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ABSTRACT

We introduceLight Collages– a lighting designsystemfor effec-
tive visualizationbasedon principlesof humanperception.Artists
andillustratorsenhanceperceptionof featureswith lighting that is
locally consistentandglobally inconsistent.Inspiredby thesetech-
niques,wedesigntheplacementof light sourcesto convey agreater
senseof realismandbetterperceptionof shapewith globally in-
consistentlighting. Our algorithmsegmentsthe objectsinto local
surfacepatchesandusesanumberof perceptualheuristics,suchas
highlights,shadows, andsilhouettes,to enhancethe perceptionof
shape.Weshow our resultsonscienti�c andsculptureddatasets.

CR Categories: I.3.3 [ComputingMethodologies]: Computer
Graphics—Picture/ImageGeneration;I.3.8 [ComputingMethod-
ologies]:ComputerGraphics—Applications

Keywords: Lighting design,scienti�c illustration, inconsistent
lighting, light placement,silhouetteenhancement,proximity shad-
ows

1 I NTRODUCTI ON

The last two decadeshave witnessedimpressive advancesin al-
gorithmsfor lighting simulation. However, effective lighting de-
sign hasremaineda challenge.Effective lighting designcancon-
vey a large number of data featuressuch as local surface ori-
entation,curvature, silhouettes,and �ne texture. Current light-
ing designtechniquesincludeautomaticplacementof lights based
on user-speci�cation of shadows and highlights [19, 20]. In-
verselighting modelshave proven to be powerful in lighting de-
sign [3, 4, 7, 21, 22, 29]. Such modelsallow one to compute
the intensitiesof light sourcesfrom photographs,or in general,
user-speci�ed light distributions.Recentadvancesin relightingare
basedon linearsuperpositionof light transport.Thus,onemethod
for lighting design involves compositingmultiple imagesunder
varyinglighting. Akerset al. [1] have shown how imagecomposi-
tion canbeusedwith sophisticated,spatially-varyinglight mattesto
createcompellingtechnicalillustrationsfrom a setof photographs
of anobject.

Our interestin lighting designfor effective scienti�c visualiza-
tion is inspiredby researchthatexaminesthehumanperceptionof
art. Over two millennia ago Pliny the Elder describedthe tech-
nique of locally shadinga surfacefold to make it appearto rise
above the background[8]. Since then, similar local techniques
for lighting have beensuccessfullyusedby artistsandillustrators
to convey lighting and shading. What is interestingabout these
techniquesis that they convey a powerful impressionof geome-
try, althoughthe lighting acrossthe surfaceis inconsistent. It is
even more interestingthat althoughthe geometryof perspective
hasbeenwell understoodfor 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 same for both renderings.

try of consistentlighting hasbeenlargely ignoredin art. Thus,if
onewere to apply the inverselighting modelsthat have beende-
velopedrecently[3, 21, 29] to mostpaintingsandillustrations,one
would �nd innumerableerrors(someadmittedlyslight,but present
nonetheless)in their lighting andshading.However, not only have
theselighting errorspassedvirtually unnoticedby mostuntrained
humanobservers,lighting for suchpaintingsis visually impressive
andsometimesevendeeplycompelling.

Artists useinconsistentlighting for a coupleof reasons.First,
it is convenient. Consistentlighting is often not worth the effort
sincehardly anyonenoticesit. Second,the artistscanuseincon-
sistentlighting to guide the viewer's attentionandenhancecom-
prehensibility. Cavanagh[5] hassuggestedthatourbrainperceives
theshape-from-shadingcueslocally anddoesnotuselargeregions
of the visual �eld for shape-from-shadinganalysis. In this paper
weexploretheimplicationsof globally inconsistentlighting for en-
hancingthe visualizationof scienti�c datasets.Inconsistentlight-
ing, as usedin art, might allow us to convey a betterperception
of geometrythanconsistentlighting. Herewe usethis observation
in optimizing light placementto convey a greatersenseof realism
whenvisualizingscienti�c datasets.

Themaincontributionsof thispaperare:

� Globally InconsistentLighting: This paper discussesa
methodof local illumination that is locally accurate,globally
inconsistent,and yet presentsmore comprehensiblerender-
ings.

