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(a) Target grayscale image (b) Reference images from Internet (c) Colorized resul t

Figure 1: Colorizationof St.Basil's Cathedral: To colorizethe target image in (a), weutilize the referencessearchedfromthe Internetin
(b). After recoveringtheintrinsic color of thetarget,wecolorizeto obtaintheresultin (c) withoutthein�uenceof illuminationanddynamic
objectsin thereferences.

Abstract
In this paper, we presentanexample-basedcolorizationtechnique
robust to illumination differencesbetweengrayscaletarget and
color referenceimages. To achieve this goal, our methodper-
forms color transferin an illumination-independentdomain that
is relatively free of shadows and highlights. It �rst recovers an
illumination-independentintrinsic re�ectanceimage of the target
scenefrom multiple color referencesobtainedby websearch.The
referenceimagesfrom thewebsearchmaybetakenfrom different
vantagepoints, underdifferent illumination conditions,and with
differentcameras.Grayscaleversionsof thesereferenceimagesare
then usedin decomposingthe grayscaletarget imageinto its in-
trinsic re�ectanceandillumination components.We transfercolor
from thecolorre�ectanceimageto thegrayscalere�ectanceimage,
andobtainthe�nal resultby relightingwith theillumination com-
ponentof the target image. We demonstratevia several examples
thatourmethodgeneratesresultswith excellentcolor consistency.
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1 Intr oduction

Theneedto colorizeclassicalblack-and-white(grayscale)movies
and photographshas driven several works in recent years. A
state-of-the-arttechniqueperformsthis taskby propagating user-
providedcolorscribbleson thegrayscaletargetimageto therestof
the imageusinga color optimizationprocess[Levin et al. 2004].
Scribbling,however, canbe tediousfor imageswith complex de-
tails, and requiressome skill to obtain natural-lookingresults.
In [Irony et al. 2005],a methodis presentedfor automaticallygen-
eratingsuchscribblesfrom anexampleimageprovidedby theuser.

Althoughtheuseof anexampleimagecansaveconsiderablelabor,
thequality of theresultdependsheavily on thechoiceof example.
In particular, signi�cant colorizationerrorsmayarisewhenthe il-
luminationconditionof a referenceimagediffers from that of the
target. Theseerrorsarisefrom the basicassumptionin previous
colorizationworksthatsimilarities(or differences)in grayscalein-
tensitiesindicatesimilarities (or differences)in colors. Intensity
disparitiesdueto differencesin shadows andhighlightsbetweena
referenceanda target imagecanthereforemisleadcolorizational-
gorithms. In this paper, we proposea techniquecalled “intrinsic
colorization”to addressthis problemof illumination inconsistency
betweentargetandreferenceimages.

The key idea of our methodis to reducethe effects of illumina-
tion in the target andreferenceimagesprior to color transfer, and
thenreintroducetheilluminationof thetargetimagein the�nal re-
sult. To computeanillumination-independentreferenceimage,we
performintrinsic imagedecomposition,which separatesan image
into a re�ectance(albedo)componentandan illumination (shad-
ing) component.Intrinsic imageestimationis anill-posedproblem,
sinceat eachscenepoint therearetwo unknowns(re�ectanceand
illumination) for eachimagemeasurement.Soin a schemesimilar



to [Weiss2001], we utilize multiple imagesof the target sceneto
obtaina morereliabledecomposition.Usinggrayscaleversionsof
the referenceimagestogetherwith the grayscaletarget image,we
alsocomputetheintrinsic imagesof thetargetphotograph.Colors
from the color referencere�ectanceimagearethentransferredto
thegrayscaletargetre�ectanceimageatpixelswith highcon�dence
in thereferencedecompositionresult.Thesetransferredre�ectance
colorsareusedasscribblesthat arepropagatedusingthe method
in [Levin et al. 2004],andthentheillumination imageof thetarget
photographis factoredbackin to generatethecolorizationresult.

Fig. 1(c) shows our colorizationresultusingthe referenceimages
shown in (b). Note thatour methodcancorrectlycolorizethe im-
agewithout interferencefrom illumination effectssuchasshadow
andspecularhighlight in thetargetgrayscaleimage.A uniquead-
vantageof our techniqueis its ability to colorizeold photographs
taken many yearsago, even though the photographsare noise-
contaminatedandof poorquality.

