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Abstract

In [9], weintroducedalinearstatisticalmodelof joint color
changes in imagesdueto variation in lighting andcertain
non-geometriccameraparameters.We did this by measur-
ing themappingsof colorsin oneimageof asceneto colors
in anotherimageof thesamesceneunderdifferentlighting
conditions.

In this paper, we extendour modelin several waysand
examineits applicability to several importantproblemsin
machinevision. Theextensionsto ourmodelincludeincor-
poratinga modelof imagenoiseanda prior on the color
�o ws usedto explain a particularimagedifference.In ad-
dition, we increasethe�e xibility of our modelby allowing
color�o w coef�cients tovaryaccordingtoalow orderpoly-
nomialover theimage.Thisallowsusto better�t smoothly
varyinglighting conditionsaswell ascurvedsurfaceswith-
outendowing ourmodelwith toomuchcapacity. Theprob-
lemswe explore includeshadow removal anddetectionas
well asinferenceof scenegeometry.

1. Intr oduction
In previouswork [9], weintroducedcolor �ows, alinearsta-
tistical modelof joint color changesin imagesdueto vari-
ation in lighting. Color �o ws aremeantto modelnot only
commonglobal lighting changes(which have an approx-
imately linear effect on sceneradiance),but also various
non-linearcameraeffectssuchasaperturesettings,trans-
ducerdynamics,andgaincorrection.

A color �o w is a vector�eld in color space;eachvector
in the vector �eld startsat onecolor andendsat another.
Sincea vector�eld canbeconsideredanelementof a vec-
tor space,an ensembleof color �o ws can be studiedus-
ing commonstatisticalmethodssuchasclusteringandprin-
cipal componentsanalysis. We showed that the principal
componentsof theensembleof color �o ws (thebasis�elds
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that representedthe directionsof greatestvariation in the
ensemble)correspondedto commonmodesof color varia-
tion in imagesdueto lighting changes,suchas“brightness”,
“warmth”,and“contrast”.Wethendemonstratedhow color
�o ws canbeusedto createa simplemodelfor thevariabil-
ity in imagesof anew objectusingonly asingleexampleof
thatobject.

In Sections2 and3, we de�ne thecolor �o w modeland
how it is obtainedfrom observationsin a particularenvi-
ronment. Then in Section4, we discussimagematching
with color �o ws, incorporatingan imagenoisemodeland
a prior on color �o ws. We examinetheapplicabilityof our
model to several importantproblemsin machinevision in
Section5. The problemswe explore include shadow re-
moval anddetectionaswell as inferenceof scenegeome-
try. We alsodescribehow we increasethe�e xibility of our
modelby allowing color �o w coef�cients to varyaccording
to a low orderpolynomialover the image. This allows us
to better�t smoothlyvaryinglighting conditionsaswell as
curvedsurfaceswithoutendowing ourmodelwith toomuch
capacity. We discussthe advantagesanddisadvantagesof
our modelwith respectto theseproblemsandrelationships
to otherlighting invariancemodelssuchas[2, 1, 12].

2. Color Flows
In the following, let C = f (r; g; b)T 2 R3 : 0 � r �
255; 0 � g � 255; 0 � b � 255g be the setof all possi-
bleobservableimagecolor3-vectors.Let thevector-valued
colorof animagepixel p bedenotedby c(p) 2 C.

Supposewe aregiven two N -pixel RGB color images
I 1 and I 2 of the samescenetaken under two different
setsof photic parameters� 1 and � 2 (the imagesare reg-
istered). Eachpair of correspondingimagepixels pk

1 and
pk

2 ; 1 � k � N , in the two imagesrepresentsa mapping
c(pk

1 ) 7! c(pk
2 ). That is, it tells ushow a particularpixel's

colorchangedfrom imageI 1 to imageI 2. Thissingle-color
mappingis conveniently representedsimply by the vector
differencebetweenthetwo pixel colors:

d(pk
1 ; pk

2 ) = c(pk
2 ) � c(pk

1 ): (1)

By computingN of thesevectordifferences(onefor each
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pair of pixels) and placing eachvector differenceat the
point c(pk

1 ) in the color spaceC, we have createda vec-
tor �eld thatis de�ned at all pointsin Cfor which thereare
colorsin imageI 1.

