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Geometry-DependentLighting
ChangHa Lee, Xuejun Hao, andAmitabh Varshney, Member, IEEE

Abstract— In this paper we intr oduce geometry-
dependentlighting that allows lighting parameters to be
de�ned independently and possibly discrepantly over an
object or scenebased on the local geometry. We present
and discussLight Collages, a lighting design systemwith
geometry-dependentlights for effective feature-enhanced
visualization. Our algorithm segmentsthe objectsinto local
surfacepatchesand placeslights that are locally consistent
but globally discrepant to enhancethe perception of shape.
We use spherical harmonics for ef�ciently storing and
computing light placementand assignment.Wealsooutline
a method to �nd the minimal number of light sources
suf�cient to illuminate an object well with our globally
discrepant lighting approach.

Index Terms— Lighting design, scienti�c illustration,
discrepant lighting, light placement, silhouette enhance-
ment, proximity shadows, spherical harmonics

I . INTRODUCTION

OUR ability to generate3D data,throughacquisition
andthroughsimulation,hasfar surpassedour abil-

ity to visually comprehendit. As thedatasizescontinue
to increaseat a geometricrate of growth, it becomes
necessaryfor us to revisit the traditional visualization
pipeline to explore its stagesthat we can modify to
enhancethe comprehensionof intricate model details.
We believe that careful lighting designoffers one such
avenueof research.

Lighting designhas long beenconsideredcrucial in
conveying the right ambience,emotion,visual complex-
ity, context, and in guiding the viewer's attentionin art,
scienti�c illustration, photography, stage lighting, and
cinematography. Over two millenniaagoPliny theElder
discussedlocally shadingasurfacefold to make it appear
to rise above the background[1], [2]. Sincethen,artists
and illustrators have successfullyused local lighting
techniquesfor conveying the object shape.Theselocal
techniquesconvey a powerful impressionof geometry,
althoughthe lighting acrossthe surfaceis inconsistent.
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Fig. 1. (a) Consistentlighting with four lights at the front four
verticesof a cube, and (b) a Light Collage renderingwith 4 lights.
Material propertiesare the samefor both renderings.

Since the world aroundus is lit consistently, it was
possiblethatwemighthavenaturallyacquiredtheability
to discernillumination inconsistenciesof lighting direc-
tions. However, recentresearchby Ostrovsky et al. [3]
found that human subjectswere largely insensitive to
illumination inconsistenciesacrossa set of randomly-
oriented3D cubes.This helpsexplain why thegeometry
of consistentlighting is not asmeticulouslycraftedin art
as the geometryof perspective [4]. Therearealsoother
reasonswhy artistsandillustratorsmayallow lighting to
beinconsistent.First,efforts to ensureconsistentlighting
in art are usually under-appreciatedsince they are not
visually obvious. Second,artists can use inconsistent
lighting to guidethe viewer's attentionto enhancecom-
prehensibilityor convey theirmessage.If onewereto ap-
ply the inverselighting modelsthathave beendeveloped
recently[5], [6] to mostpaintingsand illustrations,one
would �nd innumerableerrors(someadmittedlyslight,
but presentnonetheless)in their lighting and shading.
However, not only have these lighting errors passed
virtually unnoticedby mostuntrainedhumanobservers,
lighting for such paintings is visually impressive and
sometimeseven deeplycompelling.

Cavanagh[2] hassuggestedthat our brain perceives
the shape-from-shadingcues locally and doesnot use
large regions of the visual �eld for shape-from-shading
analysis.In fact, recentwork by Akers et al. [7] and
Agarwala et al. [8] has shown the power of such an
approachfor 2D images.They have shown how image
compositioncan be usedwith sophisticated,spatially-
varying light mattesto createcompelling technical il-
lustrationsor compositephotographsfrom a setof pho-
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tographswith different, locally discrepant,lighting. In
this paperwe explorehow the useof discrepantlighting
in 3D visualization may allow us to convey a better
perceptionof geometrythanconsistentlighting.

We have presentedour work on an automaticlighting
design system,Light Collages [9], for enhancingthe
visualizationof scienti�c datasets.In this paperwe give
furtherdetailsof thatapproach,presentmorecompelling
resultswith new datasets,and introducethe framework
of geometry-dependentlighting. Important new contri-
butions in this expandedversion of our earlier work
are in improving the run-time ef�ciency of our system
by a factor of 20 and reducing the memory footprint
by over two ordersof magnitude.We discusshow one
can achieve this by using a spherical-harmonic-basis
representationfor light placementand assignment.The
bene�ts of addingmore discrepantlights diminish with
the total numberof lights in the system.Another novel
contribution of our work is the notion of minimality of
light sourcesfor a givenview andgeometryandshowing
how this changeswith simpli�cations of the geometry.

I I . PREVIOUS AND RELATED WORK

In photography, cinematography, and stagelighting,
thespeci�cationof light position,direction,color, inten-
sity, andtypedeterminestheappearanceof the resulting
scene.Kahrs et al. [10] have summarizedthe lighting
designapproachesfor computeranimation.They distin-
guishbetweenlogical andpictorial lights. Logical lights
are motivatedby actualsourcesof light in a scenethat
the viewer canseeor imply. For example,the key light
is usedin a sceneasthe primary sourceof illumination.
In addition to logical lighting cinematographersuse
pictorial lighting for enhancingthe artistic aestheticsof
the scene.For example,back or rim lights are usedto
separatethe object from the background,and �ll lights
areusedto softenand �ll the shadows.

