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Abstract

We develop a linear model of commonly observed joint
color changes in imagesdue to variation in lighting and
certainnon-geometriccameraparameters.This is doneby
observinghow all of thecolorsaremappedbetweentwo im-
agesof thesamesceneundervarious“real-world” lighting
changes.We representeachinstanceof sucha joint color
mappingasa3-D vector�eld in RGBcolorspace.Weshow
thatthevariancein thesemapsis well representedby alow-
dimensionallinearsubspaceof thesevector�elds. We dub
theprincipalcomponentsof thisspacethecolor eigen�ows.
Whenappliedto a new image,the mapsde�ne an image
subspace(differentfor eachnew image)of plausiblevaria-
tionsof theimageasseenundera wide varietyof naturally
observedlighting conditions.We examinetheability of the
eigen�owsanda baseimageto reconstructa secondimage
takenunderdifferentlighting conditions,showing our tech-
niqueto be superiorto othermethods.Settinga threshold
on this reconstructionerrorgivesa simplesystemfor scene
recognition.

1. Intr oduction

Thenumberof possibleimagesof anobjector scene,even
whentakenfrom a singleviewpoint with a �x edcamera,is
very large. Light sources,shadows,cameraaperture,expo-
suretime,transducernon-linearities,andcameraprocessing
(suchasauto-gain-controlandcolor balancing)canall af-
fect the �nal imageof a scene[5]. Humansseemto have
no troubleat all compensatingfor theseeffectswhenthey
occurin smallor moderateamounts.However, theseeffects
have a signi�cant impact on the digital imagesobtained
with camerasand henceon imageprocessingalgorithms,
oftenhamperingor eliminatingour ability to producereli-
ablerecognitionalgorithms.
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For a color version of this paper, please see
http://www.ai.mit.edu/people/emiller/color �o ws.pdf.

Addressingthevariability of imagesdueto thesephotic
parameters hasbeenan importantproblemin machinevi-
sion. We distinguishphoticparametersfrom geometricpa-
rameters, suchas cameraorientationor blurring, that af-
fect which partsof the scenea particularpixel represents.
We alsonotethatphoticparametersaremoregeneralthan
“lighting parameters”thatwouldtypicallyonly referto light
sourcesandshadowing. We include in photic parameters
anything which affects the �nal RGB valuesin an image
given that the geometricparametersandthe objectsin the
scenehavebeen�x ed.

In this paper, we addressthe problemof whethertwo
givenimagesaredigital photographsof thesamesceneun-
derdifferentphoticparametersettings,or whetherthey are
differentphysicalscenesaltogether. To do this,we develop
a statistical linear model of color change space, by ob-
servinghow thecolorsin staticimageschangeundernatu-
rally occurringlighting changes.Thismodeldescribeshow
colorschangejointly undertypical (statisticallycommon)
photic parameterchanges.Then, given a pair of images,
we askwhetherwe candescribethedifferencebetweenthe
two images,to within sometolerance,usingthe statistical
color changemodel.If so,we concludethattheimagesare
probablyof thesamescene.

Several aspectsof our modelmerit discussion.First, it
is obtainedfrom video datain a completelyunsupervised
fashion. The model usesno prior knowledgeof lighting
conditions,surfacere�ectances,or otherparametersduring
datacollectionandmodeling.It alsohasno built-in knowl-
edgeof thephysicsof imageacquisitionor “typical” image
color changes,suchasbrightnesschanges.It is completely
datadriven. Second,it is a singleglobalmodel. That is, it
doesnot needto bere-estimatedfor new objectsor scenes.
While it may not apply to all scenesequally well, it is a
model of frequentlyoccurringjoint color changes,which
is meantto apply to all scenes.Third, while our modelis
linear in color change space, eachjoint color changethat
wemodel(a3-D vector�eld) is completelyarbitrary, andis
not itself restrictedto beinglinear. Thatis, we de�ne a lin-
earspacewhosebasiselementsarevector�elds thatrepre-
sentnonlinearcolor changes.This givesusgreatmodeling
power, while capacityis controlledthroughthe numberof
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basis�elds allowed.
After discussingpreviouswork in Section2, wedescribe

the form of the statisticalmodel and how it is obtained
from observationsin Section3. In Section4, we show how
our color changemodel anda single observed imagecan
be usedto generatea large family of relatedimages. We
alsogiveanef�cient procedurefor �nding thebest�t of the
modelto thedifferencebetweentwo images,allowing usto
determinehow muchof thedifferencebetweenthe images
canbeexplainedby typical joint color changes.In Section
5 wegive resultsandcomparisonswith 3 othermethods.