The wide availability of online imagesprovides a basefor our
methodto obtainmultiple referenceimagesof a targetscene.With
severalcolorreferencesregisteredto thetargetgrayscaleimage,our
systemcancomputeintrinsic imagesmorereliably. Althoughdif-
ferencesin vantagepointsbetweenreferenceimagesandthetarget
imagemay allow only partial registration,we presenta technique
to jointly useall of the available information for intrinsic image
decomposition.Theuseof webresourcesmakestheproposedsys-
temespeciallyconvenientfor automatingthecolorizationof well-
known monumentsandrigid structures/buildings. We demonstrate
its effectivenessvia multipleexamples.

2 Previous Work
Existingwork oncolorizationcanberoughlydividedinto scribble-
basedcolorizationandexample-basedcolorization.

Scribb le-based colorization This classof techniquesperforms
colorization basedon scribblesplacedby usersonto the target
grayscaleimage.Theclassicalwork,calledcoloroptimization,was
proposedby Levin et al. [2004]. It optimizesthecolor of all image
pixelswith thescribblesasconstraints.Later, Huanget al. [2005]
preventedthe color from bleedingover object boundariesby us-
ing adaptive edgedetection.Yatziv et al. [2006] proposeda faster
scribble-basedcoloroptimizationtechniqueby chrominanceblend-
ing. However, thesemethodsall requireintensiveuserintervention,
especiallywhen the imagecontainscomplex structuresor is full
of textures. To avoid the burdenof scribbling over imageswith
complex textures,Qu et al. [2006] andLuanet al. [2007] bothem-
ployed texture continuity to colorizepattern-intensive manga and
naturalimages,respectively.

Example-based colorization Another classof techniquesau-
tomatesthe colorization processby providing an example im-
age. It doesnot rely on the user's skill or experienceto choose
suitablecolors for a convincing colorization. Inspiredby image
analogies[Hertzmannet al. 2001]andthecolor transfertechnique
of [Reinhardetal.2001],Welshetal. [2002]proposedapixel-based
approachto colorizean imageby matchingswatchesbetweenthe
target grayscaleandcolor referenceimages. This work was later
improvedby Irony et al. [2005]. Its basicideais that regionswith
similar texturesarecolorizedwith similarcolors.A segmentedref-
erenceimageis neededfor the purposeof texture matching. The
texturematchingtechniqueusedby Irony et al. waslaterimproved
by Schnitmanetal. [2006].

Our work canbeclassi�ed asexample-basedcolorization.Instead
of makinguseof asinglereferenceimage,ourmethodutilizesmul-
tiple referenceimagesfrom theInternetfor colorizationin orderto

avoid problemsarisingfrom illumination differences.Approaches
basedon Internetimageshave recentlybeenusedfor differentap-
plications([Snavely et al. 2006],[HaysandEfros2007],[Lalonde
et al. 2007]). We regardIrony's method[2005] asthestate-of-the-
art techniquein example-basedcolorizationandcompareour work
with theirs in this paper. Note that existing techniquesdo not ac-
countfor theillumination,which mayseverelydegradethequality
of colorization.

3 Illumination Inconsistenc y
In example-basedcolorization, the goal is to give objectsin the
grayscaleimagethesameintrinsic colorsof correspondingobjects
in the referenceimage,while maintainingits own original illumi-
nation.This is achallengingtask,sincewhatweobserve in images
is not theintrinsic re�ectancecolors,but thecombinedappearance
of re�ectanceandillumination, includingshadows andhighlights.
Transferof image colors that includetheseillumination effectsin-
steadof re�ectancecolorscanthereforeleadto erroneouscoloriza-
tion resultswhentheillumination is inconsistentbetweentherefer-
enceandtarget images.We illustratethis problemin Fig. 2 where
two differentmethodsareusedto transfercolor from thereference
imagein (b) to the target imagein (a). Note that the illumination
of (a) and(b) aresubstantiallydifferenteventhoughtheviews are
exactly the same. In (e), we directly transferthe colors from (b)
to (a) in YUV color spaceby copying U andV channels.Even if
the referenceandtarget imageshave the samepose,the inconsis-
tent illumination conditionsintroduceunnatural,falseor missing
colorscomparedto theground-truthcolor imagein (d). In (f), we
applyIrony's methodwith referenceto theinitial segmentation(c)
which is manuallypreparedbasedon thereferenceimage(b). Al-
thoughtheregionsof missingcolorsaresmallerthanthatof direct
color transferin (e), the inconsistentillumination causesfalsetex-
turematchesandhencemisleadsthecolorizationinto anerroneous
result.