Much of the current work on lighting designin 3D
graphics and visualization has focused on determin-
ing the parametersfor logical lights and has generally
overlooked pictorial lighting. We classify the lighting
design methodsfor graphicsas either direct or indi-
rect. Conventional lighting design methodsare direct
– they require a user to directly specify the lighting
parameters.The userstartsout by specifyingan initial
set of lighting parametersand then visually evaluates
the results.The lighting parametersare then changed
iteratively till the graphics rendering converges to a
desiredoutput.Although the visual resultsfrom usinga
direct light speci�cationmaybesatisfactory, theprocess
itself leaves much to be desired.First, direct lighting
designis often iterative andtime consuming.Second,it

requiresa signi�cant expertiseon the part of the userto
achieve desiredvisualeffectsfrom light placement,such
as locationsof highlights and shadows. The approach
of Design Galleries[11] addressestheseshortcomings
by using several user-speci�ed lighting parameters(ex-
cluding light placement),generatinga set of renderings
with randomlyplacedlights, and having a userbrowse
andhierarchicallyselecttherenderingsthataredesirable.
The LightKit system[12] allows a userto interactively
adjust lighting to enhancevisualization. This system
allows camera-relative lights that include a dominant
light, headlights,andbacklights.Thesystemalsoallows
theuserto adjustthe light color andwarmthof lighting.

Indirect lighting designmethodsusesceneproperties
that are either speci�ed by a useror procedurallyesti-
mated.In user-speci�edindirect lighting design, theuser
speci�es the desiredhighlightsor shadows and the sys-
temtheninfersthelight placementto achieve them[13]–
[17]. In procedural indirect lighting design, the system
automaticallyinfers light placementand parametersby
optimizing a set of perceptualcriteria for a given view.
Shacked and Lischinski [18] derive light placementfor
up to two light sourcesby optimizing a perception-
basedimagequality objective function. Their objective
function includessix terms that are basedon shading
gradients,pixel luminance statistics, and illumination
direction.Gumhold[19] hasdevelopeda light-placement
strategy by maximizing a perceptualentropy objective
function asmeasuredfrom a renderedimage.

Although we have not come acrossprior work on
physically-discrepantlighting designfor 3D graphicsand
visualization,thereis a sizableliteratureon physically-
implausiblelighting modelscollectively referredasnon-
photorealistic lighting. Goochet al. [20] have developed
a lighting model that uses luminanceand changesin
hue to convey surface orientation, edges, and high-
lights. Sousaet al. [21] have incorporatedlighting into
adaptive pen-and-inkstroke lengths to convey shape.
Hamel [22] has developed a lighting model that in-
corporates� ve components– standardlighting with
shadows, rim shadow lighting, curvatureshading,trans-
parency, andvolumeillumination. Sloanet al. [23] have
developedan effective method to transfer the shading
from oneobject to anotherusinga sphere(environment
map)asan intermediary. AndersonandLevoy [24] have
usedcurvature-and accessibility-basedshading[25] to
enhancethe visualizationof cuneiformtablets.Vicinity
lighting [26] improves upon the idea of accessibility
shadingby usinguniform diffuselighting andocclusion
by local occluders.

Previous work, to the best of our knowledge, has
not tried to renderthe sameobject with multiple light
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Fig. 2. Overview of our lighting designpipeline: The input model is segmentedusing a curvature-based-watershedmethodinto a set of
patches.The light placementfunction modelsthe appropriatenessof light directionsfor illuminating the model.This is doneby using the
curvature-basedsegmentationas well as the diffuseand specularillumination at every vertex. Lights are placedand assignedto patches
basedon the light placementfunction.Silhouettelighting and proximity shadowsare addedfor feature enhancement.

sourceswith eachlight sourcelighting a differentregion
of the object. In fact, the generaladviceseemsto have
beento illuminate objectswith a singlelight sourcethat
is placed above and to the left of the object [27]. In
this paperwe discussthe idea of geometry-dependent
lighting that involves lighting different regions of a 3D
object with multiple light sourcesto render it in a
more visually comprehensiblemanner, while retaining
its traditional 3D-graphics-renderedlook and feel. Our
goal is to provide effective visualization that conveys
a large numberof data featuressuch as local surface
orientation,curvature,silhouettes,and �ne texture.

I I I . L IGHT COLLAGES OVERVIEW

The geometry-dependentlighting framework allows
local regionsto beilluminatedby discrepantlights based
on their local geometry. Our Light Collages system
automaticallydesignsgeometry-dependentlighting for
a given view by placing directional light sourcesand
assigningthem to different regions of an object.Let us
de�ne the problem more formally. Consideran object
composedof n surface patchesP = f p1; p2; : : : ; png.
Let there be a set of m unknown light sourcesL =
f l1; l2; : : : ; lmg. The problemwe solve hereis: GivenP ,
m, and a viewer position, generate L and a mapping
M that pairs each light l i 2 L ;1 � i � m to a subset
of patches P i � P that it lights, to best elucidate
the local structure of the object. Here, the subsets
P i are mutually exclusive and collectively exhaustive:
P i \ P j = /0;1 � i; j � m,

S m
i= 1P i = P . Then each

patch p j 2 P i is assigneda primary light sourcel i =
M (p j ). We believe that the idea of best elucidation
is open to interpretation.There is strongevidencethat
conveying the local curvature information is important
in shapeperception.Girshick et al. [28] presentseveral
compellingvisual examplesthat show that placing line
strokesalongprincipal directionsof curvaturearemore

effective thanotherdirections.Additionally, userstudies
on light sourceplacementby Gumhold[19] have indi-
catedthatobserverstendto selectlight sourcedirections
that favor surfacecurvatureelucidation.

