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Abstract

We develop a linear model of commonly obsened joint

color changesin imagesdue to variation in lighting and
certainnon-geometricamergparametersThis is doneby

observinchow all of thecolorsaremappedetweernwo im-

agesof the samesceneundervarious“real-world” lighting

changes.We representachinstanceof sucha joint color
mappingasa3-D vector eld in RGB colorspaceWe shov

thatthevariancein thesemapsis well representetly alow-

dimensionalinear subspacef thesevector elds. We dub
theprincipalcomponentsf this spacehecolor eigen ows.

When appliedto a new image,the mapsde ne animage
subspacédifferentfor eachnew image)of plausiblevaria-
tionsof theimageasseenunderawide variety of naturally
obsenedlighting conditions.We examinethe ability of the
eigen ows anda baseimageto reconstruca secondmage
takenunderdifferentlighting conditions,shaving ourtech-
nigueto be superiorto other methods. Settinga threshold
onthis reconstructiorerrorgivesa simplesystemfor scene
recognition.

1. Intr oduction

The numberof possibleimagesof anobjector scenegven
whentakenfrom a singleviewpointwith a x edcamerajs
very large. Light sourcesshadavs, cameraaperturegxpo-
suretime, transducenon-linearitiesandcamergrocessing
(suchasauto-gain-controaind color balancing)canall af-
fectthe nal imageof a sceng]5]. Humansseemto have
no troubleat all compensatindor theseeffectswhenthey
occurin smallor moderateamounts However, theseeffects
have a signi cant impact on the digital imagesobtained
with camerasand henceon image processingalgorithms,
oftenhamperingor eliminatingour ability to producereli-
ablerecognitionalgorithms.

For a color version of this paper
http://wwwai.mit.edu/peoplefeill er/color_ o ws.pdf.

please see

Addressinghe variability of imagesdueto thesephotic
parametes hasbeenanimportantproblemin machinevi-
sion. We distinguishphotic parameterérom geometricpa-
rametes, suchas cameraorientationor blurring, that af-
fect which partsof the scenea particularpixel represents.
We alsonotethat photic parametersire more generalthan
“lighting parametersthatwouldtypically only referto light
sourcesand shadaving. We includein photic parameters
arnything which affectsthe nal RGB valuesin animage
giventhatthe geometricparametersindthe objectsin the
sceneéhavebeenx ed.

In this paper we addressthe problem of whethertwo
givenimagesaredigital photograph®f the samesceneun-
derdifferentphotic parametesettings,or whetherthey are
differentphysicalscenesltogetherTo do this, we develop
a statisticallinear model of color change space by ob-
servinghow the colorsin staticimageschangeundernatu-
rally occurringlighting changesThis modeldescribesiow
colors changejointly undertypical (statisticallycommon)
photic parameterchanges. Then, given a pair of images,
we askwhethemwe candescribehedifferencebetweerthe
two images,to within sometolerance usingthe statistical
color changemodel. If so,we concludethattheimagesare
probablyof thesamescene.

Several aspectf our modelmerit discussion.First, it
is obtainedfrom video datain a completelyunsupervised
fashion. The model usesno prior knowledge of lighting
conditions surfacere ectancespr otherparametersluring
datacollectionandmodeling.It alsohasno built-in knowl-
edgeof the physicsof imageacquisitionor “typical” image
color changessuchasbrightnesschangeslt is completely
datadriven. Secondjt is a singleglobalmodel. Thatis, it
doesnot needto bere-estimatedor new objectsor scenes.
While it may not apply to all scenesequally well, it is a
model of frequentlyoccurringjoint color changeswhich
is meantto applyto all scenes.Third, while our modelis
linearin color change space eachjoint color changethat
we model(a3-D vector eld) is completelyarbitrary andis
notitself restrictedto beinglinear. Thatis, we de ne alin-
earspacewhosebasiselementsarevector elds thatrepre-
sentnonlinearcolor changesThis givesusgreatmodeling
power, while capacityis controlledthroughthe numberof



basis elds allowed.

