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Figure 1: Colorizationof St.Basil's Cathedal: To colorizethe targetimage in (a), we utilize the refeencesseachedfromthe Internetin
(b). Afterrecoveringtheintrinsic color of thetarget, we colorizeto obtaintheresultin (c) withoutthein uence of illumination and dynamic

objectsin therefelences.

Abstract

In this paper we presentan example-basedolorizationtechnique
robust to illumination differencesbetweengrayscaletamget and
color referenceimages. To achieve this goal, our method per

forms color transferin an illumination-independentiomain that
is relatively free of shadevs and highlights. It rst recoversan
illumination-independenintrinsic re ectanceimage of the tamget
scenefrom multiple color referencesbtainedby web search.The
referencéamagesfrom the web searchmay be takenfrom different
vantagepoints, underdifferentillumination conditions,and with

differentcamerasGrayscaleversionsof thesereferencemagesare
thenusedin decomposinghe grayscaletarget imageinto its in-

trinsic re ectanceandillumination componentsWe transfercolor
from thecolorre ectanceimageto thegrayscalee ectanceimage,
andobtainthe nal resultby relightingwith theillumination com-
ponentof the targetimage. We demonstrateia several examples
thatour methodgeneratesesultswith excellentcolor consisteng.
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1 Introduction

The needto colorize classicalblack-and-whitggrayscaleymovies
and photographshas driven several works in recentyears. A
state-of-the-artechniqueperformsthis task by propagting user
providedcolor scribbleson thegrayscaldargetimageto therestof
the imageusinga color optimizationprocesgLevin et al. 2004].
Scribbling, however, canbe tediousfor imageswith complex de-
tails, and requiressome skill to obtain natural-lookingresults.
In [Irony etal. 2005],a methodis presentedor automaticallygen-
eratingsuchscribblesfrom anexampleimageprovidedby theuser

Althoughtheuseof anexampleimagecansave considerabléabor,

the quality of the resultdependsieavily onthechoiceof example.
In particular signi cant colorizationerrorsmay arisewhentheil-

luminationconditionof a referencamagediffers from that of the
target. Theseerrorsarisefrom the basicassumptiorin previous
colorizationworksthatsimilarities(or differences)n grayscalen-

tensitiesindicate similarities (or differences)in colors. Intensity
disparitiesdueto differencesn shadavs andhighlightsbetweena
referenceanda tamgetimagecanthereforemisleadcolorizational-
gorithms. In this paper we proposea techniquecalled “intrinsic
colorization”to addresghis problemof illumination inconsisteng
betweertamgetandreferencemages.

The key idea of our methodis to reducethe effects of illumina-
tion in the target andreferencemagesprior to color transfer and
thenreintroduceheillumination of thetargetimagein the nal re-
sult. To computeanillumination-independentferenceémage,we
performintrinsicimagedecompositionyhich separatesnimage
into a re ectance(albedo)componentand an illumination (shad-
ing) componentintrinsicimageestimatioris anill-posedproblem,
sinceat eachscenepoint therearetwo unknavns (re ectanceand
illumination) for eachimagemeasurementSoin a schemesimilar



to [Weiss2001], we utilize multiple imagesof the target sceneto
obtaina morereliabledecompositionUsing grayscaleversionsof
the referencamagestogethermwith the grayscalgargetimage,we
alsocomputetheintrinsic imagesof the target photograph Colors
from the color referencere ectanceimagearethentransferredo
thegrayscalgargetre ectanceimageatpixelswith highcon dence
in thereferencalecompositiomesult. Theseransferrede ectance
colorsare usedas scribblesthat are propagtedusing the method
in [Levin etal. 2004],andthentheilluminationimageof thetamget
photographis factoredbackin to generatehe colorizationresult.

Fig. 1(c) shavs our colorizationresultusingthe referencémages
shavn in (b). Notethatour methodcancorrectlycolorizethe im-
agewithout interferencerom illumination effectssuchasshadov
andspeculahighlightin the tamgetgrayscalémage. A uniquead-
vantageof our techniqueis its ability to colorize old photographs
taken mary yearsago, even though the photographsare noise-
contaminate@ndof poorquality.