2. Previous Work

Thecolorconstancy literaturecontainsalargebodyof work
for estimatingsurfacere�ectancesand variousphotic pa-
rametersfrom images.A commonapproachis to uselinear
modelsof re�ectanceandilluminant spectra(often, the il-
luminantmatrix absorbsanassumedlinearcameratransfer
function)[9]. A surfacere�ectance(asa functionof wave-
length
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) canbe written as ���
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ilarly, illuminantscanbe representedwith a �x ed basisas
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Thebasisfunctionsfor thesemod-
els canbe estimated,for example,by performingPCA on
color measurementswith known surfacere�ectancesor il-
luminants. Given a large enoughsetof cameraresponses
or RGB values,the surfacere�ectancecoef�cients canbe
recoveredby solvinga setof linearequationsif the illumi-
nant is known, againassumingno othernon-linearitiesin
theimageformation.

A varietyof algorithmshavebeendevelopedto estimate
the illuminant from a single image. This can be doneif
somepart of the imagehasa known surfacere�ectance.
Making strong assumptionsabout the distribution of re-
�ectances in a typical image leads to two simple meth-
ods.Grayworld algorithms[2] assumethattheaveragere-
�ectanceof all thesurfacesin a sceneis gray. White world
algorithms[10] assumethatthebrightestpixel corresponds
to ascenepointwith maximalre�ectance.

Someresearchershave rede�nedthe problemto oneof
�nding therelativeilluminant(amappingof colorsunderan
unknown illuminant to acanonicalone).Colorgamutmap-
ping [4] modelsan illuminant using a “canonicalgamut”
or convex hull of all achievable image RGB valuesun-
der the illuminant. Eachpixel in an imageunderan un-
known illuminant mayrequirea separatemappingto move
it within the “canonical gamut”. Since eachsuch map-
pingde�nesa convex hull, theintersectionof all suchhulls
may provide enoughconstraintsto specify a “best” map-
ping. [3] traineda multi-layer neuralnetwork usingback-
propagationto estimatethe parametersof a linear color
mapping. The methodwas shown to outperformsimpler
methodssuchasgray/whiteworld algorithmswhentrained

andtestedon arti�cially generatedscenesfrom a database
of surfacere�ectancesandilluminants.A third approachby
[6] works in the log color spectraspace.In this space,the
effectof arelativeilluminant is asetof constantshiftsin the
scalarcoef�cients of linearmodelsfor theimagecolorsand
illuminant. Theshiftsarecomputedasdifferencesbetween
themodesof thedistributionof coef�cients of randomlyse-
lectedpixelsof somesetof representativecolors.

Notethatin theseapproaches,illuminationis assumedto
beconstantacrossthe imageplane. Themappingof RGB
valuesfrom anunknown illuminantto acanonicaloneis as-
sumedtobelinearin colorspace.A diagonallinearoperator
is commonlyusedto adjusteachof theR, G, andB chan-
nels independently. Not surprisingly, the gray world and
white world assumptionsare often violated. Moreover, a
purelylinearmappingwill notadequatelymodelnon-linear
variationssuchascameraauto-gain-control.

[1] bypassestheneedto predictspeci�c sceneproperties
by proving statementsaboutthesetsof all imagesof a par-
ticular objectascertainconditionschange.They show that
the setof imagesof a gray Lambertianconvex objectun-
derall lighting conditionsform a convex cone1. Only three
non-degeneratesamplesfrom thisconearerequiredto gen-
eratethe set of imagesfrom this space. Nowherein this
processdo they needto explicitly calculatesurfaceangles
or re�ectances.

Oneaspectof this approachthat we hopedto improve
uponwastheneedto useseveralexamples(in this case,3)
to apply thegeometryof theanalysisto a particularscene.
Thatis, we wanteda modelwhich,basedupona singleim-
age,could make usefulpredictionsaboutother imagesof
thesamescene.

Wepresentapaperin thesamespirit, althoughit is asta-
tistical methodratherthana geometricone.Our maingoal
is: giventwo different images,we wish to acceptor reject
thehypothesisthatthetwoimagesareof thesamescene, but
takenunderdifferent lighting and imaging conditions. We
view this problemassubstantiallyeasierthanthe problem
of estimatingsurfacere�ectancesor illuminants.