� Lighting Design: We discussplacementof multiple light
sourcesto enhanceview-dependentvisualization.

� Feature Enhancement:Silhouettesandshadows add impor-
tantdetailsin technicalillustrations. Herewe show how sil-
houetteand shadow lighting can be integratedinto a local
illumination framework for enhancingfeaturesin scienti�c
datasets.

2 PREVI OUS AND REL ATED WORK

Lighting designhaslong beenconsideredcrucial in photography,
cinematiclighting andstagelighting. 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-basedsegmentation 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 proximit y shadows are added for feature enhancement.

graphicsinvolvesspecifyingthe parametersfor light position,di-
rection, color, intensity, and the illumination model. Traditional
lighting designmethodsfor graphicshave beendirect– they have
requireda userto directly specifythe lighting parameters.While
direct light speci�cationis satisfactory, it oftenrequiressigni�cant
expertiseon thepartof theuserto adequatelycommunicatethevi-
sual featuresof a graphicsscene. Direct lighting designis often
iterative andtime consuming.Theuserstartsout by specifyingan
initial setof lighting parametersandthenvisually evaluatesthere-
sults. The lighting parametersarethenchangediteratively till the
graphicsrenderingconvergesto adesiredoutput.This is oftena te-
diousprocess.Theapproachof DesignGalleries[17] addressesthis
by usingseveraluser-speci�edlighting parameters(excludinglight
placement),generatinga set of renderingswith randomlyplaced
lights, andhaving a userbrowseandlinearly combinethe render-
ings that aredesirable.The LightKit system[11] allows a userto
interactively adjustlighting to enhancevisualization.This system
allows camera-relative lights that includea dominantlight, head-
lights,andbacklights.Thesystemalsoallows theuserto adjustthe
light colorandwarmthof lighting.

Indirectlighting designmethodsusescenepropertiesthatareei-
therspeci�edby auseror procedurallyestimated.In user-speci�ed
indirect lighting design, theuserspeci�esthedesiredhighlightsor
shadows andthesystemtheninfers the light placementto achieve
them [6, 15,19,20, 23]. In procedural indirectlighting design, the
systemautomaticallyinferslight placementandparametersby op-
timizing a setof perceptualcriteria for a givenview. Shackedand
Lischinski [24] derive light placementfor up to two light sources
by optimizing a perception-basedimage quality objective func-
tion. Their objective function is comprehensive and includessix
termsthat arebasedon shadinggradients,pixel luminancestatis-
tics, and illumination direction. Gumhold [10] hasdevelopeda
light-placementstrategy by maximizingtheilluminationentropy as
measuredfrom arenderedimage.Basedonuserstudieshehasthen
developedaperceptualentropy objective functionthatincorporates
asurface-curvature-basedimportanceweighting.

Non-Photorealisticlighting differsfrom theabove in thatit does
not restrictitself to physically correctlighting andshading.Gooch
et al. [9] have developeda lighting modelthatusesluminanceand
changesin hueto convey surfaceorientation,edges,andhighlights.
Hamel [12] hasdevelopeda lighting model that incorporates� ve
components– standardlighting with shadows,rim shadow lighting,
curvatureshading,transparency, andvolumeillumination. Sloanet
al. [25] have developedan effective methodto transferthe shad-
ing from oneobject to anotherusinga sphere(environmentmap)
asan intermediary. AndersonandLevoy [2] have usedcurvature-
andaccessibility-basedshading[18] to enhancethevisualizationof
cuneiformtablets.Vicinity lighting [26] improvesupontheideaof
accessibilityshadingby usinguniform diffuselighting andocclu-
sionby localoccluders.

Cinematography is amajorapplicationof lighting design.Kahrs
etal. [13] havesummarizedthelightingdesignapproachesfor com-
puteranimation.Logical lights aremotivatedby actualsourcesof
light in a scenethat theviewer canseeor imply. For example,the
key light is usedin a sceneasthe primary sourceof illumination.
In additionto logical lighting, cinematographersalsousepictorial
lighting, just for enhancingtheartisticaestheticsof thescene.For
example,�ll lightsareusedto softenand�ll theshadows,andback
or rim lightsareusedto separatetheobjectfrom thebackground.