After discussingpreviouswork in Section2, we describe
the form of the statisticalmodel and how it is obtained
from obsenationsin Section3. In Section4, we shov how
our color changemodel and a single obsered image can
be usedto generatea large family of relatedimages. We
alsogive anefcient procedurdor nding thebestt of the
modelto thedifferencebetweertwo imagesallowing usto
determinehow muchof the differencebetweerthe images
canbe explainedby typical joint color changesin Section
5 we give resultsandcomparisonsvith 3 othermethods.

2. Previous Work

Thecolorconstang literaturecontainsalargebodyof work
for estimatingsurfacere ectancesand various photic pa-
rameterd§rom images.A commonapproachs to uselinear
modelsof re ectanceandilluminant spectra(often, theil-
luminantmatrix absorbsan assumedinear cameraransfer
function)[9]. A surfacere ectance(asa function of wave-
length ) canbe written as Sim-
ilarly, illuminantscanbe representedvith a x ed basisas

Thebasisfunctionsfor thesemod-
els canbe estimatedfor example,by performingPCA on
color measurementwith known surfacere ectancesor il-
luminants. Given a large enoughsetof cameraresponses
or RGB values,the surfacere ectancecoefcients canbe
recoveredby solving a setof linearequationsf the illumi-
nantis known, againassumingno othernon-linearitiesin
theimageformation.

A varietyof algorithmshave beendevelopedto estimate
the illuminant from a singleimage. This can be doneif
somepart of the image hasa known surfacere ectance.
Making strong assumptionsabout the distribution of re-
ectancesin a typical image leadsto two simple meth-
ods. Grayworld algorithms[2] assuméhatthe averagere-
ectanceof all thesurfacesin a scenss gray. White world
algorithms[10] assumehatthe brightestpixel corresponds
to ascenepointwith maximalre ectance.

Someresearcherbave rede nedthe problemto one of
nding therelativeilluminant(amappingof colorsunderan
unknownilluminantto a canonicabne).Color gamutmap-
ping [4] modelsan illuminant using a “canonicalgamut”
or corvex hull of all achievable image RGB valuesun-
der the illuminant. Eachpixel in animageunderan un-
known illuminant mayrequirea separatenappingto move
it within the “canonicalgamut”. Since eachsuch map-
ping de nesaconvex hull, theintersectiorof all suchhulls
may provide enoughconstraintsto specify a “best” map-
ping. [3] traineda multi-layer neuralnetwork usingback-
propagationto estimatethe parameterof a linear color
mapping. The methodwas shovn to outperformsimpler
methodssuchasgray/whiteworld algorithmswhentrained

andtestedon arti cially generatedgcenedrom a database
of surfacere ectancesandilluminants. A third approactby
[6] worksin thelog color spectraspace.In this spacethe
effectof arelativeilluminantis asetof constanshiftsin the
scalarcoefcients of linearmodelsfor theimagecolorsand
illuminant. The shiftsarecomputedasdifferencedetween
themodesof thedistribution of coefcients of randomlyse-
lectedpixelsof somesetof representatie colors.

Notethatin theseapproacheslluminationis assumedo
be constantacrossthe imageplane. The mappingof RGB
valuesfrom anunknownilluminantto acanonicabneis as-
sumedo belinearin colorspace A diagonalinearoperator
is commonlyusedto adjusteachof the R, G, andB chan-
nelsindependently Not surprisingly the gray world and
white world assumptionsre often violated. Moreover, a
purelylinearmappingwill notadequatelynodelnon-linear
variationssuchascameraauto-gain-control.

[1] bypassetheneedto predictspeci ¢ sceneproperties
by proving statementaboutthe setsof all imagesof a par
ticular objectascertainconditionschange.They show that
the setof imagesof a gray Lambertiancorvex objectun-
derall lighting conditionsform a corvex coné'. Only three
non-degjeneratsampledrom this conearerequiredto gen-
eratethe setof imagesfrom this space. Nowherein this
procesgdo they needto explicitly calculatesurfaceangles
or re ectances.

One aspectof this approachthat we hopedto improve
uponwasthe needto useseveralexamples(in this case 3)
to apply the geometryof the analysisto a particularscene.
Thatis, we wanteda modelwhich, basedupona singleim-
age, could make useful predictionsaboutotherimagesof
thesamescene.