3. Color Flows

In the following, let ��� �!�#"%$'&�$)(
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be the setof all possi-
bleobservableimagecolor3-vectors.Let thevector-valued
colorof animagepixel ? bedenotedby @A�B?

�C+

� .
Supposewe aregiven two D -pixel RGB color images

E

�

and
EGF

of the samescenetaken under two different

1This resultdependsuponthe importantassumptionthat the camera,
including the transducers,the aperture,and the lens introduceno non-
linearitiesinto the system. The authors'resultson color imagesalsodo
not addressthe issueof metamers,andassumethat light is composedof
only thewavelengthsred,green,andblue.
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setsof photic parameters�
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(the imagesare reg-
istered). Eachpair of correspondingimagepixels ?��
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. That is, it tells ushow a particularpixel's
colorchangedfrom image
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. Thissingle-color
mappingis convenientlyrepresentedsimply by the vector
differencebetweenthetwo pixel colors:
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By computingD of thesevectordifferences(onefor each
pair of pixels) and placing eachvector differenceat the
point @ � ?��

�

�

in the color space� , we have createda vec-
tor �eld thatis de�ned at all pointsin � for which thereare
colorsin image

E

�

.
Thatis, we arede�ning avector�eld ��� over � via
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This canbevisualizedasa collectionof D arrows in color
space,eacharrow goingfrom asourcecolor to adestination
color basedon the photicparameterchange�

�

	�
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F

. We
call thisvector�eld ��� apartially observedcolor �ow . The
“partially observed” indicatesthat the vector �eld is only
de�ned at the particularcolor points that happento be in
image

E

�

.
To obtaina full color �ow , i.e.avector�eld � de�ned at

all pointsin � , from a partially observedcolor �o w ��� , we
mustaddresstwo issues.First, therewill be many points
in � at whichnovectordifferenceis de�ned. Second,there
maybemultiplepixelsof aparticularcolor in image

E

�

that
aremappedto differentcolorsin image

E
F

. We proposethe
following interpolationscheme2, which de�nes the �o w at
acolorpoint �#"%$'&�$)(

�
*

by computingaweightedproximity-
basedaverageof nearbyobserved“�o w vectors”:
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This de�nes a color �o w vectorat every point in � . Note
thattheEuclideandistancefunctionusedis de�ned in color
space, not in thespacede�ned by the [x,y] coordinatesof
theimage. 8

F

is a variancetermwhichcontrolsthemixing
of observed�o w vectorsto form the interpolated�o w vec-
tor. As 8

F

� 3

, the interpolationschemedegeneratesto a
nearest-neighborscheme,andas 8

F

�:9

, all �o w vectors
get setto the averageobserved�o w vector. In our experi-
ments,we foundempirically thata valueof 8

F

�;��< (with
colorson a scalefrom

3=


7:898

) workedwell in selectinga
neighborhoodoverwhichvectorswouldbecombined.Also

2This schemeis analogousto a Parzen-Rosenblattnon-parametricker-
nel estimatorfor densities,using a 3-D Gaussiankernel. To be a good
estimate,thetrue�o w shouldthereforebelocally smooth.

notethat color �o ws arede�ned so that a color point with
only asinglenearbyneighborwill inherit a �o w vectorthat
is nearlyparallel to its neighbor. The ideais that if a par-
ticular color, undera photicparameterchange�

�

	�

�

F

, is
observed to get a little bit darker anda little bit bluer, for
example,thenits neighborsin color spacearealsode�ned
to exhibit this behavior.

We have thus outlined a procedurefor using a pair of
correspondingimages>����

E

�

$

E F

�

to generatea full color
�o w. We will write for brevity �6�;� �?>

�

to designatethe
�o w generatedfrom theimagepair > .

3.1 Structure in the Spaceof Color Flows

Certainlyanimagefeatureappearingasonecolor, sayblue,
in oneimagecouldappearasalmostany othercolor in an-
other image. Thus the marginal distribution of mappings
for a particular color, when integratedover all possible
photicparameterchanges,is verybroadlydistributed.How-
ever, when color mappingsare consideredjointly, i.e. as
color �o ws,wehypothesizethatthespaceof possiblemap-
pings is much more compact. We test this hypothesisby
statisticallymodelingthespaceof joint color maps,i.e. the
spaceof color �o ws.