To the bestof our knowledge,noneof the previous work has
tried to 3D renderthesameobjectwith multiple light sourceswith
eachlight sourcelighting a differentregion of the object. In fact,
thegeneraladviceseemsto have beento illuminateobjectswith a
single light sourcethat is placedabove and to the left of the ob-
ject [27]. In this paperwe introducethe idea of Light Collages
thatinvolveslighting differentregionsof a3D objectwith multiple
light sourcesto renderit in amorevisuallycomprehensiblemanner,
while retainingits traditional3D-graphics-renderedlook andfeel.

3 L I GHT COL L AGES

Thegoalof ourLight Collagesframework is to assignlocallightsto
differentregionsof anobject.Speci�cally, consideranobjectcom-
posedof n surfacepatchesP = f p1; p2; : : : ; png. Let therebeaset
of m unknown light sourcesL = f l1; l2; : : : ; lmg. Theproblemwe
solve hereis: GivenP , m,anda viewer position,generateL and
a mappingM that pairs each light l j 2 L ;1 � j � m to a subset
of patchesP i � P that it lights, to bestelucidatethe local struc-
ture of theobject. Eachpatchpi is assigneda primarylight source
l j = M (pi). Here,obviously, whatconstitutesthebestelucidation
is opento interpretation.We assumethatconveying the local cur-
vatureinformationis important.In factuserstudieson light source
placementby Gumhold[10] have indicatedthat observerstendto
selectlight sourcedirectionsthat favor surfacecurvatureelucida-
tion. In thispaper, weonly considerdirectionallight sources.

3.1 Surface-Curvature-basedSegmentation

Weuseasurface-curvature-basedsegmentationof anobjectto bet-
ter elucidatethe objectshape.The segmentationof an object is a
classicalareaof researchin computervisionandimageprocessing.
Recentwork in computergraphicsdiscusseshow polygonalmeshes
may be segmentedto yield visually intuitive segmentation[14].
Any of thevastnumberof segmentationalgorithmscanbeusedfor
objectsegmentationatthisstagedependingonwhatthegoalsof the
segmentation-basedlighting designare. In this paper, we segment
theobjectinto patchesbasedon local curvature. For this, we �rst
computethemeancurvatureateachvertex of theinputmeshasthe
averageof its two principalcurvatures,which arecomputedusing



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 assign the 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
basedonManganandWhitaker's method[16].

Mangan andWhitaker's methodsegmentsa meshinto patches
such that eachpatch has a largely similar curvature and is sur-
roundedby regionsof drasticallydifferentcurvature.Theirmethod
proceedsby �nding verticeswith localcurvatureminimaandusing
theseasseedsfor growingnew patches.Themethodtheniteratively
assignsverticesto thesepatches.A pathof steepestdescentis com-
putedfrom eachunassignedvertex till it reachesaseedvertex with
a localcurvatureminimum.Thevertex is assignedto thepatchcor-
respondingto this seedvertex. A watersheddepthis computedfor
eachpatchbasedon the minimum differencein curvaturevalues
betweenaboundaryvertex andtheseedvertex for thatpatch.Since
this phaseof the algorithmresultsin over-segmentation,it is fol-
lowedby apatch-mergingphasein whichpatcheswhosewatershed
depthis below a thresholddeptharemerged.This is shown in Fig-
ure3. Thesegmentationcanbe increasedor decreasedby respec-
tively loweringor raisingthethresholddepth.This is shown in Fig-
ure4. Figure5(a)shows thedistribution of thecurvatureover the
PelvismodelandFigure5(b)showstheresultsof oursegmentation
of theobjectinto multiple surfacepatches:P = f p1; p2; : : : ; png.
Eachpatchis acollectionof triangleswith similarcurvaturevalues.

