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Abstract

In [1] we introduceda linear statisticalmodelof joint color changesin

imagesdueto variationin lighting andcertainnon-geometricamerga-
rametersWe did this by measuringhe mappingof colorsin oneimage
of asceneto colorsin anotherimageof the samesceneunderdifferent
lighting conditions. Here we increasethe e xibility of this color ow

model by allowing ow coefcients to vary accordingto a low order
polynomialover the image. This allows usto better t smoothlyvary-
ing lighting conditionsaswell ascurved surfaceswithout endaving our
modelwith too muchcapacity We shav resultsonimagematchingand
shadov removal anddetection.

1 Intr oduction

Thenumberof possibleéimagesof anobjector scenegvenwhentakenfrom a singleview-
pointwith a x ed camerajs very large. Light sourcesshadavs, cameraaperture expo-
suretime, transducenon-linearitiesandcamergrocessingsuchasauto-gin-controland
color balancing)canall affectthe nal imageof a scene.Theseeffectshave a signi cant
impacton the imagesobtainedwith camerasand henceon imageprocessingalgorithms,
oftenhamperingor eliminatingour ability to producereliablerecognitionalgorithms.

Addressinghevariability of imagesdueto thesephotic parametes hasbeenanimportant
problemin machinevision. We distinguishphotic parameterfrom geometricparametes,
suchascamereorientationor blurring, thataffectwhich partsof thescenea particularpixel
representsWe alsonotethat photic parametersre more generalthan“lighting parame-
ters” andinclude anything which affectsthe nal RGB valuesin animagegiventhatthe
geometricparameterandthe objectsin the sceneéhave been x ed.

We presenta statisticallinear model of color change spacethatis learnedby observing
how the colorsin staticimageschanggointly undercommon naturallyoccurringlighting
changes.Sucha modelcanbe usedfor a numberof tasks,including synthesisof images
of new objectsunderdifferentlighting conditions jmagematching,andshadev detection.
Resultsfor eachof thesetaskswill bereported.

Several aspectf our model merit discussion.First, it is obtainedfrom video datain a
completelyunsupervisedashion. The modelusesno prior knowledgeof lighting condi-
tions,surfacere ectancespr otherparametersluringdatacollectionandmodeling.It also
hasno built-in knowvledge of the physics of image acquisitionor “typical” image color



changessuchasbrightnesshangesSecondit is asingleglobalmodelanddoesnotneed
to bere-estimatedor new objectsor scenesWhile it may not applyto all scenesqually
well, it is a modelof frequentlyoccurringjoint color changeswhich is meantto applyto

all scenesThird, while our modelis linearin color change space eachjoint color change
that we model (a 3-D vector eld) is completelyarbitrary andis not itself restrictedto

beinglinear. This givesusgreatmodelingpower, while capacityis controlledthroughthe

numberof basis elds allowed.

After discussingpreviouswork in Section2, we introducethe color o w modelandhow
it is obtainedfrom obsenationsin Section3. In Section4, we shav how the modelanda
singleobsenred imagecanbe usedto generatea large family of relatedimages.We also
giveanefcient procedurdor nding thebestt of themodelto thedifferencebetweertwo
images.In Section5 we give preliminaryresultsfor imagematching(objectrecognition)
andshadav detection.

2 Previouswork

The color constanyg literature containsa large body of work on estimatingsurface re-
ectancesandvariousphoticparameterfrom images.A commonapproachs to uselinear
modelsof re ectanceandilluminant spectra[2]. Gray world algorithms[3] assumehe
averagere ectanceof all the surfacesin a sceneis gray White world algorithms[4] as-
sumethe brightestpixel correspondso a scenepoint with maximalre ectance.Brainard
andFreemarattacled this problemprobabilistically[5] by de ning prior distributionson
particularilluminants and surfaces. They useda new, maximumlocal massestimatorto
choosea singlebestestimateof theilluminantandsurface.

