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Abstract

We considerthe problemof determiningwhethertwo
images comefrom different objectsor the sameobjectin
the samepose but underdifferentillumination conditions.
We showthat this problem cannotbe solvedusing hard
constaints: evenusinga Lambertianre ectancemodel,
there is alwaysan objectand a pair of lighting conditions
consistentvithanytwoimages. Neverthelessyeshowthat
for point sourcesand objectswith Lambertianre ectance
theratio of twoimagesfromthesameobjectis simplerthan
the ratio of images from different objects. We also show
that the ratio of the two images providestwo of the three
distinctvaluesn theHessiarmatrix of theobject'ssurface
Usingtheseobservationsywedevelopa simplemeasue for
matding imagesundervariable illumination, comparing
its performanceo otherexistingmethod®n a databaseof
450imagesof 10individuals.

1 Intr oduction

A centralproblemof visualobjectrecognitionis to usein-
formationaboutan objectderived from sampleimagesin
orderto recognizethat objectundernovel viewing condi-
tions. In model-base@pproachest is typically assumed
thattrainingimagesareusedto derive somede®niteanfor-
mationabouttheshapeof anobjectthataccuratelypredicts
somepropertiesof its appearancén ary new image;in
appearance-baseesion an effort is madeto representhe
setof all imagesanobjectcanproducegitherby sampling
themor by generatinga representatiofrom a small setof
trainingimages. Both approachegncountedif®culties
whenfew trainingimagesareavailable,or whentheimages
aretaken underuncontrolledconditions. A basicques-
tion arises:Givenonly a singletrainingimageof anobject
how canonedeterminenvhetheratestimageis of thesame
objecttakenunderdifferentconditions,or of a new object
altogether?

This paperaddressethis questionfor the casewhere
variationin appearances dueto illumination. In particu-
lar, how doesonelook atintensityimagesof two conpletely
differentobjectsanddeterminghatthedifferencebetween
theseimagescould not be due to lighting variation, but
mustindicatea differencein objectidentity or position?
We show thatgivenonly two imagespnecannotdetermine
with certaintywhetherthey arisefrom thesameor different
objects,for therealways exists a continuoussurfacewith
Lambertianre ectancethat could have producedoothim-

ages.While thisresultis demonstratedsingpointsources,
it of courseappliesto moregeneralighting modelsthatin-
clude point sourcesas a subset. Thuswhentwo images
appearto comefrom different objects,this is becauset
is unlikely, notimpossiblglunderaLambertiarre ectance
model)thatthey comefrom thesameobject. Ourchallenge
thenis to justify andquantifythis unlikeliness.

To dothis,we must®rstcharacterizevhatwe candeter
mine aboutan objectfrom two images.We do this for the
caseof anobjectwith Lambertiarre ectanceandlighting
dueto two differentknown point sources. We shaow that
from theratio of the two images,we candeterminethree
componentof the Hessianmatrix that characterizeshe
surfaceof this object. We thenextrapolatefrom this result
tothecasewheretheobjectisilluminatedby unknavnlight
sources.

To developa measurdor determiningwvhethertwo im-
agesarisefrom the sameobject, we examine properties
of theratio of thetwo images(the usefulnes®f this rep-
resentatiorwas previously pointedout in Wolff and An-
gelopoulou[30] and Fan and Wolff [10]). We show that
in the casewherethe objectis relatvely simplethe ratio
of two imagesof the sameobject mustbe even simpler
than either of the individual images(where,asan exam-
ple, we de®nesimplicity basedon the compleity of the
algebraidunctionneededo locally approximatehe shape
or image). However, theratio of imagesproducedby two
different, but equally simple objectsis more comple for
genericshapesndlighting conditions.We thenusethese
insightsto derive a simple local measureof comparison.
We show thatthesemethodscanbe usedto producegreater
accurag on a realtask+ facerecognitionundervariable
lighting conditionst thanwidely usedexisting methods.

Finally, we brie'y considerthe caseof more general
lighting conditionswhenmultiplelight sourcegrepresent.
Weshaw thedif®cultyof extrapolatingrom asmallnumber
of trainingimagedo the entiresetof imagesanobjectcan
produce. Speci®callyBelhumeurandKriegman([4] have
shavn thatfrom asfew asthreeimagesof anobject,where
eachis producedby a single point light source,one can
determindheilluminationconethatdescribeshesetof all
imageghatobjectcanproducewith multiplelight sources.
We show thatif thetrainingimageshave multipleunknovn
light sourcesnsteadof point sourcesit is not possibleto
determingheillumination coneexactly.



