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Abstract

Thisarticleproposesnoriginalmethodfor gradingthecolours
betweerdifferentimagesor shots.The rst stageof themethod
isto nd aone-to-onecolourmappingthattransferghepalette
of an exampletarget picture to the original picture. This is
performedusingan original and parametefree algorithmthat
is able to transformarny N-dimensionalprobability density
functioninto anotherone. The proposedalgorithmis iterative,
non-linear hasalow computationatost. Applying the colour
mappingon the original picture allows reproducingthe same
“feel' asthetametpicture,but canalsoincreasehe graininess
of the original picture, especiallyif the colour dynamic of
the two picturesis very different. The secondstageof the
methodis to reducethis grainartefactthroughanef cient post-
processinglgorithmthatintendsto presere thegradient eld
of the original picture. The paperalsosenesasa centralfocal
point for collecting togetherthe researchactvity in this area
andrelatingit to theimportantproblemof AutomatedColour
Grading.

1 Intr oduction

A major problemin the postproductionindustryis matching
the colour betweendifferent shotspossiblytaken at different
timesin theday This processs partof thelargeactiity of Im
gradingin which the Im materialis digitally manipulatedo
have consistengrainandcolour Thetermcolour gradingwill
be usedspeci cally to referto the matchingof colour Colour
grading is important becauseshotstaken at different times
undernaturallight canhave a substantiallydifferent feel' due
to even slight changesn lighting. Currently theseare x ed
by experiencedartistswho manuallymatchthe colourbetween
framesby tuning parameters.This is delicatetask sincethe
changein lighting conditionsinducesa very complex change
of illumination. The methodpresentedn this paperhowever
succeedsn automatingthis painstakingprocesseven when
thelighting conditionshave dramaticallychangedasshavn in
gure 7.

The rst stageof colour gradingis to transferthe full colour
statisticsof a target picture exampleto the original picture.
Theideaof transferof statisticsencompasseanentirerangeof

of both datasetdo the exact transferof the whole probability
densityfunction(pdf) of thesamplesThis paperconsiderghe
generaproblemof nding aone-to-onanappingfunctionthat
transformghe sourcesamplesnto a new ensemblef samples
thatexhibits the samepdf asthetametsamplesFindingaone-
to-onemappingfor onedimensional1D) sampless a simple
taskthat can be solved in the sameway as grayscalepicture
equalisatiorf3]. Thedif culty residesn extendingthemethod
to higher dimensions. This paperproposesa simple method
that performsan exacttransferof a pdf, basedon the iterative
useof the one-dimensiongbdf transfer The advantageof the
methodis thatthe pdf transferoperatesn 1D which meanghat
the overall algorithmhasa linearcomputationatompleity of
O(M), whereM isthenumberof sample®r pixelsprocessed.
Moreover working in 1D considerablyreducesthe memory
load requiredby the algorithm. This impliesthatit is possible
to have more bins in the histogramand thus achiere higher
accuray in the colourmapping.

The one-to-onecolour mappingto the original picture makes

thetransformedpicturehaving the same'feel' thatthe picture

example but it might also producesome grain artefacts on

partsof the picture. This canbe understoodf the mapping
is donefrom a low dynamicrangeto a high dynamicrange.
The resulting mapping is stretchedand thus enhanceghe

noiselevel of thepicture,which malkesthetransformedgicture

appearas a grairy. The secondstep to colour grading is

thereforeto reducethis artefact. Themethodproposeds to use
a variationalapproacho presere the gradientof the original

while preserving also the colour transfer characteristic.
Preservingthe gradient of the original picture especially
protectsthe at areasand more generallyresultsin the exact

aspecbf Im grain/noiseghantheoriginalimage.