Thatis, wearede�ning avector�eld � 0 over Cvia

� 0(c(pk
1 )) = d(pk

1 ; pk
2 ); 1 � k � N : (2)

This canbevisualizedasa collectionof N arrows in color
space,eacharrow going from a sourcecolor to a destina-
tion color basedon thephoticparameterchange� 1 7! � 2.
We call this vector�eld � 0 a partially observedcolor �ow
(seeFigure1a). The“partially observed” indicatesthat the
vector�eld is only de�ned at theparticularcolorpointsthat
happento bein imageI 1.

To obtaina full color �ow , i.e. a vector �eld � de�ned
at all points in C, we merely interpolatebetweenthe val-
uesof thepartially observedcolor �o w asdiscussedin our
previous paper(Figure1b). Our interpolationscheme[9]
is de�ned so that a color point with only a single nearby
observed neighborwill inherit a �o w vector that is nearly
parallel to thatneighbor's �o w vector. Theideais that if a
particularcolor, undera photicparameterchange� 1 7! � 2,
is observedto geta little bit darker anda little bit bluer, for
example,thenits neighborsin color spacearealsode�ned
to exhibit thisbehavior.

We have thus outlined a procedurefor using a pair of
correspondingimagesI = (I 1; I 2) to generatea full color
�o w. We will write for brevity � = �( I ) to designatethe
�o w generatedfrom theimagepair I .

2.1 Data Collection

Our aim wasto capturethestructurein color �o w spaceby
observingreal-world datain anunsupervisedfashion.To do
this,we gathereddataasfollows. A largecolor palette(ap-
proximately1 squaremeter)wasprintedon standardnon-
glossyplotter paperusing every color that could be pro-
ducedby our Hewlett PackardDesignJet650Cpenplotter.
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Figure1: Color �o ws asvector�elds in color space.a. A
(synthetic)partially observed color �o w obtainedfrom a
pair of imagesunderdifferent lighting conditions. An ar-
row appearsat eachpoint in color spacewherea color was
observed.b. Theinterpolatedcompletionof thiscolor �o w.

Theposterwasmountedonawall in ourof�ce sothatit was
in thedirectline of overheadlightsandcomputermonitors,
but not in thedirect light from thesingleof�ce window. In
thisseriesof experiments,weusedtheSony DCR-VX2000
NTSCvideocamera.Settingswerechosento dynamically
adjustfor brightnessso that variousnon-linearitieswould
beintroduced(of course,this makesthecamerausefulin a
wider rangeof lighting settings).Thecamerawasaimedat
thepostersothattheposteroccupiedabout95%of the�eld
of view.

Imagesof theposterwerecapturedusingthevideocam-
eraundera wide variety of lighting conditions,including
variousintervalsduringsunrise,sunset,atmidday, andwith
variouscombinationsof of�ce lights andoutdoorlighting
(controlledby adjustingblinds).Peopleusedtheof�ce dur-
ing theacquisitionprocessaswell, thusaffectingtheambi-
entlighting conditions.It is importantto notethata variety
of non-linearnormalizationmechanismsbuilt into thecam-
erawereoperatingduringthisprocess.

We chosea setof 1000imagepairsI j = (I j
1 ; I j

2 ); 1 �
j � 1000; by randomlyandindependentlyselectingindi-
vidual imagesfrom thesetof raw images.Eachimagepair
wasthenusedto estimatea full color �o w.

3 The Statisticsof Color Flows

One of the primary goals of this work is to statistically
modelcolor changesdueto lighting variation. Intuitively,
we know thatthelighting changesthatoccurin onesetting
are statisticallydifferent than lighting changesthat occur
in othersettings.For example,the mostcommonlighting
changesin many windowlessof�ces areduesimply to the
switchingonandoff of electricallights. On theotherhand,
in a rural outdoorsetting,it is the rising andsettingof the
sunandchangesin theweatherthatmostdramaticallyaffect
the lighting. It seemsreasonableto assumethat the statis-
tics of color changesin imagesarea functionof thesetting
in which thoseimagesareacquired.

As discussedpreviously, theparticularpropertiesof the
cameraalso affect the statisticsof color �o ws. Contrast
�o ws andothernon-linearaffectsaretheresultof normal-
izations,saturation,andgaincontrolwhichareall functions
of theparticularcamerabeingused.

