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Abstract

Thisarticleproposesanoriginalmethodfor gradingthecolours
betweendifferentimagesor shots.The�rst stageof themethod
is to �nd aone-to-onecolourmappingthattransfersthepalette
of an exampletarget picture to the original picture. This is
performedusinganoriginal andparameterfreealgorithmthat
is able to transform any N-dimensionalprobability density
functioninto anotherone.Theproposedalgorithmis iterative,
non-linear, hasa low computationalcost.Applying thecolour
mappingon the original pictureallows reproducingthe same
`feel' asthetargetpicture,but canalsoincreasethegraininess
of the original picture, especiallyif the colour dynamic of
the two picturesis very different. The secondstageof the
methodis to reducethisgrainartefactthroughanef�cient post-
processingalgorithmthatintendsto preserve thegradient�eld
of theoriginal picture.Thepaperalsoservesasa centralfocal
point for collecting togetherthe researchactivity in this area
andrelatingit to the importantproblemof AutomatedColour
Grading.

1 Intr oduction

A major problemin the postproductionindustry is matching
the colour betweendifferentshotspossiblytaken at different
timesin theday. Thisprocessis partof thelargeactivity of �lm
grading in which the �lm materialis digitally manipulatedto
haveconsistentgrainandcolour. Thetermcolourgradingwill
beusedspeci�cally to refer to thematchingof colour. Colour
grading is important becauseshots taken at different times
undernaturallight canhave a substantiallydifferent`feel' due
to even slight changesin lighting. Currently theseare �x ed
by experiencedartistswhomanuallymatchthecolourbetween
framesby tuning parameters.This is delicatetask sincethe
changein lighting conditionsinducesa very complex change
of illumination. The methodpresentedin this paperhowever
succeedsin automatingthis painstakingprocesseven when
thelighting conditionshave dramaticallychangedasshown in
�gure 7.

The �rst stageof colour gradingis to transferthe full colour
statisticsof a target picture example to the original picture.
Theideaof transferof statisticsencompassesanentirerangeof
possibilitiesfrom thesimplematchof themeanandvariances

of both datasetsto the exact transferof the whole probability
densityfunction(pdf) of thesamples.Thispaperconsidersthe
generalproblemof �nding aone-to-onemappingfunctionthat
transformsthesourcesamplesinto anew ensembleof samples
thatexhibits thesamepdf asthetargetsamples.Findingaone-
to-onemappingfor onedimensional(1D) samplesis a simple
task that canbe solved in the sameway asgrayscalepicture
equalisation[3]. Thedif�culty residesin extendingthemethod
to higher dimensions.This paperproposesa simple method
thatperformsanexact transferof a pdf, basedon the iterative
useof theone-dimensionalpdf transfer. Theadvantageof the
methodis thatthepdf transferoperatesin 1D whichmeansthat
theoverall algorithmhasa linearcomputationalcomplexity of
O(M ), whereM is thenumberof samplesor pixelsprocessed.
Moreover working in 1D considerablyreducesthe memory
loadrequiredby thealgorithm. This impliesthat it is possible
to have more bins in the histogramand thus achieve higher
accuracy in thecolourmapping.

The one-to-onecolour mappingto the original picturemakes
thetransformedpicturehaving thesamè feel' that thepicture
example but it might also producesomegrain artefacts on
partsof the picture. This can be understoodif the mapping
is donefrom a low dynamicrangeto a high dynamicrange.
The resulting mapping is stretchedand thus enhancesthe
noiselevel of thepicture,whichmakesthetransformedpicture
appearas a grainy. The secondstep to colour grading is
thereforeto reducethisartefact.Themethodproposedis to use
a variationalapproachto preserve the gradientof the original
while preserving also the colour transfer characteristic.
Preservingthe gradient of the original picture especially
protectsthe �at areasandmoregenerallyresultsin the exact
aspectof �lm grain/noisethantheoriginal image.

The overall method,which includesasa �rst step�nding the
colour mappingandthenreducingthe possiblegrain artefact,
is simpleandgivesattractive results.

