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Abstract

Single-chip digital cameras use an array of broad-
spectrumCharge-CoupledDevices(CCD) overlayedwith
a colour �lter array. The�lter layer consistsof transpar-
ent patchesof red, greenand blue, such that each CCD
pixel capturesoneof 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-dependenttriangulation.Thisinter-
polation techniqueis appliedto thecommonly-usedBayer
ColourFilter Arraypattern.Resultsshowthattheproposed
methodgivessuperiorreconstructionquality, with smaller
visual defectsthan other methods.Furthermore, the com-
plexityandef�ciency of theproposedmethodis verycloseto
simplebilinear interpolation,makingit easyto implement
andfastto run.

1 Intr oduction

Colour digital camerashave becomewidely available
consumerproductsin recentyears.In orderto reducecost,
thesedigital camerasusea singleCharge-CoupledDevice
(CCD) sensorwith an overlayedcolour �lter array (CFA)
to acquirecolour images,thusavoiding the needfor three
separatearrays(onefor eachprimarycolour)andtheasso-
ciatedcomplex opticalsystemto split thelight path.

The KodakBayerCFA patternis the �lter patternmost
frequentlyused.Figure1 shows this �lter pattern,where

�

is red, � is greenand � is blue.Eachpixel of theCCDthus
seesonly one primary colour, determinedby which �lter
overlaysit. Moregreen�lters areusedbecauseof thevisual
importanceof this centralareaof the spectrum:the eye is
moresensitive to greenandthis areais moresigni�cant to
theperceivedluminance.Thepatternshown thusprovides
ahigherspatialfrequency samplingof green,in comparison
with blueor red.Thereareasmany greenpixelsasredand
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Figure 1. Bayer Colour Filter Array Pattern
(U.S. Patent 3,971065, issued 1976)

andbluecombined.
Sincethereis only onecolourprimaryat eachposition,

wecanreconstructtheimageat thespatialresolutionof the
CCD only if we interpolatethetwo missingprimaryvalues
at eachpixel. That is, at a greenpixel we have to gener-
ateredandbluevaluesby interpolatingnearbyredandblue
values. A correspondingprocessis requiredat red (to get
greenandbluevalues)andat bluepixels(to getgreenand
redvalues).This interpolationprocessis calledCFA inter-
polationor demosaicing. Thedemosaicingprocessclearly
hasa signi�cant in�uence andis thusthekey factorin the
productionof high quality images.

The obvious placeto start is with traditional imagein-
terpolationmethods,suchasnearestneighbour, bilinearin-
terpolationandcubicconvolution. Bilinear interpolationis
oftenuseddueto its simplicity andef�ciency[1]. However,
it inducesrelatively largeerrorsin theedgeregionsandthe
eye is especiallysensitive to edgequality. To addressthis,
otherauthorshave proposedtechniqueswhicharesensitive
to thedata.ExamplesareAdams'edgeorientedmethod[2]
andvariouscolour correlationmethods[3, 4, 6]. Adams'
methodinterpolatesthemissingcolourelementsaccording
to theedgeorientationof the imagebut it only detectsthe
verticalandhorizontaledges.Interpolationmethodsusing
colourcorrelationproducebetterresultsbecausethereis a



high correlationbetweenthe red,greenandbluechannels.
However they ignoretheedgeorientationin theimages.

We have earlier proposedan effective interpolation
algorithm using a simple pixel level data-dependent
triangulation[5] which both matchesthe edgeorientation
of the imagesandcorrelatesthe red,greenandblue chan-
nels. Our schemegenerallyproducessuperiorreconstruc-
tion quality andis rapid. The methodwasappliedto full-
informationimages(that is, red,greenandblue valuesfor
every pixel) with the aim of magnifyingor rotating them.
In this paperwe show how our methodcanbe adaptedto
supplythemissingprimaryvaluesof aCFA image– demo-
saicing– andtheadvantagesit hasin this application.First
weneedto summarizetheprinciplesof ourearlier-reported
method.

2 Our Data-DependentMethod

We consideran imageto be an arrayof triangles,with
an apex on eachpixel value. In otherwords,we produce
the�nest meshthatthedatadirectly supports.Our motiva-
tion is thatprocessingimagesin this form is simplerthanin
pixel form. Signi�cantly, themeshpermitsusto think of the
imageasa continuousobjectratherthana discreteone:we
canreadilycalculatethecolourvalueatany positionwithin
theimage,usinginterpolationacrossthetrianglecontaining
thepointbeingsought.