The wide availability of online imagesprovides a basefor our
methodto obtainmultiple referencémagesof atamgetscene With
severalcolorreferencesegisteredo thetamgetgrayscalémage,our
systemcancomputeintrinsic imagesmorereliably. Although dif-
ferencesn vantagepointsbetweerreferencéamagesandthetarget
imagemay allow only partial registration,we presenta technique
to jointly useall of the available information for intrinsic image
decompositionThe useof webresourcesnakesthe proposedsys-
tem especiallyconvenientfor automatingthe colorizationof well-
known monumentsandrigid structures/bildings. We demonstrate
its effectiveneswia multiple examples.

2 Previous Work

Existingwork on colorizationcanberoughlydividedinto scribble-
basedcolorizationandexample-basedolorization.

Scribb le-based colorization  This classof techniquegperforms
colorization basedon scribblesplaced by usersonto the tamet
grayscalemage.Theclassicalvork, calledcoloroptimization,was
proposedy Levin etal. [2004]. It optimizesthe color of all image
pixelswith the scribblesasconstraints.Later, Huanget al. [2005]
preventedthe color from bleedingover object boundariesdy us-
ing adaptve edgedetection.Yatzv et al. [2006] proposed faster
scribble-basedolor optimizationtechniqueby chrominancélend-
ing. However, thesemethodsall requireintensie userintervention,
especiallywhen the image containscomplex structuresor is full

of textures. To avoid the burdenof scribbling over imageswith

complex textures,Qu etal. [2006] andLuanetal. [2007] bothem-
ployed texture continuity to colorize pattern-intensie mang and
naturalimagesyrespectiely.

Example-based colorization  Another classof techniquesau-
tomatesthe colorization processby providing an example im-
age. It doesnot rely on the users skill or experienceto choose
suitablecolors for a corvincing colorization. Inspiredby image
analogiegHertzmannet al. 2001]andthe color transfertechnique
of [Reinhardetal. 2001],Welshetal.[2002] proposed pixel-based
approacho colorizeanimageby matchingswatchesbetweernthe
target grayscaleand color referencemages. This work was later
improved by Irony et al. [2005]. Its basicideais thatregionswith
similartexturesarecolorizedwith similar colors. A segmentedef-
erenceimageis neededor the purposeof texture matching. The
texture matchingtechniqueusedby Irony etal. waslaterimproved
by Schnitmaretal. [2006].

Ourwork canbe classi ed asexample-basedolorization. Instead
of makinguseof asinglereferencemage,our methodutilizesmul-
tiple referencémagesfrom the Internetfor colorizationin orderto

avoid problemsarisingfrom illumination differences Approaches
basedon Internetimageshave recentlybeenusedfor differentap-
plications([Snavely et al. 2006],[Hays andEfros 2007],[Lalonde
etal. 2007]). We regard Irony's method[2005] asthe state-of-the-
arttechniquen example-basedolorizationandcompareour work
with theirsin this paper Note that existing techniqueslo not ac-
countfor theillumination, which may severely degradethe quality
of colorization.

3 lllumination Inconsistenc y

In example-baseatolorization, the goal is to give objectsin the
grayscalémagethe sameintrinsic colorsof correspondingbjects
in the referenceémage,while maintainingits own original illumi-
nation.Thisis a challengingask,sincewhatwe obserein images
is nottheintrinsic re ectancecolors,but the combinedappearance
of re ectanceandillumination, including shadevs and highlights.
Transferof image colors thatincludetheseillumination effectsin-
steadof re ectancecolors cantherefordeadto erroneougoloriza-
tion resultswhentheilluminationis inconsistenbetweertherefer
enceandtargetimages.We illustratethis problemin Fig. 2 where
two differentmethodsareusedto transfercolor from thereference
imagein (b) to the tamgetimagein (a). Note thatthe illumination
of (a) and(b) aresubstantialldifferenteventhoughthe views are
exactly the same. In (e), we directly transferthe colorsfrom (b)
to (a) in YUV color spaceby copying U andV channels.Evenif
the referenceandtamgetimageshave the samepose,the inconsis-
tentillumination conditionsintroduceunnatural,falseor missing
colorscomparedo the ground-truthcolor imagein (d). In (f), we
apply Irony's methodwith referenceo theinitial segmentation(c)
which is manuallypreparedasedon the referencémage(b). Al-
thoughtheregionsof missingcolorsaresmallerthanthatof direct
color transferin (e), theinconsistenillumination causedalsetex-
turematchesandhencemisleadshe colorizationinto anerroneous
result.