2 RelatedWork

Transfer of Colour Statistics. One popular method [12]
matches the mean and variance of the target image to
the source image. The transfer of statistics is performed
separatelyon eachchannel. Sincethe RGB colour spaceis
highly correlated,the transferis donein the lesscorrelative
colour space l � � which has been proposed to account
for human-perception[13]. But the method is limited to
linear transformationsand someexample-basedrecolouring
scenariosactuallyrequirenon-linearcolourmapping.Figure1



shows exactly this problemand the methodfails to transfer
any usefulstatistics.

The problem of �nding a non-linear colour mapping is
addressedin particular in [9] for colour equalisation(like
for grayscalehistogramequalisation).The paperproposesto
deform the tessellationmeshesin the colour spaceto �t to
the 3D histogramof a uniform distribution. This methodcan
beseenasbeingrelatedto warpingtheorywhich is explicitly
usedin [6] wherethe transferof the 2D chromaticspaceis
performeddirectlyby usinga2D-biquadraticwarping.

Without having to invoke image warping, a natural
extensionof the 1D caseis to treat the mappingvia linear
programming[7]. This methodallows for almostany kind of
colour transformation.Themajordisadvantageof themethod
is its computationalcostwhich becomesintractableif a very
�ne clusteringof thecolourspaceis desired.

Dealing with Content Variations. Oneimportantaspectof
the colour transferproblemis the changeof contentbetween
the two pictures. For examplethe target picturemay present
more sky than the sourcepicture. Since all colour transfer
algorithmsaresensitive to the variationsof the colour cluster
sizes,they risk overstretchingthe colour mappingsand thus
producingunbelievablerenderings.

To dealwith this issuea simplesolution [12] is to manually
select swatchesin both pictures and thus associatecolour
clusterscorrespondingto thesamecontent.

One automatedsolution is to invoke the spatial information
of the images to constrain the colour mapping [5]. The
extremecaseconcernsthedif�cult taskof colouringgrayscale
pictures.Retrieving themissingchrominancechannelsvalues
canbedoneby takingadvantageof similaritiesbetweenspatial
neighbourhoodsof thetwo pictures[15, 4].

Anotherautomatedmethodis to restrictthe variability on the
colourmapping.For examplein [1], thepixelsof bothimages
are classi�ed in a restrictedset of basic colour categories,
derivedfrom psycho-physiologicalstudies(red,blue,pink.. . ).
Thecolourtransferensuresthatblue-ishpixelsremainblue-ish
pixels. This givesa morenaturaltransformationbut limits the
rangeof possiblecolour transfers.By contrastour methodis
ableto mapshadesof greento shadesof orangein �gure 5.

Novelty. Thework presentedin thispaperaddressesmany of
the shortcomingsof previous efforts in this area. Firstly, it is
computationallyattractive as it usesjust 1D pdf matchingin
aniterative schemewhich is shown to converge. Secondly, the
methodis completelynon-parametricand is very effective at
matchingarbitrarycolourdistributions. Thirdly, theproposed
methodfor reducinggrain artefact is unique and results in

targetimage original image Reinhard

Figure 1: Exampleof Colour transferusing Reinhard[12]
Colour Transfer. The transferfails to resynthesisethe colour
schemeof thetargetimage.To besuccessfulthemethodwould
requirehumaninteraction.

high quality picture. The paperalsoservesasa centralfocal
point for collecting togetherthe researchactivity in this area
andrelatingit to the importantproblemof AutomatedColour
Grading which has not been speci�cally addressedin this
communitypreviously.

3 Colour Transfer thr oughN-Dimensionalpdf Transfer

This sectionconsidersthe problemof �nding the one-to-one
colourmappingt thattransformsthecolourpdf of theoriginal
picture to the colour pdf of the target picture. The method
can be generalisedfor any pdf transferfrom N -dimensional
continuousRandomVariable. Denotef (x) andg(y) the pdf
of X andY , theoriginalandtargetN -dimensionalcontinuous
RandomVariablesrespectively. In colourtransfer, thesamples
encapsulatethethreecolourcomponentsx i = (r i ; gi ; bi ). The
problemis to �nd themappingfunctiont thatwill transformf
to g.