Anothertechniquds to estimatetherelative illuminant or mappingof colorsunderanun-
known illuminantto a canonicalone. Color gamutmapping[6] usesthe corvex hull of all
achievable RGB valuesto representinilluminant. The intersectionof the mappingsfor
eachpixel in animageis usedto choosea “best” mapping.[7] traineda back-propagtion
multi-layer neuralnetwork to estimatethe parametersf a linear color mapping. The ap-
proachin [8] worksin thelog color spectraspacewherethe effect of a relative illuminant
is asetof constanshiftsin thescalarcoefcients of linearmodelsfor theimagecolorsand
illuminant. The shifts arecomputedasdifferenceshetweenthe modesof the distribution
of coefcients of randomlyselectedixels of somesetof representatie colors.

[9] bypassesheneedto predictspeci ¢ scengpropertieshy proving thatthe setof images
of agray Lambertiancorvex objectunderall lighting conditionsform a corvex cone! We
wanteda modelwhich, basedipona singleimage(insteadof threerequiredby [9]), could
male useful predictionsaboutotherimagesof the samescene.This work is in the same
spirit, althoughwe usea statisticalmethodratherthana geometricone.

3 Color ows

In thefollowing, letC= f(r;g;T 2 R®:0 r 2550 g 2550 b 255be
the setof all possibleobsenableimagecolor 3-vectors.Let the vectorvaluedcolor of an
imagepixel p bedenotedoy c(p) 2 C.

Supposene aregiventwo P -pixel RGB colorimagesl ; andl, of the samescenetaken
undertwo differentphotic parameters; and , (theimagesareregistered).Eachpair of

1This resultdependsiponthe importantassumptiorthat the camerajncluding the transducers,
the aperture andthe lensintroduceno non-linearitiesnto the system.The authors'resultson color
imagesalsodo not addresghe issueof metamersand assumethat light is composedf only the
wavelengthged,greenandblue.



Figurel: Matchingnon-linearcolor changesb is the resultof squaringthe valueof a (in
HSV) andre-normalizingit to 255. c-f areattemptgo matchb with a usingfour different
algorithms.Our algorithm(f) wasthe only oneto capturethe non-linearity

correspondingmagepixelspX andps;1 kP, in thetwo imagesrepresents single-
color mappingc(p¥) 7! c(p) thatis corvenientlyrepresentedly the vectordifference:

d(pf:ps) = c(ps)  c(pf): 1)

By computingP vectordifferencegonefor eachpair of pixels) andplacing eachat the
pointc(pX) in color spaceC, we have a partially observectolor ow:

Ae@)) = dpf;ps); 1 k P @)
de ned at pointsin Cfor whichtherearecolorsin imagel ;.

To obtaina full color ow (i.e.avector eld de ned atall pointsin C) from a partially
obseredcolor ow © we mustaddresswo issues.First, therewill be mary pointsin
C at which no vector differenceis de ned. Second,there may be multiple pixels of a
particularcolorin imagel ; thataremappedo differentcolorsin imagel .. We usearadial
basisfunction estimatorwhich de nesthe o w ata color point (r; g;b) T astheweighted
proximity-basedaverageof nearbyobsered“ o w vectors”. We found empirically that

2 = 16 (with colorson a 0—255scale)workedwell. Notethatcolor o ws arede ned so
thatacolorpointwith only asinglenearbyneighbomwill inherita o w vectorthatis nearly
parallel to its neighbor The ideais thatif a particularcolor, undera photic parameter
change ; 7! ,,isobseredto getalittle bit darkerandalittle bit bluer, for example,then
its neighbordn color spacearealsode ned to exhibit this behaior.

3.1 Structurein the spaceof color ows

Considera at Lambertiansurfacethat may have differentre ectancesas a function of

thewavelength.While in principleit is possiblefor a changein lighting to mapary color

from sucha surfaceto ary othercolor independentlyf all other colors?, we know from

experiencethatmary suchjoint mapsareunlikely. This suggestshatwhile the maminal

distribution of mappingdor a particularcolor is broadlydistributed, the spaceof possible
joint color maps(i.e., color o ws)is muchmorecompact.

