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Abstract

In [9], weintroducedh linearstatisticalmodelof joint color
changesin imagesdueto variationin lighting and certain
non-geometricameragparametersWe did this by measur
ing themappingsof colorsin oneimageof ascendo colors
in anothelimageof the samesceneunderdifferentlighting
conditions.

In this paper we extendour modelin severalwaysand
examineits applicability to several importantproblemsin
machinevision. Theextensiongo our modelincludeincor-
poratinga model of imagenoiseand a prior on the color
0 ws usedto explain a particularimagedifference.In ad-
dition, we increasehe e xibility of our modelby allowing
color o w coefcients tovaryaccordingo alow orderpoly-
nomialovertheimage.Thisallows usto bettert smoothly
varyinglighting conditionsaswell ascurved surfaceswith-
outendaving our modelwith too muchcapacity The prob-
lemswe explore include shadev removal anddetectionas

well asinferenceof scenggeometry

1. Intr oduction

In previouswork [9], weintroducedcolor ows, alinearsta-
tistical modelof joint color changesin imagesdueto vari-
ationin lighting. Color o ws aremeantto modelnot only
commonglobal lighting changeqwhich have an approx-
imately linear effect on sceneradiance),but also various
non-linearcameraeffects suchas aperturesettings,trans-
ducerdynamicsandgain correction.

A color ow is avector eld in color spacegachvector
in the vector eld startsat one color and endsat another
Sinceavector eld canbeconsideredinelementof avec-
tor space,an ensembleof color o ws can be studiedus-
ing commonstatisticaimethodssuchasclusteringandprin-
cipal componentsanalysis. We shaved that the principal
component®f theensemblef color o ws (thebasis elds
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that representedhe directionsof greatestvariationin the
ensemblekxorrespondedo commonmodesof color varia-
tionin imagesdueto lighting changessuchas“brightness”,
“warmth”,and“contrast”. We thendemonstratetiow color
0 ws canbeusedto createa simplemodelfor the variabil-
ity in imagesof a new objectusingonly a singleexampleof
thatobject.

In Section? and3, we de ne thecolor o w modeland
how it is obtainedfrom obserationsin a particularenvi-
ronment. Thenin Section4, we discussimage matching
with color o ws, incorporatingan imagenoisemodeland
aprior on color o ws. We examinethe applicability of our
modelto severalimportantproblemsin machinevision in
Section5. The problemswe explore include shadav re-
moval and detectionaswell asinferenceof scenegeome-
try. We alsodescribehow we increasehe e xibility of our
modelby allowing color o w coefcients to vary according
to alow order polynomialover the image. This allows us
to better t smoothlyvaryinglighting conditionsaswell as
cunedsurfacesvithoutendaving our modelwith toomuch
capacity We discussthe advantagesand disadwantage of
our modelwith respecto theseproblemsandrelationships
to otherlighting invariancemodelssuchas[2, 1, 12].

2. Color Flows

In the following, let C = f(r;g;)" 2 R®: 0 r
2550 g 2550 b 255 bethesetof all possi-
ble obsenableimagecolor 3-vectors.Let thevectorvalued
color of animagepixel p bedenoteddy c(p) 2 C.
Supposewe are given two N -pixel RGB color images
I, and |, of the samescenetaken undertwo different
setsof photic parameters; and , (the imagesare reg-
istered). Eachpair of correspondingmage pixels p§ and
ps;1 kN, in the two imagesrepresents mapping
c(p¥) 7! c(pk). Thatis, it tells us how a particularpixel's
colorchangedromimagel ; toimagel ,. Thissingle-color
mappingis corveniently representedimply by the vector
differencebetweerthetwo pixel colors:

d(pf;p5) = c(p5)  c(pl): 1)
By computingN of thesevectordifferenceqonefor each



pair of pixels) and placing eachvector differenceat the
point c(p¥) in the color spaceC, we have createda vec-
tor eld thatis de ned atall pointsin Cfor whichthereare
colorsin imagel ; .