(a) Target  image (b) Reference  image (c) Reference segmentation

(e) Direct color transfer (f ) Resul t of I rony!s method(d) Ground-truth image

Figure 2: Discrepanciesdueto illumination inconsistency. Even
when the target image (a) and the referenceimage (b) are per-
fectlyaligned,inconsistentillumination causessevere errors in the
colorization result of (e) and (f), where direct color transferand
Irony's methodare applied, respectively. Theground-truthcolor
image in (d) is convertedto grayscaleto obtainthetarget image in
(a).

For accuratecolor transfer, the effect of illumination must �rst
be removed. Oneway to obtain the illumination-independentre-
�ectancecolorsis to measurethebidirectionalre�ectancedistribu-
tion function (BRDF) of points in the scene,which is clearly im-
practicalfor colorizationapplications.In this paper, we proposeto
extract the intrinsic re�ectancecomponentof thescenefrom a set
of referenceimagesusingadecompositionmethodbasedon[Weiss
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Figure3: Anoverview of intrinsic colorization.

2001]. This view-dependentintrinsic re�ectanceimageis a mid-
level descriptionto representthe underlyingsurface re�ectance,
andit is invariantto illumination changes.Extractingintrinsic im-
agesis practicalfor colorizationpurposessinceonly a few refer-
enceimagesaresuf�cient for a reasonabledecomposition.We ac-
quire theseimagesfrom thevastcollectionof imagesavailableon
the web. Sincewe colorizethe grayscaletarget with intrinsic re-
�ectancecolorsrecoveredfrom referenceimages,we refer to our
methodasintrinsic colorization.

4 Algorithm

The Internetservesasa hugedistributedimagedatabasethatcon-
tainsmultiple imagesof a given scenecapturedat different times
and by different persons. It is an invaluablesourceof reference
imagesfrom whichto determineintrinsicre�ectancecolorsfor col-
orizationof grayscaleimagesor old photographs.Given a target
grayscaleimage,our systemsearchesfor correspondingreferences
from theInternetby attemptingto registeronlineimagesto thetar-
get image.Thoseimagesthatcanberegisteredat leastin partare
usedasreferencesfor determiningintrinsiccolors.

An overview of our systemis shown in Fig. 3. FromN registered
referenceimages,wesolve for asinglereferencere�ectanceimage
of the target sceneand N referenceillumination images. Simi-
larly, from a setcontainingthe target grayscaleimageandthe N
referenceimagesconvertedto grayscale,we cancomputethe tar-
get re�ectanceimageand the target illumination imagefrom the
grayscaletarget.

Conceptually, colorsfrom thereferencere�ectanceimagecanthen
betransferredto thetargetre�ectanceimageandcombinedwith the
target illumination imageto obtainthe�nal result.However, since
this methodmay easily suffer from color bleeding(as explained
later), we usean alternative but equivalent approach. The color
referencere�ectanceimageis �rst combinedwith the target illu-
minationimageto generatecolor scribbleswhich arethenusedto
transfercolor to thetargetimagevia color optimization.Detailsof
thesealgorithmiccomponentsarepresentedin theremainderof this
section.

4.1 Registration of Reference Images

Givenimagesfrom theInternetor animagedatabase,we�rst iden-
tify the set of referenceimagesthat can be used. Theoretically,
using a larger numberof referenceimageswith different illumi-
nationswill leadto morestatisticallyaccuratecomputationof in-

trinsic images. We utilize SIFT [Lowe 2004], the state-of-the-art
featurematchingalgorithm,to detectandmatchcorrespondingfea-
turesin grayscalebetweeneachreferenceand the target images.
Thesecorrespondingfeaturesarethenusedto registereachcandi-
datereferenceimageto the target image. The registrationis done
using RANSAC [Fischler and Bolles 1987] to estimatean eight-
parameterhomographicprojectionmatrix P from thetarget to the
reference,which in turn is usedto computethere-projectionerror
for all thecorrespondingfeaturesin thecandidatereferenceimage.
There-projectionerrorfor any featurepoint canbecomputedas

e(x0) = kx ¡ P ¡ 1(x0)k (1)

wherex andx0 arethepositionsof matchedpointsin thetargetand
referenceimages,respectively. If mostof the featurepointshave
re-projectionerrorsbelow aprede�nedthreshold" , we includethis
imageinto thereferenceimageset.

