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Abstract— We study the problem of estimating the illuminant' s
dir ection from images of textured surfaces. Given an isotropic,
Gaussian random surface with constant albedo, Koenderink
and Pont [JOSA 03] developed a theory for recovering the
illuminant' s azimuthal angle from a single image of the texture
formed under a Lambertian model. In this paper, we extend the
theory to deal with casesof spatially varying albedo.

First, we generalisethe theory to explain why their method
should work even for certain types of spatially varying albedo.
Our generalisation also predicts that the coherence of the
structur e tensor should lie below 0.8in suchnon-constantalbedo
casesand accurately predictsthe “deviation” from the true value
obsewved by Koenderink and Pont on the Columbia-Utrecht
(CUReT) texture database. Next, we extendthe theory to account
for arbitrarily varying albedo. We also investigate local, rather
than global, estimates of the direction, and demonstrate our
theory on the CUReT and the Heriot-Watt TextureLab databases
where estimated dir ections are compared to ground truth.

I. INTRODUCTION

In this paperwe addressthe problem of determiningthe
illuminant's azimuthalanglefrom texturedimages.Tradition-
ally, techniquesfrom Shapefrom Shadinghave beenused
to estimatethe direction of the light source[3], [15], [18]—
[20], [22], [24]. Assuminga Lambertian[8] imageformation
model,mostof thesetechniquegry to simultaneouslyecover
bothshapej.e. the surfaceheightmapor the surfacenormals,
and the direction of the light source.However, this is anill
posedproblemandso mary constraintshave to beimposedin
orderto nd areasonablsolution.Someof the mostcommon
constraintarethatthealbedois constanandthatthe surfaceis
smoothor the normalsintegrable.Alternatively, othermethods
focus on local estimatesor the occluding contour but, once
again, have to imposevery similar constraintsto determine
the illuminant's direction.

Recently methodshave beendevelopedwhich speci cally
exploit the statistical nature of rough textures. Chantler et
al. [4], [5] have shown that the varianceof Iter responses
obtainedfrom a textured imagelie on Lissajous’ellipsesas
a function of the illuminant's azimuthal angle. Given three
referenceimagesof the texture, taken under x ed viewpoint
andilluminant elevation, it is possibleto determingheellipse.
This ellipse canthen be usedto readoff the illuminant's az-
imuthal anglefor ary novel imageof thattexture. Koenderink
and Pont [12] assumethat the texture has constantalbedo
andthat its surface hasshallowv relief, is isotropic and hasa
Gaussiamandomdistribution. They develop atheorybasedon
secondrderstatisticso recover theilluminant's azimuthfrom

a singleimageviewed orthographicallyunderthe Lambertian
model.

Such statistical methods which recover the illuminant's
direction from textured images are useful and have mary
applications For instance they canbe usedin Texture Anal-
ysis to provide information about the imaging conditions
and thereby improve classi cation. Knowledge of the light
sources direction can also help in ComputerGraphicswhen
introducingcharactersaaind objectswith realistic shadavs into
an image. However, the applicability of most illumination
estimationalgorithmsis restrictedby the factthatthey require
the surface to have constantalbedo.In this paper we take
a rst steptowards tackling this problem. In particular we
extendthe methodof KoenderinkandPont[12] to casesvhere
the albedois spatially varying.

The organisationof the rest of the paperis as follows:
In sectionll we generalisethe theory of Koenderinkand
Pont for the casewhere the albedois isotropic and can be
modelled as a random variable dravn from a log-normal
distribution. In this case,the eigervectors of the structue
tensorS=< (r logl)(r logl)T > turn out to be identical
to thosefound by [12]. However, the coherencehas a very
different form and now, rather than being just a constant,
becomes function of theilluminant's elevation aswell asthe
texture's albedo.We alsoexaminehow the coherencédehaes
in the presenceof shadevs and in section lll verify our
theory experimentallyon the Columbia-Utrechi{ CUREeT) [6]
database Next, in section |V we explore how the theory
can be further generalisedto take into accountarbitrarily
varying albedoif extra informationis presentin the form of
an additional referenceimage. The theory is then testedin
sectionV on the Heriot-Watt TextureLabdatabasewheread-
ditional referenceémagesare available,andit is demonstrated
that superiorresultsare achieved with the new formulation.
In sectionVI we investicgate the advantagesof using local
regions, ratherthanthe entireimage,to form estimateof the
azimuthalangle. Finally, we concludein sectionVIl with a
discussioron the implicationsof our theoryfor resolvingthe
GeneralisedBas-Reliefambiguity

