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Figurel: Givenagrayscalamagemarked with somecolor scribblesby the user(left), our algorithmproducesa colorizedimage(middle).

For referencethe original colorimageis shavn on theright.

Abstract

Colorizationis a computerassistedorocessof addingcolor to a
monochromémageor mavie. The procesdypically involvessey-
mentingimagesinto regionsandtrackingtheseregionsacrossm-
agesequences\eitherof thesetaskscanbe performedreliably in
practice;consequentlycolorizationrequiresconsiderableuserin-
ternventionand remainsa tedious,time-consumingand expensve
task.

In this paperwe presenta simple colorizationmethodthat re-
quires neither preciseimage segmentation,nor accurateregion
tracking. Our methodis basedon a simple premise:neighboring
pixelsin space-time¢hathave similarintensitiesshouldhave similar
colors. We formalize this premiseusinga quadraticcostfunction
and obtainan optimizationproblemthat can be solved ef ciently
usingstandardechniqueslIn our approachan artistonly needsto
annotatethe imagewith a few color scribbles,and the indicated
colorsareautomaticallypropagtedin both spaceandtime to pro-
duceafully colorizedimageor sequenceéWe demonstratéhathigh
quality colorizationsof stills andmovie clips maybeobtainedrom
arelatively modestamountof userinput.

CR Categories: 1.4.9 [Image Processingand ComputerVision]:
Applications;
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1 Intro duction

Colorizationis atermintroducedby Wilson Markle in 1970to de-
scribethe computerassistedorocesshe inventedfor addingcolor
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to black and white movies or TV programs[Burng. Thetermis
now usedgenericallyto describeary techniquefor addingcolor to
monochromestills andfootage.

Colorizationof classicmotionpictureshasgenerateanuchcon-
troversy [Cooper1991], which partially accountdor the fact that
not mary of thesemovies have beencolorizedto date. However,
therearestill massve amountf blackandwhite television shavs
that could be colorized: the artistic controversyis oftenirrelevant
here, while the nancial incentves are substantial,as was suc-
cinctly pointedout by Earl Glick® in 1984: “You couldnt male
Wyatt Earptodayfor $1 million anepisode But for $50,000a sey-
ment,you canturn it into color andhave a brandnew serieswith
no residualsto pay” [Burng. Colorizationof still imagesalsoap-
pearsto be a topic of considerablenterestamongusersof image
editing software,asevidencedby multiple colorizationtutorialson
the World Wide Weh

A majordif culty with colorizationhowever, liesin thefactthat
it is anexpensve andtime-consumingrocessFor example,in or-
derto colorizea still imagean artisttypically begins by segment-
ing the imageinto regions,andthenproceeddo assigna color to
eachregion. Unfortunately automaticseggmentatioralgorithmsof-
tenfail to correctlyidentify fuzzy or complex region boundaries,
suchasthe boundarybetweena subjects hair andherface. Thus,
theartistis oftenleft with thetaskof manuallydelineatingcompli-
catedboundariebetweerregions. Colorizationof moviesrequires,
in addition, tracking regions acrossthe framesof a shot. Exist-
ing trackingalgorithmstypically fail to robustly tracknon-rigidre-
gions,again requiringmassie userinterventionin the process.

In this paperwe describea new interactive colorizationtech-
niguethatrequiresneitherprecisemanualsegmentationnor accu-
ratetracking. Thetechniquds basednauni ed framavork appli-
cableto bothstill imagesandimagesequencesThe userindicates
how eachregionshouldbecoloredby scribblingthedesiredcolorin
theinterior of theregion, insteadf tracingoutits preciseboundary
Using theseusersuppliedconstraintsour techniqueautomatically
propagtescolorsto the remainingpixels in the imagesequence.
This colorizationprocesss demonstrateéh Figurel. The under
lying algorithmis basedon the simple premisethat nearbypixels
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in space-timghathave similar gray levels shouldalsohave similar
colors. This assumptiorieadsto an optimizationproblemthat can
besolvedef ciently usingstandardechniques.

Our contrikution, thus, is a new simple yet surprisingly effec-
tive interactive colorizationtechniquethat drasticallyreduceshe
amountof input requiredfrom the user In additionto coloriza-
tion of black andwhite imagesand movies, our techniqueis also
applicableto selectve recoloring,an extremelyusefuloperationin
digital photograpk andin specialeffects.