Registrationcanthenbedonein two waysdependingonthequality
of featurematching. If mostof the featurepointsin the reference
imagehavere-projectionerrorsbelow asmallthreshold" 0 , weper-
form global alignmentusingthe estimatedprojectionmatrix P to
transformthe entire image. Otherwise,if therearemany feature
pointswith relatively largere-projectionerror, weperformtriangle-
basedwarping. We �rst triangulatethe target imagebasedon the
featurepointsusingDelaunaytriangulation[Shewchuk1996].The
referenceimagesarethenautomaticallytriangulatedsincea regis-
terablefeaturepoint in a referenceimagecorrespondsto another
featurepoint in thetarget image.Folding generallydoesnot occur
in thetriangulationof a referenceimage,sincethetargetandrefer-
enceimageshave consistentspatialrelationship.Althoughfolding
is possiblewhenthedistancebetweentwo connectedfeaturepoints
is lessthanthematchingerror, this is generallyavoidedin our ap-
plication becauseof the constrainton re-projectionerrors. Thus,
with this texture-mappedmesh,we canwarp the referenceimage
by transformingthefeaturepointsto their matches(from SIFT) in
thetargetimage.

Someerrorsmay exist in registration,dependingon the selected
valueof " 0 , but a certainamountof registrationerror (i.e., up to
about 10 pixels) can be toleratedby our colorization technique
sincetheseerrorsarenot noticeablein color channels.Registra-
tion maybedegradedby noisein eitherthe targetor thereference
images.For the cases,suchasan old target photographor a low-
quality referenceimage,thestate-of-the-artimagedenoisingalgo-
rithm (e.g. [Portilla et al. 2002]) may be appliedasa preprocess-
ing step.If denoisingdoesnot leadto satisfactoryregistration,the
matchingresultsmay be manuallyadjusted. Manual adjustment



(a) Target grayscale image

(b) Reference images

(c) Reference ref lectance (d) Target ref lectance

(e) Target i l lumination (f ) Synthesized scribbles

(g) Ground-truth (h) Colorized resul t

Figure 4: Intrinsic colorization in action. (a) is the target grayscaleimage. (b) is a set of referencesacquired from the Internet. By
registeringall referencesand solving for intrinsic imageswith partial registration, we obtain a referencere�ectanceimage (c), a target
re�ectanceimage (d), anda target illumination image (e). Color scribblesare automaticallysynthesizedfrom(c) and(e), asshownin (f).
With color optimization,theresultin (h) is obtained.Theground-truthimage is shownin (g) for comparison.

mayalsobeusedto dealwith falsematchesthatresultfrom signif-
icant illumination differencebetweenthe target andreferenceim-
ages.After registration,referenceimageswith differentresolutions
areautomaticallyscaledto matchtheresolutionof thetargetimage.
Here,bilinearinterpolationis usedfor scaling.

Oncethereferenceimagesareregistered,eachreferencemayonly
partially cover thetargetimage.Hence,we associateto eachrefer-
enceimagea binarymaskM i to identify pixels that canbe regis-
teredto thetargetimage.Thiswill beusedfor thefollowing intrin-
sic imagedecomposition.

4.2 Recovering Intrinsic Components

As proposedby Barrow andTenenbaum[1978], intrinsic images
area view-dependent,mid-level descriptionof a scene.An image
is usuallydecomposedinto a re�ectanceimageandanillumination
image.Althoughnot makingexplicit all thephysicalcausesof im-
agefeatures,intrinsic imagesareveryusefulfor supportingarange
of visual inferences.Recovering the intrinsic imagefrom onesin-
gle imageremainsa dif�cult problemsinceit is highly ill-posed.
Although certainprogresshasbeenmadein single-imagedecom-
position (e.g., Land et al. [1971], Freemanet al. [1998], Tappen
et al. [2005]), signi�cant improvementin accuracy androbustness,
andsimplicity in implementation,canbe obtainedwhenmultiple
imagesaretaken into account.Weiss[2001] solved thedecompo-
sition problemfor a setof N imageswith thesameview but under
differentillumination conditions.With theassumptionof constant
scenere�ectance,thismethodoutputsonere�ectanceimageandN
illumination images.In our work, we adopta modi�ed versionof
this techniquethathandlesimageswith partialregistration.

