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Abstract

In [1] we introduceda linearstatisticalmodelof joint color changesin
imagesdueto variationin lighting andcertainnon-geometriccamerapa-
rameters.Wedid thisby measuringthemappingsof colorsin oneimage
of a sceneto colorsin anotherimageof thesamesceneunderdifferent
lighting conditions. Herewe increasethe �e xibility of this color �ow
model by allowing �o w coef�cients to vary accordingto a low order
polynomialover the image. This allows us to better�t smoothlyvary-
ing lighting conditionsaswell ascurvedsurfaceswithout endowing our
modelwith too muchcapacity. We show resultson imagematchingand
shadow removal anddetection.

1 Intr oduction

Thenumberof possibleimagesof anobjector scene,evenwhentakenfrom asingleview-
point with a �x ed camera,is very large. Light sources,shadows, cameraaperture,expo-
suretime,transducernon-linearities,andcameraprocessing(suchasauto-gain-controland
color balancing)canall affect the �nal imageof a scene.Theseeffectshave a signi�cant
impacton the imagesobtainedwith camerasandhenceon imageprocessingalgorithms,
oftenhamperingor eliminatingourability to producereliablerecognitionalgorithms.

Addressingthevariability of imagesdueto thesephoticparameters hasbeenanimportant
problemin machinevision. We distinguishphoticparametersfrom geometricparameters,
suchascameraorientationor blurring,thataffectwhichpartsof thesceneaparticularpixel
represents.We alsonotethat photic parametersaremoregeneralthan“lighting parame-
ters” andincludeanything which affectsthe �nal RGB valuesin an imagegiven that the
geometricparametersandtheobjectsin thescenehave been�x ed.

We presenta statisticallinear modelof color change spacethat is learnedby observing
how thecolorsin staticimageschangejointly undercommon,naturallyoccurringlighting
changes.Sucha modelcanbeusedfor a numberof tasks,includingsynthesisof images
of new objectsunderdifferentlighting conditions,imagematching,andshadow detection.
Resultsfor eachof thesetaskswill bereported.

Several aspectsof our modelmerit discussion.First, it is obtainedfrom video datain a
completelyunsupervisedfashion.The modelusesno prior knowledgeof lighting condi-
tions,surfacere�ectances,or otherparametersduringdatacollectionandmodeling.It also
hasno built-in knowledgeof the physics of imageacquisitionor “typical” imagecolor



changes,suchasbrightnesschanges.Second,it is asingleglobalmodelanddoesnotneed
to bere-estimatedfor new objectsor scenes.While it maynot apply to all scenesequally
well, it is a modelof frequentlyoccurringjoint color changes,which is meantto apply to
all scenes.Third, while our modelis linearin color change space, eachjoint color change
that we model (a 3-D vector �eld) is completelyarbitrary, and is not itself restrictedto
beinglinear. This givesusgreatmodelingpower, while capacityis controlledthroughthe
numberof basis�elds allowed.

After discussingpreviouswork in Section2, we introducethecolor �o w modelandhow
it is obtainedfrom observationsin Section3. In Section4, we show how themodelanda
singleobserved imagecanbeusedto generatea large family of relatedimages.We also
giveanef�cient procedurefor �nding thebest�t of themodelto thedifferencebetweentwo
images.In Section5 we give preliminaryresultsfor imagematching(objectrecognition)
andshadow detection.

2 Previouswork

The color constancy literaturecontainsa large body of work on estimatingsurfacere-
�ectancesandvariousphoticparametersfrom images.A commonapproachis to uselinear
modelsof re�ectanceandilluminant spectra[2]. Gray world algorithms[3] assumethe
averagere�ectanceof all the surfacesin a sceneis gray. White world algorithms[4] as-
sumethebrightestpixel correspondsto a scenepoint with maximalre�ectance.Brainard
andFreemanattacked this problemprobabilistically[5] by de�ning prior distributionson
particularilluminantsandsurfaces. They useda new, maximumlocal massestimatorto
chooseasinglebestestimateof theilluminantandsurface.