Thereis someconfusionof terminologyin theliterature,
which we needto clarify beforeproceeding.“Bilinear in-
terpolation”strictly refersto interpolatingfour pointsand
we will use the term only in that sense. In the graphics
community, three-valueinterpolation,asusedin Gouraud
shading,is alsocalledbilinear interpolation,althoughit is
only adegeneratecase.Wewill distinguishthisby callingit
“triangle interpolation”. (We aregratefulto ProfessorKen
Brodlie,at theUniversityof LeedsUK, for drawing our at-
tentionto this.)

Ourschemeis basedon thetechniqueof data-dependent
triangulation(DDT)[7] but we use it at pixel level. The
algorithmattemptsto minimize thevisibility of the recon-
structionerrors,thusproducingvisuallypleasingresults.

Eachfour pixel squareis divided into two trianglesby
a diagonal.Thediagonaleithergoesin theNE-SWor the
NW-SEdirection,sowe arefreeto choosewhich direction
to useat eachsquare.We choosethedirectionwhich more
closelyapproximatestheedgein thatsmallareaof the im-
age. It is this which allows our methodto be sensitive to
edgedirection.

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

is theheightof a terrain,thenthethreesimilar pixelsarea
plateau,relatively �at, while theoutlier valueis at thebot-
tom of theclif f (if smaller)or the top of a peak(if higher)
(Figure2). So,if we want to interpolatea valuewithin the
relatively �at region we do not usetheoutlier. Choosinga
diagonaltheendsof whicharenottheoutlier, weensurethat
it runsin muchthe samedirectionasthe actualedge. We
then usetriangle interpolation,avoiding the blurring pro-
ducedby four-pixel bilinearinterpolation.

Our meshis thusregular in that thereis a triangleapex
at every pixel: it is a complete,regulargrid andan �	��


picturewill alwayshave �
������
 triangles.However, close
examinationwill revealthatthediagonalsarelocallychosen
to matchtheimageedges.Thiscompletesourconsideration
of edgedirection.

We now considerthe choiceof colour space. Recent
demosaicingmethods[3, 4, 6] have shown that taking the
strongdependency amongthe colour planesinto account
cansigni�cantly improvetheinterpolationperformance.In
particular, Adams[4] andPei[6] proposedinterpolationin
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 imageandso generatesome
colourmisregistration.Ournew methodcombinedtheiruse
of colourdifferencespacewith our edge-sensitivemesh.

We useinversemappingto do the interpolations[5]. In
general,to evaluatethe target pixel � , we evaluatepixel

���

��� where
�

is a simpleinversemappingto the original
image.Thenwe interpolatein thetrianglewhereit falls.

Experimentsshowed that imagesreconstructedby our
schemehave bettervisual quality than thoseproducedby
bilinearinterpolation.They lack theartifactsof colourmis-
registrationof the edgesthus improved subjective quality
becausehumanvisual systemaremoresensitive to edges.
We usedtwo statisticaltools to evaluatethereconstruction
quality and the resultsshowed that our methodgetsvery
closescoresto bilinear interpolationin colour difference
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Figure 4. Green crosses

spacewhichmeansgoodoverall reconstructionquality.
Therestof thepaperis organizedasfollows. In thenext

sectionwe describethenew demosaicingmethod,justify it
anddescribethe implementation.Thenwe brie�y suggest
someotherapplications.Next we show someexperimental
results.Finally wemakesomeconcludingremarks.

3 The DemosaicingAlgorithm

So far we have considereddata-dependenttriangulation
asa methodfor calculatingsuper-resolutionimagevalues;
that is, values“in between”the pixel positions. This is
usefulin changingthe resolutionof an image,distortingit
in variousways, rotating it etc. In all theseapplications
however, the original data is complete: thereis a known

�����

�

�

��� valueateverysourcepixel. For demosaicing,we
haveto adjustit to generatethoseprimaryvalueswhichare
missingfrom theBayerCFA pattern.