Deriving Intrinsic Images We �rst describethe basicapproach
for intrinsic imagedecompositionin [Weiss2001]. ConsiderN
imagescapturedfrom thesameview but underdifferentillumina-
tion conditions. All N imagesareassumedto sharethe samere-
�ectance.We denotetheintrinsic re�ectanceimageby R andeach
intrinsic illumination imageby L k . Theneachreferenceimagecan
beexpressedby thefollowing relationship:

I k (p) = R(p)L k (p): (2)

To linearizethe equation,we take the logarithm on both sidesof
thisequation:

i k (p) = r (p) + lk (p) (3)

wherelogarithm counterpartsare denotedin lowercase.To each
logarithmic imagei k , we then apply derivative �lters f x (p) and
f y (p) alongthe x andy directionsandget the corresponding�l-
teredoutputimages:

ox (p; k) = f x (p) ? i k (p) (4)

oy (p; k) = f y (p) ? i k (p) (5)

Basedon thepropertythatmostnaturalimageshave sparsederiva-
tive �lter output,we obtaina maximumlikelihoodestimateof the
�ltered re�ectancederivative imagesby taking the medianvalues
of the�ltered outputimages:

r̂ x (p) = mediank f ox (p; k)jk = 1::N g (6)

r̂ y (p) = mediank f oy (p; k)jk = 1::N g (7)

To obtain r , we solve the following Poissonequationwith zero
boundarycondition:

4 r (p) = r ¢[r̂ x (p); r̂ y (p)]: (8)

Substitutingr into Eq. 3 givesthe logarithmic illumination l k for
eachreferenceimage. Finally, inverselogarithm (exponential)is
computedto obtainthere�ectanceimageR andtheN correspond-
ing illumination imagesL k .

Intrinsic Images with Partial Registration In [Weiss2001],all
N imagesare assumedto be of the sameview. Our application
differs in thateachreferenceimagemayberegisteredto only part
of the target image. To solve this partial registrationproblem,we
proposea labelingscheme.With the N maskimagesobtainedin
our registrationprocess,we form a labelsetL (p) for eachpixel p
in thetargetimagethatidenti�es all referenceimageswhosepartial
registrationincludesp. Thesizeof labelsetL (p) mayvary among



differentpixels,andisdeterminedby thecoverageof differentmask
images.With theselabelsets,wemodify Eqs.6 and7 to

r̂ x (p) = mediank f ox (p; k)jk 2 L (p)g (9)

r̂ y (p) = mediank f oy (p; k)jk 2 L (p)g (10)

andthenevaluatewith thesamezero-boundarycondition.

Illumination Separation Before Colorization Our corecontri-
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-independentcolor referencere�ectanceR r and the
illumination-independentgrayscaletargetre�ectanceTr .

To computethereferencere�ectanceimageR r , wetaketheN reg-
isteredcolor referencesas input and perform our intrinsic image
computationwith partial registration. This returnsa single refer-
encere�ectanceimageR r , and N correspondingreferenceillu-
mination imageswhich arenot usedin our application. Fig. 4(c)
shows an example of the referencere�ectance image computed
from thereferenceimagesin Fig.4(b). Thetargetre�ectanceimage
Tr is computedin thesamemannerexceptusinggrayscaleversion
of the referenceimagestogetherwith the grayscaletarget image.
Decompositionthenyields N + 1 illumination images.Of these,
only the onethat correspondsto the target imageis retained,and
wedenotethisgrayscaletargetillumination imageasTl . Examples
of Tr andTl areshown in Fig. 4(d) and(e), respectively. By trans-
ferring colorsfrom Rr to Tr , we colorizethetarget imagewithout
illumination. Recombiningthecolorizedtargetre�ectancewith the
illumination componentof the targetgrayscaleillumination image
Tl , we �nally obtainthecolorizedtargetimagewith illumination.