Anothertechniqueis to estimatetherelative illuminant or mappingof colorsunderanun-
known illuminant to a canonicalone.Color gamutmapping[6] usestheconvex hull of all
achievableRGB valuesto representan illuminant. The intersectionof the mappingsfor
eachpixel in animageis usedto choosea “best” mapping.[7] traineda back-propagation
multi-layerneuralnetwork to estimatetheparametersof a linearcolor mapping.Theap-
proachin [8] worksin thelog color spectraspacewheretheeffect of a relative illuminant
is asetof constantshiftsin thescalarcoef�cients of linearmodelsfor theimagecolorsand
illuminant. Theshiftsarecomputedasdifferencesbetweenthemodesof thedistribution
of coef�cients of randomlyselectedpixelsof somesetof representative colors.

[9] bypassestheneedto predictspeci�c scenepropertiesby proving thatthesetof images
of a grayLambertianconvex objectunderall lighting conditionsform a convex cone.1 We
wantedamodelwhich,baseduponasingleimage(insteadof threerequiredby [9]), could
make usefulpredictionsaboutotherimagesof the samescene.This work is in the same
spirit, althoughweuseastatisticalmethodratherthanageometricone.

3 Color �o ws

In thefollowing, let C = f (r; g; b)T 2 R3 : 0 � r � 255; 0 � g � 255; 0 � b � 255g be
thesetof all possibleobservableimagecolor 3-vectors.Let thevector-valuedcolor of an
imagepixel p bedenotedby c(p) 2 C.

Supposewe aregiven two P-pixel RGB color imagesI 1 andI 2 of thesamescenetaken
undertwo differentphoticparameters� 1 and� 2 (the imagesareregistered).Eachpair of

1This resultdependsuponthe importantassumptionthat the camera,including the transducers,
theaperture,andthelensintroduceno non-linearitiesinto thesystem.Theauthors'resultson color
imagesalsodo not addressthe issueof metamers,andassumethat light is composedof only the
wavelengthsred,green,andblue.
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Figure1: Matchingnon-linearcolor changes.b is theresultof squaringthevalueof a (in
HSV) andre-normalizingit to 255. c-f areattemptsto matchb with a usingfour different
algorithms.Ouralgorithm(f) wastheonly oneto capturethenon-linearity.

correspondingimagepixelspk
1 andpk

2 ; 1 � k � P, in thetwo imagesrepresentsa single-
colormappingc(pk

1 ) 7! c(pk
2 ) thatis convenientlyrepresentedby thevectordifference:

d(pk
1 ; pk

2 ) = c(pk
2 ) � c(pk

1 ): (1)

By computingP vectordifferences(onefor eachpair of pixels) andplacingeachat the
point c(pk

1 ) in color spaceC, wehave apartially observedcolor �ow :

� 0(c(pk
1 )) = d(pk

1 ; pk
2 ); 1 � k � P (2)

de�ned atpointsin Cfor which therearecolorsin imageI 1.

To obtaina full color �ow (i.e. a vector�eld � de�ned at all pointsin C) from a partially
observed color �o w � 0, we mustaddresstwo issues.First, therewill be many points in
C at which no vector differenceis de�ned. Second,theremay be multiple pixels of a
particularcolor in imageI 1 thataremappedto differentcolorsin imageI 2. Weusearadial
basisfunctionestimatorwhich de�nes the �o w at a color point (r; g; b)T astheweighted
proximity-basedaverageof nearbyobserved “�o w vectors”. We found empirically that
� 2 = 16 (with colorson a 0–255scale)workedwell. Notethatcolor �o ws arede�ned so
thatacolorpointwith only asinglenearbyneighborwill inherita �o w vectorthatis nearly
parallel to its neighbor. The idea is that if a particularcolor, undera photic parameter
change� 1 7! � 2, is observedto geta little bit darkeranda little bit bluer, for example,then
its neighborsin color spacearealsode�ned to exhibit thisbehavior.