We presentipapelin thesamespirit, althoughit is a sta-
tistical methodratherthana geometricone. Our main goal
is: giventwo differentimages, we wish to acceptor reject
thehypothesishatthetwoimagesare of thesamescenebut
taken underdifferentlighting and imaging conditions We
view this problemassubstantiallyeasierthanthe problem
of estimatingsurfacere ectancesor illuminants.

3. Color Flows

In the following, let
be the setof all possi-
ble obsenableimagecolor 3-vectors.Let thevectorvalued
color of animagepixel bedenotedchy .
Supposewe aregiventwo -pixel RGB color images
and of the samescenetaken undertwo different

1This resultdependsuponthe importantassumptiorthat the camera,
including the transducersthe aperture,and the lens introduceno non-
linearitiesinto the system. The authors'resultson color imagesalsodo
not addresghe issueof metamersandassumehat light is composedf
only thewavelengthsed,green,andblue.



setsof photic parameters and  (the imagesare reg-

istered). Eachpair of correspondingmagepixels and

, in the two imagesrepresent® mapping

. Thatis, it tells us how a particularpixel's

colorchangedromimage toimage . Thissingle-color

mappingis corvenientlyrepresenteadimply by the vector
differencebetweerthetwo pixel colors:

)

By computing of thesevectordifferenceqonefor each
pair of pixels) and placing eachvector differenceat the
point in the color space , we have createda vec-
tor eld thatis de ned atall pointsin  for which thereare
colorsin image

Thatis, we arede ning avectoreld  over via

)

This canbevisualizedasa collectionof  arravsin color
spaceeacharron goingfrom asourcecolorto adestination
color basedon the photic parametechange . We
callthisvector eld  apartially observedtolor ow. The
“partially obsened” indicatesthat the vector eld is only
de ned at the particularcolor pointsthat happento be in
image

To obtainafull color ow,i.e.avectoreld de nedat
all pointsin , from a partially obseredcolor ow , we
mustaddresswo issues. First, therewill be mary points
in atwhich novectordifferences de ned. Secondthere
maybemultiple pixelsof aparticularcolorin image that
aremappedo differentcolorsin image . We proposehe
following interpolationschemé, which de nesthe o w at
acolorpoint by computinga weightedproximity-
basedaverageof nearbyobsened” o w vectors”:

®3)

This de nes a color o w vectorat every pointin . Note
thatthe Euclideandistancdunctionusedis de nedin color
space not in the spacede ned by the [x,y] coordinateof
theimage. s avariancetermwhich controlsthe mixing
of obsered o w vectorsto form the interpolatedo w vec-
tor. As , the interpolationschemeadegenerateso a
nearest-neighb@chemeandas , all ow vectors
getsetto the averageobsened o w vector In our experi-
ments,we found empirically thata valueof (with
colorson a scalefrom ) workedwell in selectinga
neighborhoodverwhichvectorswould becombined Also

2This schemés analogouso a Parzen-Rosenblation-parametri&er-
nel estimatorfor densities,usinga 3-D Gaussiarkernel. To be a good
estimatethetrue o w shouldthereforebelocally smooth.

notethatcolor o ws arede ned sothata color point with
only asinglenearbyneighbomwill inherita o w vectorthat
is nearlyparallel to its neighbor Theideais thatif a par
ticular color, undera photic parametechange ,is
obsenedto geta 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
correspondingmages to generatea full color
ow. We will write for brevity to designatehe
0 w generatedrom theimagepair

3.1 Structurein the Spaceof Color Flows

Certainlyanimagefeatureappearingasonecolor, sayblue,
in oneimagecould appeamasalmostany othercolorin an-
otherimage. Thusthe marginal distribution of mappings
for a particular color, when integrated over all possible
photicparametechangesis verybroadlydistributed. How-
ever, when color mappingsare consideredointly, i.e. as
color o ws, we hypothesizehatthe spaceof possiblemap-
pingsis much more compact. We testthis hypothesishy
statisticallymodelingthe spaceof 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 mapary color from sucha surfaceto ary other
colorindependentlyf all othercolors®, we know from ex-
periencethatmary suchjoint mapsareunlikely. This sug-
geststhatthereis signi cant structurein the spaceof color
ows. (We will addresselow the signi cant issueof non-
at surfacesandshadavs, which cancauséhighly “incoher
ent” maps.)