2 Background

In model-basedpproachedo object recognition,it has
beenassumedhatonecanconstructa precise3-D model
of anobjectto usefor recognition. This is suitablefor

someapplicationsbut it hasprovendif®cultto build accu-
rate 3-D modelsusingonly imagestakenin uncontrolled
circumstances.This also raisesquestionsaboutthe suit-

ability of approachebasedn 3-D modelsasexplanations
of humarvision (e.g.,Marr [18], Ullman [28]).

Anotherapproachhasbeento describe3-D objectsin
termsof theirinvariant,or quasi-irvariantproperties. Such
descriptionsof 3-D objectscapturethat portion of their
structurethat is apparentin all, or almostall imagesof
the objects. For example,Biedermar{6], basedon earlier
work in computervision (e.g.,Lowe [17]), proposedhat
thehumarvisualsystendescritesand retrieves3-D objects
basedon non-accidentgbpropertieshatcanbe detectedn
imagesregardles®f viewpoint. Othersin computewision
have developedapproacheto recognitionbasedn invari-
ants(for anoverview, see[21]). Modelsof objectsthatare
basedninvariantscan,by de®nitionpe constructedrom
asingleimageof anobject,althoughdif®cultieshave also
arisenin applying suchapproacheso generalclassef
objects([7, 8, 20)).

Perhapanostrelatedto the topicsin this paperis the
work on image2lightness® (e.g., Horn [15]). Here the
imageof an objectis ®lteredin an attemptto remove or
suppresghe lighting effectsin orderto recover only the
objects surfacere ectance.In [15] thisis donein athree
stepprocessof differentiation,thresholding,andintegra-
tion. Yet this methodis at bestonly locally reliable, as
imagenoiseanderrorsdueto shadevs arecompoundedh
theintegrationprocess.

Partly for thesereasonsappeaance-basednethodsof
recognitionhave also beenexplored. In thesemethods,
an objectis not describedn termsof its 3-D properties,
but ratherin termsof the 2-D imagesthat it produces.
Oneapproachio appearance-baseecognitionis to sample
an objects possibleimages,and thento compare,in a
lower dimensionaimage subspacea novel imageto the
setof sampledmagesysingpatterrrecognitiortechniques
suchasnearesheighborde.g.,[27, 16, 22]). Thisworks
well whenthe training imagesdenselysamplethe space
of imagesonehopesto recognize.In general though,an
objectcanproduceso mary differentimagesthatit is not
clearhow to samplethemall.

Alternatively, someapproachesttemptto predictthe
imagesan object can producefrom a small number of
training images(e.g., [29, 26, 19, 4]). This overcomes
the dif®culty of having to samplea greatnumberof an
objectsimages.However, while this may not requirefull
recovery of anobjects 3-D structure,it clearly requiresa
lot of knowledgeof 3-D structureto predictall its possible
images(e.g.,[5]). Suchinformationmay not be available
whenanaobjectis viewedin only afew priorimagesunder
uncontrolledconditions.

Wecancontrastheseapproachewith theonesuggested
in this paperin termsof the informationthey hopeto ex-
tractfrom animage. Themodel-basedndinvariant-based
approaches$iopeto derive intrinsic propertiesof the 3-D
objectstructure. The secondsetof appearance-baseqg-
proacheshopeto extract a characterizatiorof the set of
imagesan object can produce,which may be almostas

ambitious. The ®rstappearance-basegproachewe dis-
cussedin contrastextractrelatively little informationfrom
eachimage.They essentiallfreateachimageasanisolated
point of information. New imagesare comparedo these
usingameasursuchasEuclideardistancen adimension-
ally reducedmagespace Onthe otherhand theapproach
proposedereseekgo make comparisonbetweenmages
thatarederivedfrom the natureof theimagingvariability.
We think of animageasproviding considerablénforma-
tionaboutwhatotherimagesanobjectcanproduce without
necessarilprovidingary de®niténformationaboutts 3-D
structure.

