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Abstract
We considerthe problemof determiningwhethertwo

imagescomefrom different objectsor the sameobject in
thesamepose, but underdifferentilluminationconditions.
We showthat this problemcannotbe solvedusing hard
constraints: evenusinga Lambertianre¯ectancemodel,
there is alwaysan objectanda pair of lighting conditions
consistentwithanytwoimages.Nevertheless,weshowthat
for point sourcesandobjectswith Lambertianre¯ectance,
theratioof twoimagesfromthesameobjectissimplerthan
the ratio of imagesfrom different objects. We also show
that the ratio of the two imagesprovidestwo of the three
distinctvaluesin theHessianmatrixof theobject'ssurface.
Usingtheseobservations,wedevelopa simplemeasurefor
matching imagesundervariable illumination, comparing
its performanceto otherexistingmethodsona databaseof
450imagesof 10 individuals.

1 Intr oduction
A centralproblemof visualobjectrecognitionis to usein-
formationaboutanobjectderivedfrom sampleimagesin
orderto recognizethatobjectundernovel viewing condi-
tions. In model-basedapproaches,it is typically assumed
thattrainingimagesareusedto derivesomede®niteinfor-
mationabouttheshapeof anobjectthataccuratelypredicts
somepropertiesof its appearancein any new image; in
appearance-basedvisionaneffort is madeto representthe
setof all imagesanobjectcanproduce,eitherby sampling
themor by generatinga representationfrom a smallsetof
training images. Both approachesencounterdif®culties
whenfew trainingimagesareavailable,orwhentheimages
aretaken underuncontrolledconditions. A basicques-
tion arises:Givenonly asingletrainingimageof anobject
how canonedeterminewhethera testimageis of thesame
objecttakenunderdifferentconditions,or of a new object
altogether?

This paperaddressesthis questionfor the casewhere
variationin appearanceis dueto illumination. In particu-
lar, how doesonelookatintensityimagesof twocompletely
differentobjectsanddeterminethatthedifferencebetween
theseimagescould not be due to lighting variation, but
must indicatea differencein object identity or position?
Weshow thatgivenonly two images,onecannotdetermine
with certaintywhetherthey arisefromthesameor different
objects,for therealwaysexists a continuoussurfacewith
Lambertianre¯ectancethatcouldhave producedbothim-

ages.While thisresultis demonstratedusingpointsources,
it of courseappliesto moregenerallighting modelsthatin-
cludepoint sourcesas a subset. Thuswhen two images
appearto comefrom differentobjects,this is becauseit
is unlikely, not impossible(underaLambertianre¯ectance
model)thatthey comefromthesameobject.Ourchallenge
thenis to justify andquantifythisunlikeliness.

To dothis,wemust®rstcharacterizewhatwecandeter-
mineaboutanobjectfrom two images.We do this for the
caseof anobjectwith Lambertianre¯ectanceandlighting
dueto two differentknown point sources.We show that
from the ratio of the two images,we candeterminethree
componentsof the Hessianmatrix that characterizesthe
surfaceof thisobject.We thenextrapolatefrom this result
to thecasewheretheobjectis illuminatedbyunknownlight
sources.

To developa measurefor determiningwhethertwo im-
agesarisefrom the sameobject, we examineproperties
of the ratio of the two images(theusefulnessof this rep-
resentationwaspreviously pointedout in Wolff andAn-
gelopoulou[30] andFan andWolff [10]). We show that
in the casewherethe object is relatively simplethe ratio
of two imagesof the sameobject must be even simpler
thaneitherof the individual images(where,asan exam-
ple, we de®nesimplicity basedon the complexity of the
algebraicfunctionneededto locally approximatetheshape
or image). However, theratio of imagesproducedby two
different,but equallysimpleobjectsis morecomplex for
genericshapesandlighting conditions.We thenusethese
insightsto derive a simple local measureof comparison.
Weshow thatthesemethodscanbeusedto producegreater
accuracy on a real task± facerecognitionundervariable
lighting conditions± thanwidely usedexistingmethods.

Finally, we brie¯y considerthe caseof more general
lightingconditions,whenmultiplelight sourcesarepresent.
Weshow thedif®cultyof extrapolatingfromasmallnumber
of trainingimagesto theentiresetof imagesanobjectcan
produce.Speci®cally, BelhumeurandKriegman[4] have
shown thatfrom asfew asthreeimagesof anobject,where
eachis producedby a singlepoint light source,one can
determinetheilluminationconethatdescribesthesetof all
imagesthatobjectcanproducewith multiplelight sources.
Weshow thatif thetrainingimageshavemultipleunknown
light sourcesinsteadof point sources,it is not possibleto
determinetheilluminationconeexactly.