The Light Collagessystem�rst segmentsthe input
modelinto asetof patches,thenplaceslightsandassigns
themto patches,and�nally addssilhouettelighting and
proximity shadows for featureenhancementasillustrated
in Figure2. In thesectionsIV–VI, we discusseachstage
of the Light Collagespipeline in detail.

IV. SURFACE SEGMENTATION

We segmentthe input model into a set of patchesto
de�ne the local regions which will be lit discrepantly.
The segmentationof an object is a classical area of
researchin computervision and imageprocessing.Any
of the vast numberof segmentationalgorithmscan be
usedfor objectsegmentationat this stagedependingon
whatthegoalsof thesegmentation-basedlighting design
are. In this paper, we segment the object into patches
basedon local curvature.Thegoal is to make eachpatch
bea collectionof triangleswith similar curvaturevalues.

We �rst computethemeancurvatureat eachvertex of
the input meshastheaverageof its two principal curva-

(a) (b) (c)

Fig. 3. (a) Curvature distribution over the Skull model; convex
regionsareshownbrighterandconcaveregionsaredarker, (b) coarse
segmentationwith a high thresholdand, (c) �ne segmentationwith a
low threshold.For all modelsin this paper, weuse7.5%of therange
of curvature differenceas the thresholdand this is shownin (c) for
the Skull model.
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tures,which are computedusing Taubin's method[29].
Then we segment using a simple watershedalgorithm
basedon Mangan and Whitaker's method [30]. First,
their method�nds verticeswith local curvatureminima
anduseseachof themasa seedfor growing a new patch.
The method then iteratively assignsvertices to these
patches.A path of steepestdescentis computedfrom
eachunassignedvertex till it reachesa seedvertex with
a local curvature minimum. The vertex is assignedto
thepatchcorrespondingto this seedvertex. A watershed
depthis computedfor eachpatchbasedon theminimum
differencein curvaturevaluesbetweena boundaryver-
tex and the seedvertex for that patch. Patcheswhose
watersheddepthis below a thresholddeptharemerged.
Figure3(a) shows the distribution of the curvatureover
the Skull modelandFigures3 (b) and(c) show how the
segmentationcan be decreasedor increasedby raising
or loweringthethresholddepth,respectively. Figure3(c)
shows the resultsof our segmentationof the object into
multiple surfacepatches:P = f p1; p2; : : : ; png.

V. PROCEDURAL L IGHTING DESIGN

We assumethatall thelights arewhite anddirectional.
Our lighting design algorithm proceedsin two inter-
leaved phases.In one phasewe identify the placement
of a light and in the other phasewe assignthe light to
appropriatepatches.

A. Light PlacementFunction

Curvaturein�uencestheillumination gradientacrossa
surfaceandis an importantvisual cueto shape.We use
a combinationof local lighting modelsto enhancethe
appearanceof high-curvatureareasof an object from a
givenviewpoint. A specularhighlight on a shiny surface
can easily vanish with even small perturbationsof the
viewing direction, surface normal, or light direction.
For a low-curvature area, the specularhighlight hides
the subtlegeometricchangesbecauseof over exposure.
However, for a region with high curvature,the specular
highlight is useful as it can result in a sharpcurvature-
basedhighlight, and thushelp illustrateobjectdetail.

As an example, let us considertwo points A and B
on which we would like to place specularhighlights
(Figure 4(a)). If we have the freedomto placea direc-
tional light sourcealong any direction, we would like
to placeit in a direction that maximizesthe possibility
of having highlights on points A and B. We can infer
the light directionsthat will causespecularhighlightsto
appearon points A and B by using the view direction,
theshape,andthematerialpropertiesof anobject.Using
the reciprocity principal, this is equivalent to shooting

a ray of light from the viewpoint to the points A and
B, and having that light specularly re�ect out to the
environment.The specularlyre�ected rayswill result in
a distribution aroundthedirectionof mirror re�ection as
shown in Figure 4. The blue and orangeblobs on the
upper left region of the circle representthe probability
densityfunction (PDF) of the re�ected ray along those
directions.The total probability of a specularhighlight
can be computedby the sum of the individual PDFs,
as shown by the purple curve. Thus, following the
reciprocityprincipal, if we were to placea light source
in the direction where the purple curve has the largest
value,we would getthebesthighlightsat boththepoints
A andB for the given view position.

We extend the above ideas to de�ne a light place-
ment function P(

�!
l ) that models the appropriateness

of placing a light in the direction
�!
l . Such a light

placementfunction should include contributions from
both specularaswell asdiffuse illumination. Let P be
the set of surfacepatchesfor an object. Let �!v be the
view vector,

�!
l be the light direction, and

�!
h be the

halfway unit vectoralongthe direction
�!
l + �!v . Further,

let k i be the meancurvature, �!ni be the normal vector,
and ~R be the re�ection of viewing direction ~v about
the normal �!ni at a vertex i on the surface.We de�ne
the specularweight function S for the vertex i with a
shininesss as: S(i;

�!
l ) = j k i j (�!ni �

�!
h )s. Given a view

direction, we compute S(i;
�!
l ) for each vertex i and

for a setof uniformly-distributed light directions
�!
l . In

our implementationwe use 12K uniformly-distributed
directions

�!
l .