Il. ESTIMATING THE LIGHT SOURCE AZIMUTH

This sectiondevelops the basic theory for recovering the
illuminant's azimuthfrom a singletextureimage.We consider
the casewherethe underlyingtexture surfacecanbe modelled
asa Gaussianrandom roughsurface.Noneof the parameters
of the surface,the mean,varianceor eventhe auto-correlation



function, needactually be known. Thusno knowledge of the
geometryis required.Insteadby making generalassumptions
aboutthe surfaceheightdistribution, the secondorderstatistics
of the surfacederiatives can be usedto robustly recover the
light sourceazimuth. The derivation will follow principally
alongthe lines of [12].

Under the basic assumptionsthat the underlying model
which producedthe textured image has (a) an isotropic,
Gaussianrandom rough surface with shallov relief viewed
orthographically (b) an albedo which is also isotropic but
distributed log-normally (c) an illuminant whose elevation

is high as comparedto the surface tangentplane, and
(d) a perfect Lambertian image formation model without
shadaving, specularitiesor interre ections, it will be shavn
thattheilluminant's azimuthalangle canberecoseredfrom
the largesteigervector of the structuretensorS.

As theseassumptionsightappeato beoverly restrictive, it
will bedemonstratethatthetheoryholdsevenfor casesvhen
thetexturesdeviate stronglyfrom this model.For example,the
resultsare empirically valid for elevationsassmallas = 5
andwhenthereare signi cant shadavs. We will explain why
this might be the caseby consideringthe situationwherethe
effectsof shadeving, specularitiesinter-re ections etc.canbe
incorporatednto the albedomap.

If a textured surface is imaged under the Lambertian
model [8], thenthe image intensitiesare independenof the
viewing direction and dependon only the angle betweenthe
surface normal at each point and the light sourcedirection.
When there is a single, collimated, parallel light source,
relatively high enoughfrom the surfacetangentplaneso that
shadavs canbe neglected,the imageintensitiesare given by

. L H .
I(xy) = q(x,y):sm[l cot (hycos +hysin )] (1)
1+ hZ+hZ
where L = L [cos cos ;cos sin ;sin ] is the light

sourcevectorwith elevation andazimuthalangle , h(x;y)
is the Mongepatchparameterisationf the surfaceheightwith
partial derivatives hy (x; y) and hy(x;y), and (x;y) is the
spatiallyvarying surfacealbedo.Thuswe areonly considering
a very simple image formation model and neglecting effects
dueto specularitiesinterre ections andshadaevs. Yet, aswill
be demonstratedgven this simpleanalysiscangive very good
resultson real world datasets.

If the surface has shallov relief then the factor in the
denominatorcan be ignoredas hy ; hy 1. Following [12],
[14], we work with the log intensity distribution given by

logl(x;y) =log(L sin ) cot (hycos +hysin ) (2)

wherewe have usedthe fact that cot is small to form the
truncatedTaylor seriesexpansionlog(l x) = x. Denoting
LI = logl;s= sin ;c= cos andtakingpartialderivatives
gives

LI x(x;y) =

Liy(x;y) = —

cot (chy + shyy)
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1 0.5

| A,

-0.5

1 0.5
(a) (b)

Fig. 1. Gaussiamrandomroughsurfacesanda correspondindlD horizontal
slice asgeneratedy (5): (a) isotropic and (b) anisotropic.