(d) Ground-truth image (e) Direct color transfer (f) Result of Irony!s method

Figure 2: Discrepanciesdueto illumination inconsistency Even
whenthe target image (a) and the refeenceimage (b) are per
fectlyaligned,inconsistentllumination causessevere errorsin the
colorizationresultof (e) and (f), whee direct color transferand
Irony's methodare applied, respectively The ground-truthcolor
image in (d) is corvertedto grayscaleto obtainthetargetimage in

(a).

For accuratecolor transfer the effect of illumination must rst

be removed. Oneway to obtainthe illumination-independente-
ectancecolorsis to measurehebidirectionalre ectancedistribu-
tion function (BRDF) of pointsin the scenewhich is clearly im-
practicalfor colorizationapplications.n this paperwe proposeo
extracttheintrinsic re ectancecomponenbf the scenefrom a set
of referencémageausingadecompositioomethodbasedn [Weiss
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2001]. This view-dependentntrinsic re ectanceimageis a mid-
level descriptionto representhe underlying surface re ectance,
andit is invariantto illumination changesExtractingintrinsic im-
agesis practicalfor colorizationpurposessinceonly a few refer
enceimagesaresufcient for areasonablelecomposition\We ac-
quiretheseimagesfrom the vastcollectionof imagesavailableon
theweh Sincewe colorizethe grayscaletarget with intrinsic re-
ectance colorsrecoreredfrom referencemages,we referto our
methodasintrinsic colorization

4  Algorithm

The Internetsenesasa hugedistributedimagedatabasehat con-
tainsmultiple imagesof a given scenecapturedat differenttimes
and by different persons. It is an invaluablesourceof reference
imagesrom whichto determinantrinsicre ectancecolorsfor col-
orization of grayscaleémagesor old photographs.Given a tamget
grayscalémage,our systemsearchesor correspondingeferences
from the Internetby attemptingto registeronlineimagesto thetar-
getimage. Thoseimagesthat canbe registeredat leastin partare
usedasreferencedor determiningntrinsic colors.

An overview of our systemis shavn in Fig. 3. FromN registered
referencamageswe solve for asinglereferencee ectanceimage
of the target sceneand N referenceillumination images. Simi-
larly, from a setcontainingthe target grayscalémageandthe N
referencdmagescorvertedto grayscalewe cancomputethe tar
get re ectanceimageand the target illumination imagefrom the
grayscalgamet.

Conceptuallycolorsfrom thereferencee ectanceimagecanthen
betransferredo thetargetre ectanceimageandcombinedwith the
tamgetilluminationimageto obtainthe nal result. However, since
this methodmay easily suffer from color bleeding(as explained
later), we usean alternatve but equivalentapproach. The color
referencere ectanceimageis rst combinedwith the tamgetillu-

minationimageto generatecolor scribbleswhich arethenusedto
transfercolor to the targetimagevia color optimization. Detailsof
thesealgorithmiccomponentsrepresentedéh theremaindeof this
section.

4.1 Registration of Reference Images

Givenimagesfrom the Internetor animagedatabaseye rst iden-
tify the setof referenceimagesthat can be used. Theoretically
using a larger numberof referenceimageswith differentillumi-
nationswill leadto more statisticallyaccuratecomputationof in-

| Intrinsic Solver |

Target reflectance Colorized result

intrinsic colorization.

trinsic images. We utilize SIFT [Lowe 2004], the state-of-the-art
featurematchingalgorithm,to detectandmatchcorrespondindea-
turesin grayscalebetweeneachreferenceand the target images.
Thesecorrespondindeaturesarethenusedto registereachcandi-
datereferenceémageto the targetimage. The registrationis done
using RANSAC [Fischlerand Bolles 1987] to estimatean eight-
parametehomographigrojectionmatrix P from the targetto the
referencewhich in turnis usedto computethe re-projectionerror
for all thecorrespondindeaturedn the candidataeferencémage.
There-projectiorerrorfor ary featurepoint canbe computecas

e(x% = kx i P"1(x9k (1)

wherex andx? arethe positionsof matchedpointsin thetargetand
referencamages,respectrely. If mostof the featurepointshave
re-projectionerrorsbelov a prede nedthreshold', we includethis
imageinto thereferencémageset.

