Demosaicingof Colour ImagesUsing Pixel Level Data-DependentTriangulation

DanSu, Philip Willis
Departmenbf ComputerScience
Universityof Bath
Bath,BA2 7AY, U.K.
mapdsP.J.Willis@bath.ac.uk

Abstract

Single-tip digital camers use an array of broad-
spectrumCharge-CoupledDevices (CCD) overlayedwith
a colour Iter array. The lter layer consistsof transpar
ent patchesof red, greenand blue, sud that each CCD
pixel captuiresoneof theseprimary colours. To reconstruct
a colour image at the full CCD resolution,the “missing’
primary valueshaveto be interpolatedfrom nearbysam-
ples. We presentan effectivecolour interpolationusinga
simplepixel level data-dependerttiangulation. Thisinter-
polationtechniqueis appliedto the commonly-use@ayer
ColourFilter Array pattern.Resultsshowthatthe proposed
methodgivessuperiorreconstructiorguality, with smaller
visual defectsthan other methods.Furthermoe, the com-
plexity andef ciency of theproposednethods verycloseto
simplebilinear interpolation, makingit easyto implement
andfastto run.

1 Intr oduction

Colour digital camerashave becomewidely available
consumeproductsin recentyears.In orderto reducecost,
thesedigital camerasisea single Chage-Coupledevice
(CCD) sensomwith an overlayedcolour Iter array (CFA)
to acquirecolourimages,thus avoiding the needfor three
separatarrays(onefor eachprimary colour) andthe asso-
ciatedcomple optical systemto split thelight path.

The KodakBayer CFA patternis the lter patternmost
frequentlyused.Figurel shawvsthis Iter patternwhere
isred, isgreenand isblue.Eachpixel of theCCDthus
seesonly one primary colour, determinedby which Iter
overlaysit. Moregreenlters areusedbecaus®f thevisual
importanceof this centralareaof the spectrum:the eye is
moresensitye to greenandthis areais moresigni cant to
the percevedluminance.The patternshovn thusprovides
ahigherspatialfrequengy samplingof green,jn comparison
with blueor red. Thereareasmary greenpixelsasredand
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Figure 1. Bayer Colour Filter Array Pattern
(U.S. Patent 3,971065, issued 1976)

andbluecombined.

Sincethereis only onecolour primary at eachposition,
we canreconstructheimageat the spatialresolutionof the
CCD only if we interpolatethetwo missingprimaryvalues
at eachpixel. Thatis, at a greenpixel we have to gener
ateredandbluevaluesby interpolatingnearbyredandblue
values. A correspondingprocesss requiredat red (to get
greenandblue values)andat blue pixels (to getgreenand
redvalues).This interpolationprocesss called CFA inter-
polationor demosaicing The demosaicingprocesslearly
hasa signi cant in uence andis thusthe key factorin the
productionof high qualityimages.

The obvious placeto startis with traditionalimagein-
terpolationmethodssuchasnearesheighbourbilinearin-
terpolationandcubic corvolution. Bilinear interpolationis
oftenuseddueto its simplicity andef ciency[1]. However,
it inducesrelatively large errorsin theedgeregionsandthe
eye is especiallysensitve to edgequality. To addresshis,
otherauthorshave proposedechniquesvhich aresensitve
tothedata.ExamplesareAdams'edgeorientedmethod[2]
andvariouscolour correlationmethodg[3, 4, 6]. Adams'
methodinterpolateghe missingcolour elementsaccording
to the edgeorientationof theimagebut it only detectshe
verticalandhorizontaledges.Interpolationmethodsusing
colour correlationproducebetterresultshecausdhereis a



high correlationbetweerthe red, greenandblue channels.
Howeverthey ignorethe edgeorientationin theimages.

We have earlier proposedan effective interpolation
algorithm using a simple pixel level data-dependent
triangulation[3 which both matchesthe edge orientation
of theimagesandcorrelateghe red, greenandblue chan-
nels. Our schemeyenerallyproducessuperiorreconstruc-
tion quality andis rapid. The methodwas appliedto full-
informationimages(thatis, red, greenandblue valuesfor
every pixel) with the aim of magnifying or rotatingthem.
In this paperwe shav how our methodcan be adaptedo
supplythemissingprimaryvaluesof a CFA image—demo-
saicing— andtheadwantagest hasin this application.First
we needto summarizehe principlesof our earlierreported
method.

