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Abstract

We introducea generaimodelfor point light-sourcesandshov how the pa-
rametersof a sourceat finite distancecan be estimatedby shadingon an
objectwith known geometryandLambertiarreflectanceTheparametersve
estimateinclude not only the directionbut also the location of the source.
Furthermorewe arguethatthe systemintroducedherecanbe usedin arbi-

trarily complex backgroundllumination, providedonecanswitchon andoff

thelight-sourcethatis to be estimated.

1 Intr oduction

The effect of a light-sourcecanbe seenasa mapthat supplieseachpoint in spacewith

aradiancevalue. The correctestimationof illumination playsanimportantrole in mary

branchesof ComputerVision. The importanceof light estimationis explicitly appar

entin all applicationsvhich usephotometrianeasurement@ntensitieswhich obviously

dependdntheillumination. However, the estimationof light canalsobe crucialfor tech-
niguessuchastexturebasedsisionwhich arenotexplicitly intensitydependentConcrete
applicationsncludeall reconstructioproblemghatusephotometrianeasurement{such
as shapefrom shading[4, 3], photometricstereo[11, 13]), but alsofor instanceAug-

mentedReality applications[5] wherevirtual objectshave to be renderednto a scene
with correctlighting and shadav. We focus our attentionon reconstructiorproblems
while keepingthe set-upgenerakenoughnot to excludeotherapplications.

2 Previous Work

In mostof the early work doneon reconstructiori4, 3], a point light-sourceat infinite
distanceis assumed8], in somecasesn specialalignmentwith the camera.Compara-
bly mucheffort wasmadein somecaseq12], to calibratethe positionandintensity of
light-sourcesnanuallyto therequireddegreeof accurag. Someauthorsalsoaddresshe
relatedquestiorof reflectanceestimationin their framewvorks[10, 14]. More recentwork
discussesnethodshatweredevelopedto estimatecomplex illumination distributionsin
infinite distanceapproximation.In the literature,onefinds two differentapproacheso
modeltheillumination distribution overthe hemispheref incidentdirections:eitherasa
functionalexpansion6] or asadiscretisationby sub-dividingthe hemispherg9].
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3 Motivation and Applications

As we will demonstratethe standarcassumptionsf infinitely far and/orsourcesaligned
with the camera,are not necessary Furthermore we shov how to estimatethe light-
sourcereliably, solelybasedon the shadingobseredin oneimage.

Our approachto the estimationof light-sourcesis motivatedby the reconstruction
problem(i.e. theimagebasedecovery of shapeandotherpropertiesof viewed objects).
Thereconstructioprocescanbeviewedastheinverseof the physicalprocesghatgen-
erategheimage.The physicalprocessthatis simulatedby ComputerGraphicssystems,
consistof aninterplayof thefollowing ingredientsvhich we have to model.

e Light-source(Emitter): We introducethegeneraimodelof apointlight-sourcen
sectiord.

e Surface (Reflector): We assume known geometry(objectssuchascubescylin-
dersor spheresyith homogenousambertianreflectanceandcorvex shapeo ex-
cludeinter-reflections.

e Camera (Recever): The modelof a perspectre camerais employed and pixels
arecorvertedinto radiancevaluesusingthe inverseresponsédunction determined
in radiometriccalibration.

Assumethatwe have a camerahatis geometricallyandphotometricallycalibrated. For
the processof geometriccalibration, we refer the readerto [2]. Now, assumeurther,
that we have a single imageof a known object which hasa homogeneousurface of
Lambertianreflectance.Thenit is concevablethat the setof all possiblelight-sources
thatcangenerateheviewedimageis severelyrestricted.Intuitively, it shouldbe possible
to determinghedirectionof theincidentlight, providedoneobsenesthereflectionon at
leastthreepointswith linearlyindependensurface-orientationsAs will bedemonstrated,
this is indeedthe case. Beyond this intuition we will demonstratehat apartfrom the
directionof the source ptherparameterge.g. its distanceanbe estimatedoo.