(a) (b) (c)

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 discussedearlier, our Light Collagesframework illuminateslo-
cal surfacepatcheswith globally inconsistentlighting. A straight-
forward implementationof this idearesultsin sharpvisualdiscon-
tinuitiesacrosspatchboundariesthatarelighteddifferently. Such
shadingdiscontinuitiesaredisconcertingespeciallywhenthey oc-
cur in absenceof shapediscontinuities. To alleviate suchvisual
artifactswe blendillumination from neighboringpatches.As men-
tionedearlier, every vertex i in a patchp j is illuminatedby light
M (p j ). Theillumination at a vertex i is a weightedsumof illumi-
nationsfrom the primary lights for all the patchesN j that neigh-
bor patchp j : N j = f pk j ¶ p j \ ¶ pk 6= /0g, where¶ p j denotesthe

(a) (b)

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-basedsegmentation.

boundaryof patchp j . Let the primary light for patchpk 2 Nj be
givenby lk = M (pk). Let theweightof vertex i with respectto the
primary light of patchpk bebasedon thedistancefunctiond() of
vertex i from theboundary¶ pk andbegivenby:

wik µ
1

1+ d(i;¶ pk)

We notethat thedistanced(i;¶ p j ) is zerofor a vertex insideor
on theboundaryof thepatchp j . Therefore,theweightof vertex i
in patchp j , wi j = 1.

Let theillumination at vertex i dueto light lk begivenby Ii(lk).
Thenthetotal illumination at vertex i in patchp j will begivenby
Ii = å k wikIi(lk), wherepk 2 N j . Thedistribution of theblending
weightsat verticesaroundapatchis shown 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 renderedimageis perceptuallyim-
portant. It is desirableto avoid renderinganobjectwith 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 j with neighborsN j is givenby:

Ii =
å k wikIi(lk)

å k wik
; pk 2 N j ; lk = M (pk)

4 PROCEDURAL L I GHTI NG DESI GN

Lighting designis averybroadareathatinvolvesspeci�cationof a
numberof lighting parameterssuchasnumberandtype of lights,
theirplacement,andtheircolors.Herewefocuson light placement
andassignmentof lights to surfaces.We assumethatall the lights
arewhite anddirectional. Our lighting designproceedsin two in-
terleavedphases.In onephasewe identify theplacementof a light
andin theotherphaseweassignthelight to appropriatepatches.



4.1 Light Placement

Humansuse several visual cuesto comprehendshapesand dis-
tinguishamongobjects. Oneof the importantfeaturesof shapes
is their curvature. Curvaturein�uences the illumination gradient
acrossthe surface. We usea combinationof local lighting mod-
els to enhancetheappearanceof high-curvatureareasof anobject
from a given viewpoint. The re�ectanceof an object consistsof
threecomponents:ambient,diffuse, and specular. The ambient
color doesnot vary acrossan object. The diffusecolor variesac-
cording to the Lambertianlaw. The illumination componentthat
changesthefastestis specular. A specularhighlightonashiny sur-
facecaneasilyvanishwith evensmallperturbationsof theviewing
direction,surfacenormal,or light direction.For anobjectwith high
curvature,thespecularhighlight is usefulasit canresultin a sharp
curvature-basedhighlight,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 simpleexamplewith two pointsA andB on
which we would like to placespecularhighlights(Figure7). If we
have the freedomto placea directionallight sourcealongany di-
rection,we would like to placethat light sourcein a directionthat
maximizesthe possibility of having highlightson pointsA andB.
By usingtheview direction,theshape,andthematerialproperties
of pointsA andB, we caninfer the light directionsthatwill cause
specularhighlightsto appearonthem.Usingthereciprocityprinci-
pal, this is equivalentto shootinga ray of light from theviewpoint
to the pointsA andB, andhaving that light specularlyre�ect out
to the environment. The specularlyre�ected rayswill result in a
distributionaroundthedirectionof mirror re�ection. This is shown
in Figure7. The red blobson the upperleft region of the circle
representtheprobabilitydensityfunction(PDF)of there�ectedray
alongthosedirections.Thetotalprobabilityof aspecularhighlight
canbecomputedby thesumof the individual PDFs,asshown by
the greencurve. Thus, following the reciprocityprincipal, if we
wereto placea light sourcein thedirectionwherethegreencurve
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 ~ni and curvature intensity ci : Let ~Rbe the re
ection of viewing
direction ~V at vertex i. This means that the light placed along ~R
maximizes the specular illumination at vertex i. Specular weight
function S(i;~l ) is de�ned as the fall-o� function around ~R weighted
by curvature.