Thatis, we arede ning avector eld

%e(p)) = d(Pf;ps); 1k N: )

This canbevisualizedasa collectionof N arrovsin color
spaceeacharron going from a sourcecolor to a destina-
tion color basedon the photic parametechange ; 7! .
We call this vector eld  °a partially observedccolor ow
(seeFigurela). The“partially obsered” indicatesthatthe
vector eld is only de ned atthe particularcolor pointsthat
happerto bein imagel ;.

To obtaina full color ow, i.e.avector eld de ned
at all pointsin C, we merely interpolatebetweenthe val-
uesof the partially obsened color o w asdiscussedn our
previous paper(Figure 1b). Our interpolationscheme[9]
is de ned so that a color point with only a single nearby
obsered neighborwill inherita ow vectorthatis nearly
parallel to thatneighbors o w vector Theideais thatif a
particularcolor, undera photicparametechange ; 7! o,
is obsenredto getalittle bit darker andalittle bit bluer, for
example,thenits neighborsin color spacearealsode ned
to exhibit this behaior.

We have thus outlined a procedurefor using a pair of
correspondingmagesl = (I ;1) to generate full color
ow. We will write for brevity = ( |) to designatehe
o w generatedrom theimagepairl .

OoverCvia

2.1 Data Collection

Our aim wasto capturethe structurein color o w spaceby
observingeal-world datain anunsuperviseflashion.To do
this, we gathereddataasfollows. A large color palette(ap-
proximately1l squaremeter)was printed on standarchon-
glossy plotter paperusing every color that could be pro-
ducedby our Hewlett PackardDesignJe650C penplotter.

Figurel: Color o ws asvector elds in color space.a. A
(synthetic) partially obsened color ow obtainedfrom a
pair of imagesunderdifferentlighting conditions. An ar
row appearsat eachpointin color spacewvherea color was
obsened. b. Theinterpolateccompletionof this color o w.

Thepostemwasmountedonawall in ourof ce sothatit was
in thedirectline of overheadights andcomputemonitors,
but notin thedirectlight from the singleof ce window. In
this seriesof experimentswe usedthe Sory DCR-VX2000
NTSCvideocamera.Settingswere choseno dynamically
adjustfor brightnessso that variousnon-linearitieswould
beintroduced(of course this makesthe camerausefulin a
wider rangeof lighting settings).The cameravasaimedat
thepostersothatthe posteroccupiedabout95%of the eld
of view.

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

We chosea setof 1000imagepairs! i = (11;1});1
] 100Q by randomlyandindependentlyselectingindi-
vidualimagesfrom the setof raw images.Eachimagepair
wasthenusedto estimateafull color o w.

3 The Statisticsof Color Flows

One of the primary goals of this work is to statistically
model color changedueto lighting variation. Intuitively,

we know thatthelighting changeghatoccurin onesetting
are statistically different than lighting changeshat occur
in othersettings. For example,the mostcommonlighting

changesn mary windowlessof ces areduesimply to the
switchingon andoff of electricallights. Ontheotherhand,
in arural outdoorsetting,it is therising andsettingof the
sunandchangesn theweathethatmostdramaticallyaffect
thelighting. It seemgseasonabléo assumehatthe statis-
tics of color changesn imagesarea function of the setting
in whichthoseimagesareacquired.

As discussedreviously, the particularpropertiesof the
cameraalso affect the statisticsof color ows. Contrast

o ws andothernon-linearaffectsarethe resultof normal-
izations,saturationandgain controlwhich areall functions
of the particularcamerabeingused.

To formalizetheseideas,we de ne anervironmentE =
(pL(); C) to be a pair consistingof a probability density
p. () overlighting conditionsanda particularcameramake
andmodelC. Theprimarypurposeof introducingtheseno-
tionsis to emphasizé¢hatif color o w statisticsaregathered
in oneernvironmentandappliedin anotheythe resultsmay
beunreliable.Sinceour datawasgatheredn a (windowed)
of ce ervironmentwith a particularcamerathe modelwe
producerepresentghat particular combination. In other



words, we would not expectto be ableto model outdoor
lighting changedrom the of ce datawe gathered.