In the following, we will assumehat the illumination canbe viewed as originating
from onepoint-like source We give thefollowing reasongo justify this assumption:

e Many sourcescan be approximatedas point-like if their distanceto the viewed
objectis muchgreaterthantheir extensions.

o A reflectorcanbe approximatedasa point light-sourcewith a virtual origin lying
behindthe actualreflector

¢ Theeffectof arbitrarycomplex backgroundllumination canbe eliminatedby sub-
tractingimagestakenwith the sourceto be estimatedswitchedon andoff.?

In orderto checkthe resultof the estimationwith the reality, we simulatedthe image
forming processandcomparedmagesrenderedisingthevirtual source pbjectandcam-
erawith therealimages.

1As waspointedoutin [7], ary cameracanbe calibratedphotometricallyprovided the pixel-exposurecan
bevaried.

’Notethatin orderto subtractwe first needto corvert pixel valuesinto radiancevaluesusingthe inverse
responsdunction of thecamera.



4 A General Point Light-Source Model

4.1 The assumptions

Pointlight-source:Light originatesfrom onepoint.

Transpareninedia:No significantattenuatiorof light by the media(air).

Directillumination: Thechangeof thelight field from inter-reflectionds neglected.

S1-rotationalsymmetry: We assumehat thereexists at leastone axis of rotation
which leavesthedistribution of radiatedight invariant.

4.2 The model

Given theseassumptionsve canstatethe mostgeneralmodelfor the light-sourceasa
mapI : R* = R, p — I(p) thatassignsaradianceo eachpoint p (in anemptyspace):

I(p) = ﬁp@(p),z) (1)

With s(p) = (ﬁ,d) € R. Wherel € R® representshe positionof thesourced € R?
thedirectionandz € R" parametersf the angulardependenstrengthp. (For a multi-
spectralsource,onewould have to replacel andp by functionsdependingalsoon the
wavelength.)

For laterreferencewe summarisehe (first) derivativesof I with respecto themodel

parameter$, z andd:
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4.3 Proof of the claims

We have to corvince ourselhesthat using the abore assumptionany modelis of the
statedform. For this purposejmaginea sphereof radius1 containingthe light-source
asits centre(saythe origin). Sincewe assumed S'-symmetry we canfind a direction
d € S? with thepropertyI|s=(p) = f(£(d,p)) (with somefunction f) andsince{d, p) =
|d| cos(£(d, p)) we have provedthat|s: is of theform claimed.

Now considera surfacepatchdf) on S2. Assumingthatthe mediais transparentywe
candeducethatthe power radiatedin the directionis independenbf the distancewhile
the size of the patchincreasesjuadratically. This provesthe generalityof the stated
form, andthederivativesfollow by standardlifferentiation.

3Thesurfaceareaof aspheres [ g» dQ =12 [go dQ = 4772



4.4 Examples

In thispapemerestrictoursehesto modelsourcesvith n = 1 andanangulardependeng

of theform o
| z+s if|s| < s
p(s,2) = { 0 else

(wheres, € R suchthatp(s, z) > 0 is ensured) which includestwo importantcases:
e |sotropicsource:d = 0, p is independenof thedirection.

e A simple spotlight-source:d # 0, pointsin the direction of maximalintensity
andencodeshe extentof the spot-naturén its absolutdength. sq limits the angle
in which the spotradiates(or canbe approximatedy this simpleangulardepen-
dencej.

5 Parameter Estimation from Shading

In thefollowing two sectionsve gathertheinformationneededo estimateheparameters
of the pointlight-sourcesolelyfrom shading.

5.1 Model evaluation

Givenary guessf the parametersye needto be ableto evaluatethe modelandpredict
themeasurement®\s statedearlier we assumedhe camerao befully calibratedandthe
objectto beknown. AssumingLambertiarreflectanceve canthenpredicttheirradiance
m obsenedatagivenpointw € R? in theimageto be

Il—p >
m=1 —,n 5
= ©)
wherep is projectedby the camerato w andn is the (outward) normalof the objectat
pointp (whereit is differentiable).

