
�����������
	���
���������	���
���������������� ��	���
"!�#��$���&%('*)+��,(�(-�
��.�/���0���1�����$2�	3�54

ClausB. Madsen

Laboratoryof ComputerVision andMediaTechnology
Universityof Aalborg

Denmark6

798;:=<?>�@�A;<
In AugmentedReality(AR) realimageryis superimposedby com-
putergraphicsrenderingsof virtual objects. This paperaddresses
theproblemof creatingthe(visual) illusion that thevirtual objects
castcredibleshadows in therealscenario.A steptowardsthis is to
be ableto detectshadow regionsin imagesof naturalscenes,and
this paperdescribesan approachto suchshadow detection. The
shadow detectionis capableof distinguishingbetweendirectly lit
areas,penumbra(half-shadow) areas,andumbra(full shadow) ar-
eas. Furthermore,it is demonstratedhow virtual shadows canbe
createdwhichhave a visualappearanceverysimilar to thoseof the
realshadows.

This paper will be available online (in a color version) at
http://www.cvmt.auc.dk/˜cbm/papers.html

CR Categories: I.4.6 [Image Processingand ComputerVi-
sion]: Segmentation—Pixel classification;I.3.7 [ComputerGraph-
ics]: Three-DimensionalGraphicsand Realism—Color, shading,
shadowing, andtexture

Keywords: shadow segmentation,intensity, thresholding,alpha
blending,histogram,thresholdselection
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In AugmentedReality (AR) imageryof real, physicalscenesare
augmentedwith visualizationsof virtual objectsto createthe illu-
sion that thevirtual objectsarea partof therealscene,(seefigure
1). AR is probablybestknown in the form of typical Hollywood
movies,whereit is now standardto mix realimageswith computer
graphicsrenderings.

But AR also can be usedfor, e.g., overlaying disassemblyin-
structionson imagesof electronicequipment,for interactive enter-
tainment,or for cooperative designandplanning,[Störring et al.
2002]. Augmentedscenarioscanbepresentedto a useron a com-
puter screen,or via transparentHeadMountedDisplays(HMD).
In the latter casethe userseesthe real world directly throughthe
HMD, andonly virtual objectsaredisplayedon theHMD.

Regardlessof the chosendisplaytechnologythreedifferent is-
suesmustbeaddressedto createtruly credibleillusions:

M registrationof virtual coordinatesystemto scenecoordinate
system(observer tracking)

M handlingocclusionsbetweenrealandvirtual objects

M subjectingthe renderingof virtual objectsto virtual lighting
which is consistentwith thelighting of therealscene

Maintainingaregistrationbetweentherealscenecoordinatesys-
tem andthe virtual scenecoordinatesystemis importantbecause
the virtual observer appliedfor renderingthe virtual objectsmust
move in exact accordancewith the real observer, otherwiseit isN
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notpossibleto createtheillusion thatthevirtual objectsareplaced
(grounded)in thereal scene.A typical solutionto this problemis
magnetictrackingtechnology, or a computervision basedscheme,
[Stateetal. 1996].

Occlusionsareanaturalpartof realscenes.Virtual objectsmust
occludereal objects,or vice versa,in a mannercompletelycon-
sistentwith the respective sizes,positions,andorientationsof all
objects,realand virtual. This problemcanonly besolvedproperly
givenacomplete3D modelof therealscene,andtheninsertingthe
3D modelsof virtual objectsin orderto solve thevisibility issue.

The latterof the threelisted items,lighting, is the focusof this
paper. Thevirtual objectsmustberenderedusinga lighting model
which is consistentwith thelighting of therealscene.In principle
thepositions,sizes,intensitiesandspectraof all light sourcesmust
beknown in orderto rendervirtual objectsthattruely appearto be
partof thescene.

Thepresentpaperdescribesthecurrentstateof ongoingresearch
into this topic. The long term goal is, from an imageof a real
scene,to estimateinformationconcerningthe lighting conditions,
suchthatvirtual objectscanberenderedinto therealscenewithout
appearingconspicuous.We areespeciallyfocusingon beingable
to facilitate the castingof shadows from virtual objectsonto real
objects.I.e.,creatingshadows thatarenotpartof therealscene.