In learningcolor o ws from real data, mary common
color o ws canbe anticipated. To namea few examples,
o wswhichmalke mostcolorsalittle darker, lighter, or red-
derwould certainlybe expected. Thesetypesof o ws can
bewell modeledwith simplegloballinearoperatorsacting
on eachcolor vector Thatis, we cande ne a 3x3 matrix

thatmapsacolor intheimage toacolor inthe
image via

(4)

Suchlinear mapswork well for mary typesof common
photic parametechangesHowever, therearemary effects
which thesesimple mapscannotmodel. Perhapghe most
signi cant is the combinationof a large brightnesschange

3By carefully choosingsurfacepropertiessuchasthe re ectanceof a
pointasa functionof wavelength, , andlighting conditions
ary mapping can,in principle be obsered evenon a at Lambertian
surface.However, asnotedin [12, 8], the metamerisnwhich would cause
sucheffectsis uncommorin practice.



Figurel: Imageb is theresultof applyinga non-linearop-
eratorto the colorsin imagea. c-f areattemptgo matchb
usinga andfour differentalgorithms.Ouralgorithm(image
f) wastheonly oneto capturethe non-linearity

coupledwith anon-lineargain-controldjustmenor bright-
nessre-normalizatiorby the camera.Suchphotic changes
will tendto leave the bright and dim partsof the image
alone,while spreadinghe centralcolorsof color spaceto-
ward the mamins. Thesetypesof changesannotbe cap-
turedwell by the simple linear operatordescribedabove,
but canbe capturedby modelingthe spaceof color o ws.

A pair of imagesexhibiting a non-linearcolor ow is
shawn in Figuresla andb. Figurela shaws the original
imageandb shovs animagewith contrastincreasedising
a quadratictransformatiorof the brightnessvalue. Notice
thatthebrighterareasf theoriginalimagegetbrighterand
the darker portionsgetdarker. This effect cannotbe mod-
eledusinga schemesuchasthatgivenin Equation4. The
non-linearcolor o w allows usto recognizethatimagesa
andb maybeof thesameobject,i.e.to “match” theimages.

3.2 Color Flow PCA

Ouraim wasto capturethe structurein color o w spaceby
observingeal-world datain anunsuperviseéiashion.Todo
this, we gathereddataasfollows. A large color palette(ap-
proximatelyl squaremeter)was printed on standarchon-
glossy plotter paperusing every color that could be pro-
ducedby our Hewlett PackardDesignJe650C penplotter
(seeFigure 2). The posterwas mountedon a wall in our
of ce sothatit wasin the direct line of overheadlights
andcomputermmonitors,but notin the directlight from the
single of ce window. An inexpensve video camera(the
PC-75WR,Supercircuits)nc.) with auto-gain-controlvas
aimedat the posterso that the posteroccupiedabout95%
of the eld of view.

Imagesof the posterwerecapturedisingthevideocam-
eraundera wide variety of lighting conditions,including
variousintervalsduringsunrise sunsetatmidday andwith
variouscombinationsof of ce lights and outdoorlighting
(controlledby adjustingblinds). Peopleusedtheof ce dur-
ing theacquisitionprocesaswell, thusaffectingthe ambi-
entlighting conditions.It is importantto notethata variety
of non-lineamormalizatiormechanismsuilt into the cam-
erawereoperatingduringthis process.

Ourgoalwasto captureasmary commonlighting condi-
tionsaspossible We did notuseunusualighting conditions
suchasspeciallycoloredlights. Althoughafew imageghat
werecapturedprobablycontainedstrongshadavs, mostof
the capturedimageswere shadev-free. Smoothlighting
gradientsacrossthe posterwere not explicitly avoided or
createdn ouracquisitionprocess.