2 Background
In model-basedapproachesto object recognition,it has
beenassumedthatonecanconstructa precise3-D model
of an object to usefor recognition. This is suitablefor
someapplications,but it hasprovendif®cultto build accu-
rate3-D modelsusingonly imagestaken in uncontrolled
circumstances.This alsoraisesquestionsaboutthe suit-
ability of approachesbasedon3-D modelsasexplanations
of humanvision(e.g.,Marr [18], Ullman[28]).

Anotherapproachhasbeento describe3-D objectsin
termsof their invariant,or quasi-invariantproperties.Such
descriptionsof 3-D objectscapturethat portion of their
structurethat is apparentin all, or almostall imagesof
theobjects.For example,Biederman[6], basedon earlier
work in computervision (e.g.,Lowe [17]), proposedthat
thehumanvisualsystemdescribesandretrieves3-D objects
basedon non-accidentalpropertiesthatcanbedetectedin
images,regardlessof viewpoint. Othersin computervision
havedevelopedapproachesto recognitionbasedon invari-
ants(for anoverview, see[21]). Modelsof objectsthatare
basedon invariantscan,by de®nition,beconstructedfrom
a singleimageof anobject,althoughdif®cultieshave also
arisenin applyingsuchapproachesto generalclassesof
objects([7, 8, 20]).

Perhapsmost relatedto the topics in this paperis the
work on imageªlightnessº (e.g., Horn [15]). Here the
imageof an object is ®lteredin an attemptto remove or
suppressthe lighting effects in order to recover only the
object's surfacere¯ectance.In [15] this is donein a three
stepprocessof differentiation,thresholding,and integra-
tion. Yet this methodis at bestonly locally reliable, as
imagenoiseanderrorsdueto shadowsarecompoundedin
theintegrationprocess.

Partly for thesereasons,appearance-basedmethodsof
recognitionhave also beenexplored. In thesemethods,
an object is not describedin termsof its 3-D properties,
but rather in terms of the 2-D imagesthat it produces.
Oneapproachtoappearance-basedrecognitionis tosample
an object's possibleimages,and then to compare,in a
lower dimensionalimagesubspace,a novel imageto the
setof sampledimages,usingpatternrecognitiontechniques
suchasnearestneighbors(e.g.,[27, 16, 22]). This works
well when the training imagesdenselysamplethe space
of imagesonehopesto recognize.In general,though,an
objectcanproducesomany differentimagesthat it is not
clearhow to samplethemall.

Alternatively, someapproachesattemptto predict the
imagesan object can producefrom a small numberof
training images(e.g., [29, 26, 19, 4]). This overcomes
the dif®culty of having to samplea greatnumberof an
object's images.However, while this maynot requirefull
recovery of anobject's 3-D structure,it clearly requiresa
lot of knowledgeof 3-D structureto predictall its possible
images(e.g.,[5]). Suchinformationmaynot beavailable
whenanobjectis viewedin only a few prior imagesunder
uncontrolledconditions.

Wecancontrasttheseapproacheswith theonesuggested
in this paperin termsof the informationthey hopeto ex-
tractfrom animage.Themodel-basedandinvariant-based
approacheshopeto derive intrinsic propertiesof the 3-D
objectstructure.The secondsetof appearance-basedap-
proacheshopeto extract a characterizationof the set of
imagesan object can produce,which may be almostas

ambitious.The®rstappearance-basedapproacheswe dis-
cussed,in contrast,extractrelatively little informationfrom
eachimage.They essentiallytreateachimageasanisolated
point of information. New imagesarecomparedto these
usingameasuresuchasEuclideandistancein adimension-
ally reducedimagespace.Ontheotherhand,theapproach
proposedhereseeksto makecomparisonsbetweenimages
thatarederivedfrom thenatureof theimagingvariability.
We think of an imageasproviding considerableinforma-
tionaboutwhatotherimagesanobjectcanproduce,without
necessarilyprovidingany de®niteinformationaboutits3-D
structure.

3 Two ImagesAre Always Compatible
We are interestedin comparingtwo imagesto determine
whetherthey comefrom the same,unknown object,with
thesamepose,but underdifferentilluminationconditions.
Sowe ask®rst: Is it ever thecasethat two imagescannot
comefrom thesameobject? We show that theanswerto
this questionis no. In fact, even if we assumethat the
lighting in eachsceneis constrainedto be a known point
sourceat in®nity, we canalwaysconstructan object in a
®xedposethat is consistentwith both images.We should
point out that while our analysisin this sectioncorrectly
handlesshadowing, it doesnotaccountfor interre¯ections.