1.1 Previous work

In Markle's original colorizationprocesgMarkle andHunt 1987]a
color maskis manuallypaintedfor at leastonereferencéramein
ashot.Motion detectiorandtrackingis thenapplied,allowing col-
orsto be automaticallyassignedo otherframesin regionswhere
no motion occurs. Colorsin the vicinity of moving edgesareas-
signedusing optical o w, which often requiresmanual xing by
theoperator

Althoughnot muchis publicly known aboutthetechniquesised
in more contemporarycolorization systemsusedin the industry
there are indications[Silberg 1998] that thesesystemsstill rely
on de ning regions and tracking them betweenthe framesof a
shot. BlackMagic,a commercialsoftware for colorizing still im-
ages[NeuralTek 2003], providesthe userwith usefulbrushesand
color paletteshut the segmentatiortaskis left entirelyto theuser

Welshetal. [2002] describea semi-automatitechniquefor col-
orizing a grayscaleimage by transferringcolor from a reference
colorimage. They examinethe luminancevaluesin the neighbor
hoodof eachpixel in the tamgetimageandtransferthe color from
pixels with matchingneighborhoodén the referenceémage. This
techniqueworkswell on imageswheredifferently coloredregions
giveriseto distinctluminanceclusterspr possesslistincttextures.
In other casesthe usermustdirect the searchfor matchingpix-
elsby specifyingswatchesndicatingcorrespondingegionsin the
two images. While this techniquehasproducedsomeimpressie
results,note that the artistic control over the outcomeis quite in-
direct: theartistmust nd referencamagescontainingthe desired
colorsover regionswith similar texturesto thosethatshewishesto
colorize. It is alsodif cult to ne-tune the outcomeselectiely in
problematicareas.In contrast,n our techniquethe artist chooses
the colors directly, andis ableto re ne the resultsby scribbling
more color wherenecessary Also, the techniqueof Welshet al.
doesnot explicitly enforcespatialcontinuity of the colors,andin
someimagesit may assignvastly differentcolorsto neighboring
pixelsthathave similar intensities.

2 Algorithm

We work in YUV color space commonlyusedin video, whereY
is the monochromatiduminancechannel,which we will refer to
simply asintensity while U andV arethe chrominancehannels,
encodingthe color[Jack2001].

Thealgorithmis givenasinputanintensityvolumeY(x;y;t) and
outputstwo colorvolumesaJ (x; y;t) andV (x; y;t). To simplify nota-
tion we will useboldfaceletters(e.g.r;s) to denote(x; y;t) triplets.
Thus,Y(r) is theintensityof a particularpixel.

As mentionedin the introduction,we wish to imposethe con-
straintthattwo neighboringpixelsr; s shouldhave similar colorsif
their intensitiesaresimilar. Thus,we wish to minimize the differ-
encebetweerthecolorU(r) atpixel r andtheweightedaverageof
the colorsatneighboringpixels:
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wherews is aweightingfunctionthatsumsto one largewhenY (r)
is similarto Y(s), andsmallwhenthetwo intensitiesaredifferent.
Similar weightingfunctionsareusedextensiely in imagesegmen-
tation algorithms(e.g.[Shi andMalik 1997; Weiss1999]), where
they areusuallyreferredto asaf nity functions

We have experimentedwith two weightingfunctions. The sim-
plestoneis commonlyusedby imagesegmentatioralgorithmsand
is basedn the squaredlifferencebetweerthetwo intensities:

Ws e (Y(r) Y(s))Z:Zsrz (2)

A secondveightingfunctionis basednthenormalizecdcorrelation
betweerthetwo intensities:
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wherem ands, arethe meanandvarianceof the intensitiesin a
window aroundr.

The correlationaf nity can also be derived from assuminga
local linear relation betweencolor and intensity [Zomet and Pe-
leg 2002; Torralbaand Freemar2003]. Formally, it assumeshat
the color at a pixel U(r) is alinear function of the intensityY(r):
U(r) = gY(r) + by andthelinearcoefcients a;; b; arethe samefor
all pixelsin a small neighborhoodaroundr. This assumptiorcan
be justi ed empirically [Zomet and Pelgy 2002] and intuitively it
meanghatwhenthe intensityis constanthe color shouldbe con-
stant,and whenthe intensity is an edgethe color shouldalso be
an edge(althoughthe valueson the two sidesof the edgecanbe
ary two numbers).While this modeladdsto the systema pair of
variablespereachimagewindow, a simpleeliminationof the a;; b
variablesyields an equationequivalentto equationl with a corre-
lation basedaf nity function.