In learninga statisticalmodelof color o ws, mary commoncolor o ws canbeanticipated
suchasonesthatmale colorsalittle darker, lighter, or morered. Thesetypesof o wscan
be well modeledwith a simpleglobal 3x3 matrix A thatmapsa colorc; in imagel; toa
colorc; inimagel ; via

c2 = Acq: (3)

However, therearemary effectswhichlinearmapscannotmodel. Perhapshemostsigni -
cantis thecombinationof alarge brightnesshangecoupledwith anon-lineargain-control
adjustmenbr brightnesge-normalizatiorby the camera. Suchphotic changewill tend

2By carefullychoosingpropertiesuchasthe surfacere ectanceof a pointasafunctionof wave-
lengthandlighting ary mapping™ can,in principle,be obseredevenona at Lambertiansurface.
Howeverthemetamerisnwhich would causesucheffectsis uncommorin practice[10, 11]

3We will addresselow the signi cant issueof non- at surfacesandshadavs, which cancause
highly “incoherent’maps.
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Figure 2: Evidenceof non-linearcolor q
changes. The rst two imagesare of

the top and side of a box coveredwith

multi-coloredpaper The quotientimage

is showvn next. Therightmostimageis an

ideal quotientimage,correspondingo a Figure3: Effectsof the rst threeeigen ows.
linearlighting model. Seetext.
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to leave the bright anddim partsof theimagealone,while spreadinghe centralcolorsof
color spacegowardthemamgins.

For alinearimagingprocesstheratio of thebrightnessesf two images pr quotientimage
[12], shouldvary smoothlyexceptat surfacenormal boundaries.However as shavn in
Figure2, the quotientimageis a function not only of surfacenormal,but alsoof albedo—
directevidenceof a non-linearimagingprocess Anotherpair of imagesexhibiting anon-
linearcolor o wis shavnin Figuresla andb. Noticethatthebrighterareasof theoriginal
imagegetbrighterandthe darker portionsgetdarker.

3.2 Color eigen ows

We wantedto capturethe structurein color o w spaceby observingreal-world datain an

unsuperviseflashion.A onesquaremetercolor palettewasprintedon standarchon-glossy
plotter paperusing every color that could be producedby a Hewlett PackardDesignJet
650C. The posterwas mountedon a wall in our of ce sothatit wasin the directline of

overheadights and computermmonitorsbut not the single of ce window. An inexpensve

videocamergthe PC-75WR,Supercircuits|nc.) with auto-gin-controlwasaimedat the

postersothatthe posteroccupiedabout95%of the eld of view.

Imagesof the postemwerecapturedisingthe video cameraundera wide variety of lighting
conditions,including variousintervals during sunrise sunsetat midday andwith various
combinationf of ce lights andoutdoorlighting (controlledby adjustingblinds). People
usedthe of ce duringthe acquisitionprocessaswell, thusaffecting the ambientlighting
conditions. It is importantto notethata variety of non-linearnormalizationmechanisms
built into the camerawereoperatingduringthis process.

We choseimagepairsl | = (11;1,);1  j 80G, by randomlyandindependentlyse-
lecting individual imagesfrom the setof raw images. Eachimagepair wasthenusedto
estimatea full color ow ( 1'). We used4096distinct RGB colors (equally spacedn
RGB space)so ( | ) wasrepresentetly avectorof 3 4096= 12288components.

We modeledthe spaceof color o ws usingprincipalcomponentanalysisPCA) because:
1) the o ws arewell representedin anL , sense)py a smallnumberof principal compo-
nents,and2) nding the optimaldescriptionof a differenceimagein termsof color o ws
was computationallyef cient usingthis representatioiseeSection4). We call the prin-
cipal component®f the color o w data“color eigen ows”, or just eigen ows? for short.
We emphasizéhattheseprincipalcomponent®f color o ws have nothingto do with the
distribution of colors in images but only modelthe distribution of changesin color. This
is a key andpotentiallyconfusingpoint. Our work is very differentfrom approacheshat
computeprincipal componentsn the intensityor color spacetself [14, 15]. Perhapghe
mostimportantdifferenceis that our modelis a global modelfor all images,while the

“PCAhasbeerappliedto motionvector elds [13], andthesehave alsobeertermed‘eigen ows”.
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Figure4: Imagematching.Top row: originalimages.Bottomrow: bestapproximatiornto
original imagesusingeigen ows andthe sourceimagea. Reconstructiorerrorsper pixel
componenfor four methodsareshovn in b.

abore methodsaremodelsonly for a particularsetof imagessuchasfaces.