We also show what aspectsof a Lambertianobject's
structurecanbe determinedfrom two imageswith point
sources.Theseresultssuggesta directionwe maytake to
gaugethe likelihoodthat two imagesareproducedby the
sameobject.

We ®rstassumethat two images,� and � , comefrom
a Lambertianobjectlit by two known point sourcesat in-
®nity, �������
	��
���������
� and ��������	�������������� respectively. If
giventheselimitations(known sourcesandLambertianre-
¯ectance),wecanconstructanobjectthatisconsistentwith
both images,we have poor prospectsof ever telling with
certaintythattwo images,nomatterhow differentthey may
appear, couldnotcomefrom thesameobject.

We assumethat theobjectis viewedfrom thedirection
� 0 � 0 ��� 1� , andtherefore,that thedepthof thesurfacecan
be written as ����� ��!"��#�� . By writing � in this form we
are ensuringthat � describesan integrablesurface, i.e.,
that the surfacenormalsof � are consistentwith a true
surface.Let thealbedoof theobjectbewrittenasafunction
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Ourproblemis to determinewhichfunctions� and $ may
satisfytheseequations.

AsWolff andAngelopoulou[30] andFanandWolff [10]
havepointedout,wecandealwith imagepairsmoresimply
by takingtheir ratio, sincethis causestheeffect of albedo
to cancel.However, they go on to usethe ratio imagefor
stereomatchingandfor reconstructingasurfacefrom three



images,quitedifferentpurposesthanours.NayarandBolle
[23] usetheratio of two regionsin thesameimagefor yet
anotherpurpose,to canceltheeffectsof lighting,underthe
assumptionthat the regionscomefrom coplanarportions
of theobject.

Takingtheseratios,andde®ning:0�;��)<� , wehave
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(Throughoutthis section,for simplicity we assumethat
neitherimageis zeroatany point,sothattheratio is well-
de®ned).Since� is ouronly unknown, this is a ®rstorder,
partialdifferentialequationwith variablecoef®cients.We
cansolve it usingwell-known methods(see,for example,
Zauderer[31]). In brief, we may divide the imageinto
characteristiccurves. Along eachcharacteristiccurve,we
changevariablessothat � is afunctionof asinglevariable.
Then we may ®ndthe valueof � , along a characteristic
curve, up to an unknown initial condition,by integrating
alongthiscurve.

As a simpleexampleof this method,considerthecase
of �A�B� 0 � 0 � 1� and �C�B� 1 � 0 � 0� . Thenwe have �

	

�D:
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The characteristiccurvesin this casearehorizontallines
acrosstheimage.Thevalueof � �%!&�'#�� is givenby

� ��!"�'#��5�E� � 0 ��#��
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wherewehavenoobvioussourceof knowledgeavailableto
providetheinitial condition � � 0 �'#�� . We denotethis initial
condition � � 0 ��#�� as KL�%#�� . Thisshows thatwe canrecover
thevalueof � up to anunknown initial conditiongivenby

K . Notethatwehave
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Thus,wecanrecover �

	

directly from theratio image.We
cannotrecover �

�

, however, since K

�

is unknown. More-
over, evenif wedid know K , any straight-forwardrecovery
of �

�

from arealimagewouldbeextremelyunstable,since
we would have to numericallyintegrate : alongadjacent
characteristiccurves,andthentake its derivative.

Takingfurtherpartialderivatives,wehave
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Thus,wecanrecover �
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by takingderivativesof
theratio image,but againwecannotrecover �

�S�

.
For this example,then,we seethatwe canusetwo im-

ageswith known light sourcesto recoverthreecomponents
of theHessianmatrix of thesurfaceof the object. More-
over, theseequationsalwayshave a solutionfor � , which
is given explicitly as Equation1. We canalsonote that
for theselight sources,therearenoshadows. Thesource�

castsnoshadowsonthesurfacebecause� ismonotonically
increasingalongeachcharacteristiccurve, since � , � and
therefore�

	

�T: are,by nature,non-negative. Sincethe
secondlight sourceis alsotheviewing direction,it cannot
castshadowsonany visibleobjectpoint. Notealsothatfor
any given � thatsatis®esEquation1, we canchoose$ to
satisfythe equationsgivenby the two images(suchan $

mayhave valuesgreaterthanone. To avoid this, we must
scalethe intensityof eachlight sourceby an appropriate
constant).