We extendthe above ideasto de�ne a light placementfunction

P(
�!
l ) thatmodelstheappropriatenessof placinga light in thedi-

rection
�!
l . Sucha light placementfunctionshouldincludecontri-

butionsfrom bothspecularaswell asdiffuseillumination. Wenext
discusshow wecomputethespecular- andthediffuse-illumination-
basedfactorsthatwill go towardsde�ning theoverall light place-
mentfunction.

As before, let P be the set of surfacepatchesfor an object.
Let �!v be theview vector,

�!
l be the light direction,and

�!
h be the

halfway unit vectoralongthedirection
�!
l + �!v . Further, let k i be

themeancurvatureand�!n i bethenormalvectoratavertex i on the
surface. We de�ne the specularweight function S for the vertex i
with thelight along

�!
l with ashininesssas:

S(i;
�!
l ) = j ki j (�!n i �

�!
h )s

Given a view direction, we computeS(i;
�!
l ) for eachvertex i

and for a set of uniformly distributed light directions
�!
l . In our

implementationwe use12K uniformly distributed directions
�!
l .

The use of specularhighlights alone is not desirable,as shown
by Gumhold[10]. In additionto specularlighting, we would also
like to considerdiffuse lighting when computingthe light place-
ment function to guide us in light sourceplacement. Sinceob-
servershave found curvatureto be informative in lighting design,
we have designedour diffuse lighting componentto adaptto the
local curvatureon a patch-by-patchbasis.Figure5(a)shows a vi-
sualizationof curvaturedistribution. We de�ne the curvature in-
tensityci at a vertex i to be its normalizedmeancurvature, i.e.
ci = (ki � kmin)=(kmax� kmin), wherek i is the meancurvatureat
vertex i, andkmax andkmin are the maximumandminimum val-
uesof themeancurvatureamongall theverticesof theinputmesh,
respectively. For a vertex i with normalvector �!n i , let D be the
setof light directionswhosediffusecolor is sameasthecurvature
intensityci .

D = f
�!
d j

�!
d � �!n i = cig

We de�ne thediffuseweightfunctionD(i;
�!
l ) for vertex i in the

directionof
�!
l suchthat thediffuseillumination at vertex i is sim-

ilar to thecurvatureintensityci . We computeit astheupperenve-
lope(maximum)of thedotproductbetween

�!
l andall

�!
d 2 D :

Figure 9: Computation of di�use weight function for a vertex with
normal ~ni and curvature intensity ci : First, (a) we de�ne the set
of light directions ~d 2 D for which ~ni � ~d = ci . These directions ~d
are shown by green arrows. If we were to place a light along any
~d 2 D , the di�use intensity at this vertex ~ni � ~d will be proportional to
ci . Figure (b) shows the cosine fall o� about each direction ~d 2 D ,
computed as the dot product of an arbitrary vector ~l with ~d, for
all ~l . (c) The di�use weight function D(i;~l ) is the upper envelope
(maximum) of the functions shown in Figure (b).



(a) (b)

Figure 10: The light placement function P(~l ) 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;
�!
l ) = Max

�!
d 2D

�!
l �

�!
d

The light placementfunction can be computedas the sum of
specularanddiffuseweight functionsover all surfacepoints. For
any light direction

�!
l the value of the light placementfunction

P(
�!
l ) alongthatdirectionis givenby:

P(
�!
l ) = å

i
(S(i;

�!
l ) + D(i;

�!
l ))

4.2 Assignmentof Lights to Patches

Weusethelight placementfunctionP(
�!
l ) to selectthebestmlights

L = f l1; l2; :::; lmg, asfollows. We identify the light direction
�!
l

that maximizesP(
�!
l ). We selectthis to be the direction of the

�rst light l1. We thenidentify thepatcheswhich will be lit by the
light l1. For any light lk 2 L andpatchp 2 P , let S p bethesetof
pointsthatareon p. Wede�ne afunctionE(p; lk) thatmeasuresthe
similarity of theilluminatedintensityIi for verticesi in thepatchp
(asde�ned in Section3.2) to its curvatureintensityas:

E(p; lk) = å
i2S p

(Ii(lk) � ci)2

So, for the �rst light l1, we computeE(p; l1) for every p 2 P ,
andif E(p; l1) is lessthanathresholdt (currentlyweuset = 0:15),
l1 is assignedto p, i.e. M (p) = l1. We deductthecontributionsof
theverticesin thepatcheslit by thislight l1 fromthelight placement
function.Thenweagain identify thelight directionthatmaximizes
the updatedlight placementfunction, andselectthat to be the di-
rectionof thesecondlight sourcel2. Werepeatthisprocessuntil m
lightsareselected.Figure11shows thelighting with one,two, and
four lights. Patchesthatarenot lightedareshown darkwithoutany
blendingwith theneighboringpatches.