4 Usingcolor o wsto synthesizenovel images

How do we generatex new imagefrom a sourceimageanda color ow ? For eachpixel
p in the new image,its color cqp) canbe computedas

AP =cP+  (eP); 4
wherec(p) is color in the sourceimageand is a scalarmultiplier that representshe

“quantity of ow”. €(p) is interpretedo bethecolorvectorclosesto c(p) (in colorspace)
atwhich hasbheencomputed RGB valuesareclippedto 0—255.

Figure 3 shaws the effect of the rst threeeigen ows on animageof aface. The original

imageis in the middle of eachrow while the otherimagesshav the applicationof each
eigen ow with  valuesbetween 4 standarddeviations. The rst eigen ow (top row)

representagenericbrightnesshangehatcouldprobablyberepresentediell with alinear
model. Notice, however, thethird row. Moving right from the middle image,the contrast
grows. Theshadavedsideof thefacegrows darker while thelighted partof thefacegrows

lighter. This effect cannotbe achiezed with a simple matrix multiplication as given in

Equation3. It is preciselythesetypesof non-linear o ws we wish to model.

We stresghattheeigen ows wereonly computednce(onthecolor palettedata),andthat
they wereappliedto thefaceimagewithoutary knowledgeof the parametersinderwhich
thefaceimagewastaken.

4.1 Flowing oneimageto another

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

Let ustreatanimagel asafunctionthattakesacolor o w andreturnsadifferencemage
D by placingat each(x,y) pixel in D the color changevector ( c(pxy )). Thedifference
imagebasisfor | andsetof eigenows ;1 i E,isD; = I( ;). Thesetofimages
S tqgt can be formed using a sourceimageand a setof eigenowsis S = fS : S =

| + iE:1 iDig, wherethe 'sarescalarsandherel is justanimage,andnotafunction.
In our experimentsye usede = 30 of thetop eigervectors.

We canonly ow imagel ; to anotherimagel , if it is possibleto representhe difference
imageasa linear combinationof the D;'s, i.e.if I, 2 S. We nd the optimal (in the
least-squaresense) ; 's by solvingthe system

X
D= iDi; %)
i=1
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Figure5: Modeling lighting changeswith color o ws. a. Imagewith strongshadev. b.
Samemageundermoreuniformlighting conditions.c. Flow fromato b usingeigen ows.
d. Flow fromatob usinglinear. Evaluatingthecapacityof thecolor o w model.e. Mirror
imageof b. f. Failureto ow b to eimpliesthatthe modelis not overparameterized.

usingthe pseudo-imersewhereD = |, |;. Theerrorresidualrepresentsmatchscore
for I, andl,. We pointout again thatthis analysisgnoresclipping effects. While clipping

canonly reducethe error betweena syntheticimageand a targetimage, it may change
which solutionis optimalin somecases.

5 Experiments

5.1 Image matching

One useof the color changemodelis for imagematching. An ideal systemwould ow
matchingimageswith zeroerror, andhave large errorsfor non-matchingmages.

We rst examinedour ability to ow a sourceimageto a matchingtargetimage under
differentphotic parametersWe comparecur systemto 3 othercommonlyusedmethods:
linear, diagonal, andgray world. Thelinear method nds thematrixA in Equation3 that
minimizesthe L, errorbetweenthe syntheticandtargetimages;diagonal doesthe same
with adiagonalA ; gray world linearly matcheghe meanR, G, B valuesof the synthetic
andtargetimages. While our goal wasto reducethe numericaldifferencebetweentwo
imagesusing o ws, it is instructive to examineoneexamplethatwas particularlyvisually
compelling,shavn in Figurel.

In asecondxperimentFigure4), we matchedmagesof afacetakenundervariouscamera
parameterbut with constantighting. Color o ws outperformghe othermethodsn all but
onetask,onwhichit wassecond.