For other lighting conditions,we get similar results.
In general,the slopeof the characteristiccurve is ��:
�U�0�
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Thesecharacteristicsarenotstraightlines,
but vary their directionasa functionof : . Assuminggen-
erallighting,sothatthereis novalueof : thatsatis®esboth
the equations:>���W�G���X�Y:
��	Z�G��	�� 0, this directionis
alwaysuniqueandwell-de®ned.In thiscase,thecharacter-
istic curvescannever intersect,andsotherealwaysexists
a surfacethat satis®esthe ratio image's PDE (see[31]).
Again, thereis a whole family of thesesolutions,onefor
any functionthatprovidesaninitial condition.

Similar issueshave beenconsideredin work on pho-
tometric stereo. However, the photometricstereowork
addressessettingsin which the reconstructionproblemis
not underconstrained.For example,ColemanandJain[9]
discussrecoveryof structurefor texturedshapeswith spec-
ularities,usingfour images.OnnandBruckstein[24] show
how to useintegrability to recover structurefrom two im-
ageswhenthescenehasa uniform albedo. And Fan and
Wolff [10] considerrecoveryof structureandalbedofrom
threeimages.

In contrast,wehaveshown thatgiventwo imagesof an
objectwith unknownstructureandalbedo,thereisalwaysa
largefamily of solutions.In fact,for any pairof point light
sourcesthereis a family of possiblesolutions. We have
shown that given known light sources,we candetermine
two independentcomponentsof theHessianof thesurface
at any position,but not the third. The directionin which
we candeterminethesecomponentsmayvary throughout
theimage,dependingbothonthelight sourcesandtheratio
image.Finally, evenfor unknown lighting conditions,the
ratio image : still providesinformation± albeit imprecise
information±aboutthelocalnatureof theobject'ssurface.

4 Determining the Simplicity of Interpreta-
tions

We cannottell that two imagesmustcomefrom different
objects. We now turn insteadto determiningwhetherin
somecases,explainingthe imageswith a commonobject
would requirean unlikely coincidence.This approachto
imageinterpretationhasbeenappliedto othervisionprob-
lemsby, for example,Rock[25], Lowe [17], andFreeman
[11].

Speci®cally, we begin by showing that theratio of two
imagesfromthesameobjectisgenerally simplerthaneither
of the individual images,while the ratio of imagesfrom
differentobjectsis genericallymorecomplex thaneither
image.

As previouslynoted,theimageof anobjectis
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andtheratioof two imagesfrom thesameobjectis
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(3)

However, supposeour secondimage �&[ is of a different
object, whosesurface is describedby the function �R�

KL�%!&�'#�� , and whosealbedois describedby the function
\

��!"��#�� . Thenwehaveastheratio image
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(4)
In many instancesEquation3 describesa simpler ratio
imagethanEquation4,unlesstheextramultiplicativeterm
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happensto canceltherestof theequation.
Considerthe casein which local surfacepatchesof �

and K , andtheir respective albedofunctions $ and
\

are
well approximatedby seconddegreepolynomialsin ! and

# . In this case,the ratio image : from Equation3 is a
rationalfunctionwith botha linearnumeratoranddenom-
inator. However, theratioof imagesfrom differentobjects

:
[ (Equation4) is theproductof analgebraicfunctionand

arationalfunctionwith third degreepolynomialsin thede-
nominatorandnumerator. Thedegreeof a polynomial(or
parametersin analgebraicexpression)neededto approxi-
mateafunctionisoftenusedasameasureof thatfunction's
simplicity. By that measure,in this casewe seethat the
ratioof imagesfrom thesameobjectis farsimplerthanthe
ratioof imagesfrom two differentobjects.Thissimplicity
generallytranslatesinto simplerproperties,suchasfewer
extremaand,in many cases,lessoverall variability in the
ratio image.

Similarreasoningholdsin othercasesaswell. Of special
interestis thecasein whichthesurfaces� andK arelocally
planar. In this case,the ratio of two imagesfrom the
sameobject is constant. However, the ratio of images
from differentobjectsis only constantif their albedosare
identicaluptoascalefactor,in whichcasethedifferencesin
thealbedopatternscannotin principalbediscernedunless
themagnitudeof thelighting is known.

We can now relatetheseresultsto thosein the previ-
oussectionin a brief, intuitive form. We showedthat the
shapeof anobjectlit by point sourcescouldbederivedby
integratingthe ratio imagealongits characteristiccurves.
Theseresultssuggestthat we canattemptto measurethe
likelihoodthat two imagescomefrom thesameobjectby
measuringthesimplicity of theratio image.