Reagistrationcanthenbedonein two waysdependingnthequality
of featurematching. If mostof the featurepointsin the reference
imagehave re-projectiorerrorsbelon asmallthreshold' o, we per
form global alignmentusingthe estimatecbrojectionmatrix P to
transformthe entireimage. Otherwise,if thereare mary feature
pointswith relatively largere-projectiorerror, we performtriangle-
basedwarping. We rst triangulatethe targetimagebasedon the
featurepointsusingDelaunaytriangulation[Shevchuk 1996]. The
referencémagesarethenautomaticallytriangulatedsincea regis-
terablefeaturepoint in a referenceimage correspondso another
featurepointin thetamgetimage. Folding generallydoesnot occur
in thetriangulationof areferencemage,sincethetametandrefer
enceimageshave consistenspatialrelationship.Althoughfolding
is possiblevhenthedistancebetweerntwo connectedeaturepoints
is lessthanthe matchingerror, this is generallyavoidedin our ap-
plication becauseof the constrainton re-projectionerrors. Thus,
with this texture-mappednesh,we canwarp the referenceémage
by transformingthe featurepointsto their matchegfrom SIFT) in
thetamgetimage.

Someerrorsmay exist in registration, dependingon the selected
value of "o, but a certainamountof registrationerror (i.e., up to
about 10 pixels) can be toleratedby our colorization technique
sincetheseerrorsare not noticeablein color channels. Registra-
tion may be degradedby noisein eitherthe targetor the reference
images. For the casessuchasan old target photograptor a low-
quality referencamage,the state-of-the-arimagedenoisingalgo-
rithm (e.g.[Portilla et al. 2002]) may be appliedasa preprocess-
ing step.If denoisingdoesnot leadto satishctoryregistration,the
matchingresultsmay be manually adjusted. Manual adjustment
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Figure 4: Intrinsic colorizationin action. (a) is the target grayscaleimage. (b) is a set of refeencesacquired from the Internet. By
registering all refelencesand solvingfor intrinsic images with partial registration, we obtain a refelencere ectanceimage (c), a target
re ectanceimage (d), and a targetillumination image (e). Color scribblesare automaticallysynthesizedrom (c) and (e), as shownin (f).
With color optimizationtheresultin (h) is obtained.Theground-truthimage is shownin (g) for comparison.

mayalsobeusedto dealwith falsematcheghatresultfrom signif-
icantillumination differencebetweenthe target andreferencem-
ages After registration,referencémageswith differentresolutions
areautomaticallyscaledo matchtheresolutionof thetargetimage.
Here,bilinearinterpolationis usedfor scaling.

Oncethereferencémagesareregistered eachreferencenay only
partially cover thetargetimage.Hence we associatéo eachrefer
enceimagea binarymaskM; to identify pixels thatcanbe regis-
teredto thetargetimage.Thiswill beusedfor thefollowing intrin-
sicimagedecomposition.

4.2 Recovering Intrinsic Components

As proposedby Barrov and Tenenbaunjl1978], intrinsic images
area view-dependentmid-level descriptionof a scene.An image
is usuallydecomposethto are ectanceimageandanillumination
image.Althoughnot makingexplicit all the physical cause®f im-
agefeaturesintrinsicimagesarevery usefulfor supportingarange
of visualinferences.Recweringthe intrinsic imagefrom onesin-
gle imageremainsa dif cult problemsinceit is highly ill-posed.
Although certainprogresshasbeenmadein single-imagedecom-
position (e.g., Land et al. [1971], Freemarnet al. [1998], Tappen
etal. [2005]), signi cant improvementin accurag androbustness,
andsimplicity in implementationcan be obtainedwhen multiple
imagesaretakeninto account.Weiss[2001] solved the decompo-
sition problemfor asetof N imageswith the sameview but under
differentillumination conditions. With the assumptiorof constant
scenee ectance thismethodoutputsonere ectanceimageandN
illumination images.In our work, we adopta modi ed versionof
this techniquethathandlesmageswith partial registration.