3.1 Statisticsof the Of ce Environment

Light primarily hasan effect whenit impingesuponsome
surface. Ideally, the environmentde ned above shouldin-
clude the angle of the surface being evaluatedrelative to
the light sourcessincethis variablehasa majorimpacton
the irradianceof the surface. However, herewe make the
simplifying assumptiorthat the distribution over lighting
conditionsis spatially isotropic. In otherwords, while at
ary giventime the light may be comingfrom a particular
direction,we modelit asequallylikely to comefrom ary
direction. This isotropic distribution over lighting condi-
tionstheninducesadistribution over lighting impingingon
a surface. If the distribution of lighting is isotropic, then
the conditionaldistribution of incidentlight on the surface
is invariantto the surfaceorientation.By samplingpairsof
theselighting conditionsat differenttimes, we obtainvari-
ouscolor ows?

In this work, we assumehatthe distribution over color
ows in the of ce ervironmentis a zero-mearGaussiart.
We performa principal componentsanalysisto obtainthe
dominantmodesof variation of the color ows2 We call
the o wsof greatesvariationthatemegefrom thisanalysis

the“color eigen ows”.

Sincecolor o wsaremodelsof imagechangeratherthan
imagesperse,they areperhapdestvisualizedby beingap-
plied to a particularimage. By applying o wsto animage
of a at objectphotographedn the ervironmentto which
the o w modelbelongswe obtainimagesrepresentinghe
variability of thatobjectin the ervironment. We shaov the
resultof applyingthe of ce-basedeigen ows to the picture
of apaintingin Figure2. Eachcolumnrepresentsnemode
of lighting variationfor the originalimage(at the middle of
eachcolumn)aspredictedby the“of ce” color o w model.
Intuitively, the rst columnrepresentsomethingsimilarto
brightness. The secondcolumnis clearly a shift from a
blueishtint to a yellowish tint, andmay representhanges

1Sincewe areultimatelyinterestedn imagedifferencesreatedoy dif-
ferent lighting conditions,we are interestedin the distribution of color
o ws inducedby comparingimagesfrom non-adjacentnstantsin time.
If we wereto build adistribution of o ws basedn adjacenvideoframes,
the majority of the probability massof color o ws would be atthe “null”
ow.

2Sincecolorsat the boundaryof color space(e.g. black, white, fully
saturateded, etc.) will always o w away from the boundaryof the color
cubeor not at all, the meancolor o w cannotbe expectedto actuallybe
zerofor thesecolors. However, a non-zeromean o w would imply, for
a Gaussiardistribution of o ws, that the maximumlikelihood o w was
non-zero. This in turn would imply that two identicalimageswere best
explainedby somenon-zeroo w. In orderto presere the“null” ow as
themaximumlikelihood o w, we make the zeromeanassumption.

3We are also currently investigating a factor analysismodel of color
ows.

dueto early morningor late afternoonlighting conditions.
Thethird columncanbe seento be a non-lineareffect that
increasegontrastin onedirection,anddecreaseg in the
other

Herewe emphasizeperhapghe mostimportantfeature
of our model. Sinceit is a modelof imagechangerather
than of images,it can be appliedto ary image. The re-
sultingimagesetis aninducedmodelof the variability of
theinputimageundertheernvironments changingllumina-
tion. A majorlimitation is thatthis appliesonly to images
of at surfaces. However, we will investicate belov how
color o ws canbeusedin settingswith multipleandcurved
surfaces.

4 Image matching with color o ws

The centralaim of this workshopis to recognizeobjects
acrossvariationsin lighting. Oneapproacho solving this
problemis to evaluatethelik elihoodthattwo imaged ; and
| , areof thesameobjectundersomemodelof lighting vari-
ability. Here,we assumehattwo imagesof the samescene
areaffectedby lighting changegmodeledby the color ow
distribution) and by additve independentGaussiamoise
(in all threecolor channels). We then evaluatethe likeli-
hood that the differencebetweentwo imageswas caused
by a particularlighting change.A thresholdon this likeli-
hoodcanbe usedto decidewhetherimages‘match” or not,
i.e.whetherthey areimagesof the samescene.To evaluate
whethera distribution of color o ws canexplain the differ-
encebetweertwo imageswe must rst know how to apply
acolor ow to animage.This is similar to the formulation
of handwrittendigit matchingin [8] wherecolor transfor
mationstake the placeof spatialtransformations.