Dimension N = 1 (Grayscale Pictures) This is a well
known problem [3] which offers a simple solution. The
mappingimpliesthefollowing variationalrelation:

f (x) dx = g(y) dy (1)

Integratingthepreviousequationresultsin:

Z x 1

x 0

f (x)dx =
Z t (x 1 )

t (x 0 )
g(y)dy (2)

t(x) = C� 1
Y (CX (x)) (3)

whereCX andCY arethe cumulative pdfs of X andY . This
canbeeasilysolvedusingdiscretelookuptables.

Dimension N � 2. (Colour Pictures) To motivate the
algorithm, consider the three dimensional case of colour
transfer. A simpleapproachto the problemwould be to use
the one dimensionalschemeseparately on the chrominance
channelsof thetheoriginalpicture.For instance,thehistogram
of the blue chrominanceshouldbe identicalto the oneof the



Algorithm 1 pdf transferalgorithm
1: Initialisation of thedatasetsourcex andtargety . For examplein colourtransfer, x j = (r j ; gj ; bj ) wherer j ; gj ; bj arethe

red,greenandbluecomponentsof pixel numberj .
k  0 ; x (0)  x

2: repeat
3: takeonerotationmatrixR
4: rotatethesamples:x r  Rx (k ) andy r  Ry
5: projectthesamplesonall axisi to getthemarginalsf i andgi

6: for eachaxisi , �nd the1D transformationt i thatmatchesthemarginalsf i into gi

7: remapthe samplesx r accordingto the 1D transformations.For example,a sample(x1; : : : ; xN ) is remappedinto
(t1(x1); : : : ; tN (xN )) , whereN is thedimensionof thesamples.

8: rotatebackthesamples:x (k+1)  R� 1x r

9: k  k + 1
10: until convergenceonall marginalsfor everypossiblerotation
11: The�nal one-to-onemappingt is givenby: 8 j ; x j 7! t(x j ) = x (1 )

j

targetpicture. Most often,the`feel' of theresultingpictureis
notright but animprovementis still noticeable.Applying again
this techniqueoffers no improvementsincethe histogramsof
thechannelsarenow identical.Themainpoint of thepaperis
to show thatre-applyingthissimpletechniquebut in adifferent
colourspaceactuallyresultsin annew improvement.It is even
possible,by applying iteratively this simple operationon a
numberof differentcolourspaces,to make theoriginal picture
presentexactly thesamecolourstatisticsasthetargetpicture.

Description of the Algorithm. At iteration k, the samples
involved are the iteratedsamplesof X (k ) (the transformed
image)andthe samplesfrom Y (the target image). The �rst
step of the iteration is to changethe coordinatesystemby
rotatingboth thesamplesof X (k ) andthesamplesof Y . This
operationis equivalent to a colour spaceconversion. In a
secondstep the samplesof both distributions are projected
on the new axis which gives the marginals f 1 : : : f N and
g1 : : : gN . Then it is possible using equation (3) to �nd
for each axis i the mappingst i : 8j x j ! t i (x j ) that
transfers the marginals from f i to gi respectively. The
resulting transformationt mapsa sample(x1; : : : ; xN ) into
t(x1; : : : ; xN ) = (t1(x1); : : : ; tN (xN )) . The iteration is
completedwith a rotationof the samplesby R � 1 to returnin
theoriginal coordinatesystem.

The iteration leaves the samples from g unchangedbut
transformsthepdf f (k ) into f (k+1) . As shown in theappendix,
the averageKullback-Leiblerdivergencebetweenboth pdf's
actuallydecreasesat eachiteration. The algorithmconverges
in practiceif the operationis repeatedfor enoughdifferent
rotations(taking randomrotationsis suf�cient to converge).
Thefull algorithmin presentedin aseparate�gure onthispage
andis simpleto implementasit requiresnoextraparameters.

Kick Start Using PCA. Although the method can cope
with any kind of transformation,it might be desirableas a
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Figure 2: Exampleof a two dimensionalpdf transfer. The
experimentalmeasureof theKullback-Leiblerdistanceateach
iterationillustratestheconvergenceof theoriginal distribution
to thetargetoneby thetransfermethod.