Considerfor a momenta �at Lambertiansurface that
may have differentre�ectancesasa function of the wave-
length. While in principle it is possiblefor a changein
lighting to mapany color from sucha surfaceto any other
color independentlyof all othercolors3, we know from ex-
periencethatmany suchjoint mapsareunlikely. This sug-
geststhat thereis signi�cant structurein thespaceof color
�o ws. (We will addressbelow thesigni�cant issueof non-
�at surfacesandshadows,whichcancausehighly “incoher-
ent” maps.)

In learningcolor �o ws from real data,many common
color �o ws canbe anticipated.To namea few examples,
�o wswhichmakemostcolorsa little darker, lighter, or red-
derwould certainlybeexpected.Thesetypesof �o ws can
bewell modeledwith simpleglobal linearoperatorsacting
on eachcolor vector. That is, we cande�ne a 3x3 matrix

@

thatmapsa color @BA in theimage
E

�

to a color @DC in the
image

EGF

via

@
C

�

@

@
A

�

(4)

Suchlinearmapswork well for many typesof common
photicparameterchanges.However, therearemany effects
which thesesimplemapscannotmodel. Perhapsthemost
signi�cant is thecombinationof a largebrightnesschange

3By carefully choosingsurfacepropertiessuchasthe re�ectanceof a
point asa functionof wavelength,E�F GBHJI�K , andlighting conditionsL�F(IMK ,
any mapping N

O

can, in principle be observed even on a �at Lambertian
surface.However, asnotedin [12, 8], themetamerismwhich would cause
sucheffectsis uncommonin practice.
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Figure1: Imageb is theresultof applyinga non-linearop-
eratorto thecolorsin imagea. c-f areattemptsto matchb
usinga andfour differentalgorithms.Ouralgorithm(image
f) wastheonly oneto capturethenon-linearity.

coupledwith anon-lineargain-controladjustmentorbright-
nessre-normalizationby thecamera.Suchphoticchanges
will tend to leave the bright and dim partsof the image
alone,while spreadingthecentralcolorsof color spaceto-
ward the margins. Thesetypesof changescannotbe cap-
tured well by the simple linear operatordescribedabove,
but canbecapturedby modelingthespaceof color �o ws.

A pair of imagesexhibiting a non-linearcolor �o w is
shown in Figures1a andb. Figure1a shows the original
imageandb shows animagewith contrastincreasedusing
a quadratictransformationof the brightnessvalue. Notice
thatthebrighterareasof theoriginal imagegetbrighterand
thedarker portionsgetdarker. This effect cannotbe mod-
eledusinga schemesuchasthatgiven in Equation4. The
non-linearcolor �o w allows us to recognizethat imagesa
andb maybeof thesameobject,i.e. to “match” theimages.

3.2 Color Flow PCA

Ouraim wasto capturethestructurein color �o w spaceby
observingreal-worlddatain 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
(seeFigure2). The posterwasmountedon a wall in our
of�ce so that it was in the direct line of overheadlights
andcomputermonitors,but not in thedirect light from the
single of�ce window. An inexpensive video camera(the
PC-75WR,Supercircuits,Inc.) with auto-gain-controlwas
aimedat the posterso that theposteroccupiedabout95%
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-
erawereoperatingduringthis process.

Ourgoalwastocaptureasmany commonlightingcondi-
tionsaspossible.Wedidnotuseunusuallighting conditions
suchasspeciallycoloredlights. Althoughafew imagesthat
werecapturedprobablycontainedstrongshadows,mostof
the capturedimageswere shadow-free. Smoothlighting
gradientsacrossthe posterwere not explicitly avoided or
createdin ouracquisitionprocess.

A total of 1646raw imagesof theposterwereobtained
in this manner. We then chosea set of 800 imagepairs

>��;� �
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�
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5���5��93:3

$ by randomlyand indepen-
dentlyselectingindividual imagesfrom the setof raw im-
ages.Eachimagepairwasthenusedto estimateafull color
�o w � �?>��

�

asdescribedin Equation3.
Note that since a color �o w � can be representedas

a collection of �	� coordinates,it can be thoughtof as a
point in

-0/�


. Here � is the numberof distinct RGB col-
orsat which we computea �o w vector, andeach�o w vec-
tor requires3 coordinates:�9" , �9& , and � ( , to representthe
changein eachcolor component. In our experimentswe
used� � �,<

/

��


3	�

< distinctRGB colors(equallyspaced
in RGB space),so a full color �o w was representedby a
vectorof �

�




3	�

< � �

7:7

�	�

components.
Givena largenumberof color �o ws (or pointsin

-

/�


),
therearemany possiblechoicesfor modelingtheirdistribu-
tion. We choseto usePrincipalComponentsAnalysissince
1) the�o wsarewell represented(in themean-squared-error
sense)by asmallnumberof principalcomponents(seeFig-
ure3), and2) �nding theoptimaldescriptionof adifference
imagein termsof color �o wswascomputationallyef�cient
usingthis representation(seeSection4).
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Figure 2: Imagesof the posterusedfor observingcolor
�o ws, undertwo different “natural” of�ce lighting condi-
tions. Note that the variation in a single imageis due to
re�ectanceratherthana lighting gradient.

Theprincipalcomponentsof thecolor �o ws werecom-
puted (in MATLAB), using the “economy size” singular
valuedecomposition.This takesadvantageof the fact that
the datamatrix hasa small numberof columns(samples)
relative to thenumberof componentsin a singlesample.

We call theprincipalcomponentsof thecolor �o w data
“color eigen�ows”, or just eigen�ows4, for short. We em-
phasizethattheseprincipalcomponentsof color �o wshave
nothingto do with thedistribution of colors in images, but
only model the distribution of changes in color. This is
a key and potentially confusingpoint. In particular, we
point out that our work is very different from approaches
thatcomputeprincipalcomponentsin theintensityor color
spaceitself, suchas [13] and [11]. Perhapsthe most im-
portantdifferenceis that our model is a global model for
all images,while theabove methodsaremodelsonly for a
particularsetof images,suchasfaces.

An importantquestionin applyingPCA is whetherthe
datacanbewell representedwith a“small” numberof prin-
cipal components.In Figure3, we plot theeigenvaluesas-
sociatedwith the�rst 100eigen�ows.Thisrapidlydescend-
ing curveindicatesthatmostof themagnitudeof anaverage
sample�o w is containedin the �rst tencomponents.This
canbecontrastedwith theeigenvaluecurvefor asetof ran-
dom�o ws,which is alsoshown in theplot.

4. Using Color Flows to Synthesize
Novel Images

How dowegenerateanew imagefrom asourceimageanda
color �o w or groupof color �o ws?Let @A�B?

�

bethecolorof

4PCAhasbeenappliedto motionvector�elds asin [7], andthesehave
alsobeentermed“eigen�ows”.
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Figure3: Theeigenvaluesof thecolor �o w covariancema-
trix. Therapiddropoff in magnitudeindicatesthata small
numberof eigen�ows canbeusedto representmostof the
variancein thedistributionof �o ws.

a pixel ? in thesourceimage,andlet � bea color �o w that
we have computedat a discretesetof � pointsaccording
to Equation3. For eachpixel in thenew image,its color @B�

canbecomputedas

@

�

� ?

�

��@ �B?

��� �

� ��� @A� ?

�'�

$ (5)

where
�

is a scalarmultiplier that representsthe“quantity
of �o w”. �@A�B?

�

is interpretedto be the color vectorclosest
to @ �B?

�

(in color space)at which � hasbeencomputed.If
the @

�

� ?

�

hascomponentsgreaterthantheallowedrangeof
0–255,thenthesecomponentsmustbetruncated.

Figure4 shows the effect of eachof the eigen�ows on
animageof a face.Eachverticalsequenceof imagesrepre-
sentsanoriginal image(in themiddleof thecolumn),and
theimagesaboveandbelow it representtheadditionor sub-
tractionof eacheigen�ow, with

�

varyingbetween�

�

stan-
darddeviationsfor eacheigen�ow.

We stressthat theeigen�ows wereonly computedonce
(on thecolor palettedata),andthatthey wereappliedto the
faceimagewithout any knowledgeof theparametersunder
which thefaceimagewastaken.

The �rst eigen�ow (on the left of Figure4) represents
a genericbrightnesschangethat could probablybe repre-
sentedwell with a linearmodel.Notice,however, thethird
column in Figure 4. Moving downward from the middle
image,the contrastgrows. The shadowed sideof the face
growsdarkerwhile thelightedpartof thefacegrowslighter.
This effect cannotbeachievedwith a simplematrix multi-
plicationasgivenin Equation4. It is preciselythesetypes
of non-linear�o wswe wish to model.
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Figure4: Effectsof the�rst 3 eigen�ows. Seetext.