3.1 Structur e in the spaceof color �o ws

Considera �at Lambertiansurfacethat may have different re�ectancesasa function of
thewavelength.While in principle it is possiblefor a changein lighting to mapany color
from sucha surfaceto any othercolor independentlyof all other colors2, we know from
experiencethatmany suchjoint mapsareunlikely. This suggeststhatwhile themarginal
distribution of mappingsfor a particularcolor is broadlydistributed,thespaceof possible
joint colormaps(i.e.,color �o ws) is muchmorecompact3.

In learningastatisticalmodelof color �o ws,many commoncolor �o wscanbeanticipated
suchasonesthatmake colorsa little darker, lighter, or morered.Thesetypesof �o ws can
bewell modeledwith a simpleglobal3x3 matrix A thatmapsa color c1 in imageI 1 to a
color c2 in imageI 2 via

c2 = Ac 1 : (3)

However, therearemany effectswhichlinearmapscannotmodel.Perhapsthemostsigni�-
cantis thecombinationof a largebrightnesschangecoupledwith anon-lineargain-control
adjustmentor brightnessre-normalizationby the camera.Suchphotic changeswill tend

2By carefullychoosingpropertiessuchasthesurfacere�ectanceof apointasa functionof wave-
lengthandlighting any mapping~� can,in principle,beobservedevenon a �at Lambertiansurface.
However themetamerismwhichwouldcausesucheffectsis uncommonin practice[10, 11]

3We will addressbelow thesigni�cant issueof non-�at surfacesandshadows, which cancause
highly “incoherent”maps.



Figure 2: Evidenceof non-linearcolor
changes. The �rst two imagesare of
the top and side of a box coveredwith
multi-coloredpaper. Thequotientimage
is shown next. Therightmostimageis an
idealquotientimage,correspondingto a
linearlighting model.

Figure3: Effectsof the�rst threeeigen�ows.
Seetext.

to leave thebright anddim partsof the imagealone,while spreadingthecentralcolorsof
color spacetowardthemargins.

For a linearimagingprocess,theratioof thebrightnessesof two images,or quotientimage
[12], shouldvary smoothlyexceptat surfacenormalboundaries.However asshown in
Figure2, thequotientimageis a functionnot only of surfacenormal,but alsoof albedo–
directevidenceof a non-linearimagingprocess.Anotherpair of imagesexhibiting a non-
linearcolor �o w is shown in Figures1a andb. Noticethatthebrighterareasof theoriginal
imagegetbrighterandthedarkerportionsgetdarker.

3.2 Color eigen�ows

We wantedto capturethestructurein color �o w spaceby observingreal-world datain an
unsupervisedfashion.A onesquaremetercolorpalettewasprintedonstandardnon-glossy
plotter paperusing every color that could be producedby a Hewlett PackardDesignJet
650C.The posterwasmountedon a wall in our of�ce so that it wasin the direct line of
overheadlights andcomputermonitorsbut not thesingleof�ce window. An inexpensive
videocamera(thePC-75WR,Supercircuits,Inc.) with auto-gain-controlwasaimedat the
postersothattheposteroccupiedabout95%of the�eld of view.

Imagesof theposterwerecapturedusingthevideocameraunderawidevarietyof lighting
conditions,includingvariousintervalsduringsunrise,sunset,at midday, andwith various
combinationsof of�ce lights andoutdoorlighting (controlledby adjustingblinds). People
usedthe of�ce during the acquisitionprocessaswell, thusaffecting the ambientlighting
conditions. It is importantto notethat a variety of non-linearnormalizationmechanisms
built into thecamerawereoperatingduringthisprocess.

We choseimagepairsI j = (I j
1 ; I j

2 ); 1 � j � 800; by randomlyandindependentlyse-
lecting individual imagesfrom the setof raw images.Eachimagepair wasthenusedto
estimatea full color �o w �( I j ). We used4096distinct RGB colors(equallyspacedin
RGBspace),so�( I j ) wasrepresentedby avectorof 3 � 4096= 12288components.