To formalizetheseideas,we de�ne anenvironmentE =
(pL (�); C) to be a pair consistingof a probability density
pL (�) over lighting conditionsandaparticularcameramake
andmodelC. Theprimarypurposeof introducingtheseno-
tionsis to emphasizethatif color�o w statisticsaregathered
in oneenvironmentandappliedin another, theresultsmay
beunreliable.Sinceourdatawasgatheredin a (windowed)
of�ce environmentwith a particularcamera,themodelwe
producerepresentsthat particular combination. In other
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words, we would not expect to be able to model outdoor
lighting changesfrom theof�ce datawegathered.

3.1 Statisticsof the Of�ce Envir onment

Light primarily hasan effect whenit impingesuponsome
surface. Ideally, theenvironmentde�ned above shouldin-
clude the angleof the surfacebeing evaluatedrelative to
the light sourcessincethis variablehasa major impacton
the irradianceof the surface. However, herewe make the
simplifying assumptionthat the distribution over lighting
conditionsis spatially isotropic. In otherwords, while at
any given time the light may be comingfrom a particular
direction,we model it asequally likely to comefrom any
direction. This isotropic distribution over lighting condi-
tionstheninducesadistributionover lighting impingingon
a surface. If the distribution of lighting is isotropic, then
theconditionaldistribution of incidentlight on thesurface
is invariantto thesurfaceorientation.By samplingpairsof
theselighting conditionsat differenttimes,we obtainvari-
ouscolor �o ws.1

In this work, we assumethat thedistribution over color
�o ws in the of�ce environmentis a zero-meanGaussian.2

We performa principal componentsanalysisto obtainthe
dominantmodesof variationof the color �o ws.3 We call
the�o wsof greatestvariationthatemergefrom thisanalysis
the“color eigen�ows”.

Sincecolor�o wsaremodelsof imagechangeratherthan
imagesperse,they areperhapsbestvisualizedby beingap-
plied to a particularimage.By applying�o ws to an image
of a �at objectphotographedin the environmentto which
the�o w modelbelongs,we obtainimagesrepresentingthe
variability of that objectin the environment. We show the
resultof applyingtheof�ce-basedeigen�ows to thepicture
of apaintingin Figure2. Eachcolumnrepresentsonemode
of lighting variationfor theoriginal image(at themiddleof
eachcolumn)aspredictedby the“of�ce” color �o w model.
Intuitively, the�rst columnrepresentssomethingsimilar to
brightness. The secondcolumn is clearly a shift from a
blueishtint to a yellowish tint, andmay representchanges

1Sinceweareultimatelyinterestedin imagedifferencescreatedby dif-
ferent lighting conditions,we are interestedin the distribution of color
�o ws inducedby comparingimagesfrom non-adjacentinstantsin time.
If wewereto build adistributionof �o wsbasedonadjacentvideoframes,
themajority of theprobabilitymassof color �o ws would beat the“null”
�o w.

2Sincecolorsat the boundaryof color space(e.g.black, white, fully
saturatedred,etc.) will always�o w away from theboundaryof thecolor
cubeor not at all, the meancolor �o w cannotbe expectedto actuallybe
zero for thesecolors. However, a non-zeromean�o w would imply, for
a Gaussiandistribution of �o ws, that the maximumlikelihood �o w was
non-zero. This in turn would imply that two identical imageswerebest
explainedby somenon-zero�o w. In orderto preserve the “null” �o w as
themaximumlikelihood�o w, wemake thezeromeanassumption.

3We arealsocurrently investigating a factoranalysismodelof color
�o ws.

dueto earlymorningor lateafternoonlighting conditions.
Thethird columncanbeseento bea non-lineareffect that
increasescontrastin onedirection,anddecreasesit in the
other.

Herewe emphasizeperhapsthe most importantfeature
of our model. Sinceit is a modelof imagechangerather
than of images,it can be appliedto any image. The re-
sulting imagesetis an inducedmodelof the variability of
theinput imageundertheenvironment'schangingillumina-
tion. A major limitation is that this appliesonly to images
of �at surfaces. However, we will investigatebelow how
color �o wscanbeusedin settingswith multipleandcurved
surfaces.