�rst step to use a different techniquefor registering global
transformationsbetweenthe two distributions. In particular,
theproposedmethodis not naturallydesignedto �nd rotation
betweentheoriginalandtargetdataset.A simplesolutionis to
usethePrincipalComponentAnalysisof eachof theimagesto
�nd the rotationtransformationbetweenthe original samples
andthetargetsamples:

X � = UY U� 1
X X (4)
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Figure3: Resultof grainreducing.Thetwo consecutivearchive frames(a)and(b) suffer from extremebrightnessvariation(this
artefact is known as�ick er [10]). Thecorrespondingmappingtransformation(e) is overstretched,which resultsin anincreased
level of noiseon themappedoriginal frame(c). Theproposedgrainartefact reduceris ableto reproducethenoiselevel of the
original picture.Thetop of theoriginal pictureis saturatedandcannotberetrievedbut thealgorithmsucceedsin preservingthe
soft gradient.

where UX = [u1
X ; : : : ; uN

X ] and UY = [u1
Y ; : : : ; uN

Y ] are
the N xN orthogonal matrices containing the eigenvectors
of the covariancematricesof X and Y . To obtaina correct
transformation, the eigenvectors in UX and UY have to
correspond.This is achievedby orderingthemwith respectto
the magnitudeof the correspondingeigenvaluesand making
surethatthey donotpoint in oppositedirections.i.e.

8 i � N ; t u i
X � u i

Y > 0 (5)

This operationcannothandlenon-lineartransformationsbut
offersaninterestingspeedup if it is usedasa �rst step,before
theactualpdf transferalgorithm.

4 ReducingGrain NoiseArtefacts

The colour mappingto the original picturetransferscorrectly
thetargetcolourpaletteto theoriginalpicturebut it mightalso
producesomegrainartefactsasshown in �gure 3 and6. When
thecontentdiffersor thedynamicrangeof bothpicturesis too
different, the resultingmappingfunction canbe stretchedon
someparts(see�gure 3-d), andthusenhancesthenoiselevel.
Thiscanbeunderstoodby takingthesimpleexampleof alinear
transformationt of the original pictureX : t(X ) ! a X +
b. The overall varianceof the resultingpicture is changedto
varf t(X )g = a2 varf X g. Thismeansthatagreaterstretching
(a > 1) producesagreaternoise.

Thesolutionproposedhereto reducethegrainis to runapost-
processingalgorithm that forcesthe level of noiseto remain
thesame.Theideais to adjustthegradient�eld of thepicture
result so that it matchesthe original picture. If the gradient
of both picturesare similar, the level of noise will be the
same.Matchingthegradientof apicturehasbeenaddressedin
differentapplicationslike imagestitching[8] or high dynamic
rangecompression[2], andit canbeef�ciently solvedusinga
variationalapproach.

DenoteI (x; y) the original picture1. Let t : I ! t(I ) be the

1to simplify thecoordinatesareomittedin theexpressionsandI , J ,  ,� ,
etc.actuallyreferto I (x; y), J (x; y),  (x; y) and� (x; y).

colourtransformation.Theproblemis to �nd amodi�ed image
J of the mappedpicture t(I ) that minimiseson the whole
picturerange


min
J

ZZ



� � jjr J � r I jj2 +  � jjJ � t(I )jj2 (6)

with Neumannboundariescondition r J j@
 = r I j@
 to
matchthethegradientof J with thegradientof I at thepicture
border. The term jjr J � r I jj 2 forcesthe imagegradientto
be preserved. The term jjJ � t(I )jj 2 ensuresthat the colours
remainclose to the target picture. Without jjJ � t(I )jj 2, a
solutionof equation(6) will beactuallytheoriginalpictureI .

Theweight�elds � and affect theimportanceof bothterms.
The weight �eld � emphasisesthat only �at areashave to
remain�at but thatgradientcanchangeatobjectborders:

� =
� 0

1 + jjr I jj
with � 0 constant (7)

The weight �eld  accountsfor the possiblestretchingof the
transformationt. Wherer t is big, the grain becomesmore
visible:

 =
 0

1 + jj (r t)( I )jj
with  0 constant (8)

(r t)( I ) refersto thegradientof t for thecolourI .