4.1 From �o w basesto imagebases

Let � be the setof all imagesthat canbe createdfrom a
novel imageanda setof eigen�ows. Assumingno color
truncation,we show how we canef�ciently �nd the image
in � which is closest(in an �

F

sense)to a targetimage.
Let ?��

) � beapixel whoselocationin animageis atcoor-
dinates[x,y]. Let

E�� �

$��
	 be thevectorat the location[x,y]
in an imageor in a differenceimage.Supposewe view an
image

E

asafunctionthattakesasanargumentacolor �o w
andthatgeneratesa differenceimage � by placingat each
(x,y) pixel in � the color changevector � � @ � ? �

) �

�'�

. We
denotethis simplyas

� �

E

�%�

���

(6)

Thenthis “imageoperator”
E

�
�

�

is linearin its argument
sincefor eachpixel (x,y)

�

E

���

���4� � � �

$��
	 � ���

���4�

� @A�B? �

) �

� �

(7)

� � � @A�B?��

) �

� �����

� @ � ?��

) �

�'�'� �

(8)

The
�

signs in the �rst line representvector �eld addi-
tion. The

�

in the secondline refersto vector addition.
Thesecondline assumesthatwe canperforma meaningful
component-wiseadditionof thecolor �o ws.

Hence,the differencepixels in a total differenceimage
canbe obtainedby addingthe differencepixels in the dif-
ferenceimagesdueto eacheigen�ow (thedifferenceimage
basis. This allows us to computeany of the possibleim-
age�o ws for a particularimageandsetof eigen�ows from
a (non-orthogonal)differenceimagebasis.In particularlet
the differenceimagebasisfor a particularsourceimage

E

andsetof
�

eigen�ows
�

�

$��

5���5
�

, berepresentedas

�

�

�

E

�

�

�

���

(9)

Thenthesetof images� thatcanbeformedusinga source
imageanda setof eigen�owsis

� � � �

1

� �

E
���

�

��
����

�

�

�

=

$ (10)

wherethe
�

�

's arescalarmultipliers, andhere
E

is just an
imageandnota function. In ourexperiments,weused

�

�

�

3

of thetopeigenvectorsto de�ne thespace� .

4.2 Flowing oneimageto another

Supposewe have two imagesandwe posethequestionof
whetherthey areimagesof the sameobjector scene.We
suggestthatif we can“�o w” oneimageto anotherthenthe
imagesarelikely to beof thesamescene.

We canonly �o w image
E

�

to anotherimage
E

F

if it is
possibleto representthedifferenceimageasa linearcom-
binationof the �

�

's, i.e. if
E F

+

� . However, we may be
ableto get“close” to

EGF

evenif
E F

is notanelementof � .

6



Fortunately, wecandirectly solve for theoptimal(in the
least-squaressense)

�

�

's by just solvingthesystem

� �

�

�

��
����

�

�

�

$ (11)

using the standardpseudo-inverse,where � �

E F 
 E

�

.
This minimizestheerrorbetweenthetwo imagesusingthe
eigen�ows. Thus,oncewe have a basisfor differenceim-
agesof a sourceimage,we canquickly computethe best
�o w to any targetimage.We point out againthat this anal-
ysis ignorestruncationeffects. While truncationcanonly
reducetheerrorbetweenasyntheticimageanda targetim-
age,it maychangewhichsolutionis optimalin somecases.

5. Experiments
The goal of our systemis to �o w oneimageto anotheras
well aspossiblewhenthe imagesareactuallyof the same
scene,but not to endow oursystemwith enoughcapacityto
beableto �o w betweenimagesthatdonotin factmatch.An
idealsystemwould thus�o w oneimageto a matchingim-
agewith zeroerror, andhave largeerrorsfor non-matching
images. Thensettinga thresholdon suchan error would
determinewhethertwo imageswereof thesamescene.

We �rst examinedour ability to �o w a sourceimageto
a matchingtarget imageunderdifferentphoticparameters.
We comparedour systemto 3 other methodscommonly
usedfor brightnessandcolor normalization.We shall refer
to theothermethodsaslinear, diagonal, andgray world .
The linear method�nds the matrix

@

accordingto Equa-
tion 4 thatminimizesthe �

F

�t betweenthesyntheticimage
andthetargetimage.diagonal doesthesameexceptthatit
restrictsthe matrix

@

to be diagonal. gray world adjusts
eachcolor channelin the syntheticimagelinearly so that
themeanred,green,andbluevaluesmatchthemeanchan-
nel valuesin thetargetimage.