4 Imagematching with color �o ws

The centralaim of this workshopis to recognizeobjects
acrossvariationsin lighting. Oneapproachto solving this
problemis to evaluatethelikelihoodthattwo imagesI 1 and
I 2 areof thesameobjectundersomemodelof lighting vari-
ability. Here,weassumethattwo imagesof thesamescene
areaffectedby lighting changes(modeledby thecolor �o w
distribution) and by additive independentGaussiannoise
(in all threecolor channels).We thenevaluatethe likeli-
hood that the differencebetweentwo imageswas caused
by a particularlighting change.A thresholdon this likeli-
hoodcanbeusedto decidewhetherimages“match” or not,
i.e. whetherthey areimagesof thesamescene.To evaluate
whethera distribution of color �o ws canexplain thediffer-
encebetweentwo images,wemust�rst know how to apply
a color �o w to animage.This is similar to theformulation
of handwrittendigit matchingin [8] wherecolor transfor-
mationstake theplaceof spatialtransformations.

4.1 Applying a �o w to an image

A �o w is appliedto animagein thefollowing way. Let c(p)
bethecolor of a pixel p in thesourceimage,andlet � bea
color �o w. For eachpixel in thenew image,its colorc0 can
becomputedas

c0(p) = c(p) + � �( ĉ(p)) ; (3)

where� is a scalarmultiplier that representsthe “quantity
of �o w”. ĉ(p) is interpretedto be the color vectorclosest
to c(p) (in color space)at which � hasbeencomputed.If
thec0(p) hascomponentsgreaterthantheallowedrangeof
0–255,thenthesecomponentsmustbetruncated.

Notethatadistributionover �o wspairedwith anew im-
ageinducesa(usuallyisomorphic)4 distributionoverdiffer-
enceimagesand a correspondingdistribution over “new”

4As longasthedifferenceimagebasisvectorsarelinearly independent,
thesetof differenceimageswill bein one-to-onecorrespondencewith the
color �o ws.
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imagesobtainedfrom addingthe differenceimagesto the
original image.

4.2 Estimating imagediffer encesunder noise
with color �o ws

Central to this paperwill be the maximum a posteriori
(MAP) estimationof the“color �o w” betweentwo images
accordingto our model. That is, given two imagesI 1 and
I 2, we wish to explain the imagedifferenceD = I 2 � I 1

assomecombinationof changesdueto photic parameters
(modeledby eigen�ows) and additive pixel-independent
Gaussianimagenoise.

The differenceimagesf D i g that canbe createdby ap-
plying eacheigen�ow 	 i to an original imageI are ob-
tainedsimply by changingeachcolor in an imageby the
amountspeci�ed in onestandarddeviation worth of a par-
ticulareigen�ow. Wenotatethisas

D i = I (	 i ):

Theseimageswill form a basisfor the linear spaceof
differenceimagesthatcanbecreatedfrom theeigen�ows.
We thenseektheMAP solutionto theequation

D =
EX

i =1


 i D i + n;

whereE is the numberof eigen�ows used,andn is pix-
elwiseandchannelwise independentGaussiannoisein the
imagewith diagonalcovariance� n . Also, theimagediffer-
enceD shouldbeviewedasan“unwrapped”vectorhereof
size3N , whereN is thenumberof pixels in theimage.In
matrix form, wecanwrite thisas

D = D 
 + n;

whereD is amatrixwhosecolumnsarethebasisdifference
imagesand 
 is the vectorof coef�cients multiplying the
basisvectors.

To solve this problem,we need� n , an estimateof the
noisevariance,and � 
 , the covarianceof the imagedif-
ferencecoef�cients. Since, by de�nition, the difference
imagesalreadyincorporatea multiplier proportionalto the
standarddeviation of thecolor �o w in thatparticulardirec-
tion, � 
 is just theidentitymatrix.

To obtainan estimateof imagenoise,we looked at the
meanof themagnitudeof thedifferencebetweena pixel's
red, green,and blue componentsbetweensuccessive im-
ages. This turnedout to be about4:4 on a scaleof 0-255
per color channel. This distribution also turnedout to be
substantiallydependentuponthecolor in the initial image,
but weassumedisotropicnoisein this work, i.e.weset� N

to 4:4 � I .

Figure2: Effectsof the �rst 3 eigen�ows. Eachimagein
thecenterrow is acopy of theoriginal image.Eachcolumn
represents� 4 standarddeviationsof aparticulareigen�ow.