3 Two ImagesAre Always Compatible
We areinterestedn comparingtwo imagesto determine
whetherthey comefrom the same,unknavn object, with
thesamepose but underdifferentillumination conditions.
Sowe ask®rst: Is it ever the casethattwo imagescannot
comefrom the sameobject? We shav thatthe answerto
this questionis no. In fact, even if we assumehat the
lighting in eachsceneis constrainedo be a known point
sourceat in®nity, we canalwaysconstructan objectin a
®xed posethatis consistentvith bothimages.We should
point out that while our analysisin this sectioncorrectly
handleshadaving, it doesnotaccounfor interre ections.
We also shav what aspectsof a Lambertianobject’s
structurecan be determinedfrom two imageswith point
sources.Theseresultssuggest directionwe may take to
gaugethelikelihoodthattwo imagesare producecby the
sameobject.
We ®rstassumeéhattwo images, and , comefrom
a Lambertianobjectlit by two known point sourcesatin-
®nity, and respectiely. If
giventhesdimitations(known sourcesandLambertiarre-
“ectance)wecanconstructnobjectthatis consistentvith
bothimages,we have poor prospectf ever telling with
certaintythattwo imagesnomatterhow differentthey may
appeayrcouldnot comefrom the sameobject.
We assumehatthe objectis viewedfrom the direction
0 0 1, andthereforethatthe depthof the surfacecan
be written as . By writing in this form we
are ensuringthat  describesan integrable surface, i.e.,
that the surfacenormalsof  are consistentwith a true
surface.Letthealbedoof theobjectbewrittenasafunction
also. Then,the surfacenormalsof the objectare

1 2 2 1 andwe havethetwo equations
1
2 2 1
1
2 2 1

Ourproblemis to determinevhichfunctions and may
satisfytheseequations.

AsWolff andAngelopouloy30] andFanandWolff [10]
have pointedout, we candealwith imagepairsmoresimply
by taking their ratio, sincethis causeghe effect of albedo
to cancel. However, they go on to usethe ratioimagefor
stereamatchingandfor reconstructingsurfacefromthree



imagesgquitedifferentpurposeshanours. NayarandBolle
[23] usetheratio of two regionsin the sameimagefor yet
anothempurposeto canceltheeffectsof lighting, underthe
assumptiorthat the regionscomefrom coplanarportions
of theobject.

Takingtheseratios,andde®ning , we have

whichimplies
0

(Throughoutthis section,for simplicity we assumethat
neitherimageis zeroatary point, sothattheratiois well-
de®ned)Since is ouronly unknavn, thisis a ®rstorder,
partial differentialequationwith variablecoef®cients.We
cansolwe it usingwell-known methodgsee,for example,
Zauderer[31]). In brief, we may divide the imageinto
characteristicurves. Along eachcharacteristicurve, we
changevariablessothat isafunctionof asinglevariable.
Thenwe may ®ndthe valueof , alonga characteristic
curve, up to an unknown initial condition, by integrating
alongthis curve.

As a simpleexampleof this method,considerthe case
of 001 and 10 0. Thenwe have
The characteristicurvesin this caseare horizontallines
acrosgheimage. Thevalueof is givenby

0 1)
0

wherewehave noobvioussourceof knowledgeavailableto

providetheinitial condition 0 . We denotethisinitial

conditon 0 as . This shawvs thatwe canrecover

thevalueof uptoanunknawn initial conditiongivenby
. Notethatwe have

Thus,wecanrecover  directlyfrom theratioimage.We
cannotrecover , however, since is unknovn. More-
over, evenif wedid know , ary straight-forvardrecovery
of fromarealimagewouldbeextremelyunstablesince
we would have to numericallyintegrate alongadjacent
characteristicurves,andthentake its derivative.
Takingfurtherpartialderivatives,we have

2
0
2

Thus,we canrecover by takingderiativesof
theratioimage,but againwe cannotrecover

For this example,then,we seethatwe canusetwo im-
ageswith known light sourcedo recoverthreecomponents
of the Hessianmatrix of the surfaceof the object. More-
over, theseequationsalwayshave a solutionfor , which
is given explicitly as Equationl. We canalso note that
for thesdight sourcesthereareno shadavs. The source

castoshadavsonthesurfacebecause is monotonically
increasingalongeachcharacteristicurve, since , and
therefore are,by nature,non-n@ative. Sincethe
secondight sourceis alsothe viewing direction,it cannot
castshadevsonary visible objectpoint. Notealsothatfor
ary given thatsatis®@e&quationl, we canchoose to
satisfythe equationggiven by the two images(suchan
may have valuesgreaterthanone. To avoid this, we must
scalethe intensity of eachlight sourceby an appropriate
constant).