2 Our Data-DependentMethod

We consideran imageto be an array of triangles,with
an ape on eachpixel value. In otherwords, we produce
the nest meshthatthe datadirectly supports.Our motiva-
tion is thatprocessingmagesn thisform is simplerthanin
pixelform. Signi cantly, themeshpermitsusto think of the
imageasa continuousobjectratherthana discreteone: we
canreadilycalculatethecolourvalueatary positionwithin
theimage,usinginterpolationacrosghetrianglecontaining
thepointbeingsought.

Thereis someconfusionof terminologyin theliterature,
which we needto clarify beforeproceeding.“Bilinear in-
terpolation” strictly refersto interpolatingfour pointsand
we will usethe term only in that sense. In the graphics
community three-alue interpolation,as usedin Gouraud
shading,is alsocalledbilinear interpolation,althoughit is
only adegeneratease We will distinguishthisby callingit
“triangle interpolation”. (We are gratefulto ProfessoiKen
Brodlie, at the University of LeedsUK, for drawing our at-
tentionto this.)

Our schemas basedn thetechniqueof data-dependent
triangulation(DDT)[7] but we useit at pixel level. The
algorithmattemptsto minimize the visibility of the recon-
structionerrors,thusproducingvisually pleasingresults.

Eachfour pixel squareis divided into two trianglesby
a diagonal. The diagonaleithergoesin the NE-SW or the
NW-SE direction,sowe arefreeto choosewhich direction
to useat eachsquare We choosehedirectionwhich more
closelyapproximateshe edgein thatsmall areaof theim-
age. It is this which allows our methodto be sensitve to
edgedirection.

We rst considerthe casethat thereis an edgepassing
betweena squareof four pixels. If this edgecutsoff one
corner that corners pixel will have a value substantially
different (it could be biggeror smaller)to the otherthree.
We call this pixel the outlier. If the luminanceof the pixel
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Figure 2. Triangulation in a four-pix el square

is the heightof a terrain,thenthethreesimilar pixelsarea
plateaurelatively at, while the outlier valueis at the bot-
tom of the cliff (if smaller)or the top of a peak(if higher)
(Figure2). So,if we wantto interpolatea valuewithin the
relatively at region we do not usethe outlier. Choosinga
diagonatheendsof whicharenottheoutlier, we ensurehat
it runsin muchthe samedirectionasthe actualedge. We
thenusetriangle interpolation,avoiding the blurring pro-
ducedby four-pixel bilinearinterpolation.

Our meshis thusregularin thatthereis a triangleape
at every pixel: it is a complete regular grid andan
picturewill alwayshave triangles.However, close
examinatiorwill revealthatthediagonalsarelocally chosen
to matchtheimageedges Thiscomplete®ur consideration
of edgedirection.

We now considerthe choice of colour space. Recent
demosaicingnethods[3 4, 6] have shavn that taking the
strong dependeng amongthe colour planesinto account
cansigni cantly improve theinterpolationperformanceln
particular Adams[4 and Pei[f] proposednterpolationin
colour differencespaceinsteadof in the original colour
space. (We will explain colour differencespacelater, in
section3.1.2) However, their methodsdo not directly take
into accountthe edgesof the imageand so generatesome
colourmisregistration.Ournew methodcombinedheiruse
of colourdifferencespacewith our edge-sensitie mesh.

We useinversemappingto do the interpolations[$. In
general,to evaluatethe target pixel , we evaluatepixel

where is a simpleinversemappingto the original
image.Thenweinterpolaten thetrianglewhereit falls.

Experimentsshoved that imagesreconstructedy our
schemehave bettervisual quality thanthoseproducedby
bilinearinterpolation.They lack the artifactsof colourmis-
registrationof the edgesthusimproved subjectve quality
becausérumanvisual systemare more sensitve to edges.
We usedtwo statisticaltools to evaluatethe reconstruction
guality and the resultsshaved that our methodgetsvery
close scoresto bilinear interpolationin colour difference
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Figure 4. Green crosses

spacavhichmeansgoodoverall reconstructiorguality.
Therestof the paperis organizedasfollows. In the next
sectionwe describehe new demosaicingnethod justify it
anddescribethe implementation.Thenwe brie y suggest
someotherapplications.Next we shav someexperimental
results.Finally we make someconcludingremarks.