We modeledthespaceof color �o ws usingprincipalcomponentsanalysis(PCA) because:
1) the �o ws arewell represented(in anL 2 sense)by a smallnumberof principalcompo-
nents,and2) �nding theoptimaldescriptionof a differenceimagein termsof color �o ws
wascomputationallyef�cient usingthis representation(seeSection4). We call the prin-
cipal componentsof thecolor �o w data“color eigen�ows”, or just eigen�ows,4 for short.
We emphasizethat theseprincipalcomponentsof color �o ws have nothingto do with the
distribution of colors in images, but only modelthedistribution of changesin color. This
is a key andpotentiallyconfusingpoint. Our work is very differentfrom approachesthat
computeprincipal componentsin the intensityor color spaceitself [14, 15]. Perhapsthe
most importantdifferenceis that our model is a global model for all images,while the

4PCAhasbeenappliedto motionvector�elds [13], andthesehavealsobeentermed“eigen�ows”.
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Figure4: Imagematching.Top row: original images.Bottomrow: bestapproximationto
original imagesusingeigen�ows andthesourceimagea. Reconstructionerrorsperpixel
componentfor four methodsareshown in b.

above methodsaremodelsonly for aparticularsetof images,suchasfaces.

4 Usingcolor �o ws to synthesizenovel images

How do we generatea new imagefrom a sourceimageanda color �o w � ? For eachpixel
p in thenew image,its color c0(p) canbecomputedas

c0(p) = c(p) + � �( ĉ(p)) ; (4)

wherec(p) is color in the sourceimageand � is a scalarmultiplier that representsthe
“quantityof �o w”. ĉ(p) is interpretedto bethecolorvectorclosestto c(p) (in colorspace)
atwhich � hasbeencomputed.RGBvaluesareclippedto 0–255.

Figure3 shows theeffect of the �rst threeeigen�ows on animageof a face.Theoriginal
imageis in the middle of eachrow while the other imagesshow the applicationof each
eigen�ow with � valuesbetween� 4 standarddeviations. The �rst eigen�ow (top row)
representsagenericbrightnesschangethatcouldprobablyberepresentedwell with alinear
model. Notice,however, thethird row. Moving right from themiddle image,thecontrast
grows. Theshadowedsideof thefacegrowsdarkerwhile thelightedpartof thefacegrows
lighter. This effect cannotbe achieved with a simple matrix multiplication as given in
Equation3. It is preciselythesetypesof non-linear�o ws wewish to model.

Westressthattheeigen�owswereonly computedonce(on thecolorpalettedata),andthat
they wereappliedto thefaceimagewithoutany knowledgeof theparametersunderwhich
thefaceimagewastaken.

4.1 Flowing oneimageto another

Supposewe have two imagesandwe posethequestionof whetherthey areimagesof the
sameobjector scene. We suggestthat if we can “�o w” one imageto anotherthen the
imagesarelikely to beof thesamescene.

Let ustreatanimageI asa functionthattakesa color �o w andreturnsa differenceimage
D by placingat each(x,y) pixel in D thecolor changevector�( c(px;y )) . Thedifference
imagebasisfor I andsetof eigen�ows 	 i ; 1 � i � E , is D i = I (	 i ). Thesetof images
S that canbe formedusinga sourceimageanda set of eigen�ows is S = f S : S =
I +

P E
i =1 
 i D i g, wherethe
 i 'sarescalars,andhereI is justanimage,andnota function.

In ourexperiments,weusedE = 30of thetopeigenvectors.