However, the useof specularhighlights alone is not
desirable,asshown by Gumhold[19]. We have designed
the diffuse lighting componentof the light placement
function to adapt to the local curvature on a patch-
by-patchbasis.Figure3(a) shows curvaturedistribution
over the Skull model.We de�ne the curvature intensity
ci at a vertex i to be its normalizedmean curvature,

(a) (b)

Fig. 4. (a) A view-dependentweightfunctionfor each surfacepoint
is addedto the light placementfunction de�ned in the directional
space(shownhere by the large circle). Thelight placementfunction
modelsthe appropriatenessof placing a light along a direction.(b)
Specularweight function S(i;~l ) is de�ned as the fall-off function
aroundthe re�ection vector~R weightedby curvature.
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i.e. ci = (k i � kmin)=(kmax� kmin), wherek i is the mean
curvatureat vertex i, andkmax andkmin arethemaximum
and minimum valuesof the meancurvatureamongall
theverticesof theinput mesh,respectively. For a vertex i
with normalvector�!ni , let D bethesetof light directions
whosediffuse color is sameas the curvature intensity
ci : D = f

�!
d j

�!
d � �!ni = cig. We de�ne the diffuse weight

function D(i;
�!
l ) for vertex i in the directionof

�!
l such

that the diffuse illumination at vertex i is similar to
the curvature intensity ci . We computeit as the upper
envelope(maximum)of the dot productbetween

�!
l and

all
�!
d 2 D as:D(i;

�!
l ) = Max

�!
d 2D

�!
l �

�!
d , asseenin Figure5.

The light placementfunction canbe computedasthe
sum of specularand diffuse weight functions over all
surface points. For any light direction

�!
l the value of

the light placementfunction P(
�!
l ) along that direction

is given by: P(
�!
l ) = å i(S(i;

�!
l ) + D(i;

�!
l )).

B. Light Placementand Assignment

We select the best m lights L = f l1; l2; :::; lmg by
using the light placementfunction P(

�!
l ), as follows.

We identify the light direction
�!
l thatmaximizesP(

�!
l ).

We select this to be the direction of the �rst light l1.
We then identify the patcheswhich will be lit by the
light l1. For any light lk 2 L and patch p 2 P , let S p

be the set of points that are on p and let Ii(lk) be the
illuminatedintensityat vertex i 2 S p dueto light lk. We
de�ne a function E(p; lk) that measuresthe similarity of
theilluminatedintensityIi(lk) for verticesi in thepatchp
to its curvatureintensityas:E(p; lk) = å i2S p

(Ii(lk) � ci)2.
For the �rst light l1, we assignl1 to a patch p 2 P

whenever E(p; l1) is less than a thresholdt (currently
we use t = 0:15), i.e. M (p) = l1. We deduct the
contributions of the vertices in the patcheslit by this
light l1 from the light placementfunction. We repeat

Fig. 5. Computationof diffuse weight function for a vertex with
normal~ni and curvature intensityci : First, (a) we de�ne the set of
light directions~d 2 D for which ~ni � ~d = ci . Thesedirections~d are
shownby greenarrows.Figure (b) showsthe cosinefall-off for each
~d 2 D . (c) The diffuseweight function D(i;~l ) is the upper envelope
(maximum)of the functionsshownin Figure (b).

this processuntil m lights are selected.For eachunlit
patch,the light lk which minimizesE(p; lk) is assigned
to p : M (p) = argmin

lk2L
E(p; lk). Figures7 (a)–(c) show

the lighting with one,two, andeight lights. Patchesthat
arenot lit areshown darkwithout any blendingwith the
neighboringpatches.

C. Illumination

Our Light Collagesframework allows patchesto be
assigneddifferent lights even though the patchesare
adjacent.A straightforward implementationof this idea
might result in sharpvisual discontinuitiesacrosspatch
boundariesthat are lit differently. Suchshadingdiscon-
tinuities aredisconcertingespeciallywhenthey occurin
absenceof shapediscontinuities.To alleviatesuchvisual
artifactsweblendillumination from neighboringpatches.
As mentionedearlier, every vertex i in a patch p j is
illuminated by light M (p j ). The blendedillumination
at a vertex i is a weightedsum of illuminations from
the primary lights for all the patchesN j that arenext to
p j : N j = f pk j ¶ p j \ ¶ pk 6= /0g, where¶ p j denotesthe
boundaryof patch p j . Let the primary light for patch
pk 2 Nj begivenby lk = M (pk). Let theweightof vertex
i with respectto theprimarylight of patchpk bebasedon
the distancefunction d() of vertex i from the boundary
¶ pk andbe given by: wik µ 1

1+ d(i;¶ pk)
.

We de�ne thedistanced(i;¶ p j ) to bezerofor a vertex
inside or on the boundaryof the patch p j . Therefore,
the weight of a vertex i inside patch p j is wi j = 1. The
distribution of the blendingweightsat verticesarounda
patchis shown in Figure7(d).

A simpleweightedsumof illuminationsmay increase
the overall brightnesswhich tendsto result in diminish-
ing the visual discriminability amongstobject features.
To balancethe renderingbrightnesswe normalize the
illuminationwith theblendingweightsfor agivenvertex.