4



With � 
 and � N , we can write down a “ridge regres-
sion” styleMAP estimateof 
 which is


̂ M AP = (D T � � 1
N D + � � 1


 ) � 1D � � 1
N D (4)

= (D T � � 1
N D + I ) � 1D � � 1

N D: (5)

Usingthis estimateof 
 , thenthecolor �o w estimateof
thedifferenceimagebecomes

D̂ =
NX

i =1


̂ i D i

andtheresidual“unexplained”partof theimagedifference
is

X

x;y

kD(x; y) � D̂ (x; y)k (6)

=
X

x;y

kI 2(x; y) � I 1(x; y) � D̂ (x; y)k: (7)

Settinga thresholdon this valuecanthenbeusedto accept
or rejectthehypothesisthat the two imagesmatch. In our
previous paper, we give preliminarycomparisonsof resid-
ualerrorobtainedby usingstandardmodelsof colorchange
andthecolor�o wsmethod.Next wediscusstheadvantages
anddisadvantagesof thecolor �o w modelrelative to other
lighting invariancemethodsin addressingvariousproblems
relatedto lighting invariance.

5 Problemsrelatedto lighting invari-
ance

5.1 Generativemodelsfor images

One of the most generictasksin the domainof lighting
invarianceis to generatearbitrarynew views of an object
given somemodel of the object, while producingas few
“unrealistic” views aspossible.Therearemany modelsof
lighting invariancewhich canbeusedto producenovel im-
agesof an objectundernew lighting conditionsof which
([2, 1, 12, 3, 7]) are just a few. They differ in several re-
spects.

5.1.1 What is beingmodeled

First, approachessuchasBelhumeuret al.'s [2] andBasri
et al.'s [1] differ from our approachin theeffectsthat they
aremodelling.In bothof these,thegoalis to modeldistant
light sourceson Lambertianobjectswith constantlighting
throughoutthescene(with theexceptionof self-shadows).
There is no attemptto model the distribution of lighting
color, or non-linearcameraeffects.Thereis alsonoattempt
to dealwith theeffectsof nearbylight sources,which will

have varying anglesof incidenceeven upon �at surfaces.
While our model also makes the Lambertianassumption,
it differs in that it puts a probability density on lighting
changesfor �at surfaces. It is alsoeasilyadaptableto ex-
plain theeffectsof nearbylight sources,aswe will discuss
in thesectionon shadows below. However, it doesnot di-
rectlyaddressself-castshadows.

5.1.2 Creating the object model

Before lighting invariancemodelscan be usedto predict
new imagesor for otherpurposes,themodelitself mustbe
created.Currentmethodsvary widely in thecomplexity of
thetaskof creatingthemodel.Predictingimagesof anob-
jectaccordingto theprocedureusedin [1] requiresthatone
haveafull 3-D modelof theobjectathand,andhenceeither
a specialapparatusfor eachobject,or a numberof sample
imagescoupledwith an algorithmfor constructingsucha
3D model.

Many objectspeci�c modelshave beenexamined,such
asthe color eigenfacemodeldescribedin [10]. However,
thesemodelsmustbetrainedseparatelyfor eachclass,with
enoughimagesto develop a good estimateof a possibly
highdimensionalspace.They havenogeneralizationability
acrossclasses.

Undercertainassumptions,asfew as3 imagesperobject
canbeusedto generateall of thegrayscalevariationsof an
objectasdescribedin [2]. Wementionagainthatthismodel
assumeslight sourcesat in�nity andperfectLambertianre-
�ectances.

Oneof theappealingfeaturesof ourmodelis that,while
it is trainedon many hundredsor thousandsof images,it
canthenbeappliedto new objectsusingonly asingleexam-
ple of thatobject. While our modelworksbestfor �at ob-
jects,it givesreasonableresultsfor non-�at objectsaswell,
andeffectively modelsambientlight changes,i.e. lighting
changesthathave anapproximatelyequivalenteffect on all
partsof theobject.

By smoothlyvaryingtheeigen�ow coef�cients acrossan
image,we canapproximatenearbylighting effectsaswell.
It is easyto trainsuchamodelonaparticulartypeof change
too,suchasshadow changes.

5.1.3 Probabilistic imagegeneration

Another issueregardingimagegenerationis beingableto
associatea likelihoodor probability with the imagesgen-
erated. By applyinga 3x3 linear matrix operatorto each
color in an image,we cangeneratea wide varietyof plau-
sible imagesfrom a singleexemplar. However, with such
a generative model thereis no notion of the likelihoodof
suchimages. In particular, choosingthe matrix randomly
accordingto a uniform distribution over thecomponentsof
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thematrix, themodelwill producemostly imageswith im-
plausiblecolordistributions.