Deriving Intrinsic Images We rst describethe basicapproach
for intrinsic image decompositionn [Weiss2001]. ConsiderN
imagescapturedrom the sameview but underdifferentillumina-
tion conditions. All N imagesare assumedo sharethe samere-
ectance. We denotetheintrinsic re ectanceimageby R andeach
intrinsicilluminationimageby L . Theneachreferencemagecan
be expressedy thefollowing relationship:

lk(p) = R(P)Lk(P): 2
To linearizethe equation,we take the logarithm on both sidesof
this equation:

ik(p) = r(p) + l(p) ®3)

wherelogarithm counterpartsare denotedin lowercase. To each
logarithmic imageiy, we thenapply derivative lters fy(p) and
fy(p) alongthe x andy directionsandget the correspondingl-
teredoutputimages:

ox (p; k) = fx(p) ?ik(p) (4)
oy (p;k) = fy(p) ?ik(p) (%)

Basedon the propertythatmostnaturalimageshave sparseleriva-
tive Iter output,we obtaina maximumlik elihoodestimateof the
Itered re ectancederivative imagesby taking the medianvalues
of the ltered outputimages:

i (p) = mediangfox (p;k)jk = 1::N g (6)
fy (p) = mediancfoy(p;k)jk = 1N g ©)

To obtainr, we solve the following Poissonequationwith zero
boundarycondition:

4r(p)=r ¢f(p); fy(P): (8)

Substitutingr into Eq. 3 givesthe logarithmicillumination I for
eachreferencemage. Finally, inverselogarithm (exponential)is
computedo obtainthere ectanceimageR andtheN correspond-
ing illuminationimagesL k.

Intrinsic Images with Partial Registration  In [Weiss2001],all
N imagesare assumedo be of the sameview. Our application
differsin thateachreferencémagemay be registeredto only part
of the tamgetimage. To solwe this partial registrationproblem,we
proposea labelingscheme.With the N maskimagesobtainedin
our registrationprocesswe form a label setL (p) for eachpixel p
in thetargetimagethatidenti es all referencemageswhosepartial
registrationincludesp. Thesizeof labelsetL (p) mayvary among



differentpixels,andis determinedy thecoverageof differentmask
images.With theselabelsets we modify Egs.6 and7 to

i (p) = mediankf ok (p;k)jk 2 L(p)g ©)
fy(p) = mediankfoy (p;k)jk 2 L(p)g (10
andthenevaluatewith the samezero-boundargondition.

lllumination Separation Before Colorization  Our core contri-
bution is to reducemuchof the illumination in uence beforecol-

orization, so that our colorizationis not degradedby differences

in illumination conditions. To achieve this, we rst obtain the
illumination-independentolor referencere ectance R, and the
illumination-independergrayscalgargetre ectanceT, .

To computethereferencee ectanceimageR, , wetaketheN reg-
isteredcolor referencess input and perform our intrinsic image
computationwith partial registration. This returnsa single refer
encere ectanceimageR,, andN correspondingeferenceillu-
minationimageswhich are not usedin our application. Fig. 4(c)
shavs an example of the referencere ectanceimage computed
fromthereferenceémagesn Fig. 4(b). Thetametre ectanceimage
T, is computedn the samemannerexceptusinggrayscaleersion
of the referenceémagestogetherwith the grayscaletamgetimage.
Decompositiorthenyields N + 1 illumination images. Of these,
only the onethat correspondso the targetimageis retained,and
we denotethis grayscaldargetilluminationimageasT, . Examples
of T, andT, areshavn in Fig. 4(d) and(e), respectiely. By trans-
ferring colorsfrom R, to T, , we colorizethe targetimagewithout
illumination. Recombininghecolorizedtargetre ectancewith the
illumination componenbf the target grayscalélluminationimage
T,, we nally obtainthecolorizedtargetimagewith illumination.