5 Experiments Using a Simple Comparison
Method

Ourresultssuggestanumberof waysof attemptingtomea-
surewhetherthedifferencebetweentwo imagesis dueto a
differencein lighting or in objectstructure.In thissection,

we experimentwith only thesimplestof theseon thetask
of recognizingfacesundervariableilluminationconditions.
A simplemeasureof thecomplexity of the ratio imageis
theintegral of themagnitudeof its squaredgradient.This
measuresthesmoothnessof theratioimage.Suchmeasures
haveoftenbeenusedin vision,for examplein interpolating
surfacesby minimizing the curvatureof the interpolation
(someearlymethodsarereviewedin [18]). This measure
hastheadvantageof beinglocal,andtherefore,theanalysis
wehavedoneassumingpoint light sourcesandlow degree
polynomialsurfacesmustholdonly locally to apply.

Now noticethat thesquaredmagnitudeof thegradient
of theratio image c
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To correctfor the behavior in the shadowed regions,we
weight the measureby the min ���h���"�

9

Thus to compare
images� and � , we simply integratethis quantityover the
imageregion to get

F�F

min ���1�S�"�

c

c

c

c�d�e

�

�
g

c

c

c

c

c

c

c

c�d�e

�

�
g

c

c

c

c

I7!.I7#

9

With straight-forwardalgebraicmanipulation,onecan
show the surprisingsimilarity of this measureto a mea-
suresimply comparingimageedges. In somesense,we
havecomefull circle,usingaLambertianmodelfor image
formationto justify anedge-basedmeasureof comparison.
Yet, this measurehastwo importantdifferencesfrom sim-
pleedge-basedmatching:®rst,thismeasuredoesnotmake
any hard decisionsabout the presenceor absenceof an
edge,andsecond,it normalizesthe responseby the local
imageintensity. The measureproposedhereis probably
mostcloselyrelatedto the log ®lterdescribedin Ballard
andBrown [2] followedby a gradienthighpass®lter.

We experimentedwith this measureon thetaskof face
recognitionundervariableillumination. Weusedapublicly
availabledatabaseof facesconstructedby Hallinan [14].
Fromthis databasewe used450imagesof 10 individuals.
The imageswere divided into four subsetsin which the
lighting directionswithin thesubsetswere15i (Subset1),
30i (Subset2),45i (Subset3),and60i (Subset4) from the
camera's opticalaxis. Figure1 shows imagesof oneface
from eachof thesesubsets.Faceslit ata15i angle(Subset
1) wereusedasatrainingset,andthentestedusingimages
in which thelighting hadgreatereccentricity. To discount
theeffectsof improperalignment,eachimagewasaligned
manuallyandcroppedasshownin Figure1. Figure2shows
thecomparativeperformanceof themethodproposedhere
andthreecompetingmethods.

Theseresultsshow that the squaredmagnitudeof the
gradientof theratio imageworksdramaticallybetterthan
simplecorrelation,or correlationafterprojectingontothe



15i 30i 45i 60i

Figure1: Picturesfrom the HarvardFaceDatabase.The
picturesareof thesameindividual lit by varyingthedirec-
tion of a point light source.Theangleof the light source
with the optical axis (15, 30, 45, and 60 degrees)is the
samein eachcolumn.

twentyprincipalcomponentsof thetrainingimages(asde-
scribedin [27]). However, it doesnotperformaswell asthe
illumination conesmethodwhich builds a representation
for thesetof possibleimagesfrom a smallsetof training
images[4, 13]. (Adini, Moses,andUllman [1] have also
reportedexperimentsonfacerecognitionundervariableil-
lumination. We have not yet beenableto comparethese
methodson theirdatabase.)

In comparingthis measureto others,oneshouldnote
that it doesnot attemptto combineinformation from a
numberof training imagesto build up as representation
of a face,asdo methodssuchasFisherfaces[3], the lin-
earsubspacemethod[3], or theilluminationconesmethod
[13]. Whenenoughtraining imagesareavailableto well
characterizetheentiresetof imagesthatafacecanproduce,
weexpectthatoneshouldachievebetterperformancewith
thesemethods,andour experimentsseemto supportthis.
However, our methodsimply comparesa new imagein-
dependentlyto eachpreviously seenimage. We feel that
this typeof approach,andindeedthe resultsof our paper
in general,aremostsuitedto the situationin which one
doesnot have enoughprior informationaboutanobjectto
attemptto accuratelycharacterizeits possibleappearances.