5.2 Dependencyon changesin the parameters

We canusethederivativesderivedin 4.2to determingheoverallchangeof theprediction:
I-p
{10 { 7= (6)

l-p —(—pn)(l—p)i
1) <<Il—pl > +Z Il—pl3 dl’)

Here m is viewed as function of the model parameterd,d and z and hencedm =
S (GRdl + §2d(di) + 3, 5 5 dz; and 4 4 hasbeencalculatedn section4.2.

4Notethatp canhave discontinuitiedor s = +so andthatwe have to ensurethatthe estimatioris restricted
to valuesof non-vanishingp.

5Note, thats hasits maximumvaluein the directionof the spotgiven by d. For otherdirectionss declines
ascosineof theanglemultiplied by the constantd|

dm




5.3 Gauss-Newtonmethod

If oneassumesormally distributederrorsin the measurementsy the optimal parame-
tersareestimatedassolutionof anon-lineadeastsquareproblem.We solve this problem
usingthe Gauss-Netton methodwhich is comparablyfastandcorvergesrapidly (asour
experimentsconfirm). The merit of this methodto our problemwasalsotestedindepen-
dentlyby datasimulatedwith Gaussiamoise.

Besidegthe estimatedptimum parameteccombination the methodalsodelivers x?
whichwe usein the standardvay to estimatehe agreementf the datato our model.

6 The Estimation Process

In this sectionwe describethe full estimationprocessn somedetail. The input for our
methodaretwo imagesof a known objecttaken of theidenticalscenepnewith the point
light-sourceswitchedon andonewith it turnedoff. Figurel demonstratethe procesave
outlinein thefollowing.

Figurel: EstimationprocessShaown (left to right) arethe effective onesourceémage,an
imageindicatingthe geometriccalibrationaswell asthe areawheredatais acquiredfor
the estimationandfinally the syntheticimagerenderedisingthe estimatecparameters.

¢ Effective one source image: In orderto eliminate effects of possibly complex
backgroundllumination, we usetheinverseresponsdunction[7] to transformthe
inputimagesinto radianceimageswhich we canthensubtractfrom eachotherto
give aneffective onesourceimage.

e Geometriccalibration: To proceedurther, we needto find the poseof theknown
corvex Lambertianobjectviewed. In this paperwe usethe modelof a cubewhich
naturally definesa coordinatesystem:we definethe origin to be the inner corner
viewed and usethe threeneighbouringcornersto introducethe unit basevectors:
Thefirstunit vectorasleadingfrom theorigin alongtheedgeto thetop-rightcorner
the secondunit vector asleadingto the top-left cornerand finally the third unit
vectorasleadingto thebottomcorner Notethatherewe introducedalengthscale.

Thecalibrationis performedby manuallyclicking at the sevenvisible cornersand
theinitial calibrationcanbe refinedusingsnales[1]. The perspectie projection
matrix canbe calculatedrom the correspondingointsin therealworld andin the
image. At this stage we know how to projectour modelinto theimagegeometri-
cally but do notyetknow aboutthecorrectillumination.



Object Light-model direction distance | x2nomaised
cube(view 1) | infinite distance| (0.923,0.224,0.314) 8.9
finite distance | (0.907,0.241,0.345) | 6.84 1.4

Tablel: Comparisorof theinfinite distanceestimatiorwith thefinite distancesstimation:
X ZnomaiseaiS €XpECtedto be approximatelyone. Clearly the finite distancemodelis much
moreconsistentvith thedata.

e Sampling of radiance values: Using the known poseof the cubewe canrecord
the radiancevalue at eachpixel and associatét with the correspondingurface-
pointand-normal. As indicatedin Figurel, we alsousethe geometriccalibration
to sggmentneigbourhoodsf edgesin theimage. We excludetheseregionsfrom
thelight estimationto avoid errorsdueto imperfectionsof the real cubenearthe
edge$.

Notethateachnon-excludedpixel on the cubedeliversdatawhich canbe usedfor
thelight estimatiorandwe have alarge dataset.

e Light estimation: Our aim is to estimatethe parameterf an isotropic point
light-source. To initialise the non-linearfinite distancemodelwe first solve the
linear leastsquareproblemfor theinfinite-distancdight model.Finally the Gauss-
Newton methodis usedto estimatethe parametersTable 1 demonstratethe im-
provementsachieved usingthe finite distancemodel. Note thatthe directionesti-
matedin thefinite distancamodelis differentfrom the onein theinfinite model.

e Comparison with the original image: As is illustratedin Figure 1, we cannow
proceedo rendera syntheticversion(usingray-tracing)and compareit with the
actualinputimag€. Figure2 highlightsthe differencesetweenoriginal andsyn-
theticimagesandthe histogramquantifiesthe quality of the estimation.