Note that solving the intrinsic componentgvoids not only the in-
uence of illumination, but alsothein uence of dynamicoccluders
in the referencamages,sincetheseoccludersare essentially‘dy-
namicillumination” that canbe removed in the maximumlikeli-
hoodestimatein Egs.9 and 10. This propertyis demonstratedh
Fig. 1, wherepeoplestandingn front of St. Basil's Cathedraln the
referenceémagesdo not affect our colorizationresult. The same
propertyalsoreduceghe in uence of noisein both referenceand
tamgetimages sincethe sameamountof noisedoesnotin general
persistentlyappearat the samelocationin differentreferenceand
tamgetimages. We examinethis issuein Fig. 5, where(b) and(g)
shawv close-upf therecoveredtargetre ectanceimageof Qinian
Palaceandthe referencere ectanceimage of St. Basil's Cathe-
dralin Fig. 9 (a) andFig. 1, respectiely. Although the tamget or
someof the referencamagesare noisy, both of the recoreredin-
trinsicre ectanceimagesaresmooth.However, noisemaystill ex-
istin thetamgetillumination if thetargetimageis noisy, asdemon-
stratedn Fig. 5(c). Thereforepurcolorizedimageretainsthesame
amountof noiseasthe taigetimage,asshowvn in Fig. 9 (a). Sim-
ilarly, the sameamountof degradationis retainedin the colorized
result,if thetargetimageis of poor quality or low dynamicrange.
On the otherhand, if a small proportionof the referenceimages
arenoise-contaminate@ndof poorquality or low dynamicrange,
thesedegradationanbe regardedas“dynamicillumination” and
will notin uence theresultsasdemonstrateth Fig. 5(d)to (g).

4.3 Colorization

With the threeintrinsic images(R,, T, andT,) in hand,we can
performintrinsic colorization. Assumingwhite illumination in the
targetimage,this could be doneby transferringcolor from theref-
erencere ectanceR, to thetargetre ectanceT, andthenmulti-
plying by the tamgetillumination T,. Equivalently, we could sim-
ply multiply R; andT, to obtainthe nal image. However, errors

(a) Noisy target image (b) Target reflectance (c) Target illumination

(d) Noisy (e) Poor quality (f) Low dynamic (g) Reference
reference reference range reference  reflectance
Figure 5: Inuence of image degradations on intrinsic image
solver Thetop row showsthe effectwhennoiseexistsin the tar-
getimage (a). Therecovered re ectance(b) is smooth,while the
noiseis presentin theillumination image (c), which will leadto a
colorizationresultwith thesamenoiselevel. Thebottomrow shows
thein uence of variousimage degradationsin therefelences Even
thoughthe refeencesincludeimageswith noise(d), compession
artifacts(e) andof low dynamiarange (f), theintrinsic image solver

canstill returnanicere ectanceimage (g).

in registeringthe referenceémagescanleadto a blurry color re-
ectanceimageR;, asexempli ed in Fig. 4(c). This blur in the
re ectanceimagecanseriouslydegradecolorizationif it is notcare-
fully accountedor, asdemonstrate¢h Fig. 6(a)for colorizationby
directmultiplicationof R, andT,. Severecolor bleedingartifacts
arenoticeablan therectangularegions.

Therefore we do not trustthe colors of all pixelsin the reference
re ectanceR,. Instead,we allow color transferonly for pixels
consideredo be lessaffectedby misalignmenterrors. This lim-
ited transferproducescolor scribblesthat are propagtedby color
optimization[Levin etal. 2004].

Scribblescould potentially be transferredrom R, to T, prior to
coloroptimization,andrelit with T,. However, T, alsosuffersfrom
blur dueto registrationerrors,so color optimizationon T, alsore-
sultsin color bleedingartifacts,asshavn in Fig. 6(b). To address
this issue,we insteadtransfercolorsfrom R, T, to T, T;, where
T, T, is equivalentto the original targetimage, which is unafected
by misalignmenblur. Thepre-multiplicationof thetargetillumina-
tion T, cansigni cantly reducecolor bleedingartifactsin thecolor
optimization.Furthermoreit directly yieldsthe nal colorizedtar
getimageunderthe targetillumination condition. The correctness
of this pre-multiplicationapproacheliesontheassumptiorthatthe
illuminationin thereferencamageis whitelight, asthetametillu-
mination T, is equally applied(R:G:B = 1:1:1) to all threecolor
channels.