4.1 Applying a ow to animage

A ow isappliedto animagein thefollowing way. Let c(p)
bethecolor of apixel p in thesourceimage,andlet bea
color o w. For eachpixel in thenew image,its color c®can
becomputedas

cp) = e+ ( e(P); ®)

where is a scalarmultiplier thatrepresentshe “quantity
of ow”". €(p) is interpretedto be the color vectorclosest
to c(p) (in color space)atwhich hasbeencomputed.If
thecYp) hascomponentgreaterthanthe allowed rangeof
0-255,thenthesecomponentsnustbetruncated.
Notethata distribution over o ws pairedwith anew im-
ageinducesa (usuallyisomorphic} distribution over differ-
enceimagesand a correspondinglistribution over “new”

4As long asthedifferencémagebasisvectorsarelinearlyindependent,
thesetof differenceimageswill bein one-to-onecorrespondenceith the
color ows.



imagesobtainedfrom addingthe differenceimagesto the
originalimage.

4.2 Estimating imagediffer encesunder noise
with color o ws

Central to this paperwill be the maximum a posteriori
(MAP) estimationof the “color ow” betweerntwo images
accordingto our model. Thatis, giventwo imagesl ; and
I, we wish to explain theimagedifferenceD = 1, I,
assomecombinationof changegdueto photic parameters
(modeledby eigen ows) and additive pixel-independent
Gaussiarimagenoise.

The differenceimagesf D g thatcanbe createdoy ap-
plying eacheigen ow ; to an original imagel are ob-
tainedsimply by changingeachcolor in animageby the
amountspeci ed in onestandarddeviation worth of a par
ticular eigen ow. We notatethis as

Di=1( i)

Theseimageswill form a basisfor the linear spaceof
differenceimagesthat canbe createdirom the eigen ows.
We thenseekthe MAP solutionto theequation

¥
D= iDi +n;
i=1

whereE is the numberof eigen ows used,andn is pix-
elwise andchannelise independenGaussiamoisein the
imagewith diagonalcovariance ,. Also, theimagediffer-
enceD shouldbeviewedasan“unwrapped”vectorhereof
size3N, whereN is the numberof pixelsin theimage.In
matrix form, we canwrite thisas

D=D +n;

whereD is amatrixwhosecolumnsarethebasisdifference
imagesand is the vectorof coefcients multiplying the
basisvectors.

To solwe this problem,we need |, an estimateof the
noisevariance,and , the covarianceof the image dif-
ferencecoefcients. Since, by de nition, the difference
imagesalreadyincorporatea multiplier proportionalto the
standarddeviation of thecolor o w in thatparticulardirec-
tion, isjusttheidentity matrix.

To obtainan estimateof imagenoise,we looked at the
meanof the magnitudeof the differencebetweena pixel's
red, green,and blue componentdetweensuccessie im-
ages. This turnedout to be about4:4 on a scaleof 0-255
per color channel. This distribution alsoturnedout to be
substantiallydependentiponthe color in theinitial image,
but we assumedsotropicnoisein thiswork, i.e.we set y
to44 1.

Figure2: Effectsof the rst 3 eigen ows. Eachimagein
thecenterrow is acopy of theoriginalimage.Eachcolumn
represents 4 standardieviationsof a particulareigen ow.



With and n, we canwrite down a “ridge regres-
sion” style MAP estimateof whichis

AN

mae = (DT ('D+ H D ('D @
= (DT (D+1) D 'D: (5)

Usingthis estimateof , thenthecolor o w estimateof
thedifferencemagebecomes

andtheresidual‘unexplained”partof theimagedifference
is

kD(x;y) D(xy)k (6)

&
= Kl 2(X; y)
Xy

lixy) Doy)k  (7)

Settingathresholdon this valuecanthenbe usedto accept
or rejectthe hypothesisthat the two imagesmatch. In our

previous paper we give preliminary comparison®f resid-

ualerrorobtainedby usingstandardnodelsof colorchange
andthecolor o wsmethod.Next we discusgheadwantages
anddisadwantage®f the color o w modelrelative to other

lighting invariancemethodsn addressingariousproblems
relatedto lighting invariance.