Note that solving the intrinsic componentsavoids not only the in-
�uenceof illumination,but alsothein�uenceof dynamicoccluders
in the referenceimages,sincetheseoccludersareessentially“dy-
namic illumination” that canbe removed in the maximumlikeli-
hoodestimatein Eqs.9 and10. This propertyis demonstratedin
Fig.1, wherepeoplestandingin front of St.Basil'sCathedralin the
referenceimagesdo not affect our colorizationresult. The same
propertyalsoreducesthe in�uence of noisein both referenceand
target images,sincethesameamountof noisedoesnot in general
persistentlyappearat the samelocationin differentreferenceand
target images.We examinethis issuein Fig. 5, where(b) and(g)
show close-upsof therecoveredtargetre�ectanceimageof Qinian
Palaceand the referencere�ectanceimageof St. Basil's Cathe-
dral in Fig. 9 (a) andFig. 1, respectively. Although the target or
someof the referenceimagesarenoisy, both of the recoveredin-
trinsic re�ectanceimagesaresmooth.However, noisemaystill ex-
ist in thetarget illumination if thetarget imageis noisy, asdemon-
stratedin Fig.5(c). Therefore,ourcolorizedimageretainsthesame
amountof noiseasthe target image,asshown in Fig. 9 (a). Sim-
ilarly, thesameamountof degradationis retainedin thecolorized
result,if the target imageis of poorquality or low dynamicrange.
On the otherhand,if a small proportionof the referenceimages
arenoise-contaminated,andof poorquality or low dynamicrange,
thesedegradationscanberegardedas“dynamic illumination” and
will not in�uence theresults,asdemonstratedin Fig. 5(d) to (g).

4.3 Colorization

With the threeintrinsic images(R r , Tr , andTl ) in hand,we can
performintrinsic colorization.Assumingwhite illumination in the
target image,this couldbedoneby transferringcolor from theref-
erencere�ectanceRr to the target re�ectanceTr andthenmulti-
plying by the target illumination Tl . Equivalently, we could sim-
ply multiply Rr andTl to obtainthe �nal image.However, errors

(a) Noisy target image (b) Target ref lectance (c) Target i l lumination

(d) Noisy
reference

(e) Poor qual i ty
reference

(f ) Low dynamic
range reference

(g) Reference
ref lectance

Figure 5: In�uence of image degradations on intrinsic image
solver. Thetop row showsthe effect whennoiseexists in the tar-
get image (a). Therecovered re�ectance(b) is smooth,while the
noiseis presentin the illumination image (c), which will lead to a
colorizationresultwith thesamenoiselevel. Thebottomrowshows
thein�uenceof variousimagedegradationsin thereferences.Even
thoughthe referencesincludeimageswith noise(d), compression
artifacts(e)andof low dynamicrange(f), theintrinsic imagesolver
canstill returna nicere�ectanceimage (g).

in registeringthe referenceimagescan lead to a blurry color re-
�ectance imageRr , asexempli�ed in Fig. 4(c). This blur in the
re�ectanceimagecanseriouslydegradecolorizationif it is notcare-
fully accountedfor, asdemonstratedin Fig. 6(a)for colorizationby
directmultiplicationof Rr andTl . Severecolor bleedingartifacts
arenoticeablein therectangularregions.

Therefore,we do not trust the colorsof all pixels in the reference
re�ectanceRr . Instead,we allow color transferonly for pixels
consideredto be lessaffectedby misalignmenterrors. This lim-
ited transferproducescolor scribblesthat arepropagatedby color
optimization[Levin etal. 2004].

Scribblescould potentiallybe transferredfrom R r to Tr prior to
coloroptimization,andrelit with Tl . However, Tr alsosuffersfrom
blur dueto registrationerrors,socolor optimizationon Tr alsore-
sultsin color bleedingartifacts,asshown in Fig. 6(b). To address
this issue,we insteadtransfercolors from R r Tl to Tr Tl , where
Tr Tl is equivalentto theoriginal target image,which is unaffected
by misalignmentblur. Thepre-multiplicationof thetargetillumina-
tion Tl cansigni�cantly reducecolorbleedingartifactsin thecolor
optimization.Furthermore,it directly yieldsthe�nal colorizedtar-
get imageunderthetarget illumination condition. Thecorrectness
of thispre-multiplicationapproachreliesontheassumptionthatthe
illumination in thereferenceimageis whitelight, asthetargetillu-
minationTl is equallyapplied(R:G:B = 1:1:1) to all threecolor
channels.