5.2 Local ows

In anothertest,the sourceandtamgetimagesweretakenundervery differentlighting con-
ditions. Furthermoreshadaving effectsandlighting directionchangedetweenthe two
images.Noneof the methodscould handletheseeffectswhenappliedglobally. Thuswe
repeatedlyappliedeachmethodon small patchesof the image. Our methodagain per
formedthe best,with anRMS errorof 13:8 per pixel componentcomparedwith errorsof
17:3; 20:1; and20:6 for theothermethods Figure5 shavs obviousvisualartifactswith the
linear method,while our methodseemso have produceda much bettersyntheticimage,
especiallyin the shadev region at the edgeof the poster
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Figure6: Backgroundingwith color ows. a A backgroundmage. b A new objectand
shadev have appeared.c For eachof the two regions (from backgroundsubtraction),a
“ o w"” wasdonebetweertheoriginalimageandthe new imagebasednthepixelsin each
region. d Thecolor o w of the originalimageusingthe eigen ow coefcients recovered
from theshadav region. Thecolor o w usingthe coefcients from the non-shadw region
areunableto give areasonableeconstructiorof the new image.

Synthesion patchef imagesgreatlyincreaseshe capacityof the model. We performed
one experimentto measurehe over- tting of our methodversusthe othersby trying to
o w anoriginalimageto its re ection (Figure5). TheRMS errorperpixel componentas
33:2 for our methodversusA1:5; 47:3, and48:7 for the othermethods Note thatwhile our
methodhadlower error (whichis undesirable)therewasstill asigni cant spreacetween
matchingimagesand non-matchingmages. We believe we canimprove differentiation
betweenmatchingand non-matchingmagepairsby assigninga costto the change in
acrosseachimage patch. For non-matchingimages,we would expectthe 's to vary
rapidly to accommodat¢he changingimage. For matchingimages sharpchangesvould
only be necessanat shadev boundariesor changesn the surfaceorientationrelative to
directionallight sources.

5.3 Shadaws

Shadwvs confusetrackingalgorithmg[16], backgroundingchemesndobjectrecognition
algorithms. For example,shadevs canhave a dramaticeffect on the magnitudeof differ-

enceimages,despitethe fact that no “new objects” have entereda scene. Shadavs can
alsomove acrossanimageandappeatasmoving objects. Many of theseproblemscould
be eliminatedif we couldrecognizethata particularregion of animageis equivalentto a
previously seenversionof the sceneput undera differentlighting.

Figure6a shavs how color o ws may be usedto distinguishbetweena new objectanda
shadev by o wing bothregions. A constantcolor ow acrossan entire region may not
modeltheimagechangewell. However, we canextendour basicmodelto allow linearly
or quadratically(or otherlow orderpolynomially) varying elds of eigen ow coefcients.
Thatis, we can nd the bestleastsquarest of the differenceimageallowing our esti-
matesto vary linearly or quadraticallyover theimage. We implementedhis techniqueby
computingows ., betweercorrespondingmagepatchegindexedby x andy), andthen
minimizing thefollowing form:
X
arg r?/lin (xy Moy)T x;)}( xy MeCxy): (6)
Xy

Here, eachc,,, is a vector polynomial of the form [x y 1] for the linear caseand
[x2 xy y? x y 1] for the quadraticcase. M is an E x3 matrix in the linear caseand
anE x6 matrixin the quadraticcase.The ,.}'s arethe error covariancesn the estimate
of the ., 'sfor eachpatch.

Allowing the 'sto vary over the imagegreatlyincreaseghe capacityof a matchey but
by limiting this variationto linear or quadraticvariation, the capacityis still not ableto
gualitatvely match“non-matching”images.Note thatthis smoothvariationin eigen ow
coefcients canmodeleithera nearbylight sourceor a smoothlycurving surface,since
eitherof theseconditionswill resultin a smoothlyvaryinglighting change.



constant linear quadratic
shadev | 36.5 125 120
non-shade | 110.6 64.8 59.8

Tablel: Errorresidualdor shadav andnon-shade regionsaftercolor o ws.

We considerthreeversionsof the experiment: 1) a single vectorof ow coefcients, 2)
linearly varying 's, 3) quadraticallyvarying 's. In eachcase the residualerror for the
shadav region is muchlower thanfor the non-shade region (Tablel).

5.4 Conclusions

Exceptfor the synthesisxperimentsmostof the experimentsn this paperarepreliminary
and only a proof of concept. Much larger experimentsneedto be performedto estab-
lish the utility of the color changemodelfor particularapplications.However, sincethe
color changemodelrepresents compactdescriptionof lighting changesincluding non-
linearities,we areoptimisticabouttheseapplications.
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