A total of 1646raw imagesof the posterwereobtained
in this manner We then chosea setof 800 image pairs

by randomlyandindepen-
dently selectingindividual imagesfrom the setof raw im-
ages.Eachimagepairwasthenusedto estimateafull color
ow asdescribedn Equation3.

Note that sincea color ow  canbe representeds
a collection of coordinatesjt canbe thoughtof asa
pointin . Here is the numberof distinct RGB col-
orsat whichwe computea o w vector andeach o w vec-
tor requires3 coordinates: , ,and |, torepresenthe
changein eachcolor component. In our experimentswe
used distinctRGB colors(equallyspaced
in RGB space),so a full color ow wasrepresentedy a
vectorof components.

Givenalarge numberof color o ws (or pointsin ),
therearemary possiblechoicesfor modelingtheir distribu-
tion. We choseto usePrincipalComponent#\nalysissince
1) the o wsarewell represente¢in themean-squared-error
sensepy asmallnumberof principalcomponentgseeFig-
ure3),and2) nding theoptimaldescriptiorof adifference
imagein termsof color o ws wascomputationallyef cient
usingthis representatiofseeSectiord).



Figure 2: Imagesof the posterusedfor observingcolor
o ws, undertwo different“natural” of ce lighting condi-
tions. Note that the variationin a singleimageis dueto
re ectanceratherthanalighting gradient.

The principal component®f the color o ws werecom-
puted (in MATLAB), using the “economy size” singular
valuedecomposition.This takesadwantageof the factthat
the datamatrix hasa small numberof columns(samples)
relative to the numberof component$n a singlesample.

We call the principal component®f the color o w data
“color eigen ows”, or just eigen ows*, for short. We em-
phasizehattheseprincipalcomponentsf color o ws have
nothingto do with the distribution of colors in images but
only model the distribution of changesin color. This is
a key and potentially confusingpoint. In particular we
point out that our work is very differentfrom approaches
thatcomputeprincipal componentén the intensityor color
spaceitself, suchas[13] and[11]. Perhapghe mostim-
portantdifferenceis that our modelis a global modelfor
all images,while the abore methodsaremodelsonly for a
particularsetof images suchasfaces.

An importantquestionin applyingPCA is whetherthe
datacanbewell representedith a“small” numberof prin-
cipal componentsin Figure 3, we plot the eigervaluesas-
sociatedwvith the rst 100eigen ows. Thisrapidlydescend-
ing curveindicateghatmostof themagnitudeof anaverage
sample o w is containedn the rst tencomponentsThis
canbecontrastedvith the eigervaluecurve for asetof ran-
dom o ws,whichis alsoshovnin theplot.

4. Using Color Flows to Synthesize
Novel Images

How dowe generateanew imagefrom asourceémageanda
color o w or groupof color o ws?Let bethecolor of

4PCAhasbeenappliedto motionvector elds asin [7], andthesehave
alsobeentermed‘eigen ows”.

eigenvalue

I I I I I I I I I
0 10 20 30 40 50 60 70 80 90 100
eigenvector index

Figure3: Theeigervaluesof the color o w covariancema-
trix. Therapiddrop off in magnitudendicatesthata small
numberof eigen ows canbe usedto representostof the
variancein thedistribution of o ws.

apixel inthesourceimage,andlet beacolor ow that
we have computedat a discretesetof  pointsaccording
to Equation3. For eachpixel in thenew image,its color
canbecomputeds

5)
where is a scalarmultiplier thatrepresentshe “quantity
of ow". is interpretedto be the color vectorclosest
to (in color space)at which hasbeencomputed.If
the hascomponentgreatethanthe allowedrangeof

0-255 thenthesecomponentsnustbetruncated.

Figure 4 shows the effect of eachof the eigen ows on
animageof aface.Eachverticalsequencef imagesepre-
sentsan original image(in the middle of the column),and
theimagesabove andbelaw it representheadditionor sub-
tractionof eacheigen ow, with  varyingbetween stan-
darddeviationsfor eacheigen ow.

We stressthatthe eigen ows wereonly computedonce
(onthe color palettedata),andhatthey wereappliedto the
faceimagewithout ary knowledgeof the parametersinder
whichthe faceimagewastaken.