Genericinformation about the surface height and albedo
distributions is now neededin orderto proceedfurther with
theanalysisMany Lambertiarroughsurfacesn therealworld
can be describedby a Gaussianheight distribution with a
given auto-correlatiorfunction. In [2], [17], it is shavn that
a Gaussianrandom rough surface can be generatedby the
interactionof a numberof waves at differentfrequenciesand
orientations.Thus,

X
h(x;y) =

X
(5)

hnm cosx + my)
n m

where n;m 2 Z and h,, are random variables which
determinethe auto-correlatiorfunction. Figure 1 shavs some
sample Gaussianrandom rough surfaceswhich can be ex-
pressedas (5). Sincea Gaussiarrough surface musthave an
equalnumberof protrusionsand indentationsthe rst order
statisticswill notrevealary informationabouttheilluminant's
azimuth(asthe bright imageregionswill cancelout the dark
image regions). Mathematically < Llx > and< LIy >

shouldvanishasthe expectedvaluesof all partial derivatives
of h must equal zero. Hence we turn to the squareterms
<LlIZ>,<LlIJ> and< LlxLly > which become

<LIZ2> = < (4x=)%>
+cot? < (Chy + shyy)?> (6)
2cot (€< yhy= > +s< yhy= >)

To accountfor the albedo,a similar kind of assumption
is madeaboutits distribution. If the albedocan be modelled
as a randomvariablewith a log-normaldistribution [7], then
log shouldalsobe of the form (5) and thereforethe third
term in (6) must vanish as the product of ary odd and
even numberederivativeshaszeroexpectedvalue. Denoting,
Ay =< ( x=)?> wethenhave,

<LlZ>

Ay + cot? < (Chy + shy)? >
Ay + cot® < (chy + shyy)?>

()
(8)

2
<LIy>



where< LI 3 > hasbeenobtainedby a similar treatmentThe
expressionfor < LI 4Ll y > is alsovery similar

<LlyLly>= Ay + cot? < (chy + Shyy )(chyy + shyy)>

whereA,y =< y y=2>.

We now needto evaluate the expectationsof the height
deriatives. Somestraight forward trigonometryand integra-
tion yields

<h > = (1:2)x n*h2
<hl, > = (1=2 m*h2,,
<hiy > = (1= nm?h2 =< hy hy, >
< hex hyy > (1=2) n®mh2
< hyhy > = (1=2) nm3h2 9)
nom

At this point, thereare more unknovns than equationsand
thereforethe systemmustbe constrainedurther for the light
sourceazimuth to be recorered. One way of reducing the
number of free variablesis by constrainingthe underlying
surface and albedo. In the casethat both are isotropic, the
expectationsn (9) canbe greatlysimpliled [2] to

< hix > < hxx hyy > < hxx hxy > 3 1 0
< hyyh > < hZ, > < hyyhy > =H 1 3 0
< hy h > < hg hyy > < hi > 0 0 1
while the albedoexpectationssimplify to
Ay A 10
X Vo= A (20)
Ayx Ay 01

whereH and A are constantswhich dependon the surface
heightandalbedoof the texturedmaterial(for instance A = 0
for constantalbedotextures). Substitutingthesevaluesback
into the expressiondor < LI 2>, < LI 2> and< LI4Lly >

gives

<LlZ> = A+Hcot? (3cog + sin® )
<LJ> = A+Hcot? (coS +3sin® )
< LlyLly> = Hecot? (1+ 1)sin cos

Thereare now exactly threeequationsin threeunknovns and
thereforeit is possibleto recover the illuminant azimuth
from the eigervectorsof the structuretensor[12] de ned as

< LlIyxLly >
< L|§>

<LlZ>

ST Ly >

(11)
In the presentcase,the structuretensorturns out to have a
very simple form

2+ cot2 sin2
sin2 2 cot2

wherel isthe2 2 identity matrix. The largereigemvalueand
correspondingigervectorof the structuretensoraregiven by

S= Al + H cot? (12)

1= A+3Hcot? ) vy= g?ns (13)

while the smallereigervalue and eigervector are given by

:2)
:2)

Thus,v; pointsin the direction of the illuminant's azimuthal
componentindrepresentshe desiredsolution. However, note
that there is an ambiguity of 180 degreesin the recovered
angleasS dependon 2 ratherthan