After we have chosenm light sources,mostof thepatcheswill
be lit by somelight source. However, somepatchesmay remain
unlit. For eachunlit patch,oneof the m light sourcesis assigned
to it usingthefunctionE(p; lk) de�ned in theprevioussection.For
eachpatchp, E(p; lk) is computedfor all m lights, andthe light lk
whichminimizesE(p; lk) is assignedto p.

M (pi) = Argmin
lk2L

E(p; lk)

Figure12shows thelight directionsfor someof thepatches.

(a) (b)

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 ENHANCEM ENT

5.1 SilhouetteLighting

Silhouettesareimportantfor de�ning the boundaryof objects. A
well-de�ned silhouettemakesanobjecteasierto comprehendand
makes its shapemore distinguishable.In cinematography, back-
lights are used for separationof foreground from background.
Backlightsaretraditionally placedbehindthe objectgeneratinga
thin rim of light aroundthe silhouetteof the object. Backlights
are also referredas rim, hair, or separationlights. In particular,
the lights at the three-quarters-backposition are called as kicker
lights [13].

To make theobjectsstandout from their background,we would
like to producea dark silhouettefor a bright backgroundand a
bright silhouettefor a dark background.To enhancethe contrast
betweena silhouetteandits background,we usea simplefall-off
formulaweightedby ws = (1� �!n i � �!v )u, for addinganadditional
silhouettelight at vertex i with normal �!n i andview direction�!v .
Theresultsof incorporatingblacksilhouettelighting appearin Fig-
ure 13. We computethe silhouette-enchancedillumination asthe
linear blendof the silhouettelighting Hi weightedby ws and the
existing illumination: (1� ws)Ii + wsHi .

(a) (b) (c)

Figure 13: Light Collages rendering (a) without, and (b), (c) with
silhouette lighting. In this �gure, (1� ~ni �~v)u is usedas the silhouette
light's weight factor. The silhouette lighting Hi is black to make
near-silhouette regions dark since the background is bright. (b) and
(c) show di�erent levels of silhouette enhancement with u = 4 and
u = 2 respectively.

5.2 Proximity Shadows

Shadows presenta very important visual cue. Carefully placed
shadows can greatly enhancefeaturesand make spatial relation-
shipsbetweenregionsclearer. As an example,it may be dif�cult
to distinguishtwo surfacepatchesif they have similar illumination
but differentdistancesfrom theviewerandoverlapin spaceasseen
by theviewer. If however, thefront patchcastsavisibleshadow on
thebackpatch,thentheviewerwill havenoambiguityin recogniz-
ing their spatialrelationship.Two visible patchesthatoverlapin a
given view, but areat differentdistancesfrom the viewer will re-
sult in adepthdiscontinuityin thecomputeddepthmap.Thedepth



(a) (b) (c)

Figure 11: Partial surface lighting with (a) �rst light, and (b) �rst two lights, and (c) four lights. The red arrows show the light directions. The
dark regions in (a) and (b) are the patches which are not lit by current partial lights. No blending is used here.

discontinuityusually occursalong one or more curves as shown
in Figure14 (a). We useproximity shadows to show the relative
distancesbetweenthe two overlappingpatchesif their depthsare
within aprede�nedthresholdvalue.