3 The DemosaicingAlgorithm

Sofar we have consideredlata-dependeritiangulation
asa methodfor calculatingsupesresolutionimagevalues;
that is, values“in between”the pixel positions. This is
usefulin changingthe resolutionof animage,distortingit
in variousways, rotatingit etc. In all theseapplications
however, the original datais complete: thereis a known

valueatevery sourcepixel. For demosaicingywe
have to adjustit to generatehoseprimaryvalueswhich are
missingfrom the BayerCFA pattern.

3.1 Implementation

3.1.1 Original Colour Space

The Bayer CFA patternalternateged andgreen lters on

onerow, thengreenandblue Iters onthe next row. This

patternrepeatson subsequenpairs of rows. This means
thata blue samplehasred samplegliagonallyadjacentand

greensampleorthogonallyadjacen{Figure3). A redsam-
ple hasbluesamplegsliagonallyadjacentindgreensamples
orthogonallyadjacent.

Our taskis to interpolatethe missingprimariesin order
to geta complete triple at eachposition. What
Figure3illustratesis theequivalenceof blueandred;while
Figure4 emphasizeshatthe greensamplesaredifferently
disposed.In fact, the greensamplescanbe consideredo

be arrangedon a grid at relative to the other values.
Moreover their spacingdiffers to that of the othervalues.
The attractionof our DDT methodis thatit is independent
of both the spacingandthe orientationof the sourcedata.
It permitsus to predictvaluesat any spacing(regular or
irregular)andorientation wherever we needthem.

If we consideljusttheredvaluesit canbeseernthatthey
form aregulargrid of columnsandrows. The sameis true
of blue values.We cantriangulateeachof theseasalready
described¢choosinghediagonaldn theNW-SEor NE-SW
direction, to favour the imageedgedirections. The green
valuescanbe thoughtof asforming a regulargrid tilted at

(Figure 4). Triangulatingthis will producediagonals
which arein factdisposeckithervertically or horizontally

We thereforeneedto producethreemeshespnefor each
primary, with thegreenmeshbeingspacedandorienteddif-
ferentlyto the othertwo. However, thereis no needto pro-
ducethesemeshesxplicitly. Supposd¢he sampleimageis

andtheoutputimageto begenerateds . We rst scan
the sampleimage to initialize threelookup tables,one
for eachprimary. Eachtablehasonebit to recordthe edge
directionat every “square'of pixelsof that primary
colour. To reconstructan imagepixel, we rst determine
whichtwo primariesneedto berecovered.We thenusethe
correspondindookup tablesto establishin which triangle
the imagepixel sits in eachmesh. This establisheghree
valuesto be interpolatedfor eachof the two missingpri-
maries.

In fact, only two valuesareneeded.Supposave arein-
terpolatingfor red valuesof blue or greenpixels. For de-
mosaicing the targetpixel will alway fall on the boundary
of thetriangle. Hencethe interpolationis alwaysthe aver-
ageof two vertex values.For example,in Figure3 left, the
redvaluein is actuallytheaverageof = and orthe
averageof and  dependingnthedirectionof thedi-
agonal. Theredvaluein is the averageof  and
andin it istheaverageof  and

The interpolationof blue valuesfor red or greenpixels
canbe donein exactly the sameway asfor red values. To
interpolategreenvaluesof redor blue pixels,we simply lo-
catethe surroundinggreencrossandtheninterpolateeither
vertically or horizontally For example,in Figure4 left, the
greenvaluefor is eitherthe averageof and or
theaverageof and . In all casedhereforethevalue
is reconstructecsthe averageof two sourcevaluesthose
valuesbeing chosenby our DDT method. This improves
onour earliermethod bothin simplifying theinterpolation
andin avoiding the needfor inversemapping.

3.1.2 Colour DifferenceSpace

Treating , and planesndependentlygnoresthecor-
relationamongthe colour planesandproducescolour mis-



registration. RecentresearcH4, 6] hasshown that inter-
polationperformancecanbe signi cantly improvedby ex-
ploiting the correlationamongthe colour planes. Those
methodsarebasedon the assumptiorthatthe red andblue
valuesare perfectly correlatedto the greenvalue over the
extent of the interpolationneighborhood.They de ne the
colour differences and and
interpolatein this colourdifferencespace.

In otherwords, thesemethodstransformthe operation
into the or domaininsteadof performingtheinter-
polationin the channel.For example,usingour method
to interpolatethe missinggreenelementat a red pixel, say

in Figure 4 left, would useeither  and or
and . In factwe usethe colour differenceapproachso
insteadinterpolate  from and ; or and
. Thegreenvalueof thisredpixel is thusrecoveredby
. The missinggreenelementof blue pixels
canbeinterpolatedn the sameway andtheinterpolationof
redandblue elementsisesthe sameapproach.