The coheenceof the structuretensorS is de ned to be

cos( +
2=A+Hcot® ) v,= Sin(( N (14)

2 2
coh = —F—3 (15)
1t 2
2 + 2
H cotc (2A + 4H cot® ) (16)

A2+ H cot?> (4A + 5H cot? )

which mustbe lessthan or equalto 0:8. Thus, the coherence
dependsupon both  and A. For example, when A? is
neggligible ascomparedo the secondermin the denominatar
the expressionfor the coherencesimpli es to

_ 2A + 4H cot?
4A + 5H cot?

which variesbetween0:5 and 0:8 dependingon the elevation
. Of course,if A? is not negligible thenthe coherencecan
be lower still.

Deviations from the perfect Lambertian model: The
model up till now has beenderived under the assumption
of perfect Lambertian re ectance without ary shadaving
(see gure 2), specularitiesjnterre ections etc. However, in
general,it is not possibleto distinguishthese effects from
albedovariations given just a single image (unlessthere is
prior information available) [10], [13]. For example,it is not
possibleto tell apartdark regionsdueto shadevs (eithercast
or attached)from dark regions due to low albedofrom only
one image. Therefore,it might be possibleto model these
effectsasalbedovariations,aslong asthe distribution remains
roughly log-normal(which canaccommodate large number
of low intensityshadav regionsin the bulk of the distribution
with the specularities tting into the long tail). In such a
situation, (13), (14) and (16) will still hold and the largest
eigervectorwill pointin thedirectionof theazimuth.However,
A will now becomea functionof both and (aswell asthe
cameraposition) and therefore for a given textured material,

coh a7

T T

A C A C

Fig. 2. A indicatesan attached(self) shadev boundary and C a cast
shadev boundary Signi cant cast shadevs can suddenly appearbelov a
certainelevation for rough surfaces.



the coherencecan no longer be expectedto be a monotonic
function of the elevation. If we were to focus on shadeving
as the major sourceof deviation from the the model, then
dependingon how quickly A increasesvith decreasing (i.e.
therateof shadwing), ascomparedo H cot? , thecoherence
cune caneitherincreaseor decreaselt canalsodo bothif the
shadaeving patternchangesafter a certain elevation and one
can expect kinks in the graph. Figure 3 plots somesample
scenarios.
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Fig. 3. Thevariationin coherencavith elevationin the presencef shadavs.
The curve can changedramaticallyif the shadaing patternchangesafter a
certainelevation. This canalsocausea jump in the curve, for example,when
signi cant castshadevs suddenlyappearbelown a certainelevation. It should
be noted that theseare just a few samplecurves from the set of all such
possible Eachcanvary considerablydependingon how shadaving in uences
the albedoparameterA.

I11. SINGLE IMAGE EXPERIMENTS AND COMPARISONS

It is interestingto note that the eigervectorsrecoveredin
(13) and (14) areidenticalto thosefound by Koenderinkand
Pont[12]. Thus, even thoughtheir theory was derived for a
constantalbedo map, their method should hold for a much
wider range of textures. However, since a constantalbedo
map implies A = 0, their model expectsthat the measured
coherenceshould always equal 0.8 and should not change
with varying elevation, azimuthor texture sample.The theory
derived here predictsotherwise.For almostconstantalbedos
(i.e. small A), (17) expects the coherenceto lie between
0:5 and 0:8 with lower values being expected for larger
variationsin albedo.Thesepredictionsmatchvery well with
the “deviations” from the ideal as measuredn [12].

In the caseof a true Gaussiarrandomrough surface with
paintedwhite albedo,[12] reportthatthe azimuthis estimated
correctlywithin a few degreesbut “the coherencesgre signif-
icantly lower” and vary between0.4 and 0.7 with changing
elevation. Similarly, on a sampletexture from the Columbia-
Utrecht (CUReT) database[6], the illuminants azimuth is
detectedto within a degree of the groundtruth (= Q) but
the coherencesire again found to be slightly lower with the
25 to 75 percentilesbeing 0:53 to 0:78.