(a) (b)

Fig. 6. Thelight placementfunctionP(~l ) is computedin Figure (a)
by adding diffuse and specularweight functions.Figure (b) shows
the �owchart of the processfor light placementand assignment.
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(a) (b) (c) (d)

Fig. 7. Partial surfacelighting with (a) �r st light, and (b) �r st two lights, and (c) eight lights. The red arrows showthe light directions.
Thedark regions in (a) and (b) are the patchesnot lit by the current partial lights. No blendingis usedhere. Figure (d) showsthe weights
for blendingillumination. The lower meshshowsthe patch (in blue) and its neighborhood.For each vertex of the lower mesh,the vertex
of the uppermeshvertically above it representsthe blendingweight.Note that the weightstaysconstantover the patch and thengradually
falls off.

Let the illumination at vertex i due to light lk be given
by Ii(lk) as de�ned in Section V-B. Then, the �nal
illumination formula for a vertex i in patch p j with
neighborsN j is given by:

Ii =
å k wikIi(lk)

å k wik
; pk 2 N j ; lk = M (pk)

VI . FEATURE ENHANCEMENT

A. SilhouetteEnhancement

Usually silhouettescharacterizelarge depthdisconti-
nuities. Therefore,a well-de�ned silhouettemakes an
object easierto comprehendby making it more easily
distinguishablefrom its surroundings.Cinematographers
use backlights for separatingthe foreground from the
background.They traditionally placebacklightsbehind
anobjectto generatea thin rim of light aroundits silhou-
ette. Backlightsare also called rim, hair, or separation
lights. In particular, the lights at the three-quarters-back
positionarecalledaskicker lights [10].

To distinguish an object from its background,we
producea dark silhouettefor a bright backgroundand
a bright silhouette for a dark background.We use a
simple fall-off formula weightedby ws = (1� �!ni � �!v )u,
for addingan additionalsilhouettelight at vertex i with
normal �!ni and view direction �!v . The resultsof incor-
porating black silhouette lighting appearin Figure 8.
We computethe silhouette-enhancedillumination asthe

(a) (b) (c)

Fig. 8. Rendering(a) without, and (b), (c) with silhouettelighting.
(1� ~ni �~v)u is usedas the silhouettelight's weightfactor. (b) and (c)
showsilhouetteenhancementwith u = 4 and u = 2 respectively.

linearblendof thesilhouettelighting Hi weightedby ws

andthe existing illumination: (1� ws)Ii + wsHi .

B. Proximity Shadows

Perceptionof depththroughcarefully placedshadows
is an importantvisual cuefor comprehendingthespatial
relationshipsbetweenobjects.As an example, it may
be dif�cult to distinguish two surface patchesif they
have similar illumination but different distancesfrom
the viewer andpartially overlap in spaceasseenby the
viewer. However, if thefront patchcastsavisibleshadow
on theotherpatch,their spatialrelationshipimmediately
becomesclear. Such pairs of visible patchesresult in
a depth discontinuity that usually occursalong one or
moresilhouettecurvesasshown in Figure9(b). We use
proximity shadows to show therelative distancebetween
the two overlapping patchesif the eye-spacedistance
betweenthemis within a prede�nedthreshold.

To computeproximity shadows, we �rst identify the
depth discontinuity curves by comparingthe value of
eachpixel in the depthmapwith its neighbors.We then
generateashadow light directionfor eachdepthdisconti-
nuity curveby usingthedepthgradient.Theshadow light
direction is determinedby rotating the direction vector

(a) (b) (c)

Fig. 9. Figure (a) showsa pelvismodelrendered without proximity
shadows.The illumination provides only a weak depth cue for the
two overlapping regions inside the circle. Figure (b) showsdepth
discontinuitycurves,where adjacentpixel depthsdiffer by more than
a threshold, in blue. The arrows show the average gradients of
discontinuitycurves.Figure (c) showsthe proximity shadowscast
by the discontinuitycurvesin (b).
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Fig. 10. The placementof a light for proximity shadow:At each
depthdiscontinuitycurveof the depthmap,a light for the proximity
shadowis placedby rotating a vector to the viewer by an angle q
along the directionof the local gradient.

to the viewer by a small angle q towards the average
depth-gradientdirection as shown in Figure 10. Finally
we usethe shadow light direction in a shadow map to
castproximity shadow for thedepthdiscontinuitycurve.

While castingproximity shadows,wehave to beaware
thatanarrow regionmightcauseaproblemif it hasdepth
discontinuitieson multiple sides.If we castshadows of
this region in eachdirection,it canproducea somewhat
disconcertingeffect asshown in Figure11(b). For such
situations one can use any heuristic that consistently
picks one side of the region over the others.Examples
of such heuristicsmay include picking the side of the
discontinuityregion thatis on theleft andthetop,or pick
thesideof thediscontinuityregion thathasmoresurface
pointson the discontinuitycurve (refer Figure11(c)).