This methodis basedon the assumptiorthat colour dif-
ferencearerelatively at over smallregions. This assump-
tion is valid within smoothareasof the imagebut is not
valid aroundthe edgesn theimage.Colourmisregistration
would still exist aroundthe edgesif bilinear interpolation
wasapplied.Our methodeffectively solvesthe problemby
interpolationalongthe edgesin colourdifferencespaceas
Figure5 shaws. It avoids colour misregistrationby notin-
terpolatingacrossthe edgesn the colourdifferencespace.

3.2 Other Applications

As alreadymentioned pixel level data-dependeritian-
gulation canbe usedin arbitrary resolutionenhancement,
arbitrary rotation and other applicationsof still imagesin
continuousspace. This remainstrue for demosaicing:we
arenot obligedto reconstructt the CCD resolutionor ori-
entation. However, thereis lessinformationavailablethan
in afull colourimage,sowe cannotexpectthe quality to be
ashigh. Whatwe do claim is thatthereis lessintroduced
visible error;whatthereis, is visually acceptable.

4 Experimental Results
4.1 Quality Assessment

We have performedvarioustestson two images,one of
aboat(Figuress and6) andoneof amacav (Figures7 and
8). In eachcasethetopimageis theoriginal 24 bit imageof
size . Fromthis we preparech mosaicimageby,
ateachpixel, discardingthe two primariesindicatedby the
CFA pattern.This mosaicimagewasthenusedto perform
thevariousreconstructionshowvn, againat

We appliedthreedifferentdemosaicingnethodsfor the
testimages: bilinear interpolationin the original colour
space pilinearinterpolationin colour differencespaceand
our data-dependerttiangulationmethodin colour differ-
encespace.

If we compareFigure 6(b) and Figure 6(c), it can be
seenthatinterpolationin the colour differencedomainhas
betterreconstructiorquality thaninterpolationin the orig-
inal colour space.Colour misregistrationis clearly visible
nearthethin linesin the boatpictureandaroundthetop of
the macav wherethereis a sharpcolour transition. There
arealsonoticeabledottedartifactsaroundthoseedges Our
methodavoidsbothof theseproblemsbecausét betterpre-
senesthe geometricregularity and interpolatesalong the
edgeorientationof theimage.

Direct visual inspectionindicatesthat our methodpro-
ducesgood reconstructionquality. However, we wanted
to explore a moreanalyticalassessmentf the visual qual-
ity of the interpolatedimages,thoughthis is not straight-
forward to de ne, let alone measure. Degradation-based
quality measures[Band the visible differencespredictor
(VDP)[9] have beenproposed. Thesetwo vision models
are quite complicatedandit is dif cult to comparediffer-
entreconstructiommethods.Insteadwe chosetwo methods
to assesshe reconstruction.Oneis cross-corelation pro-
posedby Battiaoet al.[10] andLehmannetal.[11]. They
use cross-correlatiobetweenthe original picture and the
reconstructe@ictureto assestghequality of reconstruction.
The otheris Peak Signal-to-NoiseRatio (PSNR)which is
commonlyusedasameasuref imagequalityin digital im-
agecompressiomndreconstruction.

The cross-correlatiomoefcient C betweentwo images

is:

where and denoterespectiely the averagevalue of
image and ; and and aretheimages width and
height. The cross-correlatiortoefcient is between0 and
1, whereahigherscoremeandetterreconstructiorquality.

ThePSNRis basedn Mean-SquaedError (MSE). The
MSE is the cumulative squarederror betweenthe recon-
structedandthe original image. The Mathematicaformu-
laefor thetwo are:

whereS is themaximumpixel value.Logically, ahigher
value of PSNRis betterbecauset meansthatthe ratio of
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Figure 5. Portions of: a: original boat image.

b: bilinear interpolation in the original colour
space. c: bilinear interpolation in the colour
diff erence space . d: our method in the colour
diff erence space

d

Figure 6. Close-up comparision of. a: orig-
inal boat image. b: bilinear interpolation in
the original colour space. c: bilinear interpo-
lation in the colour diff erence space. d: our
method in the colour diff erence space
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Figure 7. Portions of: a: original macaw im-
age. b: bilinear interpolation in the original
colour space. c: bilinear interpolation in the
colour diff erence space. d: our method in the
colour diff erence space

d

Figure 8. Close-up comparision of: a: origi-
nal macaw image. b: bilinear interpolation in
the original colour space. c: bilinear interpo-
lation in the colour diff erence space. d: our
method in the colour diff erence space



Signalto Noiseis higher Here,the'signal' meanghe orig-
inal imageandthe'noise' is theerrorin reconstruction.