Currentlywe aredevelopingtechniquesto estimatetheposition
of the dominantlight sourcefrom a single imageof a real scene
for which a coarse3D modelis known. An initial stepin this es-
timation is to classifytheareasin the imageinto areasthataredi-
rectly lit, areasthat arepartially lit, andareasthat are in shadow.
Thisclassificationis themaintopicof thepaper, but in additionwe
demonstratehow theseclassificationresultscanbe usedto insert
believablevirtual shadows.
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Actually describingour approachto estimatingdominant light
sourcepositionis beyond the scopeof this paper. Neverthelessit
is appropriateto sketchtheideato provide thecontext for themes-
sageof this paper.

First let us briefly discussthe issueof shadows. Therearetwo
main aspectsto this: 1) the geometricissue,and 2) the spectral
issue. The geometricissuesdealsstrictly with the 3D geometry
of the sceneand the positionsand sizesof light sources. These
togetherdeterminewhich areasof thescenewill be1) directly lit,
2) partially lit (penumbra),and3) in shadow (umbra),asillustrated
in figure2.

The spectralissuecovers the considerationsrequiredin cases
wherethe sceneis lit from morethanonelight source.If thereis
only onelight source,andessentiallynoreflectionsfrom theobjects
in thescene,theumbraareasarecompletelyblack,andpenumbra
regions just have lower intensity than directly lit. But generally
sceneshave multiple light sources. For instanceoutdoorscenes
are lit by the sunand the sky (andreflectionsfrom objects). We
currentlywork with a weakassumptionthat scenelighting canbe
consideredto have two components:a dominant,positionallight



Figure1: Illustrationof AugmentedRealityby superimposingvirtual objectsonrealimages,andof how thevirtual objectsmustcastshadows
in orderto properlyappearto bepartof thescene.Left: original scene.Middle: virtual objectssuperimposedon real image.Right: virtual
shadows have beenmanuallydrawn into theimage.

Figure2: A non-pointlight sourcewill give rise to threelighting-
wise differentareasin thescene:directly lit, partially lit (penum-
bra),andnot lit (umbra).

sourceandambientlighting. This meansthat areaswhich are in
shadow from the dominantlight source(s)are actually lit by the
ambientlighting. In orderto augmenttherealscenenot only with
virtual objectsbut alsowith their shadows we needto know how
to adjustboth the intensityand thecolor of a region in the image
to make it appearasif theregion is actuallyin shadow - a shadow
createdby a virtual object. We demonstratein this paperthat it
is possibleto mimic theambientlighting spectralpropertieswhen
creatingvirtual shadows.

To computewhatareaswouldbein shadow hadthevirtual object
actuallybeenpartof the scene,requiresa 3D modelof the scene,
3D modelsof the virtual objects,andknowledgeof the positions
andsizesof light sources.The3D modelsof thevirtual objectsare
assumedavailable,sincethey areneededfor thecomputergraphics
renderinganyway. The 3D model of the real sceneis in this re-
searchassumeda priori available,but couldbeacquiredusinge.g.
densestereotechniques.Figure3 illustrateshow we calibratethe
camerato a scenecoordinatesystemand thusareable to project
the 3D modelsof sceneobjectsto the imageplane; (the applied
calibrationtechniqueis describedin [Störring et al. 2002], andis
basedon [TruccoandVerri 1998]). Thepositionsandsizesof the
light sourcesmustbe estimatedusing the 3D modelof the scene
andinformationfrom the image. The imageinformationrequired
is a classificationof pixels in the imageinto threecategories: di-
rectly lit, penumbra,andumbra. This classificationis the topic of
thepresentpaper.

Thesecondissue,knowing how to adjustpixel colorsandinten-
sitiessothey appearto bein shadow evenif they arenot in thereal
image,is alsoaddressedin thispaper, (section4).