VI I . EFFICIENT COMPUTATION

The light placementand light assignmentstagesare
themosttime consumingin our lighting designpipeline.
In this section,we discusshow to speedup the overall
systemby ef�ciently computingand updatingthe light
placementfunction using the spherical-harmonic-basis
representation.The Light Collagesprocessdescribedin
SectionV takesa few hundredsecondsfor a modelwith
tens of thousandsof vertices.It is reasonablerunning

(a) (b) (c)

Fig. 11. Avoiding con�icts in proximity shadows: (a) Depth
discontinuitycurvesarise along both sidesof the uppercheekbone.
(b) Thediscontinuitycurvesresultin proximityshadowsonbothsides
of bone that might appear disconcerting. (c) This can be �xed by
eliminatingoneof the two proximity shadows.

time for one-timeimagegeneration,but not fastenough
for interactive visualization or generationof a large
number of images.Also, we might want to store the
precomputedlight placementfunctions for interactive
rendering.In that casethe current representationwill
needlarge amountsof storage.

Sphericalharmonics(SH) can encodea function de-
�ned over a spherewith orthonormalbasis functions.
Spherical harmonicscan representany function with
representationalaccuracy relatedto the numberof co-
ef�cients used.Sinceour light placementfunctionsand
weight functionsarede�ned on a sphere,we canencode
them using spherical harmonics.Moreover, since our
light placementfunction and weight functions are low
frequency, we can representthem with a small number
of sphericalharmoniccoef�cients resulting in ef�cient
storageandcomputation.

A. SphericalHarmonicsBackground

The spherical-harmonic(SH) basisfunctionswith the
parametrization(x;y;z) = (sinqcosj ;sinqsinj ;cosq)
arede�ned as

ym
l (q; j ) =

8
<

:

p
2Km

l cos(mj )Pm
l (cosq); m> 0p

2Km
l sin(� mj )P� m

l (cosq); m< 0p
2K0

l P0
l (cosq); m= 0

where Pm
l are the associatedLegendrepolynomials

and Km
l are de�ned as: Km

l =
q

(2l+ 1)( l �j mj)!
4p(l+ jmj)! . We can

project a scalar function f de�ned on the sphereinto
its SH coef�cients h, through the integral: h(m; l ) =R

f (s)ym
l (s)ds. We approximate the function f with

these coef�cients h by using n SH bands: f̃ (s) =
å n� 1

l= 0 å l
m= � l h(m; l )ym

l (s).
The rotational-invariance property of spherical har-

monics enablesus to rotate a function by multiplying
a rotationmatrix to its vectorof SH coef�cients. We use
Blancoet al.'s method[31] for fastrotationsof spherical
harmonic representations.Their method incrementally
computesa rotation matrix of real sphericalharmonics
by using the recursive relationsbetweenmatrix compo-
nentsfor adjacentbands.

B. SH-BasedLight Placementand Assignment

We can ef�ciently represent and compute the
light placementfunction by using spherical harmon-
ics. Let h(l ;m) be the spherical-harmoniccoef�-
cients for representingthe light placement function
P: h(l ;m) =

R
P(s)ym

l (s)ds. We approximatethe light
placementfunction P with the coef�cients as: P̃(s) =
å n� 1

l= 0 å l
m= � l hi(m; l )ym

l (s).
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Recall from Section V that the overall light place-
ment function is a sum of specularand diffuse weight
functionsfrom eachvertex. We observe that given two
vertices i and j with the samecurvature but different
normals,the weight functions(diffuse and specular)of
vertex i canbe computedby rotating the corresponding
weight functions (diffuse and specular) of vertex j.
Therefore,we can pre-computethe spherical-harmonic
representationsof the weight functions for eachcurva-
ture valueandsimply rotatethemaccordingto the per-
vertex normals.This is signi�cantly moreef�cient than
repeatedlyprojectingevery vertex's specularanddiffuse
weight functionsinto spherical-harmoniccoef�cients.

First, we pre-computethespecularanddiffuseweight
functionsfor a canonicalnormal �!n0 for eachcurvature
intensityc. We currentlysamplec uniformly in therange
0 to 1. Let the specularand diffuse weight functions
for �!n0 be representedby spherical-harmoniccoef�cients
f0(l ;m;c) andg0(l ;m;c), respectively:

f0(l ;m;c) =
Z

S(0;s)ym
l (s)ds

g0(l ;m;c) =
Z

D(0;s)ym
l (s)ds

Second,for eachvertex i, we �nd the pre-computed
specularand diffuse weight functions whosecurvature
value is closestto the vertex's curvature value ci . We
rotatetheseweight functionsto get theweight functions
of the vertex i. Let R0! i be the spherical-harmonic
rotation matrix that is equivalent to the rotation of �!n0

to the normal �!ni of vertex i. Then we compute the
spherical-harmoniccoef�cients fi(l ;m) andgi(l ;m) as:

fi(l ;m) = R0! i f0(l ;m;ci)

gi(l ;m) = R0! ig0(l ;m;ci)

We compute the spherical-harmoniccoef�cients of
the light placementfunction by addingthe fi(l ;m) and
gi(l ;m) for all vertices:

h(l ;m) = å
i

( fi(l ;m) + gi(l ;m))

In SectionV-B, we discussedan iterative schemefor
identifying the best light source directions using the
light placementfunction. According to this schemewe
identify a light l i andassignit to patchesp j bestlit by
it. We thendeductfrom thelight placementfunction,the
contributionsfrom theweightfunctionsof all thevertices
in the patchesp j lit by light l i . We do this directly with
thespherical-harmoniccoef�cients of thelight placement
and per-vertex weight functions. Since the spherical
harmonic functions de�ne an orthonormal basis, we

simplysubtractthespherical-harmoniccoef�cients of the
per-vertex weight functionsfrom thespherical-harmonic
coef�cients of the light placementfunction.