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

2 RelatedWork

Transfer of Colour Statistics. One popular method [12]
matchesthe mean and variance of the tamget image to
the sourceimage. The transfer of statisticsis performed
separatelyon eachchannel. Sincethe RGB colour spaceis
highly correlated,the transferis donein the lesscorrelatve
colour space | which has been proposedto account
for human-perceptiorj13]. But the methodis limited to
linear transformationsand some example-basedecolouring

possibilitiesfrom the simplematchof the meanandvariances scenariogctuallyrequirenon-linearcolourmapping.Figurel



shavs exactly this problemand the methodfails to transfer
ary usefulstatistics.

The problem of nding a non-linear colour mapping is
addressedn particularin [9] for colour equalisation(like
for grayscalehistogramequalisation). The paperproposego
deform the tessellationmeshesin the colour spaceto t to
the 3D histogramof a uniform distribution. This methodcan
be seenasbeingrelatedto warpingtheorywhich is explicitly
usedin [6] wherethe transferof the 2D chromaticspaceis
performeddirectly by usinga 2D-biquadratiavarping.

Without having to invoke image warping, a natural
extensionof the 1D caseis to treat the mappingvia linear
programming7]. This methodallows for almostary kind of
colour transformation.The major disadwantageof the method
is its computationakostwhich becomesdntractableif a very
ne clusteringof thecolourspacds desired.

Dealing with Content Variations. Oneimportantaspectof
the colour transferproblemis the changeof contentbetween
the two pictures. For examplethe tamget picture may present
more sky than the sourcepicture. Sinceall colour transfer
algorithmsare sensitve to the variationsof the colour cluster
sizes,they risk overstretchingthe colour mappingsand thus
producingunbeliezablerenderings.

To dealwith this issuea simple solution[12] is to manually
select swatchesin both pictures and thus associatecolour
clusterscorrespondingo the samecontent.

One automatedsolutionis to invoke the spatialinformation
of the imagesto constrainthe colour mapping[5]. The
extremecaseconcernghedif cult taskof colouringgrayscale
pictures. Retrieving the missingchrominancechannelssalues
canbedoneby takingadwantageof similaritiesbetweerspatial
neighbourhoodsf thetwo pictureg[15, 4].

Anotherautomatednethodis to restrictthe variability on the
colourmapping.For examplein [1], the pixels of bothimages
are classied in a restrictedset of basic colour cateories,
derivedfrom psycho-pRsiologicalstudiesred,blue,pink...).

Thecolourtransferensureshatblue-ishpixelsremainblue-ish
pixels. This givesa morenaturaltransformatiorbut limits the
rangeof possiblecolour transfers.By contrastour methodis

ableto mapshade®f greento shade®f orangein gure 5.

Novelty. Thework presentedh this paperaddressemary of
the shortcomingof previous efforts in this area. Firstly, it is
computationallyattractve asit usesjust 1D pdf matchingin
aniterative schemewhich is shavn to corverge. Secondlythe
methodis completelynon-parametri@andis very effective at
matchingarbitrary colour distributions. Thirdly, the proposed
methodfor reducinggrain artefact is unique and resultsin

Reinhard

targetimage originalimage
Figure 1: Exampleof Colour transferusing Reinhard[12]
Colour Transfer The transferfails to resynthesise¢he colour
schemef thetargetimage.To besuccessfuthe methodwould
requirehumaninteraction.

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

3 Colour Transfer through N-Dimensional pdf Transfer

This sectionconsidergshe problemof nding the one-to-one
colourmappingt thattransformshe colour pdf of the original
picture to the colour pdf of the tamget picture. The method
can be generalisedor ary pdf transferfrom N -dimensional
continuousRandomVariable. Denotef (x) andg(y) the pdf
of X andY, theoriginalandtargetN -dimensionatontinuous
RandomVariablesrespectiely. In colourtransferthe samples
encapsulatéhethreecolourcomponents; = (ri;g;b). The
problemisto nd themappingfunctiont thatwill transformf
tog.