So, the intermediateterm goal of our researchis to createthe
techniquesrequiredto perform the following sequenceof opera-
tions:1) registerthecamerapositionto thescenecoordinatesystem

Figure3: Weuseasimplecalibrationobject(in therear)to compute
thepositionandorientationof thecamerarelativeto thescene.The
known 3D modelsof the paperholderand the spongehave been
projectedinto theimage.

(estimatetheposesof realsceneobjectsrelative to thecamera),2)
classify the pixels in the sceneinto directly lit, penumbraor um-
bra,3) estimatethepositionof thedominantlight sourcesrelative
to the scene,4) figure out which areasin the imagewould lie in
shadow had the virtual objectsbeenpart of the scene,5) change
thepixel color andintensityin thoseregionsto appearlike thereal
shadow regionsin theimage,and6) renderthevirtual objects,tak-
ing lighting andocclusionsinto account,andsuperimposethemon
theimage.

Thispaperaddressestechniquesin supportof steps2 and5. Step
4,computingthegeometricpropertiesof shadowsfrom a3D model
of a sceneandpositionsof light sources,is a quite thoroughlyin-
vestigatedproblem,andcanin factbeperformedin realtimeusing
moderncomputergraphicshardware.For introductionsto theavail-
abletechniquesreadersarereferedto [Foley et al. 1994;Watt and
Policarpo2001].Thesereferencesalsocover step6.

Futureresearchwill build on thework describedin this paperto
addressstep3.
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The approachtaken to classify image regions into directly lit,
penumbraor umbrais basedon first performinga color segmen-
tationof theimagein acolorspacenormalizedfor intensity. In this
mannerit is possibleto grouppixels into regionsthathave similar
color. Figure4 illustratesthis for thecaseof theimagein figure1,
whereall thepixelswith colorssimilar to thoseof thetablesurface
areshown. Colorsegmentationis describedin section2.

Fromtheintensityhistogramof sucha region of pixelsit is pos-



Figure4: All pixelsof ’ tablecolor’ segmentedfrom imagein 1.

sible to selecttwo thresholds,dividing the pixels into threeinten-
sity categories: umbra(lowest intensitycategory), penumbra,and
directly lit (highestintensitycategory). Theautomaticthresholdse-
lection is describedin section3. Figure5 shows theresultson the
tablesurface.

Overall this approachis similar to that of [Funka-Lea1994].
But, whereFunka-Leausesa somewhat heuristicapproachto in-
tensity thresholdselectionbasedon detectinghistogrampeaksby
differentiation,we demonstratethat the thresholdscanbeselected
completelyautomaticallyusing a statisticallybasedscheme,and
wealsoaddresstheproblemthatwein factdonotknow in advance
that all threecategorieswill be sufficiently representedin the im-
age.I.e., we do not know how many intensityclassesto divide the
pixelsin to. This is anissuethatFunka-Leadid notaddress.

A furtherresultof this work is thatwe cangeneraterealistically
appearingvirtual shadows,asillustratedin figure6.

Figure6: A fake umbraareahasbeenaddedto the imageto illus-
trate that imageregionscanbe adjustedin termsof intensityand
colorsoasto appearasshadow.
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Figure4 illustratedhow it ispossibleto segmentall pixelsof similar
color. Anotherexampleof thesameis shown in figure7.

The approachtaken is to convert the RGB color imageto the
HSV color space(althoughsimilar resultscanbe obtainedin rgb
space).Thenwe form classesin the two-dimensional(H, S) plane
by computingthemeanandthecovariancematrix for a smallpop-
ulationof pixelswith similar color. For theexamplesgiven in this

paperthe training is interactive in the sensethat theuserselectsa
small rectangulararea,for exampleon thesideof thepaperholder
in figure7. Themeanfor this class,µc y µH z µS , andthe2 by 2
covariancematrix,Σc, is computed.SubsequentlythesquaredMa-
halanobisdistance,D2 { pi z c | , from any given pixel, pi y Hi z Si ,
to theclassc is computed:

D2 { pi z c | y µc } pi ~ Σc ~ µc } pi
T

(1)

If thesquaredMahalanobisdistance,D2 { pi z c | , isbelow athresh-
old, the pixel pi is classifiedas belongingto the color classc.
In the presentimplementationthis thresholdhasbeensetto 9� 21,
correspondingto a confidencelevel where99% of a population
would be insidethe threshold,provided thepopulationwasa two-
dimensionalGaussiandistributionwith meanµc andcovarianceΣc.