VI I I . M INIMALITY OF THE L IGHT SOURCES

The choice of an appropriatenumber of discrepant
light sourcesis importantandrequirestrade-offs between
quality andef�ciency. If we arbitrarily choosethe num-
ber of discrepantlight sources,our renderedimagemay
be of an undeterminedquality for different objects.If
we choosetoo many lights, we will pay for the extra
run-time lighting costsand if we choosetoo few lights
we may not have an adequatenumberof lights to show
the �ne geometricdetail.

The Light Collagesframework selectslight sources
incrementally. We examinetheincrementalimprovement
in the quality of the image by adding an extra light.
If the imageimprovement(measuredas the root-mean-
squaredifference)is small enoughwe can stop adding
light sources.In this paper, we stopaddinglight sources
when fewer than 2% of the screenpixels changeby
less than 2% of their color range.For example, if we
use a screenwith a 1024� 768 resolution and 8-bit
colors, less than 16K pixels are allowed to vary by
less than 5 out of 256 color values. In this case,the
RMSD thresholdworks out to be 2:8� 10� 3. The graph
in Figure 12 shows that 8 lights suf�ce for the Skull
model.We note that in Figure12 the imagedifferences
are nearly independentof the number of spherical-
harmoniccoef�cients. Therefore,ef�cient computation
by using low-bandspherical-harmonicrepresentationis
quite appropriatefor determiningthe number of light
sources.

Discrepantlighting by more lights increasesthe geo-
metric detail that we cansee.This improvementdimin-
ishesfor a given geometriclevel of detail after a certain
numberof lights have beenadded(seeFigure 13(d)).

Fig. 12. Theimagedifferenceswith differentnumbersof light sources
(Skull Model)
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(a) 9K verts (b) 28Kverts

(c) 106K verts (d)

Fig. 13. Minimality of light sourcesfor varying levels of detail in
geometry:Images(a), (b), and (c) showLight Collagesrenderingof
DamaDe Elchemodelrepresentedwith 9K, 27K, and106Kvertices.
Image (d) showsthe image differenceswith differentnumbers of light
sourcesfor each level of detail. A less-detailedmeshrepresentation
of an object generally requires fewer discrepant lights than a more
detailedone. Mesheswith 9K, 27K, and 106K verticesselect2, 3,
and 5 lights with our system.

This leadsusto believe thatit shouldbepossibleto relate
the level of detail for lighting with the level of detail
for geometry. Thus, less-detailedlighting should suf-
�ce for less-detailedgeometrywhereashigher-detailed
geometry should require higher-detailed lighting. Just
as the geometric level-of-detail systemsmanagethe
complexity of geometrybasedon parameterssuchasthe
viewer positionrelative to theobjectoneshouldmanage
the lighting level of detail basedon the geometryand
viewing parameters.Figures13 (a), (b), and (c) show
Light Collagesrenderingof the DamaDe Elche model
atdifferentgeometriclevelsof detail.Figure13(d)shows
that a higher level of detail in geometryrequiresmore
lights thana less-detailedgeometry.

IX. RESULTS

Figures16 and17 show thevisualizationresultsusing
our system.The manuscriptdatasetusedin Figure 16
wasprovidedto usby Paul Debevecat USCandscanned
by XYZ RGB Inc. The manuscriptis a 177� 163mm
page from a 15th century “Book of Hours” produced
nearRouenin France.The scannedmanuscripthasan

accuracy of 100mm horizontallyandvertically, and3mm
alongthe depth.At a depthresolutionof 3mm, the scan
is detailed enoughto lift the impressionsof the ink.
Naive consistentlighting as shown in Figures 16 (a)
and(b) fails to capturethe �ne detailsof the characters
andthesubtlevariationsandwrinkles in themanuscript.
Figure16(c) nicely shows thesesubtlevariationsin the
geometrywith our geometry-dependentdiscrepantlight-
ing. We have usedthesamelighting modelsandmaterial
propertiesfor generatingall thethreeimages.As youcan
seein (a), thespecularhighlight from consistentlighting
will sometimescauselarge bright areason �at regions,
while highlightsfrom our method(c) areonly on highly
curvedregions.This helpselucidategeometrydetails.In
Figure17(a)we show the resultfrom lighting thePelvis
model by consistentlighting with 4 lights, and (b)–
(d) show the resultsby Light Collages.The proximity
shadow cast by the sacrumand the right coxal bone
in Figure 17(d) nicely illustratesthe depth relationship
betweenadjacentregionsof the pelvis.

(a)

(b)

Fig. 14. We show the differencefrom using spherical harmonics
compared to direct evaluation over 12K uniformly distributed light
directions for the 33K vertex Skull model. Figure (a) shows the
root-mean-square differencebetweendirect and spherical-harmonic
evaluation of the normalizedlight placementfunction. Figure (b)
showstheroot-mean-square differencebetweenimagesresultingfrom
lighting designwith directcomputationandwith sphericalharmonics.
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We have reducedthecomputationtime for eachvertex
to be proportionalto the numberof spherical-harmonic
(SH) coef�cients insteadof the numberof directional
samples.In this paper we have used 12518 (� 12K)
directions.The important questionthat remainsto be
addressedis how many SH coef�cients arenecessaryto
give us an acceptablelevel of accuracy. To addressthis,
we comparedtheaccuracy of the lighting designprocess
with andwithout sphericalharmonicrepresentations.To
comparethe accuracy in representingthe light place-
ment function, we �rst normalizedthe light placement
function to be in the range0 to 1. Then, for eachof
theapproximately12K light directionswe computedthe
differencebetweendirect evaluation and the spherical-
harmonic evaluation, and used these to compute the
overall root-mean-squareddifference.This is shown in
Figure 14(a) over an increasingnumber of SH bands
for the Skull model. The number of SH coef�cients
used is the squareof the number of bands used. In
Figure 14(b) we show the root-mean-squaredifference
between images of the Skull model renderedusing
lighting designwith andwithout sphericalharmonics.