For other lighting conditions,we get similar results.
In generalthe slopeof the characteristicurve is

Thesecharacteristicarenotstraightiines,
but vary their directionasa functionof . Assuminggen-
erallighting, sothatthereis novalueof thatsatis®eboth
the equations 0, this directionis
alwaysuniqueandwell-de®nedIn thiscasethecharacter
istic curvescannever intersectandsotherealwaysexists
a surfacethat satis®eghe ratio images PDE (see[31)).
Again, thereis a whole family of thesesolutions,onefor
ary functionthatprovidesaninitial condition.

Similar issueshave beenconsideredn work on pho-
tometric stereo. However, the photometricstereowork
addressesettingsin which the reconstructiorproblemis
not underconstrained-or example,ColemanandJain[9]
discussecoveryof structurefor texturedshapesvith spec-
ularities,usingfourimages.OnnandBruckstein24] shav
how to useintegrability to recover structurefrom two im-
ageswhenthe scenehasa uniform albedo. And Fanand
Wolff [10] considerecovery of structureandalbedofrom
threeimages.

In contrastwe have shavn thatgiventwo imagesof an
objectwith unknown structureandalbedothereis alwaysa
largefamily of solutions.In fact,for ary pairof pointlight
sourceghereis a family of possiblesolutions. We have
shawvn that given known light sourceswe candetermine
two independentomponent®f the Hessiarof thesurface
at ary position,but not the third. Thedirectionin which
we candeterminghesecomponentsnay vary throughout
theimage dependindothonthelight sourcesndtheratio
image. Finally, evenfor unknavn lighting conditions the
ratioimage still providesinformation+ albeitimprecise
informationt aboutthelocal natureof theobjects surface.

4 Determining the Simplicity of Inter preta-

tions

We cannottell thattwo imagesmustcomefrom different
objects. We now turn insteadto determiningwhetherin

somecasesgxplaining the imageswith a commonobject
would requirean unlikely coincidence.This approacho

imageinterpretatiorhasbeenappliedto othervision prob-

lemsby, for example,Rock[25], Lowe [17], andFreeman
[11].

Speci®callywe begin by shoving thattheratio of two
imagedrom thesameobjectis generlly simplerthaneither
of the individual images,while the ratio of imagesfrom
differentobjectsis genericallymore complec than either
image.

As previously noted theimageof anobjectis

1

)



andtheratio of two imagesfrom the sameobjectis

- (3)

However, supposeour secondimage is of a different
object, whosesurfaceis describedby the function
, and whosealbedois describedby the function
. Thenwe have astheratioimage

(4)
In mary instancesEquation3 describesa simpler ratio
imagethanEquationd, unlesgheextramultiplicativeterm

happengo canceltherestof theequation.

Considerthe casein which local surfacepatchesof
and , andtheir respectie albedofunctions and are
well approximatedy seconddegreepolynomialsin - and

In this case,the ratio image from Equation3 is a
rationalfunctionwith bothalinearnumeratoanddenom-
inator However, theratio of imagesrom differentobjects

(Equationd) is the productof analgebraicfunctionand
arationalfunctionwith third degreepolynomialsin thede-
nominatorandnumerator The degreeof a polynomial(or
parametern analgebraicexpressionheededo approxi-
mateafunctionis oftenusedasameasur®f thatfunction's
simplicity. By that measurejn this casewe seethat the
ratio of imagedrom thesameobjectis far simplerthanthe
ratio of imagesrom two differentobjects.This simplicity
generallytranslatesnto simplerpropertiessuchasfewer
extremaand,in mary caseslessoverall variability in the
ratioimage.

Similarreasonindnoldsin othercasesswell. Of special
interestis thecasan whichthesurfaces and arelocally
planar In this case,the ratio of two imagesfrom the
sameobject is constant. However, the ratio of images
from differentobjectsis only constanif their albedosare
identicalupto ascalefactorin whichcasehedifferencesn
thealbedopatternscannotin principalbediscernedinless
themagnitudeof thelighting is known.