3.1 Implementation

3.1.1 Original Colour Space

The BayerCFA patternalternatesred andgreen�lters on
onerow, thengreenandblue �lters on the next row. This
patternrepeatson subsequentpairs of rows. This means
thata bluesamplehasredsamplesdiagonallyadjacentand
greensamplesorthogonallyadjacent(Figure3). A redsam-
plehasbluesamplesdiagonallyadjacentandgreensamples
orthogonallyadjacent.

Our taskis to interpolatethemissingprimariesin order
to get a complete

�����

�

�

��� triple at eachposition. What
Figure3 illustratesis theequivalenceof blueandred;while
Figure4 emphasizesthat thegreensamplesaredifferently
disposed.In fact, the greensamplescanbe consideredto

be arrangedon a grid at ����� relative to the other values.
Moreover their spacingdiffers to that of the othervalues.
Theattractionof our DDT methodis that it is independent
of both the spacingandthe orientationof the sourcedata.
It permitsus to predict valuesat any spacing(regular or
irregular)andorientation,whereverwe needthem.

If weconsiderjust theredvalues,it canbeseenthatthey
form a regulargrid of columnsandrows. Thesameis true
of bluevalues.We cantriangulateeachof theseasalready
described,choosingthediagonalsin theNW-SEor NE-SW
direction, to favour the imageedgedirections. The green
valuescanbe thoughtof asforming a regulargrid tilted at

����� (Figure4). Triangulatingthis will producediagonals
whicharein factdisposedeitherverticallyor horizontally.

Wethereforeneedto producethreemeshes,onefor each
primary, with thegreenmeshbeingspacedandorienteddif-
ferentlyto theothertwo. However, thereis no needto pro-
ducethesemeshesexplicitly. Supposethesampleimageis

 

andtheoutputimageto begeneratedis ! . We �rst scan
the sampleimage

 

to initialize threelookup tables,one
for eachprimary. Eachtablehasonebit to recordtheedge
directionat every �"�#� `square'of pixels of that primary
colour. To reconstructan imagepixel, we �rst determine
which two primariesneedto berecovered.We thenusethe
correspondinglookup tablesto establishin which triangle
the imagepixel sits in eachmesh. This establishesthree
valuesto be interpolatedfor eachof the two missingpri-
maries.

In fact,only two valuesareneeded.Supposewe arein-
terpolatingfor red valuesof blue or greenpixels. For de-
mosaicing,the targetpixel will alway fall on theboundary
of the triangle. Hencethe interpolationis alwaystheaver-
ageof two vertex values.For example,in Figure3 left, the
redvaluein ��� is actuallytheaverageof

��$

and
�&%

or the
averageof

�&'

and
�)(

dependingon thedirectionof thedi-
agonal.The red valuein �&� is the averageof

��$

and
�)(

andin �+* it is theaverageof
�+(

and
�,%

.
The interpolationof blue valuesfor red or greenpixels

canbedonein exactly thesameway asfor redvalues.To
interpolategreenvaluesof redor bluepixels,wesimply lo-
catethesurroundinggreencrossandtheninterpolateeither
verticallyor horizontally. For example,in Figure4 left, the
greenvaluefor

�&'

is eitherthe averageof �

$

and �)� or
theaverageof �)� and �&� . In all casestherefore,thevalue
is reconstructedastheaverageof two sourcevalues,those
valuesbeingchosenby our DDT method. This improves
onour earliermethod,bothin simplifying theinterpolation
andin avoiding theneedfor inversemapping.

3.1.2 Colour Differ enceSpace

Treating
�

, � and � planesindependentlyignoresthecor-
relationamongthecolourplanesandproducescolourmis-



registration. Recentresearch[4, 6] hasshown that inter-
polationperformancecanbesigni�cantly improvedby ex-
ploiting the correlationamongthe colour planes. Those
methodsarebasedon theassumptionthat the redandblue
valuesareperfectlycorrelatedto the greenvalueover the
extent of the interpolationneighborhood.They de�ne the
colour differences-/.102�43

�

and -65407�438� and
interpolatein this colourdifferencespace.

In other words, thesemethodstransformthe operation
into the - . or - 5 domaininsteadof performingtheinter-
polationin the � channel.For example,usingour method
to interpolatethemissinggreenelementat a redpixel, say

�,'

in Figure 4 left, would useeither �

$

and �)� or �)�

and �&� . In factwe usethecolour differenceapproach,so
insteadinterpolate- . from - .