First, we identify the depthdiscontinuitycurvesby comparing
the valueof eachpixel in the depthmapwith its neighbors. We
thengeneratea shadow light directionfor eachdepthdiscontinu-
ity curve by using the depthgradient. We computethe per-pixel
depthgradientby usingthecentraldifferencesmethodthatexam-
inesthe depthvariationsin the immediatevicinity of a pixel. We
thenaveragetheper-pixel depthgradientoverall thepixelsof adis-
continuitycurve to arrive at anaveragevalueof thedepthgradient
for thecurve. Theshadow light directionis determinedby rotating
theviewing directionby asmallangleq towardstheaveragedepth
gradientof the depthdiscontinuitycurve as shown in Figure 15.
Finally we usetheshadow light directionin a shadow mapto cast
proximity shadow for the depthdiscontinuitycurve. This process
is repeatedfor all thedepthdiscontinuitycurves.

During the generationof local proximity shadows, we have to
be aware of one possibleproblem– a narrow region might have
depthdiscontinuityon bothof its sides.If we castshadows of this
region on bothsurfacesthatarebehind,it canproducea somewhat
disconcertingeffect asshown in Figure17(b). For suchsituations
one can useany heuristic that consistentlypicks one side of the
region over the other. Examplesof suchheuristicsmay include
picking the sideof the discontinuityregion that is on the left and
the top, or pick the sideof the discontinuityregion that hasmore
surfacepointson thediscontinuitycurveanduseit to castshadows
asshown in Figure17(c).

6 RESULTS AND CONCL USI ONS

We have implementedtheLight Collagessystemin OpenGL.The
visualizationresultsusingour systemcanbeseenin Figures18 –

(a) (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 proximit y shadows casted
by the discontinuity curves in (a).

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

(a) (b)

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

19. In Figure 18(a)–(c)we show the result of lighting the skull
model by consistentlighting with 1, 2, and 4 lights, and (d)–(f)
show theresultsby Light Collagesrenderingwith 1, 2, and4 lights.
We have usedthe samelighting and materialpropertiesfor gen-
eratingall the six images.As you canseein (a)–(c),the specular
highlightfrom consistentlighting will sometimescauselargebright
areason �at regions,while highlights from our methods((d)–(f))
areonly on highly curved regions. This helpselucidategeometry
details. The proximity shadow castby the uppercheekbonein
Figures18(d)–(f) nicely illustratesthe depthrelationshipbetween
thesetwo regionsof theskull. In Figure19(a)weshow theresultof
lighting thepelvismodellightedwith thebest8 lights determined
by our system.Figures19(b) and(c) progressively addsilhouette
lighting andproximity shadows to theFigure19(a).

We have introducedLight Collagesas a systemfor automatic
lighting designfor effectivevisualizationof scienti�c datasets.Our
methodrelieson usingmultiple light sourcesthat canbe usedfor
accuratelocal lighting on surfaces,with possibleglobal inconsis-
tencies.Thehumanvisualsystemis remarkablyadeptat inferring
shapefrom largely local cues,and henceour system,even with
globallighting inconsistenciescanproducecomprehensiblerender-
ings. We have shown how our methodcanincorporatesilhouette



(a) (b) (c)

(d) (e) (f)

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.

(a) (b) (c)

Figure 19: Light Collages for Pelvis: (a) Lighting by 8 lights, (b) Adding silhouette lighting to the previous image, and (c) Adding proximit y
shadows to the previous image.



(a) (b) (c)

Figure 17: Avoiding Con
icts in Proximit y Shadows: (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 proximit y
shadows on both sidesof the region. (c) Proximit y shadows on both
sidescan be corrected by eliminating one of them.

lighting aswell asproximity shadows to furtherelucidatethelocal
structureof thescienti�c datasets.We believe our methodgreatly
improvesthevisualizationwhile retainingthelook andfeel of tra-
ditional3D graphicsilluminationmodels.

In additionto thevisualappearance,interactivity is essentialfor
theperceptionof 3D shapes.We have not yet worked to optimize
the running timesof our Light Collagessystem. We plan to use
spherical-harmonics-basedrepresentationsto ef�ciently compute
the light placementfunction for usein an interactive system. In
this paperwe have assumedthe lights aredirectional. Generaliz-
ing our approachto point light sourcesor perhapseven arealight
sourceswould beaninterestingdirectionfor futurework. Our cur-
rentwork doesnot take into accountvariationsin color or material
propertiesandthis shouldbe useful to consideraswell. In addi-
tion to lighting designfor a singleobject,automaticallydesigning
lighting environmentsfor a scenewith multiple objectsshouldbe
useful.
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