In this study the user interactively selectstraining classes. A
futureautomaticsystemwould performregion growing from seeds
with a similar color spacedistancethresholding.
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Givena populationof pixels thatall have beenclassifiedashaving
similar color it is now valuableto againlook at theintensities.The
intensitiesnaturallyholda lot of informationabouthow muchlight
hits a region in the scene.Figure8 shows the intensityhistogram
for thetableregion shown in figure4.
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Figure8: Intensityhistogramfor all pixels with tablecolor from
figure5. Thetwo (red)vertical lineson thehorizontalaxisindicate
two thresholdvaluesfoundautomatically, separatingthepixelsinto
3 categories: umbra(below lowest threshold),penumbra,anddi-
rectly lit (above highestthreshold).

Assumethat the intensityhistogramhasbeennormalizedwith
the numberof pixels so that the histogramrepresentsa probabil-
ity densityfunction for intensityvalues.Intensityvalueslie in the
range� 0;Imax � . Thus,thehistogramvalueat intensityi, P { i | , gives
theprobabilityof this intensityvaluein theimage.Thesumof P { i |
over all i equals1.

An approachexists, developedby Otsu, [Otsu 1979; Haralick
andShapiro1992], for automaticallyselectinga single threshold
given sucha histogram(assumedto be bi-modal), The approach
findsthethresholdwhichminimizesthewithin-group variance. For
agiventhreshold,t, thewithin-groupvarianceis foundas:

σ2
w
{ t | y q1

{ t | σ2
1
{ t |�� q2

{ t | σ2
2
{ t | (2)

where:

q1
{ t | y t

∑
i� 1

P { i | (3)



Figure5: Right: pixelsof thetablesurfaceclassifiedasbeingdirectly lit by thedominantlight source.Middle: pixelspartially lit by thelight
source,(penumbra).Left: pixelsonly lit by ambientlighting (umbra).

Figure7: Left: animageof arealscene.Middle: all thepixelswith colorsimilar to thatof thepaperholder. Right: all pixelsof spongecolor.

q2
{ t | y Imax

∑
i� t

P { i | (4)

andwhereσ2
1
{ t | is thegroupvarianceof thepopulationbelow the

thresholdt, andσ2
2
{ t | is thegroupvarianceof thepopulationabove.

Thewithin-groupvarinceis computedusingeq.2 for all possible
thresholdvalues,t �&� 0;Imax � . Thethresholdvaluewhichyieldsthe
smallestwithin-groupvarianceis thenselected.

This thresholdselectionschemehasbeenimplementedandused
in thefollowing manner:

1. computeandnormalizethe intensity histogramof the pixel
population

2. usethe thresholdselectionapproachto find a first threshold,
t1, separatingthepopulationinto to two: directly lit, andnot
directly lit

3. remove all pixelswith intensityabove t1 from thepopulation,
i.e., remove thedirectly lit pixels

4. computenew intensityhistogramfor theremainingpixel pop-
ulation(thenon-directlylit)

5. automaticallyselecta secondthreshold,t2, separatingnon-
directly lit pixelsinto umbraandpenumbra

As it is seenthis is a two stepapproach.And it is theapproach
usedto generatethe lighting classificationshown in figure5. The
approachworks very well if the pixel populationis dominatedby
directly lit pixels, i.e., if thereis much moredirectly lit areathan
umbraand/orpenumbra.

This is not the casefor the paperholderof figure 7. Figure9
shows thehistogramfor this pixel population.In fact it is not even
feasiblefor ahumanto correctlyselecttwo thresholdsbasedon the
histogramalonein thiscase.