Generating Scribb les Thecolorscribblesareautomaticallygen-
eratedfrom theproductof referencere�ectanceR r andtargetillu-
minationTl :

C(p) = Rr (p)Tl (p): (11)

Theremaybecolor erroramongscatteredpixels in the imagedue
to intrinsic imagecomputationon misalignedpixels. To minimize
this error in�uence, we �rst over-segmentthe targetgrayscaleim-
ageinto segmentsof similar intensitiesusingthemean-shiftalgo-
rithm [ComaniciuandMeer2002]. Thenfor eachsegment,pixels
are uniformly sampledfrom C(p), with the numberof pixels in



(a) Direct mul tipl ication

(b) Optimization  on  target  ref lectance

Figure 6: Color-bleedingartifacts. In (a), colorization is per-
formedby multiplying Rr and Tl . Inconsistentcolors appearin
the rectangularregionsbecauseof misalignmentof referenceim-
ages.In (b),colorizationis performedwith automaticallycomputed
scribblesandcolor optimizationon Tr . SinceTr alsosuffers from
misalignmentproblems,this resultalsoexhibitscolor bleedingand
inconsistencyartifacts. The referenceimages from Fig. 8(a) are
usedto computethetwo results.

proportionto thesegmentsize.Thissamplingis assumedto consist
mostlyof pixelsthatarenot in�uencedby misalignment.Next, we
computeaweightedaveragecolorwithin eachsegment:

¹Ci =

P
p2 S i

! (p)C(p)
P

p2 S i
! (p)

(12)

whereSi is the i -th segmentand the ! (p) is a Gaussianweight
computedby

! (p) = e¡ k ( C ( p) ¡ ¹ s ) 2 =2¾2
s (13)

with ¹ s and¾s denotingthemeanandthevarianceof thesegment
colors, respectively. We empirically setk = 1. Pixel with color
C(p) closeto ¹Ci , i.e.,

jC(p) ¡ ¹Ci j
¹Ci

< ²; (14)

is consideredto be the representative of the segmentand lessaf-
fectedby misalignmenterror. This color is thenusedasthescrib-
ble color. Thevalueof ² is setto 0:1 in our implementation.The
scribblesaregeneratedin YUV colorspaceandFig. 4 (f) showsan
exampleof color scribblescomputedwith thisapproach.

Color Optimization Having obtainedthesynthesizedcolorscrib-
bles,weapplycoloroptimization[Levin etal. 2004]to colorizethe
target grayscaleimage. This is achieved in YUV color spaceby
minimizing the following quadraticobjective function for both U
andV channelsrespectively, with constraintsonscribblecolors:

J (C) =
X

r

(C(r ) ¡
X

s2 N ( r )

! r sC(s)) 2 (15)

where
! r s = ge¡ ( Y ( r ) ¡ Y ( s)) 2 =2¾2

r (16)

Examples ReferenceNo. TargetImageRes. Time
Fig. 1 44 412£ 600 3m15s
Fig. 4 46 800£ 314 4m50s
Fig. 8(a) 34 649£ 408 2m35s
Fig. 8(b) 21 700£ 419 2m30s
Fig. 9(a) 8 338£ 600 1m04s
Fig. 9(b) 12 406£ 375 2m05s

Table1: Timingstatistics.

andN (r ) is the setof 4-connectedneighborsof pixel r andY is
thetargetgrayscaleimage.Thenormalizationfactorg is setsothat
theweightssumto one.In Fig. 4(h),wedemonstrateacolorization
resultwith this color optimizationscheme.We alsocompareour
colorizationresultto theground-truthimageasshown in Fig. 4 (g).

5 Results

Figs.1,4,8 and9 show multiplecolorizationresultsby ourmethod.
All referencesaresearchedfrom the Internetandmaydiffer in il-
luminationconditionsand/orin thepresenceof foregroundocclud-
ers. By decomposingthe re�ectanceimagesaswell as the target
grayscaleimageinto re�ectanceand illumination images,the in-
trinsiccolor canbeusedto reliablycolorizethetargetimage.

A uniqueand direct applicationof our methodis to colorize old
black-and-whitephotographstaken many years ago and of ex-
tremelylow quality. The“Qinian Palace”and“Templeof Heaven”
target imagesin Fig. 9 are both old photographscapturedin the
1950s. Theseimagesareseverely contaminatedby noise. Never-
theless,our methodcanstill obtainreasonablecolorizationresults.
Here,we assumethe color-to-grayprocessduring the acquisition
of theseold photographsis consistentto our grayscaleconversion
of referenceimages.We alsoassumethat theobjectsin the target
imageshavemaintainedtheir colorsover theyears.