5 Problemsrelatedto lighting invari-
ance

5.1 Generative modelsfor images

One of the most generictasksin the domainof lighting
invarianceis to generatearbitrary nev views of an object
given somemodel of the object, while producingas few
“unrealistic” views aspossible. Thereare mary modelsof
lighting invariancewhich canbe usedto producenovel im-
agesof an objectundernew lighting conditionsof which
(2, 1,12, 3, 7]) arejust afew. They differ in several re-
spects.

5.1.1 What is beingmodeled

First, approachesuchasBelhumeuret al's [2] and Basri
etal's[1] differ from our approachn the effectsthatthey
aremodelling.In bothof thesethegoalis to modeldistant
light sourceson Lambertianobjectswith constantighting
throughoutthe sceng(with the exceptionof self-shadws).
Thereis no attemptto model the distribution of lighting
color, or non-linearcameraeffects. Thereis alsono attempt
to dealwith the effectsof nearbylight sourceswhich will

have varying anglesof incidenceeven upon at surfaces.
While our model also makes the Lambertianassumption,
it differs in thatit puts a probability density on lighting
changedor at surfaces.lt is alsoeasilyadaptablgo ex-
plain the effectsof nearbylight sourcesaswe will discuss
in the sectionon shadevs belon. However, it doesnot di-
rectly addresself-castshadaevs.

5.1.2 Creatingthe object model

Before lighting invariancemodelscan be usedto predict
new imagesor for otherpurposesthe modelitself mustbe
created.Currentmethodsvary widely in the complexity of

thetaskof creatingthe model. Predictingimagesof anob-

jectaccordingo the procedurausedin [1] requireshatone
have afull 3-D modelof theobjectathand,andhenceeither
a specialapparatusor eachobject,or a numberof sample
imagescoupledwith an algorithmfor constructingsucha
3D model.

Many objectspeci ¢ modelshave beenexamined,such
asthe color eigenficemodeldescribedn [10]. However,
thesemodelsmustbetrainedseparatelyor eachclasswith
enoughimagesto develop a good estimateof a possibly
highdimensionakpace.They have nogeneralizatiombility
acros<lasses.

Undercertainassumptionsasfew as3 imagesperobject
canbeusedto generatall of the grayscalevariationsof an
objectasdescribedn [2]. We mentionagainthatthis model
assumesight sourcesatin nity andperfectLambertiarre-

ectances.

Oneof theappealingdeaturesf our modelis that,while
it is trainedon mary hundredsor thousand®f images,it
canthenbeappliedto new objectsusingonly asingleexam-
ple of thatobject. While our modelworks bestfor at ob-
jects, it givesreasonableesultsfor non- at objectsaswell,
and effectively modelsambientlight changesi.e. lighting
changeghathave anapproximatelyequivalenteffect on all
partsof theobject.

By smoothlyvaryingtheeigen ow coefcients acrossan
image,we canapproximatenearbylighting effectsaswell.
It is easyto trainsuchamodelonaparticulartypeof change
too, suchasshadev changes.

5.1.3 Probabilistic imagegeneration

Anotherissueregardingimagegeneratioris beingableto
associatea likelihood or probability with the imagesgen-
erated. By applyinga 3x3 linear matrix operatorto each
colorin animage,we cangeneratea wide variety of plau-
sible imagesfrom a single exemplar However, with such
a generatte modelthereis no notion of the likelihood of
suchimages. In particular choosingthe matrix randomly
accordingto a uniform distribution over the componentsf



the matrix, the modelwill producemostlyimageswith im-
plausiblecolor distributions.

The sameis true for othergeneratre imageprocesses.

Of coursetheseothermethodsouldbeextendedo include
probabilitydensitiesover the generatedmages.

The color ow model explicitly assignsa probability
densityto eachcolor changethatis particularto the envi-
ronmentfrom which the o ws werecollected. This should
malke it moreeffective in applicationsvherethelik elihood
canbeusedto helpdiscriminateamongexplanations.