The sameis true for othergenerative imageprocesses.
Of course,theseothermethodscouldbeextendedto include
probabilitydensitiesover thegeneratedimages.

The color �o w model explicitly assignsa probability
densityto eachcolor changethat is particularto the envi-
ronmentfrom which the�o ws werecollected.This should
make it moreeffective in applicationswherethelikelihood
canbeusedto helpdiscriminateamongexplanations.

5.2 Shadows

Shadows posea numberof interestingproblemsin com-
puter vision. Shadows confusetracking algorithms[11],
backgroundingschemesandobjectrecognitionalgorithms.
For example,shadows can have a dramaticeffect on the
magnitudeof differenceimages,despitethe fact that no
“new objects”haveenteredascene.Shadowscanalsomove
acrossan imageand appearas moving objects. Many of
theseproblemscould be eliminatedif we could recognize
thata particularregion of animageis equivalentto a previ-
ouslyseenversionof thescene,but undera differentlight-
ing. For example,supposethatthelighting impingingupon
a�at surfacehaschangeddueto anearbylampbeingturned
on. The changingangleof incidencewill make it dif�cult
to modelthe imagetransformationasa singlemappingof
color spacefrom oneimageto theother.

In Figure3a, we show a simplebackgroundimage. In
Figure3b, apersonandhisshadow haveappearedin theim-
age.Weconsidertheproblemof distinguishingbetweenthe
person(a new object)andthe shadow (a lighting change).
We did the following experiment. With simpleimagedif-
ferencing,we segmentedtheimageinto two approximately
connectedregions that did not match the previous back-
ground(Figure3c). For eachcomponent,we then�o wed
(choseeigen�ow coef�cients) the region from imagea to
imageb accordingto Eq.4. Figure3d showsthefull image
basedon theshadow �o w.

To distinguishbetweenshadows and non-shadows, we
wanttheaverageresidualerror for non-shadows to behigh
while the averageresidualerror for shadows to be low.
Sincethesearereal images,however, a constantcolor �o w
acrossan entire region may not model the imagechange
well.

However, we caneasilyextendour basicmodelto allow
linearly or quadratically(or otherlow orderpolynomially)
varying�elds of eigen�ow coef�cients. Thatis, wecan�nd
the bestleastsquares�t of the differenceimageallowing
our 
 estimatesto vary linearly or quadraticallyover the
image.We implementedthis techniqueby computing�o ws

 x;y betweencorrespondingimagepatches(indexed by x

a b

c d

Figure 3: a A backgroundimage. b A new object and
shadow have appeared.c For eachof the two regions, a
“�o w” wasdonebetweenthe original imageand the new
imagebasedon thepixels in eachregion. d Thecolor �o w
of the original imageusing the eigen�ow coef�cients re-
coveredfrom theshadow region. Thecolor �o w usingthe
coef�cients from thenon-shadow region areunableto give
a reasonablereconstructionof thenew image.

constant linear quadratic
shadow 36.5 12.5 12.0

non-shadow 110.6 64.8 59.8

Table 1: Error residualsfor the shadow and non-shadow
regions after color �o ws. Constant,linearly varying, and
quadraticallyvarying�o ws wereused.

andy), andthenminimizing thefollowing form:

argmin
M

X

x;y

(
 x;y � M cx;y )T � � 1
x;y (
 x;y � M cx;y ): (8)

Here,eachcx;y is a vectorpolynomialof theform [x y 1]T

for the linearcaseand[x2 xy y2 x y 1]T for thequadratic
case.M is anEx3 matrix in thelinearcaseandanEx6 ma-
trix in thequadraticcase.It de�neseachof theE planesor
quadricsrespectively. The � � 1

x;y 's aretheerrorcovariances
in theestimateof the
 x;y 's for eachpatch.

Allowing the 
 's to vary over the image obviously
greatlyincreasesthecapacityof a matcher, but by limiting
this variation to linear or quadraticvariation, the capacity
is still not ableto qualitatively match“non-matching”im-
ages. Note that this smoothvariation in eigen�ow coef�-
cientscanmodeleithera nearbylight sourceor a smoothly
curvingsurface,sinceeitherof theseconditionswill result
in asmoothlyvaryinglighting change.

Weconsiderthreeversionsof theexperiment.In the�rst,
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we assigna singlevectorof �o w coef�cients to all of the
pixels in theregion. In thesecondexperiment,we allowed
the
 valuesto vary linearly acrosstheimage.This clearly
shouldleadto areductionin theerrorof bothregions' resid-
uals. In the �nal experiment,we �tted quadraticallyvary-
ing 
 valuesto estimatethe imagedifference.The results
of theseexperimentsappearin Table1.