7 Experimental Results

7.1 Experimental set-up

We usean inexpensve desktophalogenlamp (20W) asthe light-source. As object of
known geometry we usetwo cubeswhich werecoveredwith paperof the sametypeto
approximatehomogenoud.ambertianreflectance. The approximatedimensionsof the
cubesare9.5cm(referredto ascubg and13cm(referredto asCUBE). The cubesarein
turn placedon a turn-tablewith a dark surfaceto avoid inter-reflections. (We usedthe
turn-tablelater (section7.3) for a consisteng checkof positionsestimatecat different
rotations.) As recordingsystem,we usedthe video-camergSory DC-77RR-CEand
amplifier XC-77RR-CE)which can producea gamma-correctedignal so that we did
not needto calibratethe cameraradiometrically althoughthis could be easilydoneas
describedn [7]. We estimatedhe uncertaintyof the pixel-values,which is assumedn
our modeling)empiricallyto approximatel\8 (of 256).

SRecallthatthe normalfield hasdiscontinuitiesatthe edges.
"More preciselywith the effective one-sourceadiancemage.
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Figure 2: Comparisorof original and syntheticimages: The first imageshaws the ab-
solutevalue of radiancedifferencesnultiplied by a factorof 30. In the ideal casethe
cubeshouldbeblack. The secondmageshawvs theradiancedifferencesnultiplied by a
factorof 20 and offset by the radiancevalue correspondingdo the displayedsquare.In
theideal casethe cubeshouldhave the intensityof the square.The histogramshaws the
distribution of the differences.The x-axis correspondso the radiancedifferenceandis
normalisedsuchthata valueof 1 correspondso the maximumradianceobsened.

Object | View | xZnomaised l |§—‘ 7| p

cube 1 1.40 (-6.2,-1.7,—-2.4) | (0.91,0.24,0.35) | 6.8 | 2.7e + 04
2 1.02 (—6.0,—3.4,-2.6) | (0.81,0.47,0.36) | 7.4 | 3.0e + 04
3 0.95 (- 4 0 —4.3,-2.3) | (0.63,0.68,0.37) | 6.3 | 2.2e + 04
4 0.97 (—-2.2,-4.3,-1.9) | (0.42,0.84,0.36) | 5.2 | 1.6e + 04

CUBE 1 3.38 (—4.0,-0.9,-1.5) | (0.92,0.21,0.34) | 4.4 | 1.3e + 04
2 3.11 (— 33 —1.8,—1.4) | (0.82,0.46,0.35) | 4.0 | 1.1e + 04
3 3.55 (—2.1,—24,-1.2) | (0.63,0.70,0.35) | 3.4 | 0.9e + 04
4 3.62 (—1.3,—2.7,-1.1) | (0.39,0.85,0.34) | 3.2 | 0.8¢+ 04

Table 2: Resultsof the estimationfor the variousimages. xZnmaised iS €xpectedto be
approximatelyone. Note that the variationsin |I| are muchlarger thenvariationsin i

andhencethe strengthp, whichis correlatedo |I|> cannotbe estimatedzery accurately

7.2 Estimation of parametersand comparisonwith original images

We performedthe analysisoutlinedin section6 for four differentviews of both cubes.
Eachtime the turn-tablewas rotatedapproximatelyl5°. The full estimationprocess
(codedin C++) takesabout10 secondsper imageon a Pentium-IIl 900MHz machine
without any particularoptimisation. The resultsaredisplayedin Table2® andFigures3,
4. Note that the histogramsconfirm our assumptioron nearly Gaussiarerrorsandthe
small value of around2% for the standarddeviation meansthat the model predictsthe
intensitiessuccessfully

