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Abstract
Wepresenta novel imageinterpolationalgorithm.Thealgorithmcanbeusedin arbitrary resolutionenhancement,
arbitrary rotationandotherapplicationsof still imagesin continuousspace. High resolutionimagesare interpo-
latedfromthepixel level data-dependenttriangulationof lower resolutionimages.Our resultsshowthat thenew
algorithmcanprovidebetterresultsthanmostof theexistinginterpolatingalgorithms.Its computingef�ciency is
only slightly decreasedcomparedto bilinear interpolation.It is simplerthanothermethodsandis adaptableto a
varietyof image manipulations.Our methodprovidesa goodbalancebetweenvisualquality andcomputational
complexity. We keepour methodassimpleandef�cient asbilinear interpolationwhile producingresultsasgood
asotherexistingmethods.

1. Intr oduction

Digital imageinterpolationrefersto the recovery of a con-
tinuousintensitysurfacefrom discreteimagedatasamples.
It is a link betweenthe discreteworld and the continuous
one.In general,almostevery geometrictransformationre-
quiresinterpolationto beperformedonanimage,e.g.trans-
lating, rotating,scaling,warpingor otherapplications.Such
operationsare basicto any commercialdigital imagepro-
cessingsoftware.Obviously, the quality of the interpolator
determinesthequalityof thedesiredimage.

Thereareseveralissueswhichaffect theperceivedquality
of theinterpolatedimages:sharpnessof edges,freedomfrom
artifacts,reconstructionof high frequency details.We also
seekcomputationalef�ciency, both in time andin memory
requirements.Classicallinearinterpolationtechniques,such
aspixel replication,bilinearor bicubicinterpolationhavethe
problemsof blurring edgesor artifactsaroundedges.Al-
thoughthesemethodspreserve the low frequency content
of the sampleimage,they arenot able to recover the high
frequencieswhichprovide a picturewith visualsharpness.

Standardinterpolationmethodsare often basedon at-
temptsto generatecontinuousdatafrom asetof discretedata
samplesthroughan interpolationfunction. Thesemethods
attemptto improve the ultimate appearanceof re-sampled
imagesand minimize the visual defectsarising from the

inevitable resamplingerror. Many good interpolationtech-
niquesareknown1 � 2� 3� 4� 5.

It hasbeenrecognizedthat taking edgeinformationinto
accountwill improve theinterpolatedimage's quality1� 2� 3� 4.
Insteadof approachinginterpolationassimply �tting thein-
terpolationfunction, thesemethodsapproachit in addition
with informationof thegeometry. Li 1 assertsthatthequality
of an interpolatedimagemainly dependson the sharpness
acrosstheedge andthesmoothnessalongtheedge.

With theseconsiderationsin mind, we develop a new
edge-directedmethod for image interpolation which will
interpolatealong the edge orientation but not acrossit.
Our new method is basedon a simple data-dependent
triangulation6 at pixel level. Each four pixel squareis di-
videdinto two trianglesby thediagonal:thediagonaleither
goesto theNE-SWor NW-SEdirection.Thedirectionof the
diagonalis chosento correspondto theedgein theimage.

Our methodis thusto �t the�nest triangularmeshto the
sourcepixels. This meshis completelyregular except that
thediagonalsareselectedto run in thesamegeneraldirec-
tions asany visible edge.To generatea new image,possi-
bly at higherresolution,the targetpixels arelocatedon the
sourcemesh.We then evaluateeachtarget pixel from the
trianglewithin which it sits.Any pixel which falls in thetri-
anglewill be interpolatedusingonly the information from

submittedto COMPUTERGRAPHICSForum(10/2002).



2 Suetal / Triangulation

the threetrianglevertices.So in a smoothregion, which is
actually within the triangle, bilinear interpolationkeepsit
smoothandsavescomputation.In edgeareas,the interpo-
lator won't interpolateany two pixels that fall in different
triangles,which meanssharpnessbetweentriangles(edges)
is retained.In otherwords, the new high-resolutionimage
keepstheedgesharpandthesmoothareasmooth.

There are several edge directed interpolation
schemes1 � 2� 3� 4 and a data-dependent triangulation
approach5. Li et al.1 attemptedto estimatelocal covariance
characteristicsat low resolutionand usedthem to direct
interpolationat high resolution(NEDI - New EdgeDirected
Interpolation) while Allebach et al.2 generateda high
resolutionedgemap and usedit to direct high-resolution
interpolation(EDI - EdgeDirectedInterpolation).Battiato
etal.3 proposedamethodby takinginto accountinformation
about discontinuitiesor sharpluminancevariationswhile
doing the interpolation. B.S.Morse et al.4 representeda
schemethat using existing interpolationtechniquesas an
initial approximationand then iteratively reconstructsthe
isophotesusing constrainedsmoothing.Yu et al.5 adapted
the traditional data-dependenttriangulation (DDT) with
their new costfunctionsandoptimization.

TheNEDI1 andtheBattiato's Locally Adaptive method3

can only do direct magni�cation by a factor of a power
of two (they requireiteration for a factor more than two).
EDI2,DDT? andIsophote5 candoarbitraryinterpolationbut
they all need some iterative progress.Additionally, four
methods1 � 2� 3� 4 (DDT is anexception)areonly designedfor
superresolution.

Our schemehasseveral advantagesin contrastto these
former methods.Firstly, our approachis almostas simple
as bilinear interpolation while former methodsare more
complex. Secondly, our approachis designedfor arbitrary
scaling,arbitrary rotating and warping or other operations
while mostformermethodsarejust de�ned for magnifying.
Thirdly, our schemeinterpolatesin onego andis computa-
tionally fastwhile mostformermethodsneediteration.