Generating Scribb les Thecolorscribblesareautomaticallygen-
eratedfrom the productof referencee ectanceR, andtametillu-
minationT;:

C(p) = Re (ATi(p): (11)

Theremay be color erroramongscatteregixelsin theimagedue
to intrinsic imagecomputationon misalignedpixels. To minimize
this errorin uence, we rst oversegmentthe targetgrayscaleém-
ageinto segmentsof similar intensitiesusingthe mean-shiftalgo-
rithm [ComaniciuandMeer 2002]. Thenfor eachsegment,pixels
are uniformly sampledfrom C(p), with the numberof pixels in



(a) Direct multiplication

(b) Optimization on target reflectance

Figure 6: Color-bleedingartifacts. In (a), colorizationis per

formedby multiplying R, and T,. Inconsistentcolors appearin

the rectangularregions becauseof misalignmentof refeenceim-

ages.In (b), colorizationis performedwith automaticallycomputed
scribblesand color optimizationon T, . SinceT, alsosufersfrom

misalignmenproblemsthis resultalsoexhibits color bleedingand

inconsistencyartifacts. Therefeenceimages from Fig. 8(a) are

usedto computehetwo results.

proportionto thesggmentsize. This samplingis assumedo consist
mostly of pixelsthatarenotin uenced by misalignmentNext, we
computea weightedaveragecolor within eachsegment:

. 1 (OC(M)
s ! (D)

whereS; is the i-th sggmentandthe! (p) is a Gaussianweight
computedoy

¢i = (12)

NOERRAR (13)

with * s and¥%s denotingthe meanandthe varianceof the sggment
colors, respectiely. We empirically setk = 1. Pixel with color
C(p) closeto &, i.e.,

JC(p) i d:|J <2 (14)

i

is consideredo be the representatie of the segmentandlessaf-
fectedby misalignmentrror. This color is thenusedasthe scrib-
ble color. Thevalueof 2 is setto 0:1 in ourimplementation.The
scribblesaregeneratedn YUV color spaceandFig. 4 (f) shavsan
exampleof color scribblescomputedwith this approach.

Color Optimization = Having obtainedhesynthesizedolorscrib-
bles,we applycoloroptimization[Levin etal. 2004]to colorizethe
tamget grayscalemage. This is achieved in YUV color spaceby
minimizing the following quadraticobjective function for both U
andV channelgespectely, with constrainton scribblecolors:

X X
(C(r)i

r s2N (r)

J(C) = lrsC(s))? (15)

where o
s = gei (Y (r)i Y(s)) “=2% (16)

Examples| ReferenceNo. TametimageRes. Time

Fig. 1 44 412F 600 3m15s
Fig. 4 46 80CE 314 4m50s
Fig. 8(a) 34 64% 408 2m35s
Fig. 8(b) 21 70CE 419 2m30s
Fig. 9(a) 8 338 600 1mO04s
Fig. 9(b) 12 40€E 375 2mO05s

Table 1: Timing statistics.

andN (r) is the setof 4-connectedeighborsof pixel r andY is
thetargetgrayscalémage.Thenormalizatiorfactorg is setsothat
theweightssumto one.In Fig. 4(h), we demonstrata colorization
resultwith this color optimizationscheme.We also compareour
colorizationresultto theground-truthmageasshown in Fig. 4 (g).

5 Results

Figs.1, 4,8 and9 shav multiple colorizationresultsby ourmethod.
All referencesiresearchedrom the Internetandmay differ in il-

luminationconditionsand/orin the presencef foregroundocclud-
ers. By decomposinghe re ectanceimagesaswell asthe target
grayscaleémageinto re ectanceand illumination images,the in-

trinsic color canbe usedto reliably colorizethetamgetimage.

A uniqueand direct applicationof our methodis to colorize old
black-and-whitephotographstaken mary yearsago and of ex-
tremelylow quality. The“Qinian Palace”and“Templeof Hearen”
taiget imagesin Fig. 9 are both old photographsapturedin the
1950s. Theseimagesare severely contaminatedy noise. Never-
thelesspur methodcanstill obtainreasonableolorizationresults.
Here,we assumehe colorto-gray processduring the acquisition
of theseold photographss consistento our grayscalecorversion
of referencamages.We alsoassumehatthe objectsin the target
imageshave maintainedheir colorsover theyears.