6 Dif®cultieswith Representation
We have consideredan approachto recognitionin which
two imagesarecomparedto judgewhetherthey appearto
comefrom thesameobject. An alternative approachis to
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IlluminationCones 0.0 0.0 0.0 10.0

Figure2: A measureof comparisonbasedonthemagnitude
of thegradientof theratio imagesigni®cantlyoutperforms
both correlationandprincipal componentanalysis(PCA)
on databaseof 450 facesof 10 individuals taken under
extremevariationin lighting conditions.

usea numberof training imagesto build a representation
of the setof all imagesthat an objectcanproduce. This
hasbeendoneeffectivelytoaccountfor viewpointvariation
(e.g.,[29]), andto accountfor lighting variationwhenthe
trainingimagesareeachlit with asinglepointsource([19,
26, 4]). The illumination conesmethod[13] testedin the
previous sectionis one suchmethod. We now consider
thedif®cultiesin generatingarepresentationof anobject's
possibleimageswhenthetrainingimagesaretakenunder
uncontrolledconditions,containingmultiple light sources.

BelhumeurandKriegmanshow how to build an exact
representationof the imagesthat a polyhedralobjectcan
producewhenlit with multiplesources,whichthey call the
illuminationcone. Theirmethodrequiresat leastthreeim-
agesof theobjecteachilluminatedby asinglelight source.
It is alsoevidentfrom their resultsthatgivenmany images
of theobject,eachof whichcontainsmultiplelight sources,
takingtheconvex combinationof theseimagesproducesa
subsetof the illumination conewhich canprovide a good
approximationto it. It is not clear, however, whetherit is
possibleto build theilluminationconeexactlyusingtrain-
ing imagesthatcontainmultiple light sources.In this sec-
tion we show that this is not possible.We take this asone
indicationof thepotentialdif®cultyof building acomplete
representationof anobject'spossibleimagesusingasmall
numberof trainingimagestakenunderuncontrolledview-
ing conditions.For suchsituations,it remainsvaluableto
developmethodsfor directlycomparingimages.



We show that the illumination cone cannotbe con-
structedfrom a set of imagesthat containmultiple, un-
known lights, by showing that a much simpler problem
is not solvable. We show that even if one knows the 3-
D structureof a convex-shapedLambertianobjectexactly,
onecannotin generaldeterminethe albedoof the object
pointsexactly, evenfrom a largesetof images.

Let k�l be a faceton a polyhedralobject, let �7l be the
correspondingintensityproducedin theimage, � . Denote

k�l 's surfacenormalpointinginwardtowardstheobjectas
m

l . Let thealbedoat this objectfacetbe $

l . Assumethat
thereare n light sources,denoted� 1 �

9o9p9

����q . Then,with a
Lambertiansurface,wehave

�=l,�

q

rsut

1

nwv<!&� 0 �

$

l

m

lx2��

s

�

9

BelhumeurandKriegman[4] haveshown thatwith this
lighting model, the set of all imagesthat a Lambertian
objectcanproduceformsa convex conein thespace,IRy ,
of all images,whereeachcoordinateof the spaceis the
intensity value of a different pixel in the image. Let z

denotetheconvex coneof imagesthatcouldbeproduced
by this objectif thealbedoof all its pointswereequaland
setto unity; we referto this astheconstantalbedoobject.
We can thendescribethe setof imagesthe actualobject
canproduceasfollows. Let { bea diagonalmatrix, with
diagonalentries $

1 �

9p9o9

$

y

, denotingthe albedo. Thenthe
actualobjectcanproduceall imagesof the form {-| such
that |8}Xz is acolumnvectordescribingoneof theimages
that the constantalbedoobjectcould produce. This tells
us that if � is a columnvectorwhoseentriesarethepixel
intensitiesof animageof theactualobject,wemusthave

�~�;{-|>��|8}Xzw•€{0•

1
�‚}ƒz

9

z isaconvexpolytopethatisde®nedbyasetof „ bounding
half-planes,which all passthroughthe origin. We can
de®neeachhalf-planeby a normal vector …‡† , so that a
point, k , is insidethehalf-planewhenkC2�…

† ˆ 0. So

|-}ƒzŠ‰R|A2�…
† ˆ 0 �'‹3� 1 �
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This tellsusthat
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Thisisaseriesof inequalitiesthatarelinearin theinverseof
theobjectalbedos,sincetheimage � andtheillumination
cone(i.e., the …C† ) of the constantalbedoobjectareboth
known. This tells us that a singleimage of an objectthat
hasknownsurfacenormalsconstrains the albedosof the
object to lie insidea convex polytopein the spaceof all
possibleinversealbedos.