We cannow relatetheseresultsto thosein the previ-
oussectionin a brief, intuitive form. We shavedthatthe
shapeof anobjectlit by point sourcesouldbederivedby
integratingthe ratio imagealongits characteristicurves.
Theseresultssuggesthat we canattemptto measurehe
likelihoodthattwo imagescomefrom the sameobjectby
measuringhe simplicity of theratioimage.

5 Experiments Using a Simple Comparison

Method
Ourresultssuggesanumberof waysof attemptingo mea-
surewhetherthedifferencebetweertwo imagesds dueto a
differencdn lighting or in objectstructure.In this section,

we experimentwith only the simplestof theseon the task
of recognizingacesundervaiableilluminationconditions.
A simplemeasuref the complity of the ratio imageis
theintegral of the magnitudeof its squaredyradient. This
measurethesmoothnessftheratioimage.Suchmeasures
have oftenbeenusedn vision,for examplein interpolating
surfacesby minimizing the curvatureof the interpolation
(someearly methodsarereviewedin [18]). This measure
hastheadvantageof beinglocal,andthereforetheanalysis
we have doneassumingpointlight sourcesandlow degree
polynomialsurfacesmusthold only locally to apply:

Now noticethatthe squarednagnitudeof the gradient

of theratioimage
2

hastwo signi®cantlisadwantages®rst,it is asymmetridgn
and , andsecondit behaespoorlyfor regionsof image
which arein shadev. To correctfor theasymmetrywe

insteadusethegeometrionean

To correctfor the behaior in the shadeved regions, we
weight the measureby the min Thus to compare
images and , we simply integratethis quantityoverthe
imageregionto get

min — —

With straight-forvard algebraicmanipulation,one can
shaw the surprisingsimilarity of this measureo a mea-
suresimply comparingimageedges. In somesensewe
have comefull circle,usingaLambertianmodelfor image
formationto justify anedge-basetheasuref comparison.
Yet, this measurenastwo importantdifferencegrom sim-
pleedge-basenmhatching:®rstthismeasureloesnotmake
ary hard decisionsaboutthe presenceor absenceof an
edge,andsecondjt normalizeshe responsévy the local
imageintensity The measureproposedhereis probably
mostcloselyrelatedto the log ®lterdescribedn Ballard
andBrown [2] followedby a gradienthighpas®lter

We experimentedvith this measuren the taskof face
recognitiorundervariablellumination. Weusedapublicly
available databasef facesconstructedoy Hallinan [14].
Fromthis databaseve used450imagesof 10 individuals.
The imageswere divided into four subsetdn which the
lighting directionswithin the subsetsvere1l5 (Subsetl),
30 (SubseR),45 (SubseB),and60 (Subsed)fromthe
cameras optical axis. Figurel shavs imagesof oneface
from eachof thesesubsetsFacedit atal5 angle(Subset
1) wereusedasatrainingset,andthentestedusingimages
in which thelighting hadgreatereccentricity To discount
theeffectsof improperalignmenteachimagewasaligned
manuallyandcroppedasshavnin Figurel. Figure2 shovs
thecomparatie performancef the methodproposedere
andthreecompetingmethods.

Theseresultsshav that the squaredmagnitudeof the
gradientof the ratio imageworks dramaticallybetterthan
simplecorrelation,or correlationafter projectingontothe



Figurel: Picturesfrom the Harvard FaceDatabase.The
picturesareof thesamendividuallit by varyingthedirec-
tion of a point light source. The angleof the light source
with the optical axis (15, 30, 45, and 60 degrees)is the
samen eachcolumn.

twentyprincipalcomponentsf thetrainingimagegasde-
scribedn [27]). However, it doesnotperformaswell asthe
illumination conesmethodwhich builds a representation
for the setof possibleimagesfrom a small setof training
images[4, 13]. (Adini, Moses,andUliman[1] have also
reportedexperimenton facerecognitionundervariableil-
lumination. We have not yet beenableto comparethese
methodntheirdatabase.)