We usedtwenty 24-bit colour natureimages
asour testset. Becauseve usecolourimageswe compute
the cross-correlatiorcoefcients of the R, G, B planesin-
dependenthandaveragethesethree. The PSNRvaluesare
calculatedor thethreecolourchannelsndependently

The table belov shows the corresponding cross-
correlationresultswhere meansbilinear interpolation
in original space, meansbilinear interpolationin
colour difference space, means data-dependent
triangulation(our method)and meansour method
in colour differencespace. The valuesare averagedover
thetestset.

0.989957 0.995719| 0.988859 0.993706

Cross-correlatiomesultsshav thatbilinearinterpolation
is maminally betterthan our method,when both use the
samecolour space. Colour differencespaceis betterthan
original colour spacebut only by a very small amount,
approximately The table below showvs the PSNR
resultsof threecolour channeldor the differentmethods.
Theresultsareaveragedverthetwentyimages.

R | 31.4685 35.0733
G | 35.3369 39.3796| 35.0995 37.9909
B | 31.0098 34.2068| 30.7429 32.3131

The PSNRresultsshowv a clearbene t from the useof
colour differencespacefor both bilinearinterpolationand
our method. Theseresultscon rm earlierwork supporting
colourdifferencespace Whencomparinghetwo methods,
the PSNRresultsshav that bilinear interpolationis only
maminally betterthanours. As we discussedpur method
is designedor solving the problemof colour misregistra-
tion in edgeareas.So for imageswhich mainly consistof
smoothareasbilinearinterpolationwill give abetterstatis-
tical resultbecauseét usesmoreinformationfor interpola-
tion. Informally obsenationcon rms thatour methodgives
improvededgequality. It looks betterbecausdnumaneyes
aremoresensitve to edgesand our methodis betterat re-
tainingedges Ouroverallresultis very closeto bilinearin-
terpolationwhich meansour methodproducegyoodoverall
reconstructioimages.lt is however simplerto implement.

31.2224 33.9629

4.2 PerformanceAssessment

Thefollowing table shows the performancecomparison
ona Pentiumll 400 machinewith 256M memory We used
the 20 imagesagainandtimed the four methods. All the
methodsareimplementedoy C++ codeandall the gures
in thetableareseconds.

182 571 | 232 3.66 |

As we expected,both methodsusing the colour differ-
encespacerequire more computationthan the methodin
original colourspace Of thetwo methodausingcolourdif-
ferencespacepurmethods faster Thisis trueeveninclud-
ing the overheadof initializing the triangulationsin three
colour channels(About secondsin this case). Our
methods signi cant fastetbecausé only requireswo pix-
elsto interpolatewnhile bilinear interpolationrequiresfour
pixels. We have alreadyshowvn thatit hasgoodoverallqual-
ity andvisually betteredgesWe suggesthatthesefeatures
male it abetterchoicefor demosaicingolourimages.

5 Conclusion

In this papewe have presented nev methodfor demoi-
saicingof colourimages.Thenew methodis basedn data-
dependentriangulationbut we useit at pixel level. Thein-
terpolationis donewithin the triangulation which matches
the edgeorientationof the images.By avoiding interpola-
tion acrossedgestheneaw algorithmsuccessfullysolvesthe
problemof colour artifactsaroundthe edges.We alsoap-
plied the schemén colour differencespacewhich helpsto
reducethe artifactscausedy colour misregistration.

We have applied our methodto the Bayer CFA pat-
tern and our methodoffers simplicity andef ciency. The
cross-correlatiorand PSNR resultsalso demonstratehat
our methodis very closethe bestcomparatoiin producing
the right' data,while visualinspectionshovs thatthe data
is more effectively deployedto producesharpedges.lt is
alsomuchfaster

Our methodcanalsobe usedfor generaimagemanipu-
lationssuchasarbitraryscaling,rotation,perspectie trans-
form, warpandsoon. Thusit canbe usedfor digital zoom
andsimpleeffects.
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