Supposewehavemany imagesof thesameobjectavail-
able. The true albedosof the object lie inside the inter-
sectionof a setof convex polytopesin albedospace.The
intersectionof thesepolytopesgetssmallerandsmalleras
we have moreimagesavailable,constrainingthepossible
objectalbedos.However, thetruealbedosdonot lie on the
boundaryof any of theseconvex polytopesunlessa point

in theobjecthasa light sourcelying in its tangentplane1.
Hence,the intersectionof theseconvex polytopesis still
anopensetin albedospace,andthealbedosof theobject
are not uniquely determined. On the other hand, given
imagesfrom objectswith the samestructure but different
albedos,theseconvexconesin inversealbedospacecanbe
non-intersecting, revealingthat theobjectsaredifferent.

Theseresultsillustratethe following point: it may be
impossibleto determinea completerepresentationof the
imagesthatanobjectcanproduce,usingmultiple images
taken underuncontrolledconditions. However, we still
maybeableto tell whethera new imageis consistentwith
oneormorepreviousimageswehaveseen.Wehaveshown
this to be true for thesimplecaseof a convex objectwith
known structurebut unknown albedo.

Theresultsin thissectionarecloselyrelatedtoForsyth's
[12] colorconstancy algorithm.Thatworkdealtwith avery
differentproblem,thatof determiningthecolorof patches
of aplanarscenefromasingleimagein whichthespectrum
of the illumination is unknown. However, our derivation
is similar. In Forsyth's casetheappearanceof all possible
color chipsundera known light sourceplaystherole that
is playedby theilluminationconeof aknownmodelin our
case.For Forsyth,theappearanceof eachpatchof uniform
color in the sceneplaysthe role that eachimageplaysin
ourderivation.Forsythusesthesetoconstraintheunknown
illuminant function in a scenein muchthesameway that
we constrainthe unknown albedo. The key differenceis
that for color constancy one derives a convex constraint
from every differentcolor in thescene,wherein our case
thereis a comparableconstraintproducedby every image,
so thatmany imagesmayberequiredto narrow down the
solution.

7 Conclusions
Model-basedrecognitionmethodshave achieved consid-
erablesuccesswhenthey have adequateprior knowledge
to build a preciseobjectmodelthatcapturesits 3-D struc-
ture. However, in someapplications,this prior knowledge
is not available. It is alsoan openquestionwhetherhu-
manobjectrecognitionroutinely functionswith suf®cient
priorknowledgeof objectstoconstructanduseprecise3-D
models.

For this reason,we arguethat the informationthat an
imageprovidesaboutanobjectmaybebestthoughtof as
informationaboutwhatotherimagesarelikely, or unlikely
to comefrom thesameobject.Wehavemadethisconcrete
for the caseof illumination variation. We have shown
thatit canbedif®culttoexactlyrecoverthepropertiesof an
object,suchasitsalbedo,fromimagesin whichthelighting
conditionsareunknown. At thesametime,wehaveshown
that theremaybeconsiderableinformationaboutwhether
two imageseitherdoor donotcomefrom thesameobject.
Thereforewe may be ableto usepreviously seenimages
of an objectto recognizeit in new imagesundervariable
lighting conditions,evenwithout usingtheseprior images
to performany sortof explicit or implicit reconstructionof
any objectproperties.

1Strictly speaking,this is trueonly when • hasvolumein IRŽ . If it
doesn't wemustrestateourargumentto focusononly thesubsetof object
pointsthathave distinctsurfacenormals.Our basicargumentstill holds,
however.



Wehavealsousedtheseinsightsin arecognitionsystem.
Wehaveshownthatthesimplicityof theratioof two images
providesa goodindicationof whetherthey comefrom the
sameobject;we measurethis simplicity by looking at the
gradientof the ratio image. This approachis simpleand
local,but providesgoodresults.

References
[1] Y. Adini, Y. Moses,S. andUllman,1997.ªFaceRecognition:The

Problemof Compensatingfor Changesin Illumination Direction,º
IEEETrans.PAMI 19(7):721±732.

[2] D. Ballard and C. Brown, 1982, ComputerVision, PrenticeHall,
EnglewoodCliffs, New Jersey.

[3] P. Belhumeur, J.Hespanha,andD. Kriegman,1997.ªEigenfacesvs.
Fisherfaces:RecognitionUsing ClassSpeci®cLinear Projection,º
IEEETrans.PAMI 19(7):711±720.

[4] P. BelhumeurandD. Kriegman,1996.ªWhat is the Setof Images
of anObjectUnderAll PossibleLighting Conditions?º,IEEEConf.
onComp.Vis. andPat. Rec.:270±277.