Numerical Solution. The minimisation problem in
equation (6) can be solved using the variational principle
which statesthat the integral mustsatisfythe Euler-Lagrange
equation:

@F
@J

�
d

dx
@F
@Jx

�
d
dy

@F
@Jy

= 0 (9)

where

F = � � jjr J � r I jj 2 +  � jjJ � t(I )jj2 (10)

from which thefollowing canbederived:

� � J � div ( � r J ) = � � t(I ) � div ( � r I ) (11)



This is anelliptic partialdifferentialequation.Theexpression
div ( � r I ) can be approximated using standard �nite
differences[14] by:

div ( � r I ) �
X

l 2N i

 l +  i

2
(I l � I i ) (12)

whereN i correspondsto thefour neighboringpixelsof i .

This yieldsin a linearsystemwhich canbesolvedby standard
iterative methods like SOR, Gauss-Seidelwith multigrid
approach. Implementationsof these numerical solvers
are widely available and one can refer for instanceto the
NumericalRecipes[11].

5 Results

The remaining pagesshow some results from the Colour
Grading techniqueproposedin the paper. In Figure 5 for
instance,theoriginalmountainpicturein (a) is usedasa target
colour schemefor the sea-sideimagein (b) the third column.
Theresultof thetransferappearsin thesecondcolumn.

Examplesof ColourGradingfor matchinglighting conditions
arepresentedin 7. Onthe�rst row, thecolourpropertiesof the
sunsetareusedto synthesisethe `evening' scenedepictedat
sunset.Onthesecondrow, thecolourgradingallowscorrection
of the changeof lighting conditionsinducedby clouds. Even
whenusingthegrainartefactreducer, anunavoidablelimitation
of colour gradingis the clipping of the colour data: saturated
areascannotberetrieved(for instancethesky onthegolf image
cannotberecovered).A generalrule is to matchpicturesfrom
higherto lower rangedynamics.

The �gure 8 displaysexamplesof colour restorationof faded
movies. The idea is similar to colour gradingas the idea is
to recreatedifferentatmospheres.Thetargetpicturesusedfor
recreatingtheatmosphereareon thesecondrow.

6 Conclusion

This paper has proposedan original techniquefor colour
grading.Thetechniqueis basedon anexact transferof colour
pdf of thetargetpicture,whichis guaranteedto convergeat low
computationcosts. The possiblegrain artefactsare removed
in a secondstep. The overall techniqueis simple, easily to
implementand works for a large variety of scenarios,even
whentheexamplepictureis very differentfrom theprocessed
images.
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Figure4: Averageconvergenceratefor a two dimensionalpdf
transferfor 100 distributions. The randomrotationselection
strategy (in solid blue) eventuallyconvergeswhereasstrategy
involving a monotonic increaseof the rotation angle or a
strategy involving an alternationbetweentwo rotationangles
eventuallystalls.
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A ConvergenceIssues.

Figure 4 shows the convergenceof the algorithm, basedon
the averagemeasureof the Kullback-Leibler divergenceat
eachiteration for 100 different distributions. Consideringa
randomset of rotation directionsis suf�cient to converge to
the solution. The optimal rotationsequenceis however still a
subjectof research.
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(a)original image (b) recoloredwith (a) (b) original image (a) recoloredwith (b)

Figure5: Examplesof ColourGrading:thesecondcolumnis obtainedby transferringthecolourpdf from theimageof the�rst
column(a) to imageof thethird column(b). Thelastcolumnis obtainedby transferringthecolourpdf from image(b) to image
(a).

Original Target

No GrainReducer with ArtefactGrainReducer

Figure6: Resultof artefactgrainreducingfor colourpicture.Seehow thedetailsof thepicturearepreserved,while thespurious
graininessin sky hasbeenwashedout.



atevening at sunset grading(a)using(b)

(a) - with clouds (b) - withoutclouds grading(a)using(b)

Figure7: Examplesof ColourGradingfor matchinglighting conditions.On the�rst row, thecolourpropertiesof thesunsetare
usedto synthesisethe`evening' scenedepictedat sunset.On thesecondrow, thecolourgradingallows to correctthechangeof
lighting conditionsinducedby clouds.

OriginalFrame 70's atmosphere pubatmosphere

OriginalFrame Original70's atmosphere Originalpubatmosphere

Figure8: Exampleof ColourGradingfor ImageandVideoRestoration.It is possibleto recreatedifferentatmospheres.Herean
old faded�lm is transformedto matchthecolourschemeof amovie from the70's andapubambiance.