We canonly �o w imageI 1 to anotherimageI 2 if it is possibleto representthedifference
imageas a linear combinationof the D i 's, i.e. if I 2 2 S. We �nd the optimal (in the
least-squaressense)
 i 's by solvingthesystem

D =
EX

i =1


 i D i ; (5)
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Figure5: Modeling lighting changeswith color �o ws. a. Imagewith strongshadow. b.
Sameimageundermoreuniformlighting conditions.c. Flow from a to b usingeigen�ows.
d. Flow from a to b usinglinear. Evaluatingthecapacityof thecolor�o w model.e. Mirror
imageof b. f. Failureto �o w b to e impliesthatthemodelis notoverparameterized.

usingthepseudo-inverse,whereD = I 2 � I 1. Theerrorresidualrepresentsa matchscore
for I 1 andI 2. Wepointoutagain thatthisanalysisignoresclippingeffects.While clipping
canonly reducethe error betweena syntheticimageanda target image,it may change
whichsolutionis optimalin somecases.

5 Experiments

5.1 Imagematching

Oneuseof the color changemodel is for imagematching. An ideal systemwould �o w
matchingimageswith zeroerror, andhave largeerrorsfor non-matchingimages.

We �rst examinedour ability to �o w a sourceimageto a matchingtarget imageunder
differentphoticparameters.We comparedour systemto 3 othercommonlyusedmethods:
linear, diagonal, andgray world. Thelinear method�nds thematrixA in Equation3 that
minimizestheL 2 errorbetweenthesyntheticandtarget images;diagonal doesthesame
with a diagonalA ; gray world linearly matchesthemeanR, G, B valuesof thesynthetic
and target images. While our goal was to reducethe numericaldifferencebetweentwo
imagesusing�o ws, it is instructive to examineoneexamplethatwasparticularlyvisually
compelling,shown in Figure1.

In asecondexperiment(Figure4),wematchedimagesof afacetakenundervariouscamera
parametersbut with constantlighting. Color �o wsoutperformstheothermethodsin all but
onetask,onwhich it wassecond.

5.2 Local �o ws

In anothertest,thesourceandtarget imagesweretakenundervery differentlighting con-
ditions. Furthermore,shadowing effectsandlighting directionchangedbetweenthe two
images.Noneof themethodscouldhandletheseeffectswhenappliedglobally. Thuswe
repeatedlyappliedeachmethodon small patchesof the image. Our methodagain per-
formedthebest,with anRMS errorof 13:8 perpixel component,comparedwith errorsof
17:3; 20:1; and20:6 for theothermethods.Figure5 showsobviousvisualartifactswith the
linearmethod,while our methodseemsto have produceda muchbettersyntheticimage,
especiallyin theshadow regionat theedgeof theposter.
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Figure6: Backgroundingwith color �o ws. a A backgroundimage. b A new objectand
shadow have appeared.c For eachof the two regions(from backgroundsubtraction),a
“�o w” wasdonebetweentheoriginal imageandthenew imagebasedonthepixelsin each
region. d Thecolor �o w of theoriginal imageusingtheeigen�ow coef�cients recovered
from theshadow region. Thecolor �o w usingthecoef�cients from thenon-shadow region
areunableto give a reasonablereconstructionof thenew image.

Synthesison patchesof imagesgreatlyincreasesthecapacityof themodel.We performed
oneexperimentto measurethe over-�tting of our methodversusthe othersby trying to
�o w anoriginal imageto its re�ection (Figure5). TheRMSerrorperpixel componentwas
33:2 for ourmethodversus41:5; 47:3, and48:7 for theothermethods.Notethatwhile our
methodhadlowererror(which is undesirable),therewasstill a signi�cant spreadbetween
matchingimagesandnon-matchingimages. We believe we can improve differentiation
betweenmatchingandnon-matchingimagepairsby assigninga costto the change in 
 i
acrosseachimagepatch. For non-matchingimages,we would expect the 
 i 's to vary
rapidly to accommodatethechangingimage.For matchingimages,sharpchangeswould
only be necessaryat shadow boundariesor changesin the surfaceorientationrelative to
directionallight sources.

5.3 Shadows

Shadowsconfusetrackingalgorithms[16], backgroundingschemesandobjectrecognition
algorithms.For example,shadows canhave a dramaticeffect on themagnitudeof differ-
enceimages,despitethe fact that no “new objects”have entereda scene.Shadows can
alsomove acrossan imageandappearasmoving objects.Many of theseproblemscould
beeliminatedif we couldrecognizethata particularregion of an imageis equivalentto a
previouslyseenversionof thescene,but underadifferentlighting.