The rst eigen ow (on the left of Figure 4) represents
a genericbrightnesschangethat could probablybe repre-
sentedwell with alinearmodel. Notice, however, the third
columnin Figure4. Moving downward from the middle
image,the contrastgrows. The shadeved side of the face
growsdarkerwhile thelightedpartof thefacegrowslighter.
This effect cannotbe achieved with a simple matrix multi-
plicationasgivenin Equationd. It is preciselythesetypes
of non-linear o wswe wish to model.



Figure4: Effectsof the rst 3 eigen ows. Seetext.

4.1 From ow baseso imagebases

Let bethe setof all imagesthat canbe createdfrom a
novel imageand a setof eigen ows. Assumingno color
truncation,we shov how we canefciently nd theimage
in whichisclosestiinan sense}o atargetimage.

Let beapixel whoselocationin animageis atcoor
dinateg[x,y]. Let be the vectorat the location[x,y]
in animageor in a differenceimage. Supposeve view an
image asafunctionthattakesasanargumentacolor o w
andthatgenerates differenceimage by placingateach
(x,y) pixel in  the color changevector . We
denotethis simply as

(6)

Thenthis “image operator” is linearin its agument
sincefor eachpixel (x,y)

(7)
(8)

The signsin the rst line representvector eld addi-
tion. The in the secondline refersto vector addition.
Thesecondine assumeghatwe canperformameaningful
component-wisadditionof thecolor o ws.

Hence,the differencepixelsin atotal differenceimage
canbe obtainedby addingthe differencepixelsin the dif-
ferenceimagesdueto eacheigen ow (thedifferenceimage
basis This allows usto computeany of the possibleim-
age o wsfor a particularimageandsetof eigen ows from
a (non-orthogonalilifferencemagebasis.In particularlet
the differenceimagebasisfor a particularsourceimage
andsetof eigen ows , berepresenteds

(9)

Thenthesetof images thatcanbeformedusingasource
imageanda setof eigen owsis

(10)

wherethe 'sarescalarmultipliers,andhere is justan
imageandnotafunction. In our experimentsye used
of thetop eigervectorsto de ne thespace .

4.2 Flowing oneimageto another

Supposeve have two imagesandwe posethe questionof
whetherthey areimagesof the sameobjector scene.We
suggesthatif we can“ o w” oneimageto anotheithenthe
imagesarelikely to be of thesamescene.

We canonly ow image to anotherimage if it is
possibleto representhe differenceimageasa linear com-
binationof the 's,i.e.if . However, we may be
ableto get“close”to  evenif is notanelemenif



Fortunatelywe candirectly solve for the optimal (in the
least-squaresense) 'sby justsolvingthesystem

(11)

using the standardpseudo-inerse,where

This minimizesthe errorbetweerthetwo |magesusmgthe
eigen ows. Thus,oncewe have a basisfor differenceim-
agesof a sourceimage,we canquickly computethe best
0 w to ary tarmgetimage.We point out againthatthis anal-
ysisignorestruncationeffects. While truncationcanonly
reducethe errorbetweenra syntheticimageandatargetim-
age,it maychangewhich solutionis optimalin somecases.

5. Experiments

The goal of our systemis to o w oneimageto anotheras
well aspossiblewhenthe imagesare actually of the same
sceneput notto endav our systemwith enoughcapacityto
beableto o w betweerimageghatdonotin factmatch.An
ideal systemwould thus o w oneimageto a matchingim-
agewith zeroerror, andhave large errorsfor non-matching
images. Thensettinga thresholdon suchan error would
determinevhetherntwo imageswereof thesamescene.

We rst examinedour ability to o w a sourceimageto

a matchingtargetimageunderdifferentphotic parameters.

We comparedour systemto 3 other methodscommonly
usedfor brightnessandcolor normalization.We shallrefer
to the othermethodsaslinear, diagonal, andgray world.
Thelinear method nds the matrix  accordingto Equa-
tion 4 thatminimizesthe  t betweerthesynthetiamage
andthetargetimage.diagonal doesthe sameexceptthatit
restrictsthe matrix ~ to be diagonal. gray world adjusts
eachcolor channelin the syntheticimagelinearly so that
themeanred,green,andblue valuesmatchthe meanchan-
nelvaluesin thetargetimage.