It should be noted that while the currentmodel hasbeen
derived by assumingGaussiarandlog-normaldistributions, it
may alsohold to somedegreefor otherdistributionsfor which
the appropriateexpectedvaluescancelout. To determinehow
well the model copeswith various materialswith differing
albedoand heightdistributions,we apply it to all the textures
in the CUReT databaseThere are a total of 61 materials
presentin this databaseand eachtexture has beenimaged
under 205 differentviewing andillumination conditions.Out
of all theimagesavailable,we selected2 imagesper material
for which a big enoughtexture region could be extractedfrom
the image.While the most extreme viewpoints are excluded,
therearestill mary imagesfor which the viewing directionis
farfrom headon. Again,in orderto verify therobustnes®f the
model, we do not photometricallyor geometricallycalibrate
the imagesbut insteadusethe raw pixel intensitiesafter they
have beencorvertedto grey scale.

Figure4 shawvs theresultsof the algorithmon someCUReT
textures.Only a few samplesare shawvn for lack of space For
eachtexture, 7 imagesarechoserfor which the viewing angle
is almostin the direction of the surface planenormal (within
15 ). Thevalueof theilluminant's azimuthis estimatedusing
(13) andthe estimatiorerrorin degreess plottedasa function
of in the middle row. The erroris lessthan a few degrees
even thoughthe view is not perfectly normal, the albedonot
constantand the surface not necessarilyisotropic Gaussian.
The resultsarevalid evenin the presencenf shadavs for the
smallervaluesof elevation. In the bottomrow, the associated
coherencediave alsobeenplotted asa function of . As can
be seen,they are not always equalto the constantvalue 0:8
but vary with  and albedoas predictedby the theory

Next, we apply the methodto all 92 61 = 5612images
selectedfrom the CUReT databaseand estimatethe light
sourceazimuth. As can be expected some results will not
be very good due to the oblique viewpoint and the strong
deviation of the texturesfrom our assumptionsNevertheless,
in a majority of the casesthe azimuthis recoreredto within
afew deggrees.Figure5 is a plot of the estimationerrorversus
the numberof imageshaving thaterror. Thus,for 1475images
the azimuthis estimatedto within an accurag of 1 while
3255 images(roughly 58% of thoseselected)have an error
lessthan5 .

However, the algorithm doeshave a sourceof error which
could be biasing theseresults. When a texture is strongly
anisotropic the perpendiculapartial derivative dominateshe
structuretensorandforcesthe estimatedlluminantto lie in its
directionirrespectie of thetrue azimuthalangle.For example,
for a texture with translationalsymmetry the iso-illumination
contoursare straightlines parallelto the translationdirection
and hencethe derivatives in this direction will be negligible
as comparedto the perpendiculaderiatives. So, for images
which are vertically oriented(see gure 6), the x derivative
becomesvery large and forcesthe structuretensorto assume
the form

S=H ! ) 1=1 2=0vy= é
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Fig. 4. The top row shavs somesampleCUReT texturesfrom a fronto-parallelview (only a few samplesare shavn becauseof spacelimitations). The

middle row plots, for eachmaterial, the error in estimating
alsovarieshbut is alwayswithin 15 of the surfaceplanenormal). Clearly,

(in degrees)as the illuminant's elevation variesfrom 11:25 to 78:75 (the viewing angle
is estimatedto an accurag of within a few degreeseven when the albedois

not constant,the texture not necessarilyisotropic Gaussiarand even in the presenceof strongshadavs for smallervaluesof the elevation. The associated
coherencevaluesare plottedin the bottomrow. As canbe seenthe measured:oherencevarieswith elevation andtexture sampleas predictedby the theory
It is not a constantequalto 0.8 in all casesaspredictedby [12]. The jumpsin the curves are most probablydueto shadwing effects primarily with change
in elevation but could alsobe dueto the othereffectswith changein viewpoint (asthe cameras azimuthalangle uctuatesbetween0 and180 from image
to image). The samplesare: Polyester(texture number02), Terrycloth (03), RoughPlastic(04), Sandpape(06), PlasterA (10), PlasterB (11), Quarry Tile
(25), and White Bread(52). Note that for eachsample,derivatives are computedat variousscalesand the bestresultreported.No photometricor geometric

calibrationhasbeendoneandall imagesare convertedto grey scale.