To addressthis problemwe have generalizedthe thresholdse-
lection schemefrom [Otsu 1979; Haralick and Shapiro1992] to
tri-modal histograms,enablingthe methodto simultaneously find
thecombinationof two thresholds,t1, andt2, (t2 � t1), minimizing
thewithin-groupvariance:

σ2
w
{ t1 z t2 | y q1

{ t1 | σ2
1
{ t1 |��

q2
{ t1 z t2 | σ2

2
{ t1 z t2 |��

q3
{ t2 | σ2

3
{ t2 | (5)

where:

q1
{ t | y t

∑
i� 1

P { i | (6)

q2
{ t1 z t2 | y

t2

∑
i� t1

P { i | (7)

q3
{ t2 | y Imax

∑
i� t2

P { i | (8)

Figure9 shows thethresholdschosenby simultaneousselection
of boththresholds,whichin thiscaseperformsmuchbetterthanthe
two-stepapproachdescribedabove. Thelight classificationresults
areshown in figure 10. It is a matterfor future investigationsto
develop a schemefor automaticallydecidingwhetherto execute
thetwo-stepapproach,or thesimultaneousthresholdselection.



Figure10: Left: directly lit areaof paperholder. Middle: penumbraarea.Right: umbraarea.
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Figure9: Intensityhistogramfor all pixelsof thepaperholderfrom
figure7. Thetwo (red)vertical lines indicatethe thresholdsdeter-
minedsimultaneouslyusinga generalizationof Otsu’s methodto
tri-modalhistograms(seetext).
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We now turn towardsattemptingto createvirtual shadows, which
mimic realshadows. It is assumedthatthegeometricpropertiesof
thevirtual shadows have beencomputedprior to this (asdescribed
in step4 in section1.1). We will not addressthis here,only look
at how to changethe spectralpropertyof an imageareaso that it
lookslike arealshadow.

We basicallyneedis schemeenablingus to changethespectral
propertiesof onepixel population,sothatit equalsthepropertiesof
someotherpopulation.Thatwaywecanfor exampletakeadirectly
lit areaandturnit into whatit wouldlook likeif it hadactuallybeen
a penumbraarea.

Assumewe have an imageregion from theoriginal imagewith
someaverageRGB values, � R̄ Ḡ B̄ � To . This region can for
examplebetheregion to theleft in figure12. Assumealsothatwe
have a ’model’ region, with averageRGB values � R̄ Ḡ B̄ � Tm,
(for exampletheumbraregion to the right in figure12). We wish
to changetheoriginal sothat it hasthesamecolor andintensityas
themodel.

We will usethe imageblendingschemeknown asalphablend-
ing, [Watt andPolicarpo2001], to changethe appearanceof the
original region, so that it acquiresthe sameaverageasthe model
region. Alpha blendingis performedon all pixels in a definedarea
andis supportedby contemporarycomputergraphicshardware. In
its generalform alphablendingfor a pixel i is a linearcombination

Figure11: A fake squarepenumbraregion hasbeenaddedto the
right in theimage.Thefake penumbraregionhasthesameaverage
RBGvalueasthepenumbracastby thepaperholderon theright.

of thepixel’soriginalRGB valuesandanalphaoverlay:

Ri
Gi
Bi r

y α
Ri
Gi
Bi a

� { 1 } α | Ri
Gi
Bi o

(9)

wheresubscriptr indicatesthe resultRGB valuesafter the alpha
blending,subscripta indicatesalphaoverlayRGBvalues,andsub-
scripto indicatesthepixel’soriginal RGBvaluesbeforeblending.