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)
Integratingthe previous equationresultsin:
VA X1 z t(x1)
f(x)dx = g(y)dy 2
Xo t(xo)
t(x) = G (G (X)) 3)

whereG¢ andG, arethe cumulatve pdfsof X andY. This
canbeeasilysolvedusingdiscretdookuptables.

Dimension N 2. (Colour Pictures) To motivate the
algorithm, consider the three dimensional case of colour
transfer A simple approachto the problemwould be to use
the one dimensionalschemesepaately on the chrominance
channel®f thetheoriginal picture.For instancethehistogram
of the blue chrominanceshouldbe identicalto the one of the



Algorithm 1 pdf transferalgorithm

1: Initialisation of the datasetsourcex andtargety. For examplein colourtransferx; = (rj; g ;l3) wherer;;g;; j arethe

red,greenandblue component®f pixel numberj .
k 0;x@ x
repeat
- take onerotationmatrix R
Ry

projectthe sampleon all axisi to getthemaiginalsf; andg;
for eachaxisi, nd thelD transformatiort; thatmatcheshe mamginalsf; into g

2:
3:
4: rotatethesamplesx,  Rx() andy,
5
6
7

8:  rotatebackthesamplesx(*) R 1x,

9: k k+1

10: until corvergenceon all maginalsfor every possiblerotation

11: The nal one-to-onemappingt is givenby: 8j ;x; 7! t(x;) = X;

(1)
J

targetpicture. Most often, the “feel' of theresultingpictureis
notright but animprovements still noticeable Applying again
this techniqueoffers no improvementsincethe histogramsof
the channelsarenow identical. The main point of the paperis
to shaw thatre-applyingthis simpletechniquebut in adifferent
colourspaceactuallyresultsin annew improvement.lt is even
possible,by applying iteratively this simple operationon a
numberof differentcolourspacesto make the original picture
presenexactly the samecolour statisticsasthetargetpicture.

Description of the Algorithm. At iterationk, the samples
involved are the iterated samplesof X (¢) (the transformed
image)andthe sampledfrom Y (the targetimage). The rst

step of the iteration is to changethe coordinatesystemby
rotatingboth the samplesof X (¢) andthe samplesf Y. This
operationis equialent to a colour spaceconversion. In a
secondstep the samplesof both distributions are projected
on the new axis which gives the maginals f,:::fy and
O1:::gnv. Thenit is possibleusing equation(3) to nd

for eachaxis i the mappingst; : 8 x; ! ti(x;) that
transfersthe mamginals from f; to g respectiely. The

t(x1;::0Xn) = The iteration is
completedwith a rotationof the samplesby R ? to returnin
theoriginal coordinatesystem.

The iteration leaves the samplesfrom g unchangedbut
transformghepdff () intof (**1) | As shavn in theappendix,
the averageKullback-Leibler divergencebetweenboth pdf's
actually decreasest eachiteration. The algorithmcornverges
in practiceif the operationis repeatedfor enoughdifferent
rotations(taking randomrotationsis sufcient to corverge).
Thefull algorithmin presentedh aseparategure onthispage
andis simpleto implementasit requiresno extra parameters.

Kick Start Using PCA. Although the method can cope
with ary kind of transformation,it might be desirableas a

Targetdistribution original distribution iterationl
iteration2 iteration3 iteration4
iteration6 iteration20 KL distance

Figure 2: Exampleof a two dimensionalpdf transfer The
experimentaimeasuref the Kullback-Leiblerdistanceat each
iterationillustratesthe corvergenceof the original distribution
to thetametoneby thetransfemmethod.

rst stepto use a different techniquefor registering global

transformationdbetweenthe two distributions. In particular

the proposedmethodis not naturallydesignedo nd rotation
betweerthe original andtargetdatasetA simplesolutionis to

usethePrincipalComponenfnalysisof eachof theimagesto

nd the rotationtransformatiorbetweenthe original samples
andthetargetsamples:

X = Uy Uy X (4)
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Figure3: Resultof grainreducing.Thetwo consecutie archive frames(a) and(b) suffer from extremebrightnessvariation(this
artefactis known as ick er[10]). Thecorrespondingnappingtransformatior(e) is overstretchedwhich resultsin anincreased
level of noiseon the mappedoriginal frame(c). The proposedyrainartefictreduceris ableto reproducehe noiselevel of the
original picture. Thetop of the original pictureis saturatedandcannotberetrieved but the algorithmsucceed# preservinghe

softgradient.

whereUyx = [u};::;uf]andUy = [ul;:::;ull] are
the NxN orthogonal matrices containing the eigervectors
of the covariancematricesof X andY. To obtaina correct
transformation, the eigervectorsin Ux and Uy have to
correspondThisis achiesed by orderingthemwith respecto
the magnitudeof the correspondingeigervaluesand making
surethatthey do not pointin oppositedirections.i.e.

8i N;'l ul,>0 (5)
This operationcannothandle non-lineartransformationshut
offersaninterestingspeedupif it is usedasa rst step,before

theactualpdf transferalgorithm.

4 ReducingGrain NoiseArtefacts

The colour mappingto the original picturetransferscorrectly
thetargetcolour paletteto the original picturebut it mightalso
producesomegrainartefaictsasshavn in gure 3 and6. When
the contentdiffersor the dynamicrangeof bothpicturesis too
different, the resultingmappingfunction can be stretchedon
someparts(see gure 3-d), andthusenhanceshe noiselevel.
Thiscanbeunderstoodby takingthesimpleexampleof alinear
transformationt of the original picture X : t(X) ! a X +
b. The overall varianceof the resultingpictureis changedo
varft(X )g = a? varf X g. This meanghata greaterstretching
(a> 1) producesagreatemoise.

Thesolutionproposedhereto reducethegrainis to run a post-
processingalgorithm that forcesthe level of noiseto remain
thesame.Theideais to adjustthe gradient eld of the picture
resultso that it matchesthe original picture. If the gradient
of both picturesare similar, the level of noise will be the
same Matchingthegradientof a picturehasbeenaddresseth
differentapplicationdik e imagestitching[8] or high dynamic
rangecompressiolj2], andit canbe ef ciently solvedusinga
variationalapproach.

Denotel (x; y) theoriginal picture'. Lett : | ! t(l) bethe

1to simplify the coordinatesare omittedin the expressionsandl , J,
etc.actuallyreferto | (x; y), J(X;y), (X;y)and (X;y).

colourtransformationTheproblemisto nd amodi ed image

J of the mappedpicture t(I) that minimiseson the whole
picturerange

7

min ir 3 rpz+ i3tz (e)

with Neumannboundariesconditionr Jjg = r ljg to

matchthethegradientof J with thegradientof | atthepicture

border Thetermjjr J r |jj? forcesthe imagegradientto

be presered. ThetermjjJ  t(l)jj? ensureshatthe colours

remain closeto the tamget picture. Without jjJ  t(1)jj?, a

solutionof equation(6) will be actuallythe original picturel .

Theweight elds and affecttheimportanceof bothterms.
The weight eld  emphasiseghat only at areashave to
remain at butthatgradientcanchangeat objectborders:

=92 with ¢ constant

7
1+ jir 1jj 0
Theweight eld  accountdor the possiblestretchingof the
transformatiort. Wherer t is big, the grain becomesmore
visible:

=__ 0 with ¢ constant

L+ Ji(r ()i

(r t)(1) refersto thegradientof t for thecolourl .

(8)

Numerical Solution. The minimisation problem in

equation (6) can be solved using the variational principle
which statesthat the integral mustsatisfythe EulerLagrange
equation:

F dF d@F _ )
@ dx@x dy@y
where
F= jird rijiz+ j3 t)j? (10)
from which thefollowing canbederived:
J div( rJd)= t(l) div( rl) (12)



Thisis anelliptic partial differentialequation.The expression
div( r 1) can be approximatedusing standard nite
differenceg14] by:

X Tt
2

div( rl) (1) (12)

12N

whereN; correspondso thefour neighboringpixelsofi.