and thus the estimatedazimuth is 0 irrespectie of the
actualdirectionof theilluminant. A similar problemexists for
horizontaltexturesand = 90 . And since mostilluminant
directionsin the CUReT databasareeither = 0, = 90
or = 180 it is dif cult to tell whetherthe algorithm is
working properly or giving erroneousresultsbecauseof the
dominanceof oriented edges.However, in these casesthe

coherencewill be greaterthan 0:8 andin factwill approach
1 andcanthereforebe usedto ag errors.Figure6 illustrates
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Fig. 5. A countof the azimuthestimationerrors(in degrees)for all 5612
imagesin the CUReT databaseResultsare given for the best scale for
computingderivatives.

this effect. The algorithm seemsto be working well as the
estimatedazimuth appearsto lie very closeto ground truth

for = 0. However, in reality, it is the orientationeffects
42 44 51
y Estimation Error
60 40 100
5
soll= " /19 ’ 30 77y’0\ . —-y10 /\\\/,
A /" 20 A // i 50 // v
/ Al / - .
20 , \ o 10 , v ool B s
/ | o / v ,
| o / ,
0 = 00— — 0
0 30 60 90 0 30 60 90 0 30 60 90
Coherence
1 1 1 I\/
0.8 v—\ 08 ///\ 08
0.6 0.6 0.6
0 30 60 90 0 30 60 90 0 30 60 90
Fig. 6. The model can appearto be working well even thoughit is being

fooledby orientationeffects.As long astheilluminant's trueazimuthis around
0 the algorithm returnsgood results(solid red curve in the graphsin the
middle row) for Cordurgy (42), Linen (44) and Corn Husk (51). However,

the estimatedor all otherilluminant directionsare very poor ascanbe seen
by the dashedcurwe in the samegraphs.The fact that the coherences near
1forthe = 0 curvescanbeusedto ag this.



which are causingthis and oncethe true illuminant direction
moves away from 0 the errorsbecomevery large. The fact
that the coherencesre greaterthan 0:8 can be usedto ag
this occurrence.

Neverthelessthe modelappeargo be quite robustwhenits
basicconditionsare met. For example,for PlasterA (texture
number10) which appearsto be isotropic, the azimuthwas
estimatedto within 5 nearly 90% of the times, irrespectve
of viewpoint andshadaving. Thus,eventhoughthereis room
for improvementthe simplemodelderivedwithout takinginto
accountmary physicalphenomenoustill appears¢o work quite
well.

IV. ESTIMATION FROM TWO IMAGES

There are often caseswhen multiple imagesare available
of a texture taken from the sameviewpoint but with varying
illumination. PhotometricStereotechniquesely on suchdata
for example. In thesecases,it is possibleto use the extra
information available to lift someof the restrictionsimposed
on the model in sectionll. In particular it is possibleto
have freely varying albedoand, in this section,we develop
a theory for estimatingthe illuminant's azimuth under such
circumstances.

Supposeve have availabletwo registeredimagesl 1 andl ,
imagedby varying the illuminant's azimuth. Then, underthe
Lambertianmodel, the imageintensitiesare given by

(x;y)L sin [

cot (hycos i+ hysin ;)]
1+ hZ + hZ

li(xy) =

Note that by taking the ratio of the two imagesiit is possible
to immediatelyget rid of both the albedovariation as well

as the normalisingconstantin the denominatarThus, we no
longer have to make explicit the assur@lptiorthat the surface
hasshallaw reliefin orderto removethe 1+ hZ + h? factor

Furthermorethe albedocan be allowed to vary arbitrarily as
it hasno in uence on the ratio. Taking logarithmsand again

making useof the truncatedTaylor seriesexpansiongives

LR = Iog(l—l)
I2
= cot [hy(cos 2 cos 1)+ hy(sin 2 sin 1)]
DenoteC = cos » cos ; andS=sin » sin 1. Then
LR = cot (Chy + Shy)
) LRy = cot (Chy + Shyy)
) LRy =cot (Chy + Shyy) (18)