[5] P. Belhumeur, D. Kriegman,andA. Yuille, 1997.ªThe Bas-Relief
Ambiguityº CVPR:1060±1066.

[6] I. Biederman,1985, ªHuman ImageUnderstanding:RecentRe-
searchanda Theory,º ComputerGraphics,Vision, andImage Pro-
cessing, (32):29-73.

[7] J. Burns, R. Weiss,and E. Riseman,1992, ªThe Non-Existence
of General-CaseView-Invariants,º GeometricInvariancein Com-
puter Vision, editedby J. Mundy, and A. Zisserman,MIT Press,
Cambridge.

[8] D.ClemensandD.Jacobs,1991,ªSpaceandTimeBoundsonModel
Indexing,º IEEE Transactionson Pattern Analysisand Machine
Intelligence, 13(10):1007-1018.

[9] E. Colemanand R. Jain, 1982, ªObtaining 3-DimensionalShape
of TexturedandSpecularSurfacesUsingFour-SourcePhotometry,º
CGIP18(4):309±328.

[10] J. Fan andL. Wolff, 1997,ªSurfaceCurvatureandShapeRecon-
structionfrom Unknown Multiple Illumination and Integrability,º
ComputerVisionandImage Understanding65(2):347±359.

[11] W. Freeman,1994,ªTheGenericViewpointAssumptionin aFrame-
work for VisualPerception,º Nature368:542±545.

[12] D. Forsyth,1990.ªA Novel Algorithm for ColorConstancy,º Int. J.
of Comp.Vis. 5(1):5±36.

[13] A. Georghiades,D. Kriegman,andP. Belhumeur, 1998.ªIllumina-
tion Conesfor RecognitionUnderVariableLighting: Facesº,IEEE
Conf. CVPR.

[14] P. Hallinan,1994.ªA Low-DimensionalRepresentationof Human
Facesfor Arbitrary Lighting Conditions,º IEEE Conf. CVPR:995±
999.

[15] B. Horn, 1974, ªDeterminingLightnessfrom an Imageº, CGIP,
3(4):277±299.

[16] M. Kirby, and L. Sirovich, 1990, ªThe application of the
Karhunen-Loeveprocedurefor thecharacterizationof humanfacesº,
IEEE transactionson Pattern Analysisand Machine Intelligence,
12(1):103-108.

[17] D. Lowe, 1985,PerceptualOrganizationand Visual Recognition,
Kluwer AcademicPublishers,TheNetherlands.

[18] D. Marr, 1982,Vision, W.H. FreemanandCompany, SanFrancisco.

[19] Y. Moses,1993.Facerecognition: generalization to novel images,
Ph.D.Thesis,WeizmannInstituteof Science.

[20] Y. MosesandS. Ullman, 1992,ªLimitations of Non Model-Based
RecognitionSchemes,º SecondEuropeanConferenceonComputer
Vision:820-828.

[21] J. Mundy andA. Zisserman(eds.),1992,GeometricInvariancein
ComputerVision, MIT Press,Cambridge.

[22] H. Muraseand S. Nayar, 1995. Visual learning and recognition
of 3D objectsfrom appearance.Int. Journal of ComputerVision,
14(1):5±25.

[23] S. Nayar and R. Bolle, forthcoming, ªRe¯ectanceBasedObject
Recognition,º Int. J. of Comp.Vis.

[24] R. Onn,andF. Bruckstein,1990,ªIntegrability DisambiguatesSur-
faceRecovery in Two-ImagePhotometricStereo,º Int. J. of Comp.
Vis. 5(1):105±113.

[25] I. Rock,1983.TheLogicofPerception, MIT Press,Cambridge,MA.

[26] A. Shashua,1997.OnPhotometricIssuesin 3D VisualRecognition
from aSingle2D Image.IJCV, 21(1/2):99±122.

[27] M. Turk,andA. Pentland,1991."Eigenfacesfor Recognition",Jour-
nal of CognitiveNeuroscience, 3, 71-86.

[28] S.Ullman,1989,ªAligning PictorialDescriptions:An Approachto
ObjectRecognition,º Cognition 32(3):193-254.

[29] S.UllmanandR.Basri,1991,ªRecognitionbyLinearCombinations
of Models,º IEEETrans.PAMI, 13(10):992-1007.

[30] L. Wolff andE.Angelopoulou,1994,Eur. Conf. onComp.Vis.:247±
258.

[31] E. Zauderer, 1983.Partial Differential Equationsof AppliedMath-
ematics, JohnWiley andSons.