Thisyieldsin alinearsystemwhich canbe solved by standard
iteratve methods like SOR, Gauss-Seidelwith multigrid
approach. Implementationsof these numerical solvers
are widely available and one can refer for instanceto the
NumericalRecipeq11].

5 Results

The remaining pagesshav some results from the Colour
Grading techniqueproposedin the paper In Figure 5 for
instancethe original mountainpicturein (a)is usedasatamet
colour schemefor the sea-sidémagein (b) the third column.
Theresultof thetransferappearsn thesecondcolumn.

Examplesof Colour Gradingfor matchinglighting conditions
arepresentedh 7. Onthe rst row, the colourpropertieof the
sunsetare usedto synthesisehe “evening' scenedepictedat
sunsetOnthesecondow, thecolourgradingallows correction
of the changeof lighting conditionsinducedby clouds. Even
whenusingthegrainartefactreduceranunavoidablelimitation
of colour gradingis the clipping of the colour data: saturated
areagannotberetrieved(for instancehesky onthegolfimage
cannotberecorered).A generakule is to matchpicturesfrom
higherto lower rangedynamics.

The gure 8 displaysexamplesof colour restorationof faded
movies. Theideais similar to colour gradingasthe ideais
to recreatdifferentatmospheresThe target picturesusedfor
recreatingheatmospherareon thesecondow.

6 Conclusion

This paper has proposedan original techniquefor colour
grading. Thetechniquds basedon an exacttransferof colour
pdf of thetargetpicture,whichis guaranteetb corvergeatlow
computationcosts. The possiblegrain artefactsare removed
in a secondstep. The overall techniqueis simple, easily to
implementand works for a large variety of scenarios,even
whenthe examplepictureis very differentfrom the processed
images.

—— Random
3| —— 2 angles
—— monotonic

Figure4: Averagecornvergenceratefor atwo dimensionajpdf
transferfor 100 distributions. The randomrotation selection
stratgy (in solid blue) eventually corvergeswhereasstrateyy
involving a monotonic increaseof the rotation angle or a
strat@y involving an alternationbetweentwo rotationangles
eventuallystalls.
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A Convergencelssues.

Figure 4 shows the corvergenceof the algorithm, basedon
the average measureof the Kullback-Leibler divergence at
eachiteration for 100 different distributions. Consideringa
randomset of rotation directionsis sufcient to corverme to
the solution. The optimal rotationsequencés however still a
subjectof research.
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A,

(a) original image (b) recoloredwith (a) (b) originalimage €) recoloredNifh (b)

Figure5: Exampleof Colour Grading:the secondcolumnis obtainedby transferringthe colour pdf from theimageof the rst
column(a) to imageof thethird column(b). Thelastcolumnis obtainedoy transferringthe colour pdf from image(b) to image

(a).

No GrainReducer with ArtefactGrain Reducer

Figure6: Resultof artefactgrainreducingfor colour picture. Seehow the detailsof the picturearepresered, while the spurious
graininessn sky hasbeenwashedut.



atevening atsunset grading(a) using(b)

(a) - with clouds (b) - without clouds grading(a) using(b) ‘

Figure7: Examplesof Colour Gradingfor matchinglighting conditions.Onthe rst row, the colourpropertiesof the sunsetare
usedto synthesiseghe “evening' scenedepictedat sunset.On the secondow, the colourgradingallows to correctthe changeof
lighting conditionsinducedby clouds.

——

INA-BBC

70'satmosphere
FRa N

Original Frame Original 70's atmosphere Original pubatmosphere

Figure8: Exampleof ColourGradingfor ImageandVideo Restorationlt is possibleto recreatalifferentatmospheredderean
old faded Im is transformedo matchthe colourschemeof a movie from the 70's anda pubambiance.