5.2 Shadawvs

Shadevs posea numberof interestingproblemsin com-
putervision. Shadws confusetracking algorithms[11],
backgroundingschemesindobjectrecognitionalgorithms.
For example, shadavs can have a dramaticeffect on the
magnitudeof differenceimages,despitethe fact that no
“new objects”have entereda scene Shadevs canalsomove
acrossan imageand appearas moving objects. Many of
theseproblemscould be eliminatedif we could recognize
thata particularregion of animageis equivalentto a previ-
ously seenversionof the sceneput undera differentlight-
ing. For example,supposehatthelighting impingingupon
a at surfacehaschangediueto anearbylampbeingturned
on. The changingangleof incidencewill make it dif cult
to modelthe imagetransformatioras a single mappingof
color space€rom oneimageto the other

In Figure 3a, we shaw a simplebackgroundmage. In
Figure3b, apersorandhisshadev have appeareéh theim-
age.We considetthe problemof distinguishingoetweerthe
person(a new object)andthe shadav (a lighting change).
We did the following experiment. With simpleimagedif-
ferencingwe sggmentedheimageinto two approximately
connectedregions that did not match the previous back-
ground(Figure 3c). For eachcomponentwe then o wed
(choseeigen ow coefcients) the region from imagea to
imageb accordingo Eq.4. Figure3d shavsthefull image
basedntheshadav o w.

To distinguishbetweenshadaevs and non-shadas, we
wantthe averageresidualerrorfor non-shadws to be high
while the averageresidual error for shadavs to be low.
Sincethesearerealimageshowever, a constantolor ow
acrossan entire region may not model the image change
well.

However, we caneasilyextendour basicmodelto allow
linearly or quadratically(or otherlow orderpolynomially)
varying elds of eigen ow coefcients. Thatis, we can nd
the bestleastsquarest of the differenceimageallowing
our estimatedo vary linearly or quadraticallyover the
image.We implementedhis techniqueoy computing o ws

xy betweencorrespondingmage patches(indexed by x

Figure 3: a A backgroundimage. b A new objectand
shadev have appeared.c For eachof the two regions, a
“o w” wasdonebetweenthe original imageand the new
imagebasedon the pixelsin eachregion. d Thecolor ow
of the original imageusing the eigen ow coefcients re-
coveredfrom the shadav region. The color o w usingthe
coefcients from the non-shadw region areunableto give
areasonableeconstructiorof the new image.

constant linear quadratic
36.5 125 12.0
110.6 64.8 59.8

shadaov
non-shado

Table 1: Error residualsfor the shadev and non-shadw
regions after color ows. Constantlinearly varying, and
guadraticallyarying o wswereused.

andy), andthenminimizing thefollowing form:
X

arg ng/l'n ( xy
Xy

M cyy )’ x;)}( xy McCey): (8)

Here,eachcy., is avectorpolynomialof theform [x y 1]
for thelinearcaseand[x? xy y? x y 1]" for the quadratic
caseM isanEx3 matrixin thelinearcaseandanE x6 ma-
trix in the quadraticcase.lt de neseachof theE planesor
quadricsrespectiely. The X;yl's arethe error covariances
in theestimateof the ., 's for eachpatch.

Allowing the 's to vary over the image obviously
greatlyincreaseshe capacityof a matchey but by limiting
this variationto linear or quadraticvariation, the capacity
is still not ableto qualitatvely match“non-matching”im-
ages. Note that this smoothvariationin eigen ow coef-
cientscanmodeleitheranearbylight sourceor a smoothly
curving surface,sinceeitherof theseconditionswill result
in asmoothlyvaryinglighting change.

We considethreeversionof theexperiment.In the rst,



we assigna singlevectorof o w coefcients to all of the
pixelsin theregion. In the secondexperiment,we allowed
the valuesto vary linearly acrosgheimage. This clearly
shouldleadto areductionin theerrorof bothregions' resid-
uals. In the nal experiment,we tted quadraticallyvary-
ing valuesto estimatethe imagedifference. The results
of theseexperimentsappeaiin Tablel.