Eq. 9 meansthat we canchangefor examplea directly lit re-
gion into anumbraregion, providedwe canfind a combinationof
an α value and an overlay RGB vector, R G B T

a , which
when appliedto all pixels in a region changesthe averagefrom� R̄ Ḡ B̄ � To to � R̄ Ḡ B̄ � Tm. I.e., we needto solve the fol-
lowing equationsystemfor α, Ra, Ga, andBa:

R̄
Ḡ
B̄

m

y α
R
G
B

a

� { 1 } α | R̄
Ḡ
B̄

o

(10)

Wewill usethesameRGBvaluesfor all pixelsin thealphaover-
lay, thereforethereis no subscripti and no averagebar over the
overlay’s RGB componentsin eq. 10. Obviously 3 equationsare
not enoughto solve for 4 parameters,but if we briefly treatα asa
known valuewe canre-arrangeeq. 10 andwrite out for eachcolor



component:

Ra y 1
α
{ R̄m } R̄o |�� R̄o (11)

Ga y 1
α

Ḡm } Ḡo � Ḡo (12)

Ba y 1
α
{ B̄m } B̄o |�� B̄o (13)

In principle we could choseany value for α, and therewould
still bea solutionto eqs. 11 through13. But, thereareothercon-
straintsto consider. Firstof all α mustbein theinterval 0; 1 .
Secondly, andvery importantly, α shouldbeassmallaspossiblein
order for the blendingrepresentedby eq. 9 to preserve as much

as possible of theoriginal pixel values( Ri Gi Bi
T ), i.e., to

weightheoriginal valuesashigh aspossible.This will ensurethat
theoriginaltexturewill bevisiblethroughthealphaoverlay;adding
the shadow shouldnot destroy the texture. So, thereis a needto
minimize α. On theotherhand,hardwaresupportedalphablend-
ing doesnotallow any of thecomponents Ri Gi Bi

T in the
alphaoverlay to be negative. This last constrainttranslatesinto
threeconstraintsonhow smallα canbe,onefor eachcolorcompo-
nent,whereα thenhasto behigherthanor equalto the largestof
thethreevalues:

α � max{ R̄o } R̄m

R̄o
z Ḡo } Ḡm

Ḡo
z B̄o } B̄m

B̄o
| (14)

As eq. 14 computestheminimumallowableα value,andsince
α hasto beassmallaspossibleto preserve texture,we choosethe
al pha valuefound by eq. 14. With this valuewe canthenapply
eqs.11through13to computetheRGBcomponentsof theoverlay.

Thestepsin creatinga virtual shadow thenbecomes(assuming
theimageregionto coveredby avirtual shadow hasbeencomputed
usingsomeshadow castingalgorithm):

1. take a small population of pixels which are in shadow,
e.g., penumbra, and compute the average RGB values,� R̄ Ḡ B̄ � Tm

2. take the populationof pixels in the region which shouldbe
changedinto appearinglike shadow andcomputetheaverage
RGBvalues, � R̄ Ḡ B̄ � To

3. applyeq.14 to find thebestα value

4. applyeqs.11 through13 to computetheRGBcomponentsof
thealphaoverlay, � R G B � Ta

5. performalphablendingusingeq. 9 usingthesameRGB val-
uesfor all pixelsin theoverlay

We have madeexperimentswith applyingthe exact samepro-
cedureto the problemof ’removing’ shadows in the image,e.g.,
turningpenumbrainto adirectly lit area,andit worksequallywell.
It is simplyamatterof selectingappropriatepixel populationsin the
first two steps.It is thoughimportantto notethatremoving shadows
from arealimagewill never berelevantto augmentedreality, since
penumbraor umbrain therealscenewill never needto bechanged
into directly lit (unlessthevirtual objectsemit light, of course).
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It hasbeendemonstratedthatimagesof naturalscenescanbeclassi-
fied into directly lit, penumbraor umbraregionswithout any prior
knowledgeof lighting or scenecontent. It hasalsobeendemon-
stratedthat given this classificationit is possibleto add realistic

Figure12: Theregion indicatedto theleft is to bechangedsoasto
havesameRGBmeanastheregion indicatedinn theumbracastby
thepaperholder.

falseshadows to images,showing that it is possibleto let virtual
objectscastshadows in realscenes.

Futureresearchinvolvesdevelopingmethodsfor estimatinglight
sourcepositionsfrom images,andusingthis informationto gener-
aterenderingsof virtual objects,includingshadows, andsuperim-
posingthemon images.
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