Figure6a shows how color �o ws maybeusedto distinguishbetweena new objectanda
shadow by �o wing both regions. A constantcolor �o w acrossan entireregion may not
modelthe imagechangewell. However, we canextendour basicmodelto allow linearly
or quadratically(or otherlow orderpolynomially)varying�elds of eigen�ow coef�cients.
That is, we can�nd thebestleastsquares�t of thedifferenceimageallowing our 
 esti-
matesto vary linearly or quadraticallyover theimage.We implementedthis techniqueby
computing�o ws
 x;y betweencorrespondingimagepatches(indexedby x andy), andthen
minimizing thefollowing form:

argmin
M

X

x;y

(
 x;y � M cx;y )T � � 1
x;y (
 x;y � M cx;y ): (6)

Here, eachcx;y is a vector polynomial of the form [x y 1]T for the linear caseand
[x2 xy y2 x y 1]T for the quadraticcase. M is an Ex3 matrix in the linear caseand
anEx6 matrix in thequadraticcase.The � � 1

x;y 's aretheerrorcovariancesin theestimate
of the
 x;y 's for eachpatch.

Allowing the 
 's to vary over the imagegreatly increasesthe capacityof a matcher, but
by limiting this variation to linear or quadraticvariation, the capacityis still not able to
qualitatively match“non-matching”images.Note that this smoothvariationin eigen�ow
coef�cients canmodeleithera nearbylight sourceor a smoothlycurving surface,since
eitherof theseconditionswill resultin asmoothlyvaryinglighting change.



constant linear quadratic
shadow 36.5 12.5 12.0

non-shadow 110.6 64.8 59.8

Table1: Error residualsfor shadow andnon-shadow regionsaftercolor �o ws.

We considerthreeversionsof the experiment: 1) a singlevectorof �o w coef�cients, 2)
linearly varying 
 's, 3) quadraticallyvarying 
 's. In eachcase,the residualerror for the
shadow region is muchlower thanfor thenon-shadow region (Table1).

5.4 Conclusions

Exceptfor thesynthesisexperiments,mostof theexperimentsin thispaperarepreliminary
and only a proof of concept. Much larger experimentsneedto be performedto estab-
lish the utility of the color changemodelfor particularapplications.However, sincethe
color changemodelrepresentsa compactdescriptionof lighting changes,includingnon-
linearities,weareoptimisticabouttheseapplications.

References

[1] E. Miller andK. Tieu. Color eigen�ows: Statisticalmodelingof joint color changes.In IEEE
ICCV, volume1, pages607–614,2001.

[2] D. H. MarimontandB. A. Wandell. Linearmodelsof surfaceandilluminant spectra.J. Opt.
Soc.Amer., 11,1992.

[3] G. Buchsbaum.A spatialprocessormodelfor objectcolor perception.J. Franklin Inst., 310,
1980.

[4] J. J. McCann,J. A. Hall, andE. H. Land. Color mondrianexperiments:Thestudyof average
spectraldistributions.J. Opt.Soc.Amer., A(67), 1977.

[5] D. H. BrainardandW. T. Freeman.Bayesiancolor constancy. J. Opt.Soc.Amer., 14(7):1393–
1411,1997.

[6] D. A. Forsyth.A novel algorithmfor color constancy. IJCV, 5(1),1990.

[7] V. C. Cardei,B. V. Funt,andK. Barnard.Modelingcolor constancy with neuralnetworks. In
Proc. Int. Conf. Vis.,Recog., andAction: Neural Modelsof Mind andMachine, 1997.

[8] R. Lenz and P. Meer. Illumination independentcolor image representationusing log-
eigenspectra.TechnicalReportLiTH-ISY-R-1947,LinköpingUniversity, April 1997.
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