Again, < LRy > and< LRy > arenot expectedto contain
ary information,soonemustlook atthe secondrderstatistics
containedin < LRZ >, < LR7 > and< LRLRy >. If the
surfaceis isotropicand Gaussianthen< h%, >=< hZ >=
3H;< h§y >=< hy hyy >= H while all otherexpectations
are zero. Therefore,

<LR2> = Hcot® (3C%+ S?)
<LR7> = Hecot® (C?+ 35?)
< LRyLIy> = Hcot? 2CS (19)

andthe structuretensoris given by

_ 2 3C2%2+ S? 2CS
S = H cot 2CS C2 4 352 (20)
Making use of the trigonometricidentities cos( » 1) =

COS 2€0S ;1 Sin sin 1,sin( 2 1) = sin ,cos ;
cos ,sin ; and performing some careful, but straight for-
ward, algebrayields

_ 2 cog 1+ 2) sin( 1+ 2)
S= sin( 1+ 5) 2+cos(1+ z) D
where
= 4H cot?® sin? % (22)
The eigervaluesof the structuretensorarenov ; = 3 and
2 = while the larger eigervectoris
vy = Sm( 1t 2) (23)

1+ cos(1+ 2)

from which it is possibleto recover the joint angle 1 + .
The coherenceof the structuretensornow becomes

2 2

1 2

coh=
2
2+

(24)

V. EXPERIMENTAL RESULTS FOR TWO IMAGES

We now assessthe validity of the theory developed in
section IV on the Heriot-Watt TextureLab database[21].
The databasehas 30 textures representingvarious kinds of
materials: isotropic, oriented (in both surface and albedo),
rough, etc. Figure 7 shavs oneimageof eachsamplepresent
in the databaseEachmaterialhasbeenimagedundera x ed
viewpoint. The illuminant's elevationis also x edat = 45
but the azimuthvariesbetween = 0 and = 315.

Fig. 7. Materialspresentin the Heriot-Watt TextureLabdatabaseThereare
30 texturesandeachhasbeenimagedfrom a x ed viewpoint. The illuminant
elevationis also xedat = 45 but the azimuthvariesbetween = 0
and = 315 .



To testthetheory we take sampledrom the databasevhose
surface might be modelledas isotropic and Gaussiarbut for
which the albedo varies considerably For each sample,the
imagetakenat = O isretainedasthereferencémagewhile
(23) is thenusedto recover the azimuthalanglefor all therest.
Figure 8 is a plot of the estimationerror for four samples,
AN4, TL2, TL3 and TL6, eachof which has signi cation
variation in its albedo.The middle row shaws plots of the
estimationerrorversus for the remainingimages.The solid
blue curves representhe errorsin the angle estimatedusing
(23) and generallytend to be much lower than the dashed
red curve representindghe errorin estimationdueto (13). The
bottomrow is a plot of theassociatedoherences=venthough
(24) predictsthat the coherenceshouldnow equal0.8 this is
clearly not the case.The variation is most probably due to

deviations from the modelin termsof shadaving.
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Fig. 8. Estimatingthe illuminant's azimuthfor samplesin the Heriot-Watt
TextureLab databaseFor eachmaterial,the imageat = 0 is chosenas
the referenceimage. The solid blue curves (middle row) thenrepresenthe
errorin estimating in degreesfor all the remainingimagesusing(23). The
dasheded curnvesrepresenthe estimationerror asmeasuredising (13). The
bottomrow is a plot of the associatedoherencedNote thatfor both methods,
derivatives are computedat variousscalesand the bestresultsreported.

VI. LOCAL ESTIMATION

Even thoughthe methodsdevelopedin sectionsll and IV
appearto copefairly well with deviationsin the model,there
are often caseswherea few bad measurementsan adwersely
affect the recovery of the azimuthal angle. Therefore,it is
desirableto estimatethe illuminant's direction using local
regionsratherthanthe entireimage.