As you can see in Figures 14 and 15, the error
is reducedsigni�cantly when the numberof spherical
harmonicbandsis � ve or greater. We report the timings
for light placementand assignmentin Table I. These
times are for a PentiumIV, 1.5 GHz systemwith 1GB
RAM. As one can see,the spherical-harmonicmethod
with 5 bandsis almost 20 times fasterthan the direct
computation.Further, since we only need to store 25
spherical-harmoniccoef�cients pervertex insteadof over

(a) 22 SH coef�cients (b) 52 SH coef�cients

(c) 82 SH coef�cients (d) Direct Computation

Fig. 15. Lighting for Skull: (a)–(c) showLight Collages rendering
with varioussphericalharmoniccoef�cients, and(d) showstheresult
with direct computation.

TABLE I

RUN TIMES FOR L IGHT PLACEMENT AND ASSIGNMENT

Model Skull (33K verts) Pelvis (17K verts)
SH Bands Time (sec) Time (sec)

2 4.04 2.54
3 5.30 3.41
4 8.05 5.19
5 13.42 7.11
6 19.85 12.05
7 29.58 16.62
8 42.81 23.63
9 60.36 35.51
10 81.30 43.72

Direct Computation 234.17 138.82

12K directional samples,our spherical-harmonic-based
lighting designapproachreducesthe requiredmemory
by a factorof over 500.

X. CONCLUSIONS AND FUTURE WORK

We have introduced the concept of geometry-
dependentlighting which allows discrepantlights depen-
denton local geometryto only affect local regions.Our
Light Collagessystemusesgeometry-dependentlighting
for automaticlighting designfor effective visualization
of scienti�c datasets.Our methodrelies on using mul-
tiple light sourcesthat can be used for accuratelocal
lighting onsurfaces,with possibleglobalinconsistencies.

Thehumanvisualsystemis remarkablyadeptat infer-
ring shapefrom largely local cuesandrecentresearch[3]
suggeststhat inconsistenciesin illumination may not be
resolved at a low level. However, it is also believed
that the humanvisual systemhas a strong preference

(a) (b)

(c) (d)

Fig. 17. Lighting designfor thePelvismodel.We used25 SHcoef�-
cientsfor generating images(b)–(d). (a) showsconsistentrendering
with four lights at the front four verticesof a cube, and (b) shows
Light Collagesrenderingby 4 lights. In image (c), we further added
silhouettelighting, and in (d) we further addedproximity shadows.
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(a) (b) (c)

Fig. 16. Light Collages for the Manuscript: (a) Rendered by one consistentlight placedalong the view direction, (b) Rendered by four
consistentlights arranged at the front four corners of a cube, and (c) Rendered by Light Collageswith four lights using25 SH coef�cients.

for a single illumination from above which if violated
may lead to incorrect perceptionof shape[32]. Elder
et al. [33] reconciletheseby suggestingthat for simple
objectsand scenesthe low-level humanvisual system
might expect and processconsistentillumination but
for more complex scenesand objects, with multiple
light sourcesand inter-re�ections, discrepanciesin il-
luminations might require higher-level processing.We
�nd it interestingthat our resultson minimality of the
numberof light sourcesderived by our Light Collages
system,show an increasein the numberof discrepant
lights with increasinggeometricdetail. However, in the
absenceof an adequatecomputationalmodel that can
reconciletheseopposingpoints of view, it is desirable
to allow a userto modify the light sourcedirectionsfor
regionsin which a systemsuchasLight Collages,causes
ambiguousor incorrectshapeinterpretation.

We have shown how our method can incorporate
silhouette lighting as well as proximity shadows to
further elucidate the local structure of the scienti�c
datasets.We believe our method is a good start in
improving the visualizationwhile retainingthe look and
feel of traditional3D graphicsrendering.In addition to
the visual appearance,interactivity is essentialfor the
perceptionof 3D shapes.We use spherical-harmonics-
basedrepresentationsto ef�ciently compute the light
placementfunction for use in a real-time system.Our
current run times could be further enhancedby using
the vertex shaderson moderngraphicsprocessors.We
have alsopresenteda methodto optimizethe numberof
light sourcesneededfor generatingimageswithout loss
of image quality. This minimality of the light sources
dependson the geometryof variousmodelsas well as

the geometriclevel of detail of a singlemodel.
In this paper we have assumedthat the lights are

directional. Generalizingour approachto point light
sourcesor perhapseven arealight sourceswould be an
interestingdirection for future work. Our currentwork
doesnot take into accountvariationsin color or material
propertiessuch as albedoand this should be useful to
considerin the future. In addition to lighting designfor
a single object, automaticallydesigninglighting envi-
ronmentsfor a scenewith multiple objectsis a highly
promisingareafor future research.
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