In comparingthis measureo others,one shouldnote
that it doesnot attemptto combineinformation from a
numberof training imagesto build up as representation
of a face,asdo methodssuchasFisherfices[3], thelin-
earsubspacenethod 3], or theillumination conesmethod
[13]. Whenenoughtrainingimagesare availableto well
characteriz¢heentiresetof imageghatafacecanproduce,
we expectthatoneshouldachiere betterperformancavith
thesemethodsandour experimentsseemto supporithis.
However, our methodsimply comparesa new imagein-
dependentlyto eachpreviously seenimage. We feel that
this type of approachandindeedthe resultsof our paper
in general,are most suitedto the situationin which one
doesnot have enoughprior informationaboutan objectto

attempto accuratelycharacterizés possibleappearances.

6 Dif®cultieswith Representation

We have consideredan approacho recognitionin which
two imagesarecomparedo judgewhetherthey appearto
comefrom the sameobject. An alternatve approachs to
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Figure2: A measuref comparisortbasednthemagnitude
of thegradientof theratioimagesigni®cantlyoutperforms
both correlationand principal componentnalysis(PCA)

on databaseof 450 facesof 10 individuals taken under
extremevariationin lighting conditions.

usea numberof training imagesto build a representation
of the setof all imagesthatan objectcanproduce. This
hasbeendoneeffectively to accounfor viewpointvariation
(e.g.,[29]), andto accounffor lighting variationwhenthe
trainingimagesareeachlit with a singlepointsourcg([19,
26, 4]). Theillumination conesmethod[13] testedin the
previous sectionis one suchmethod. We now consider
thedif®cultiesn generatinga representationf anobject's
possiblemageswhenthetrainingimagesaretakenunder
uncontrolledconditions containingmultiple light sources.
Belhumeurand Kriegmanshon how to build an exact
representationf the imagesthat a polyhedralobjectcan
producewhenlit with multiple sourceswhichthey call the
illuminationcone Theirmethodrequiresatleastthreeim-
agesf theobjecteachilluminatedby asinglelight source.
It is alsoevidentfrom their resultsthatgivenmary images
of theobject,eachof whichcontainsnultiplelight sources,
takingthe corvex combinatiorof thesemagesproducesa
subsebf theillumination conewhich canprovide a good
approximatiorto it. It is not clear however, whetherit is
possibleto build theillumination coneexactly usingtrain-
ing imageshatcontainmultiple light sources|n this sec-
tion we shaw thatthisis not possible.We take this asone
indicationof the potentialdif®cultyof building acomplete
representationf anobjects possiblemagesusinga small
numberof trainingimagegakenunderuncontrolledview-
ing conditions. For suchsituationsjt remainsvaluableto
developmethoddor directly comparingmages.



We shaw that the illumination cone cannotbe con-
structedfrom a set of imagesthat containmultiple, un-
known lights, by shawving that a much simpler problem
is not sohvable. We shav that evenif one knows the 3-
D structureof acornvex-shaped.ambertianobjectexactly,
one cannotin generaldeterminethe albedoof the object
pointsexactly, evenfrom alarge setof images.

Let beafaceton apolyhedralobject,let  bethe
correspondingntensityproducedn theimage, . Denote

's surfacenormalpointing inward towardsthe objectas

. Letthealbedoat this objectfacetbe . Assumethat
thereare light sourcesdenoted ; . Then,with a
Lambertiarsurface ,we have

1

BelhumeurandKriegman[4] have shavn thatwith this
lighting model, the set of all imagesthat a Lambertian
objectcanproduceformsa corvex conein thespace)rR
of all images,whereeachcoordinateof the spaceis the
intensity value of a different pixel in the image. Let
denotethe corvex coneof imagesthatcould be produced
by this objectif thealbedoof all its pointswereequaland
setto unity; we referto this asthe constantlbedoobject.
We canthendescribethe setof imagesthe actualobject
canproduceasfollows. Let bea diagonalmatrix, with
diagonalentries 1 , denotingthe albedo. Thenthe
actualobjectcanproduceall imagesof theform  such
that is acolumnvectordescribingoneof theimages
that the constantalbedoobjectcould produce. This tells
usthatif is a columnvectorwhoseentriesarethe pixel
intensitiesof animageof theactualobject,we musthave

1

isacorvex polytopethatisde®nedbyasetof bounding
half-planes,which all passthroughthe origin. We can

de®neeachhalf-planeby a normalvector , sothata
point, , is insidethehalf-planewhen 0. So
0 1
Thistells usthat
! 0 1

Thisis aserieof inequalitieghatarelinearin theinverseof
theobjectalbedossincetheimage andtheillumination
cone(i.e., the ) of the constantalbedoobjectare both
known. Thistells usthata singleimage of an objectthat
hasknownsurfacenormalsconstains the albedosof the
objectto lie insidea convex polytopein the spaceof all
possibleinversealbedos.