While our goal was to reducethe numericaldifference
betweentwo imagesusing�o ws,it is instructiveto examine
one examplewhich was particularly visually compelling,
shown in Figure 1. Part a of the �gure shows an image
taken with a digital camera. Part b shows the imagead-
justedby squaringthe brightnesscomponent(in an HSV
representation)andre-normalizingit to 255. Thegoalwas
to adjust imagea to matchb as closely as possible(in a
leastsquaressense). Imagesc-f representthe linear, di-
agonal, gray world, andeigen�ow methodsrespectively.
While visualresultsaresomewhatsubjective,it is clearthat
our methodwasthe only methodthat wasable to signi�-
cantlydarkenthedarker sideof the facewhile brightening
thelightersideof theface.Theothermethodswhichall im-
plementlinear operationsin color space(oursallows non-
linear�o ws)areunableto performthistypeof operation.In
anotherexperiment,� ve imagesof a faceweretakenwhile

a
1 2 3 4
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color flow
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b

Figure5: a. Original image.b. Errorsperpixel component
in thereconstructionof thetargetimagefor eachmethod.

Figure6: Testimages.Theimagesin thetoprow weretaken
with adigital camera.Theimagesin thebottomrow arethe
bestapproximationsof thoseimagesusing the eigen�ows
andthesourceimagefrom Figure5.

changingvariouscameraparameters,but lighting washeld
constant. One imagewasusedas the sourceimage(Fig-
ure5a) in eachof thefour algorithmsto approximateeach
of theotherfour images(seeFigure6).

Figure 5b shows the component-wiseRMS errorsbe-
tweenthesynthesizedimagesandthetargetimagefor each
method.Our methodoutperformstheothermethodsin all
but onetask,onwhich it wassecond.

In anothertest,thesourceandtarget imagesweretaken
under very different lighting conditions(Figures7a and
b). Furthermore,shadowing effectsandlighting direction
changedbetweenthe two images. None of the methods
couldhandletheseeffectswhenappliedglobally. To handle
theseeffects,we usedeachmethodon smallpatchesof the
image.Ourmethodagainperformedthebest,with anRMS
errorof � �

� �

perpixel component,comparedwith errorsof
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7

3 �

�:$ and
7

3 �

< for theothermethods.Figures7c and
d show thereconstructionof imageb usingourmethodand
thebestalternative method(linear). Thereareobviousvi-
sualartifactsin thelinearmethod,while our methodseems
to have produceda muchbettersyntheticimage,especially
in theshadow regionat theedgeof theposter.

One dangerof allowing too many parametersin map-
ping oneimageto anotheris that imagesthatdo not actu-
ally matchwill bematchedwith low error. By performing
synthesison patchesof images,we greatlyincreasetheca-
pacityof themodel,runningtherisk of over-parameterizing
or over-�tting our model.We performedoneexperimentto
measurethe over-�tting of our methodversusthe others.
We horizontally �ipped the imagein Figure 7b and used
this as a target image. In this case,we wantedthe error
to be large, indicatingthatwe wereunableto synthesizea
similar imageusingour model. The RMS error per pixel
componentwas �	�

�

7

for our methodversus
 �

�

8

$ 
��

�

� , and



� �

� for theothermethods.Notethatwhile ourmethodhad
lower error (which is undesirable),therewasstill a signif-
icant spreadbetweenmatchingimagesand non-matching
images.

We believe we can improve differentiation between
matchingandnon-matchingimagepairsby assigningacost
to the change in coef�cients

�

�

acrosseachimagepatch.
For imageswhich do not match,we would expectthe

�

�

's
to changerapidly to accommodatethechangingimage.For
imageswhich do match,sharpchangeswould only benec-
essaryat shadow boundariesor sharpchangesin the sur-
faceorientationrelative to directionallight sources.We be-
lievethiscansigni�cantly enhancethemethod,by addinga
strongsourceof informationabouthow thecapacityof the
model is actually being usedto matcha particularimage
pair.

To usethis methodaspartof anobjectrecognitionsys-
tem, we clearly have to deal with geometricvariation in
additionto photicparameters.We arecurrentlyinvestigat-
ing the utility of our methodon imageswhich areout of
alignment,which shouldaid in the incorporationof sucha
methodinto a realisticobjectrecognitionscenario.
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