In eachcase,the residualerror for the shadov region
is muchlower thanfor the non-shadw region. Of course,
we have not speci ed whereto selectthe thresholdso that
this procedureworks in general. Furthermore there are
othermethodsavailable,suchasnormalizedcorrelationand
methodssuchas[4, 5], which could also distinguishbe-
tweenthesetwo regions. However, this demonstratean-
other potentialapplicationof our model. We believe be-
causeit can handlenon-linearcameraeffects and can be
adjustedacrossthe imagethatit cansuccessfullymodela
greatdealof the variability in true shadevs, whereast still
doesnot have so muchcapacityasto matchimageswhich
arenotin factof the samescene.Clearly however, it still
haslimitations, suchaswhena shadav is so dark that it
cannotbedistinguishedrom a blackobject.

5.3 Inferring scenegeometry through light-
ing change

Anotherinterestingapplicationof lighting invariancemod-
elsis thedetectiorof discontinuitiesn surfacesandsurface
normals.Suchdiscontinuitiescanbeusedto performimage
segmentationand otherimageprocessingasks. If images
weretruly linearin theimpinging lighting, thengiventwo

imageof ascenainderdifferentlights, we coulddetectdis-

continuitiesin surfacesby simply usingthefollowing tech-
nique.First, calculatethe “ratio image”

r(x;y) = bu(x; y)=(x; y);

whereb; andh, arejust the pixel brightnessen imagel
andimage?. If the differencebetweerthe surfacenormals
of two adjacenpatcheds small,thenthe changen the an-
gle of incidenceuponthosepatcheqfor a particularglobal
lighting changewill alsobeapproximatelyequal.Thisis a
simpleconsequencef theassumedinearity of imaging,as
describedn [6].

However, this approachdependscritically on a linear
lighting model. It is easyto seehowever, thattherearenon-
lineareffectsin imageacquisitionrwhich causeproblemdor
suchmethods.An exampleof this non-linearityis demon-
stratedn Figure4. Thetop two imagesin Figure4 aretwo
photograph®f a box coveredwith multicoloredpaper The
photosshaw thetop andonesideof thebox. Thelower left
imageis theratio of thesetwo images.Sincethis is thera-
tio of imagesof two distinctsmoothsurfacesjt shouldhave
only two regionsof smoothlyvaryingpixels. However, it is

clearthattheratiosseenarevariable,evenwithin theindi-

vidual regions. Examiningthe original images,it is clear
thattheratioimageis afunctionnotonly of surfacenormal,
but alsoof albedo.Thedarkerregionsin theoriginalimages
show differentvaluesin theratioimagethanthelighter re-

gions. Thefactthattheratioimageis still afunctionof the
albedois directevidenceof a non-linearityin the imaging
process.

If we wantto detectdiscontinuitiesin surfacenormals,
we needto beableto non-linearlymapcolorsbetweercor
respondingpointsin two images.To measuréhesuccessf
sucha mapping we needa measuref the discontinuityof
aratioimage.We chosetheintegral of theedgemagnitudes
of the ratio imageas sucha measuresimilar to whatwas
donein [6].

We performedthe following experiment. We took two
images|; andl, of asmoothsurfacewith highly variable
albedo.Usingalinearmodelasdescribedn [9], we found
the neares(leastsquareserror)transformatiorﬂm ofl1 to
I .. We thendid the samewith theeigen owsto create(\eig .
Theintegral of theedgeimageswverethencomputedor liy
and I"eig . We foundthatthis integral wasabout7% smaller
for theeigen owedratioimage.While this differenceis not
great,we believe it indicatesthatthis non-lineartechnique
couldimprove the usefullnes®f ratioimagemethods.

6 Conclusionsand futur e work

While this work is preliminaryin nature we believe it sug-
geststhatcolor o w techniquesnay help us addresgrob-
lemscreateddy nonlinearitiesn imageacquisition.Clearly
we needto performmore experimentsin a variety of set-
tings. We would like to avoid making certain assump-
tions (suchasthe isotropy of the distribution over lighting
changespy collectingmoredatafor our color o w model.
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