Supposeave have mary imagesf the sameobjectavail-
able. The true albedosof the objectlie insidethe inter
sectionof a setof corvex polytopesin albedospace.The
intersectiorof thesepolytopesgetssmallerandsmalleras
we have moreimagesavailable,constraininghe possible
objectalbedos However, thetruealbedosdo notlie onthe
boundaryof ary of theseconvex polytopesunlessa point

in the objecthasa light sourcelying in its tangentplané-.

Hence,the intersectionof thesecorvex polytopesis still

anopensetin albedospace andthe albedosof the object
are not uniquely determined. On the other hand, given
imagesfrom objectswith the samestructuie but different
albedosthesecorvexconedn inversealbedospacecanbe
non-intesecting revealingthatthe objectsare different.

Theseresultsillustrate the following point: it may be
impossibleto determinea completerepresentationf the
imagesthat an objectcanproduce usingmultiple images
taken underuncontrolledconditions. However, we still
maybeableto tell whethera new imageis consistentvith
oneor morepreviousimagesve have seen.We haveshavn
this to betrue for the simplecaseof a corvex objectwith
known structurebut unknavn albedo.

Theresultsn thissectionarecloselyrelatedo Forsyth's
[12] colorconstang algorithm. Thatwork dealtwith avery
differentproblem thatof determininghe color of patches
of aplanarscendromasingleimagein whichthespectrum
of theillumination is unknovn. However, our derivation
is similar. In Forsyth's casethe appearancef all possible
color chipsundera known light sourceplaystherole that
is playedby theilluminationconeof aknown modelin our
case.For Forsyth,theappearancef eachpatchof uniform
color in the sceneplaysthe role thateachimageplaysin
ourderivation. Forsythusegheseo constrairtheunknavn
illuminant functionin a scenein muchthe sameway that
we constrainthe unknonvn albedo. The key differenceis
that for color constang one derivesa corvex constraint
from every differentcolor in the scenewherein our case
thereis a comparableonstrainproducedy everyimage,
sothatmary imagesmay be requiredto narrav down the
solution.

7 Conclusions

Model-basedecognitionmethodshave achieved consid-
erablesuccessvhenthey have adequaterior knowledge
to build a preciseobjectmodelthatcapturests 3-D struc-
ture. However, in someapplicationsthis prior knowledge
is not available. It is alsoan openquestionwhetherhu-
manobjectrecognitionroutinely functionswith suf®cient
prior knowledgeof objectsto construcanduseprecise3-D
models.

For this reasonwe argue that the informationthat an
imageprovidesaboutan objectmay be bestthoughtof as
informationaboutwhatotherimagesarelik ely, or unlikely
to comefrom thesameobject. We have madethis concrete
for the caseof illumination variation. We have shavn
thatit canbedif®cultto exactlyrecoverthepropertieof an
object,suchasits albedofromimagesn whichthelighting
conditionsareunknownn. At thesameime, we have shavn
thattheremay be considerablénformationaboutwhether
two imageseitherdo or do notcomefrom the sameobject.
Thereforewe may be ableto usepreviously seenimages
of an objectto recognizeit in new imagesundervariable
lighting conditions evenwithout usingtheseprior images
to performary sortof explicit or implicit reconstructiorof
ary objectproperties.

1strictly speakingthis is true only when hasvolumein IR . If it
doesnt we mustrestateour agumento focuson only thesubsebdf object
pointsthathave distinctsurfacenormals. Our basicargumentstill holds,
however.



We havealsousedhesénsightsin arecognitiorsystem.
We haveshavnthatthesimplicity of theratioof twoimages
providesa goodindicationof whetherthey comefrom the
sameobject; we measurehis simplicity by looking at the
gradientof the ratio image. This approachs simpleand
local, but providesgoodresults.
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