Thenotationr 2 N(s) denoteghefactthatr ands areneighbor
ing pixels. In a singleframe,we de ne two pixels asneighborsf
theirimagelocationsare nearby Betweentwo successie frames,
we de ne two pixelsasneighborsf theirimagelocations afterac-
countingfor motion arenearby More formally, let vx(X; y); vy(X; y)
denoteheoptical o w calculatedattimet. Thenthepixel (xg; yo;t)
is aneighborof pixel (x1;y1;t+ 1) if:

(x1;y1) <T 4)

The ow eld vk (xp);w(Yo) is calculatedusinga standardmotion
estimationalgorithm[LucasandKanadel981]. Note thatthe opti-
cal ow is only usedto de ne the neighborhoodf eachpixel, not
to propa@tecolorsthroughtime.

Now given a setof locationsr; wherethe colors are speci ed
by the useru(r;) = uj;v(ri) = vi we minimize J(U);J(V) subject
to theseconstraints. Since the cost functions are quadraticand
the constraintarelinear, this optimizationproblemyields a large,
sparsesystemof linear equations which may be solved using a
numberof standardnethods.

Ouralgorithmis closelyrelatedto algorithmsproposedor other
tasksin imageprocessingln imagesegmentatioralgorithmsbased
on normalizedcuts[Shi andMalik 1997],oneattemptso nd the
secondsmallesteigervector of the matrix D W whereW is a
npixels npixels matrix whoseelementsarethe pairwiseaf nities
betweenpixels (i.e., ther;s entry of the matrix is wys) andD is a
diagonalmatrix whosediagonalelementsarethe sumof the af ni-
ties(in our casethisis always1). The secondsmallesteigervector
of any symmetricmatrix A is a unit normvectorx that minimizes
x"Ax andis orthogonalto the rst eigervector By directinspec-
tion, the quadraticform minimized by normalizedcutsis exactly
our costfunctiond, thatisx"(D  W)x= J(X). Thus,our algorithm
minimizesthesamecostfunctionbut underdifferentconstraintsin
imagedenoisingalgorithmsbasedn anisotropiadiffusion[Perona
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andMalik 1989; Tangetal. 2001] oneoften minimizesa function
similarto equationl, but thefunctionis appliedto theimageinten-
sity aswell.

3 Results

Theresultsshovn herewereall obtainedusingthecorrelationbased
window (equation3, or equivalently using the local linearity as-
sumption).Themeanandvariancem s for eachpixel werecalcu-
latedby giving moreweightto pixels with similar intensities. Vi-
suallysimilar resultswerealsoobtainedwith the Gaussiarwindow
(equatior?). For still imageswve usedMatlab's built in leastsquares
solver for sparsdinear systemsandfor the movie sequencesve
useda multigrid solver [Presset al. 1992]. Using the multigrid
solver, therun time wasapproximatelyl5 secondperframe. The
thresholdT in equatiord wassetto 1 sothatthewindow usedwas
3 3 3.

Figure2 shavs somestill grayscalémagesmarkedby theusers
colorscribblesext to thecorrespondingolorizationresults.Since
automatinghhe choiceof colorswasnot our goalin this work, we
usedthe original color channelsof eachimagewhen picking the
colors.As canbeseenyery convincingresultsaregeneratedby our
algorithmevenfrom arelatively smallnumberof color scribbles.

Typically, the artist may want to startwith a small numberof
colorscribblesandthen ne-tune thecolorizationresultsby adding
morescribbles.Figure3 demonstratesucha progressioron a still
image.