8Thelargervalueof x2nomaisecandoriginatespossiblyfrom errorsin thenon-perfectlyflat suriacesof CUBE.
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Figure3: EstimationResults(cubd: Thefirst row shavs the originalimagesof the cube
from the four differentviews. In the secondrow, the differencesof syntheticandreal
radiancevaluesare displayed(multiplied by a factorof 20 and offset by the radiance
of the squarearea). The histogramsshav the distribution of radiancedifferencesalong
with the total numberof pixelsthat were evaluated(V), the mean(u) andthe standard

deviation (o).
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Figure4: EstimationResults(CUBE): (Imagesasin Figure 3 but for CUBE). The struc-
turethatcanbe seenin the subtractionmages(secondrow) andthe presencef tails in
someof the histogramgthird row) indicatethatthe surfacesare not perfectlyflat. This
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interpretatioris in agreemenwith the largervaluesfor x2nomaiseain Table2.




cube CUBE
~ i V] ~ T ]
(4.0,0.9,1.5) | (0.92,0.21,0.34) | 4.4 | (6.2,1.7,2.4) | (0.91,0.24,0.35) | 6.8
(4.2,1.0,1.6) | (0.92,0.21,0.34) | 4.5 || (6.8,1.8,2.8) | (0.90,0.24,0.38) | 7.5
(3.2,0.6,1.2) | (0.92,0.18,0.34) | 3.5 | (6.1,2.0,2.5) | (0.89,0.29,0.36) | 6.9
(2.8,0.5,1.0) | (0.93,0.18,0.33) | 3.1 || (4.8,1.5,2.0) | (0.89,0.28,0.36) | 5.5
w (0.92,0.20,0.34) | 3.9 u (0.90,0.26,0.36) | 6.7
o (0.004,0.02,0.01) | 0.6 o (0.007,0.02,0.01) | 0.8

Table3: Agreemenbf the estimationsn differentviews: Light positions! estimatedor
differentviews aretransformednto the samecoordinatesystemanddenoteddy I’. Values
in eachcolumnshouldagree In thelower half, meanandstandardeviation of theabove
guantitiesaredisplayed.

7.3 Rotational consistencycheckand accuracy

In this sectionwe investigatef the estimationgperformedindependenthfor eachview
agree. Moving the objectin front of the fixed light-sourceis equivalentto moving the
light-sourcewith the objectfixed. To that extentwe canusethe projectionmatricesto
extract the relative motion and this shouldenableus to transformall estimatesnto a
commoncoordinatesystemin which the positionof the light-sourceshouldbe invariant.
First, from eachprojectionmatrix, we canextracta rigid-bodytransformatiof:

$:R* -5 R® z+— Rr+ T withReO@3),T € R®

Next, we canexpressthe relative motionas¢;; = ¢i—1 o ¢; which transformscoor
dinatesof view j into coordinate®f view i. Table3 shaws theresultof transformingall
light-estimationsnto the coordinate®f thefirstimage.

Furthermoreywe cancombinetheestimationgo getanimprovedestimateonthelight-
sourceandto estimatethe uncertainty(table3). Note thatasanticipatedthe uncertainty
in distancds muchlargerthanin orientation.

8 Future Work and Conclusion

We aimto extendtheanalysisdoneusingcubego otherobjectdlik e cylindersandspheres
andalsoincludenon-homogenouandnon-Lambertiarobjects.In afurtherstep,we plan
toimplementthe estimatiornto non-isotropicsourcesasintroducedn sectiond.2. Finally,
it mightbe possibleto extendtheestimatiorto situationavheremorethanonebut asmall
numberof sourcesareto beestimated.

We have presentedh modelfor point light-sourceswvhich allowed usto successfully
recoverthepositionof asourceandits parametersAs we have demonstratedt is possible
andworthwhile for mary applicationgo work with afinite distancemodel. The method
is practicalin thatit doesnotdemandhry specialimagingsystemor ervironmentandjust
oneimagewith a known objectis sufficient for the estimation.The directcomparisorof
realimageswith imagesrenderedinderlinethe power of the methodpresented.

9We usethe standardnethodwhich correspondgssentiallyjto a QR-decomposition.
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