$

and - . � ; or - . � and
-6.9� . Thegreenvalueof this redpixel is thusrecoveredby
�:0

�

3;-6. . The missinggreenelementof blue pixels
canbeinterpolatedin thesamewayandtheinterpolationof
redandblueelementsusesthesameapproach.

This methodis basedon theassumptionthatcolourdif-
ferencearerelatively �at over small regions.This assump-
tion is valid within smoothareasof the imagebut is not
valid aroundtheedgesin theimage.Colourmisregistration
would still exist aroundthe edgesif bilinear interpolation
wasapplied.Our methodeffectively solvestheproblemby
interpolationalongtheedgesin colourdifferencespace,as
Figure5 shows. It avoidscolourmisregistrationby not in-
terpolatingacrosstheedgesin thecolourdifferencespace.

3.2 Other Applications

As alreadymentioned,pixel level data-dependenttrian-
gulationcanbe usedin arbitrary resolutionenhancement,
arbitrary rotation andother applicationsof still imagesin
continuousspace.This remainstrue for demosaicing:we
arenot obligedto reconstructat theCCD resolutionor ori-
entation.However, thereis lessinformationavailablethan
in afull colourimage,sowecannotexpectthequality to be
ashigh. What we do claim is that thereis lessintroduced
visibleerror;whatthereis, is visuallyacceptable.

4 Experimental Results

4.1 Quality Assessment

We have performedvarioustestson two images,oneof
aboat(Figures5 and6) andoneof amacaw (Figures7 and
8). In eachcase,thetopimageis theoriginal24bit imageof
size

(=<

*>���

$

� . Fromthis we prepareda mosaicimageby,
at eachpixel, discardingthetwo primariesindicatedby the
CFA pattern.This mosaicimagewasthenusedto perform
thevariousreconstructionsshown, againat

(?<

*��@�

$

� .

We appliedthreedifferentdemosaicingmethodsfor the
test images: bilinear interpolationin the original colour
space,bilinear interpolationin colourdifferencespaceand
our data-dependenttriangulationmethodin colour differ-
encespace.

If we compareFigure 6(b) and Figure 6(c), it can be
seenthat interpolationin thecolourdifferencedomainhas
betterreconstructionquality thaninterpolationin theorig-
inal colour space.Colourmisregistrationis clearly visible
nearthethin lines in theboatpictureandaroundthetop of
the macaw wherethereis a sharpcolour transition. There
arealsonoticeabledottedartifactsaroundthoseedges.Our
methodavoidsbothof theseproblemsbecauseit betterpre-
serves the geometricregularity and interpolatesalong the
edgeorientationsof theimage.

Direct visual inspectionindicatesthat our methodpro-
ducesgood reconstructionquality. However, we wanted
to explorea moreanalyticalassessmentof thevisualqual-
ity of the interpolatedimages,thoughthis is not straight-
forward to de�ne, let alonemeasure. Degradation-based
quality measures[8] and the visible differencespredictor
(VDP)[9] have beenproposed. Thesetwo vision models
arequite complicatedandit is dif�cult to comparediffer-
entreconstructionmethods.Insteadwe chosetwo methods
to assessthe reconstruction.Oneis cross-correlation pro-
posedby Battiaoet al.[10] andLehmannet al.[11]. They
usecross-correlationbetweenthe original picture and the
reconstructedpictureto assessthequalityof reconstruction.
The other is PeakSignal-to-NoiseRatio (PSNR)which is
commonlyusedasameasureof imagequality in digital im-
agecompressionandreconstruction.

Thecross-correlationcoef�cient C betweentwo images
 ��

! is:
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where Q and S denoterespectively the averagevalueof
image

 

and ! ; and N and O are the image's width and
height. The cross-correlationcoef�cient is between0 and
1, whereahigherscoremeansbetterreconstructionquality.

ThePSNRis basedonMean-SquaredError (MSE).The
MSE is the cumulative squarederror betweenthe recon-
structedandtheoriginal image. TheMathematicalformu-
laefor thetwo are:
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whereSis themaximumpixel value.Logically, ahigher
valueof PSNRis betterbecauseit meansthat the ratio of
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Figure 5. Por tions 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
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Figure 6. Close­up 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. Por tions 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
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Figure 8. Close­up 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' meanstheorig-
inal imageandthe'noise' is theerrorin reconstruction.