To demonstratethestabilityof our techniqueonimagesacquiredin
differentillumination conditions,we compareour colorizationre-
sult of St. Basil's Cathedralto thatof theexample-basedcoloriza-
tion by Irony et al. [2005] in Fig. 7. We appliedIrony's method
twice with two different referenceimages,one with illumination
similar to thetargetimage(see(b)) andtheotherwith illumination
signi�cantly different from the target image(see(d)). Fig. 7 (h)
and(i) show the resultsusingthe referenceimagesin (b) and(d),
respectively. The onewith moresimilar illumination givesbetter
result,but still containsnoticeablefalsecolor. On the otherhand,
our methodgivesa reasonableandconsistentcolorizationresultin
(g) by determiningthe intrinsic colors. The comparisonsuggests
that the illumination differencein referenceandtarget imagescan
substantiallyaffect thequalityof colorization.

For mostof theexamplesin ourpaper, thecolorizationcanbedone
automatically, dependingonthequalityof thecomputedimagereg-
istration.Automaticimageregistration,however, mayfail in some
cases,sousersmaybeneededto adjustthematchingresults.This
is theonly userinteractionthat is requiredin our colorizationpro-
cess. Table1 shows the total processingtime for colorizing each
of theexampleson a computerequippedwith anIntel Core(TM)2
6400@ 2.13GHzCPU and3GB systemmemory. It dependson
the sizeof the target imageaswell asthe numberandthe sizeof
referenceimages.Thetime for userinteractionvariesfor different
examples,whichdependsonthenumberof referenceimagesfailed
in registration. For the exampleof Templeof Heaven, which has
themaximumnumberof referenceimagesfailed in registration,it
requiresaround5 minutesto adjustthematchingresults.



(a) Target  image (b) Reference image (c) Segmentation for (b)

(f ) Ground-truth  image (g) Our resul t (h)  Irony!s resul t from (b)

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

(i ) Irony!s resul t from (d)

Figure 7: Comparisonof our methodto that of Ironyet al. [2005]. (a) is thetarget grayscaleimage. (b) is the�r st referenceimage for the
Ironymethod.It hasa similar illumination asthetarget. (c) is thecorrespondingsegmentationfor (b). (d) is thesecondreferenceimage for
the Irony method.This onehasan illumination substantiallydifferent from the target, as seenfrom the highlightsand shadows.(e) is the
segmentationfor (d). Theresultsof theIronymethodgiven(b) & (c) and(d) & (e) are shownin (h) and(i), respectively. Greaterdifferences
in illumination leadto moreseriouscolorizationerror. (g) is our result.(f) is theground-truthimage.

Limitations As mentionedpreviously, intrinsic colorizationas-
sumestheillumination in all imagesbewhite light. For the intrin-
sic imagedecompositionto beeffective, we alsorequiresuf�cient
referenceimagesbeobtainedfrom websearchin orderto provide
enoughregisterableimageswith different illuminations. Because
of this, our methodis intendedto colorizewell-representedscenes
that canbe well alignedwith web images,andmay not properly
colorizepersonalitems.In addition,ourmethodis restrictedto col-
orizing staticscenesusingimagesof thesamesceneviewed from
similar directions.Contentin the target imagethat is inconsistent
to the referenceimages,or objectsin theold photographsthatare
longgone,maynotbecolorizedproperly. Signi�cant view changes
amongreferenceimagesmaycauseocclusionsthat impair thereg-
istrationprocess.Thescenein a targetimagealsomaynotbefully
coveredby thesetof referenceimages.Imageinpaintingtechniques
couldpotentiallybeusedto �ll in thecolorsof thoseuncoveredre-
gions.

6 Conc lusion
In this paper, we presenta novel methodto colorize a grayscale
imageby extractingintrinsicre�ectancecolorsfrom multiplerefer-
ences.Thesereferencesareall obtaineddirectly from websearch.
With previous example-basedmethods,consistentcolorizationre-
sultsaredif�cult to obtainwhenillumination conditionsbetween
the target grayscaleimageandits referencesaredifferent. By re-
ducingthein�uence of illuminationwith intrinsic imagedecompo-
sition, reliablecolorizationresultscanbegenerated.

Ourcurrentmethodassumesthatasuf�cient numberof registerable
referenceimagesof thetargetscenecanbeacquiredfrom theInter-
net. In caseswhenno exact matchis available,color information
from similar scenesmaypotentiallybeusedin computingintrinsic
re�ectanceimages.Relevantscenesmaybeidenti�ed throughtex-
ture analysis.Alternatively, single-imagemethods [Tappenet al.
2005] for intrinsic imagedecompositionmayalsobeemployed to
determinere�ectancecolorsof thetargetscene,whenreferenceim-
agesareveryscarce.
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