To demonstrat¢he stability of ourtechniqueonimagesacquiredn
differentillumination conditions,we compareour colorizationre-
sult of St. Basil's Cathedrato that of the example-basedoloriza-
tion by Irony et al. [2005] in Fig. 7. We appliedlrony's method
twice with two differentreferencemages,one with illumination
similar to thetargetimage(see(b)) andthe otherwith illumination
signi cantly differentfrom the tamgetimage (see(d)). Fig. 7 (h)
and(i) shav theresultsusingthe referenceémagesin (b) and(d),
respectrely. The onewith more similar illumination gives better
result, but still containsnoticeablefalsecolor. On the otherhand,
our methodgivesareasonablendconsistentolorizationresultin
(g) by determiningthe intrinsic colors. The comparisorsuggests
thatthe illumination differencein referenceandtargetimagescan
substantiallyaffect the quality of colorization.

For mostof theexamplesin our paperthecolorizationcanbedone
automaticallydependingnthequality of thecomputedmagereg-

istration. Automaticimageregistration,howvever, mayfail in some
casessousersmay be neededo adjustthe matchingresults. This
is the only userinteractionthatis requiredin our colorizationpro-
cess. Table1 shaws the total processingime for colorizing each
of the exampleson a computerequippedwith anIntel Core(TM)2
6400 @ 2.13GHzCPU and 3GB systemmemory It dependon
the size of the targetimageaswell asthe numberandthe size of

referencamages.Thetime for userinteractionvariesfor different
exampleswhich depend®nthenumberof referencemagedailed
in registration. For the exampleof Templeof Heaven, which has
the maximumnumberof referencamagesfailedin registration,it

requiresaround5 minutesto adjustthe matchingresults.



(a) Target image (b) Reference image

(f) Ground-truth image (g) Our result

(c) Segmentation for (b)

(d) Reference image (e) Segmentation for (d)

(h) Irony!s result from (b) (i) Irony!s result from (d)

Figure 7: Comparisorof our methodto that of Ironyetal. [2005]. (a) is thetarget grayscaleimage. (b) is the r strefelenceimage for the

Ironymethod.It hasa similar illumination asthetarget. (c) is the correspondingsggmentatiorfor (b). (d) is the second-efelenceimage for

the Irony method. This onehasan illumination substantiallydifferent from the target, as seenfrom the highlightsand shadows.(e) is the

segmentatiorfor (d). Theresultsof the Irony methodgiven(b) & (c) and(d) & (e) are shownin (h) and (i), respectivelyGreaterdifferences
in illuminationleadto more seriouscolorizationerror. (g) is our result.(f) is theground-truthimage.

Limitations ~ As mentionedpreviously, intrinsic colorizationas-
sumegheillumination in all imagesbe white light. For theintrin-
sic imagedecompositiorio be effective, we alsorequiresufcient
referencamagesbe obtainedfrom web searchin orderto provide
enoughregisterableimageswith differentilluminations. Because
of this, our methodis intendedto colorizewell-representedcenes
that canbe well alignedwith web images,and may not properly
colorizepersonaltems.In addition,our methodis restrictedo col-
orizing staticscenesusingimagesof the samesceneviewed from
similar directions. Contentin the targetimagethatis inconsistent
to thereferenceamages,or objectsin the old photographshatare
longgone,maynotbecolorizedproperly Signi cant view changes
amongreferencémagesmay causeocclusionshatimpair the reg-
istrationprocessThescendn atargetimagealsomay not befully
coveredby thesetof referencémages.mageinpaintingtechniques
couldpotentiallybeusedto Il in thecolorsof thoseuncoveredre-
gions.

6 Conclusion

In this paper we presenta novel methodto colorize a grayscale
imageby extractingintrinsic re ectancecolorsfrom multiple refer

ences.Thesereferencesreall obtaineddirectly from web search.
With previous example-basednethods consistentolorizationre-

sultsaredif cult to obtainwhenillumination conditionsbetween
the target grayscaldmageandits referencesare different. By re-

ducingthein uence of illumination with intrinsicimagedecompo-
sition, reliablecolorizationresultscanbe generated.

Ourcurrentmethodassumethatasufcient numberof registerable
referencémagesof thetargetscenecanbeacquiredrom thenter

net. In caseswvhenno exact matchis available, color information
from similar scenesnay potentiallybe usedin computingintrinsic

re ectanceimages.Relevantscenesnaybeidenti ed throughtex-

ture analysis. Alternatively, single-imagemethods [Tappenet al.

2005]for intrinsic imagedecompositiormay alsobe employed to

determinge ectancecolorsof thetametscenewhenreferencem-

agesarevery scarce.
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