While our goal wasto reducethe numericaldifference
betweertwo imagesusing o ws, it is instructve to examine
one example which was particularly visually compelling,
shawvn in Figure 1. Part a of the gure shavs animage
taken with a digital camera. Part b shaws the image ad-
justedby squaringthe brightnesscomponent(in an HSV
representationandre-normalizingit to 255. The goalwas
to adjustimagea to matchb as closely as possible(in a
leastsquaressense). Imagesc-f representhe linear, di-
agonal, gray world, andeigen ow methodsrespectiely.
While visualresultsaresomavhatsubjectve, it is clearthat
our methodwasthe only methodthat was able to signi -
cantly darkenthe darker side of the facewhile brightening
thelighter sideof theface.Theothermethodsvhichall im-
plementlinear operationsn color space(oursallows non-
linear o ws)areunableto performthistypeof operation.n
anotherexperiment, veimagesof afaceweretakenwhile

2

color flow
finear
diagonal
gray worls

Figure5: a. Originalimage.b. Errorsper pixel component
in thereconstructiorof thetargetimagefor eachmethod.

Figure6: Testimages.Theimagedn thetoprow weretaken
with adigital cameraTheimagesn thebottomrow arethe
bestapproximationf thoseimagesusingthe eigen ows
andthe sourceimagefrom Figure5.

changingvariouscamergparametershut lighting washeld
constant. Oneimagewas usedas the sourceimage (Fig-
ure5a) in eachof the four algorithmsto approximatesach
of the otherfour images(seeFigure6).

Figure 5b shavs the component-wiseRMS errors be-
tweenthe synthesizedmagesandthetargetimagefor each
method. Our methodoutperformsthe othermethodsin all
but onetask,onwhichit wassecond.

In anothertest,the sourceandtargetimagesweretaken
under very different lighting conditions (Figures 7a and
b). Furthermoreshadaving effectsandlighting direction
changedbetweenthe two images. None of the methods
couldhandletheseeffectswhenappliedglobally. To handle
theseeffects,we usedeachmethodon small patchesf the
image.Our methodagainperformedthe best,with anRMS
errorof perpixel componentcomparedvith errorsof



and for the othermethods.Figures7c and
d shav thereconstructiorof imageb usingour methodand
the bestalternatve method(linear). Thereareobvious vi-
sualartifactsin the linearmethod while our methodseems
to have produceda muchbettersyntheticimage,especially
in theshadav region atthe edgeof the poster

One dangerof allowing too mary parametersn map-
ping oneimageto anotheris thatimagesthatdo not actu-
ally matchwill be matchedwith low error. By performing
synthesion patchesof imageswe greatlyincreasehe ca-
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 targetimage. In this case,we wantedthe error
to be large, indicatingthat we were unableto synthesizea
similar imageusingour model. The RMS error per pixel
componentvas for our methodversus ,and

for theothermethods Note thatwhile our methodhad
lower error (which is undesirable)therewasstill a signif-
icant spreadbetweenmatchingimagesand non-matching
images.

We believe we can improve differentiation between
matchingandnon-matchingmagepairsby assigningacost
to the change in coefcients  acrosseachimage patch.
For imageswhich do not match,we would expectthe 's
to changerapidly to accommodatéhe changingmage.For
imageswhich do match,sharpchangesvould only be nec-
essaryat shadev boundariesor sharpchangesn the sur
faceorientationrelative to directionallight sourcesWe be-
lievethis cansigni cantly enhanceéhemethod by addinga
strongsourceof informationabouthow the capacityof the
modelis actually being usedto matcha particularimage
pair.

To usethis methodaspart of an objectrecognitionsys-
tem, we clearly have to deal with geometricvariation in
additionto photic parametersWe arecurrentlyinvestigat-
ing the utility of our methodon imageswhich are out of
alignment,which shouldaid in the incorporationof sucha
methodinto arealisticobjectrecognitionscenario.
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