In eachcase,the residualerror for the shadow region
is muchlower thanfor thenon-shadow region. Of course,
we have not speci�ed whereto selectthe thresholdso that
this procedureworks in general. Furthermore,thereare
othermethodsavailable,suchasnormalizedcorrelationand
methodssuchas [4, 5], which could also distinguishbe-
tweenthesetwo regions. However, this demonstratesan-
other potentialapplicationof our model. We believe be-
causeit can handlenon-linearcameraeffects and can be
adjustedacrossthe imagethat it cansuccessfullymodela
greatdealof thevariability in trueshadows,whereasit still
doesnot have somuchcapacityasto matchimageswhich
arenot in factof thesamescene.Clearly, however, it still
haslimitations, suchas when a shadow is so dark that it
cannotbedistinguishedfrom ablackobject.

5.3 Inferring scenegeometry thr ough light-
ing change

Anotherinterestingapplicationof lighting invariancemod-
elsis thedetectionof discontinuitiesin surfacesandsurface
normals.Suchdiscontinuitiescanbeusedto performimage
segmentationandotherimageprocessingtasks. If images
weretruly linear in the impinging lighting, thengiven two
imagesof asceneunderdifferentlights,wecoulddetectdis-
continuitiesin surfacesby simply usingthefollowing tech-
nique.First,calculatethe“ratio image”

r (x; y) = b1(x; y)=b2(x; y);

whereb1 andb2 arejust the pixel brightnessesin image1
andimage2. If thedifferencebetweenthesurfacenormals
of two adjacentpatchesis small,thenthechangein thean-
gle of incidenceuponthosepatches(for a particularglobal
lighting change)will alsobeapproximatelyequal.This is a
simpleconsequenceof theassumedlinearityof imaging,as
describedin [6].

However, this approachdependscritically on a linear
lighting model.It is easyto seehowever, thattherearenon-
lineareffectsin imageacquisitionwhichcauseproblemsfor
suchmethods.An exampleof this non-linearityis demon-
stratedin Figure4. Thetop two imagesin Figure4 aretwo
photographsof aboxcoveredwith multicoloredpaper. The
photosshow thetopandonesideof thebox. Thelower left
imageis theratio of thesetwo images.Sincethis is thera-
tio of imagesof two distinctsmoothsurfaces,it shouldhave
only two regionsof smoothlyvaryingpixels.However, it is

clearthat theratiosseenarevariable,evenwithin the indi-
vidual regions. Examiningthe original images,it is clear
thattheratio imageis afunctionnotonly of surfacenormal,
but alsoof albedo.Thedarkerregionsin theoriginal images
show differentvaluesin theratio imagethanthelighter re-
gions.Thefactthattheratio imageis still a functionof the
albedois direct evidenceof a non-linearityin the imaging
process.

If we want to detectdiscontinuitiesin surfacenormals,
weneedto beableto non-linearlymapcolorsbetweencor-
respondingpointsin two images.To measurethesuccessof
sucha mapping,we needa measureof thediscontinuityof
aratio image.Wechosetheintegralof theedgemagnitudes
of the ratio imageassucha measure,similar to what was
donein [6].

We performedthe following experiment. We took two
images,I 1 andI 2 of a smoothsurfacewith highly variable
albedo.Usinga linearmodelasdescribedin [9], we found
thenearest(leastsquareserror)transformation̂I l in of I 1 to
I 2. Wethendid thesamewith theeigen�ows to createÎ eig .
Theintegralof theedgeimageswerethencomputedfor Î l in

andÎ eig . We foundthatthis integral wasabout7% smaller
for theeigen�owedratio image.While thisdifferenceis not
great,we believe it indicatesthat this non-lineartechnique
couldimprove theusefullnessof ratio imagemethods.

6 Conclusionsand futur ework

While this work is preliminaryin nature,we believe it sug-
geststhatcolor �o w techniquesmayhelpusaddressprob-
lemscreatedby nonlinearitiesin imageacquisition.Clearly
we needto performmoreexperimentsin a variety of set-
tings. We would like to avoid making certain assump-
tions (suchasthe isotropy of thedistribution over lighting
changes)by collectingmoredatafor ourcolor �o w model.
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