Figure4 shavs how our techniquecanbe appliedto recoloring.
To changethe color of an orangein the top left imageto green,
theartist rst de nesaroughmaskaroundit andthenscribblesin-
sidethe orangeusingthe desiredcolor. Ourtechniqueis thenused
to propagtethe greencolor until an intensity boundaryis found.
Speci cally, we minimize the cost(equationl) undertwo groups
of constraints.First, for pixels coveredby the users scribblesthe
nal color shouldbe the color of the scribble. Second for pixels
outsidethemask,thecolor shouldbethe sameastheoriginal color.
All othercolorsareautomaticallydeterminedoy the optimization
processin this applicationthe af nity betweerpixelsis basechot
only on similarity of their intensities,but alsoon the similarity of
their colorsin theoriginalimage.Notethatunlike globalcolormap
manipulationspur algorithmdoesnot recolorthe otherorangein
theimage,sincecolorsarenot propagtedacrossntensitybound-

aries.Thebottomrow of the gure shawvs anotherexample.

Figures5 and 6 shov selectedframesfrom colorized movie
clips. Even thoughthe total numberof color scribblesis quite
modest,the resultingcolorizationis surprisinglycorvincing. We
have alsosuccessfullycolorizedseveral shortclips from thetelevi-
sionshaw “I Love Lucy” andfrom Chaplins classicmovie Modern
Times Theoriginal clips wereobviously in blackandwhite, soin
theseexampleswe did not have a color referenceo pick thecolors
from.

Figures7 and 8 compareour methodto two alternatve meth-
ods. In gure 7 the alternatve methodis one wherethe image
is rst sggmentedautomaticallyandthenthe scribbledcolorsare
usedto “ood II" eachsggment. Figure 7a shows the result of
automaticsggmentationcomputedusing a versionof the normal-
ized cutsalgorithm[Shi andMalik 1997]. Segmentationis a very
dif cult problemandevenstate-of-the-amnethodsnayfail to auto-
matically delineateall the correctboundariessuchastheintricate
boundarybetweenthe hair and the forehead,or the low contrast
boundanpetweerthelips andtheface.Consequentlythecoloriza-
tion achieved with this alternatve method( gure 7b)is noticeably
worsethanthe one computedby our method( gure 7c). In both
casesthe samecolor scribbleswereused. Distinctive colorswere
deliberatelychosersothat a wsin thecolorizationwould be more
apparent.

Figure 8 comparesour methodfor colorizingimagesequences
to analternatve methodwherea singleframeis colorizedandthen
optical ow trackingis usedto propagte the colors acrosstime.
Sinceour methodusesoptical o w only to de ne the local neigh-
borhood it is muchmorerohustto trackingfailures.

In both cases,either using automatic sggmentationor using
trackingto propagte colorsacrosstime, the resultscould be im-
proved usingmoresophisticatedlgorithms.In otherwords,if the
automaticsegmentatiorhadbeenperfecthen ood lling segments
wouldhave producedperfectresults.Lik ewise,if denseoptical o w
hadbeenperfectthenpropagtingcolorsfrom asingleframewould
have alsoworked perfectly Yet despitemary yearsof researchin
computervision, state-of-the-aralgorithmsstill do not work per
fectly in an automaticfashion. An adwantageof our optimization
framework is that we use sggmentationcuesand optical ow as
“hints” for the correctcolorizationbut the colorizationcanbe quite
goodevenwhenthesehintsarewrong.

4 Summary

Despiteconsiderabl@rogressn imageprocessingincel970,col-
orization remainsa manuallyintensve and time consumingpro-
cess.In this paper we have suggesteé methodthat helpsgraphic
artistscolorize Ims with lessmanualeffort. In our frameawork,
theartistdoesnot needto explicitly delineatethe exactboundaries
of objects.Insteadthe artistcolorsa smallnumberof pixelsin se-
lectedframesandthealgorithmpropagtesthesecolorsin amanner
that respectdntensity boundaries.We have shovn that excellent
colorizationscanbe obtainedwith a surprisinglysmall amountof
usereffort.

An attractve featureof phrasingcolorizationasan optimization
problemis thatit clari es therelationshigbetweerthis problemand
otherproblemsin imageprocessing.Speci cally, we have shavn
that our algorithm minimizesthe samecostfunction thatis mini-
mizedin stateof theartsggmentatioralgorithmsbut underdifferent
constraints.In future work, we will build on this equivalenceand
import advancesin image seggmentation(e.g. more sophisticated
afnity functions,fasteroptimizationtechniquesjnto the problem
of colorization. Additionally, we planto explore alternatve color
spacesand propagtion schemeghat treathue and saturationdif-
ferently We areoptimisticthattheseadditionalimprovementswill
enableusto performcorvincing colorizationswith anevensmaller
numberof marked pixels.
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