We usedtwenty24-bit
(?<

*q�^�

$

� colournatureimages
asour testset.Becausewe usecolourimages,we compute
the cross-correlationcoef�cients of the R, G, B planesin-
dependentlyandaveragethesethree.ThePSNRvaluesare
calculatedfor thethreecolourchannelsindependently.

The table below shows the corresponding cross-
correlationresultswhere �sr meansbilinear interpolation
in original space, �sr�t meansbilinear interpolation in
colour difference space, tqt�u means data-dependent
triangulation(our method)and tqt�uvt meansour method
in colour differencespace. The valuesare averagedover
thetestset.

�wr �srxt tqt�u tqt�uyt

0.989957 0.995719 0.988859 0.993706

Cross-correlationresultsshow thatbilinearinterpolation
is marginally better than our method,when both usethe
samecolour space.Colour differencespaceis betterthan
original colour spacebut only by a very small amount,
approximately g{z[��| . The table below shows the PSNR
resultsof threecolour channelsfor the differentmethods.
Theresultsareaveragedover thetwentyimages.

�wr �wrxt tqtqu tqt�uyt

R 31.4685 35.0733 31.2224 33.9629
G 35.3369 39.3796 35.0995 37.9909
B 31.0098 34.2068 30.7429 32.3131

The PSNRresultsshow a clearbene�t from the useof
colourdifferencespace,for bothbilinear interpolationand
our method.Theseresultscon�rm earlierwork supporting
colourdifferencespace.Whencomparingthetwo methods,
the PSNRresultsshow that bilinear interpolationis only
marginally betterthanours. As we discussed,our method
is designedfor solving the problemof colour misregistra-
tion in edgeareas.So for imageswhich mainly consistof
smoothareas,bilinearinterpolationwill giveabetterstatis-
tical resultbecauseit usesmoreinformationfor interpola-
tion. Informally observationcon�rms thatourmethodgives
improvededgequality. It looksbetterbecausehumaneyes
aremoresensitive to edgesandour methodis betterat re-
tainingedges.Ouroverall resultis verycloseto bilinearin-
terpolationwhichmeansourmethodproducesgoodoverall
reconstructionimages.It is howeversimplerto implement.

4.2 PerformanceAssessment

Thefollowing tableshows theperformancecomparison
ona PentiumII 400machinewith 256Mmemory. We used
the 20 imagesagainandtimed the four methods.All the
methodsareimplementedby C++ codeandall the �gures
in thetableareseconds.

�sr �srxt tqt�u tqt�uvt

1.82 5.71 2.32 3.66

As we expected,both methodsusing the colour differ-
encespacerequiremore computationthan the methodin
originalcolourspace.Of thetwo methodsusingcolourdif-
ferencespace,ourmethodis faster. This is trueeveninclud-
ing the overheadof initializing the triangulationsin three
colour channels(About

$

z g�� secondsin this case). Our
methodis signi�cant fasterbecauseit only requirestwo pix-
els to interpolatewhile bilinear interpolationrequiresfour
pixels.Wehavealreadyshown thatit hasgoodoverallqual-
ity andvisuallybetteredges.Wesuggestthatthesefeatures
make it abetterchoicefor demosaicingcolourimages.

5 Conclusion

In thispaperwehavepresentedanew methodfor demoi-
saicingof colourimages.Thenew methodis basedondata-
dependenttriangulationbut we useit at pixel level. Thein-
terpolationis donewithin thetriangulation,which matches
theedgeorientationof the images.By avoiding interpola-
tion acrossedges,thenew algorithmsuccessfullysolvesthe
problemof colour artifactsaroundthe edges.We alsoap-
plied theschemein colourdifferencespacewhich helpsto
reducetheartifactscausedby colourmisregistration.

We have applied our method to the Bayer CFA pat-
tern andour methodoffers simplicity andef�ciency. The
cross-correlationand PSNRresultsalso demonstratethat
our methodis very closethebestcomparatorin producing
the`right' data,while visual inspectionshows thatthedata
is moreeffectively deployed to producesharpedges.It is
alsomuchfaster.

Our methodcanalsobeusedfor generalimagemanipu-
lationssuchasarbitraryscaling,rotation,perspectivetrans-
form, warpandsoon. Thusit canbeusedfor digital zoom
andsimpleeffects.
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