of the depth map, a light for the proximity
shadow is placed by rotating a vector to the viewer at an angle q
along the direction of the local gradient.

@) (b)

Figure 16: Rendering (a) without, and (b) with proximity shadows.

19. In Figure 18(a)—(c)we shaw the result of lighting the skull
model by consistentlighting with 1, 2, and 4 lights, and (d)—(f)
shaw theresultsby Light Collagesrenderingwith 1, 2, and4 lights.
We have usedthe samelighting and material propertiesfor gen-
eratingall the six images. As you canseein (a)—(c), the specular
highlightfrom consistentighting will sometimesausdargebright
areason at regions,while highlightsfrom our methods((d)—(f))
areonly on highly curved regions. This helpselucidategeometry
details. The proximity shadev castby the uppercheekbonein
Figures18(d)—(f) nicely illustratesthe depthrelationshipbetween
thesetwo regionsof theskull. In Figure19(a)we shav theresultof
lighting the pelvis modellighted with the best8 lights determined
by our system. Figures19(b) and(c) progressiely add silhouette
lighting andproximity shadevs to the Figure19(a).

We have introducedLight Collagesas a systemfor automatic
lighting designfor effective visualizationof scienti ¢ datasetsOur
methodrelies on usingmultiple light sourceghat canbe usedfor
accuratdocal lighting on surfaces,with possibleglobal inconsis-
tencies.The humanvisual systemis remarkablyadeptat inferring
shapefrom largely local cues,and henceour system,even with
globallighting inconsistenciesanproducecomprehensiblesnder
ings. We have shavn how our methodcanincorporatesilhouette
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Figure 18: Lighting for Skull: (a){(c) use consistent lighting and (d){(f ) use Light Collages. (a) Lighting by one light at viewer, (b) Lighting

by 2 lights at front vertices of a tetrahedron, (c) Lighting by 4 lights at front vertices of a cube. (d) Light Collagesrendering using 1 light, (e)
2 lights, and (f) 4 lights.

(@) (b) (©

Figure 19: Light Collagesfor Pelvis: (a) Lighting by 8 lights, (b) Adding silhouette lighting to the previous image, and (c) Adding proximity
shadows to the previousimage.
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Figure 17: Avoiding Conicts in Proximity Shadaws: (a) Disconti-
nuity curvesare along the both sidesof the mast. The patch for the
mast is the common patch of the two depth-discontinuity curves. (b)
The discontinuity curves at both sidesof the patch result proximity
shadows on both sidesof the region. (c) Proximity shadows on both
sidescan be corrected by eliminating one of them.

lighting aswell asproximity shadavs to furtherelucidatethe local
structureof the scienti ¢ datasetsWe believe our methodgreatly
improvesthe visualizationwhile retainingthe look andfeel of tra-
ditional 3D graphicsllumination models.

In additionto thevisualappearancenteractvity is essentiafor
the perceptionof 3D shapesWe have not yet worked to optimize
the running times of our Light Collagessystem. We planto use
spherical-harmonics-basedpresentationso ef ciently compute
the light placementunction for usein an interactive system. In
this paperwe have assumedhe lights are directional. Generaliz-
ing our approacho point light sourcesor perhapseven arealight
sourcesvould beaninterestingdirectionfor futurework. Our cur
rentwork doesnottake into accountvariationsin color or material
propertiesandthis shouldbe usefulto consideraswell. In addi-
tion to lighting designfor a single object,automaticallydesigning
lighting ervironmentsfor a scenewith multiple objectsshouldbe
useful.
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