As hasbeennotedin sectionlll, the presenceof strong
edgescanbiasthe structuretensorandthereforetheseregions
should be excludedwhile computingthe expectations.Simi-
larly, regions of constantintensity wherethe signal variation
is very low shouldalso be excluded.

Thereexist mary suchoperatorg[9], [11], [16] to discard
exactly suchregions.Most of themare basedaroundcomput-

ing the secondmomentmatrix which is extremely similar to
the structuretensorS. We usethe Harris cornerdetectorop-
erator[11] to rejectedgeand constantntensity regionswhich
might deviate from the assumednodelandthereforegive bad
estimates.To estimatethe statisticslocally, we computethe
most interestingHarris points and then for each point, use
the region aroundit to calculatethe expectations< LI 2 >,
< LI 5 > and< Ll , > andtherebythestructuretensor Thus
at eachchosenHarris point we computethe structuretensor
andevaluatethelocal estimateof theilluminantdirection.This
canthen be usedto return the probability distribution of the
azimuthalangle from which the mode can be chosenas the
mostlikely estimate.

Preliminaryexperimentsndicatefavourableresults.As dis-
cussedn sectionlll the azimuthcanbe estimatedo within an
accurayg of a few degreesfor mostimagesof PlasterA in the
CUReT databaseThis indicatesthat the texture satis es the
basicmodel.However, for afew imagesthe estimatiorerroris
ashighas15 indicatingthatviewpointandshadaving effects
arecausingdeviationsfrom themodelandtherebycontrituting
badmeasurementdt is hopedthatif thesemeasurementsan
be excluded from the estimationprocessthen we should be
ableto recorertheazimuthalanglemuchmoreaccuratelyThis
is foundto be exactly the casewhenthe top 300 Harris points
areusedto choosethe regionsfor computationFigure9 plots
the probability distribution of the anglesestimatedusing the
Harrisregions. The modeof the distributionis at 65 whichis
within 0:15 of the groundtruth while usingthe entireimage
therecoreredanglewas = 49:61 with anerrorof 1549 .
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Fig. 9. Recwering the illuminant's azimuth using local estimatesfor an
image of PlasterA from the CUReT databaseThe ground truth is =
65:10 but the angle recorered using (13), which computesstatisticsover
theentireimage,is = 49:61 dueto shadeving andviewpoint deviations.
By estimatingthe anglelocally usingHarris regionsandrejectingothersit is
possibleto improve theaccurag of theestimateasthemodeof thedistribution
is 65 .



VIl. CONCLUSIONS

In this paper we have developeda theory for estimating
the illuminant's azimuthfor isotropic, Gaussiarrandomtex-
tures with spatially variable albedo. When the albedoitself
is isotropic and randomly distributed log-normally then the
solution for the illuminant's azimuthis identical to the one
found by Koenderinkand Pont[12]. However, the coherence
of the structuretensoris no longera constantbut varieswith
both the elevation and the azimuthand is dependenbn the
texture's albedoand shadeving pattern.In the casethat extra
informationis availablein the form of a registeredimagewith
the sameelevation, then it is possibleto extend the theory
to arbitrarily varying albedoas long as the surface itself is
roughly isotropic Gaussian.

Being able to recover the illuminant's azimuth raisesthe
interesting possibility of resolving parts of the Generalised
Bas-Reliefambiguity (GBR) [1], [23]. Unfortunately it turns
out that onceintegrability has beenenforced,the GBR does
not affect the azimuthalangle of the light sourcebut only its
elevationandstrength However, thefactthatwe have imposed
a Gaussiardistribution on the heightfunction doesrestrictthe
ambiguity If the transformedsurfaceis given by

h(x;y)= h(xy)+ x + y+d (25)
then,in theory both and mustbe zeroandthe ambiguity
reduceso which affects the varianceof the Gaussianand
the constantof integration in the surface reconstructiond
which affects the mean.However, in practise,dueto numer
ical reasonsand becausethe Gaussiandistribution is being
approximatedby a nite numberof surface height points, it
may well be the casethat the ambiguityis not resohedto just

andd but may alsoinvolve spuriousvaluesof and
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