Ourexperimentsshow that imagesproducedby our pixel
level data-dependenttriangulationhave signi�cant bettervi-
sualquality thanclassicallinear interpolationwhile keepas
simpleandef�cient asbilinearinterpolation.Methodswhich
beatoursdosoonly marginally andareconsiderablyslower.
We demonstrateour algorithmusedin colour imageswith
arbitrarymagnifyingfactorandarbitraryrotation.

Therestof thepaperis asorganizedfollows. In thenext
sectionwedescribetheprincipleof themethod,justify it and
describethe implementation.Next we presentsomeexperi-
mentalresults.Finally we make someconcludingremarks.

2. Pixel Level Data-DependentTriangulation

�

�

�

�

�

��

�

�

�

�

�

��

�

�

�

�

�

��

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

��

b c

a d

Figure1: Triangulationin a four-pixel square

2.1. Principle of the Algorithm

Triangulation has been an active researchtopic during
the pastdecade.Imagereconstructionusing trianglesisn't
widely used, probably becauseof its complexity. Our
schemeis basedon the techniqueof data-dependenttrian-
gulation(DDT)6 but weuseit atpixel level. TheDDT-based
reconstructionalgorithm attemptsto minimize the visibil-
ity of thereconstructionerrorsthusproducepleasingrecon-
structions.

We wish to keepedgessharp.We �rst considerthe case
thatthereis anedgepassingbetweenasquareof four pixels.
If this edgecutsoff onecorner, onepixel will have a value
substantiallydifferent(couldbebiggeror smaller)thanthe
otherthree.Call this pixel theoutlier. Imaginethatwe rep-
resentthebrightnessof thepixel astheheightof a terrain.In
effect,thethreesimilarpixelsde�ne aplateau,relatively �at,
while theoutliervalueis atthebottomof theclif f (if smaller)
or thetopof apeak(if higher)(Figure1).Thisgivesusahint
that if we want to interpolatea high resolutionpixel within
therelatively �at region we shouldnot usetheoutlier. Clas-
sical interpolationmethodslike bilinear interpolationsuffer
from edgeblurring becausethey useall fours pixels to do
interpolation.

This simplegeometrymotivatesusto �nd a way to guide
interpolation so that smoothnesswithin the regions and
sharpnessbetweenthe �at region andclif f region canboth
bekept.Putanotherway, if thediagonalis to correspondto
theedgein theimage,thediagonalshouldbetheonewhich
doesnot connectto the outlying pixel value, the onemost
differentto theotherthree.Wechooseadiagonalto triangu-
latethefour pixelsbecauseof its simplicity. Sub-pixel edge
triangulationcouldbeusedbut we will demonstratethattri-
angulationby diagonalcanprovide excellentresults.

For agrey-scaleimage,werepresentthebrightnessof the
pixel asheight,seeFigure1. Supposepixels a, b andc are
thesameheightwhile d is higherthanthesethree.Obviously
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a, b andc de�ne a �at region while d is the mostdifferent
pixel to theotherthree.Thusweconnectdiagonalacandget
thetrianglesabcandadc.

In general,if b or d is the mostdifferentpixel, the edge
shouldbeac, otherwisebd will betheedge.Thereareother
situationsif a andd arevery different to b andc; or a and
b arevery differentto c andd. In thesecasesit makeslittle
differencewhichdiagonalis chosen.

The strengthof employing triangulationis we can tune
the interpolatorto matchan edge.In Figure1, wheninter-
polatingthehigh-resolutionpixel falling in triangleabc, the
interpolatorwon't usethe value of d which is very differ-
ent to this plateau.For two pixels falling in differenttrian-
gles,theheightof thepixelswill bequitedifferentandthus
the sharpnessof edgeis kept. It is easyto seethat in very
smoothregions,the interpolatoris ableto keepits smooth-
nessaswell, evenacrosstriangleboundaries.

2.2. Implementation and Optimization

Supposethe low-resolution image is X and the high-
resolution image to be generatedis Y. We �rst scanthe
sampleimageX to initialize a lookup tablewhich records
the edgedirectionof all four-pixel squares.For any super-
resolutionpixel wecandistinguishin whichtriangleof X the
pixel falls.Thehigh-resolutionimageY is theninterpolated.
For eachyi j we do aninversemappingto thesampleimage
X anddecidethefour pixel square.We usethelookuptable
to selectthe right triangle, then bilinear interpolatewithin
thetriangleto getyi j .

We useinversemappingbecauseit hasa numberof ben-
e�ts. First it canbeusedat arbitraryresolution.We arenot
constrainedin any way by theresolutionof thesourcedata.
Second,thereis no requirementto align the targetgrid par-
allel to the sourcegrid, so arbitrary rotation is possibleat
no additionalcost.Third, samplingcanbe irregular to pro-
vide warps,althoughthesamplingratemustnot betoo low
becausethis would causebreak-up.

In the initializing stage,thereis an easyway to choose
thedirectionof theedge.We simplycomparethedifference

�

a � c
�

with
�

b � d
�

. We connectthe pair with smallerdif-
ferenceasthediagonal.Theproof that this is equivalentto
�nding theoutlierpixel is in AppendixA. Thismethodsaves
computingtime, needingonly two subtractionsanda com-
parison.

The algorithmis very simpleandeasyto implement.Its
complexity andits computingtime arealmostthe sameas
bilinear interpolationwhile its result is betterthanbilinear
andbicubicinterpolation(Figure2).

2.3. ExtendedMethod

Closestudyof Figure2 revealsa problemif we only con-
siderthe four pixel squarewhenpredictingthedirectionof

Figure2: Detail imagemagnifyingby4. Top: bilinear inter-
polation.Second:bicubic interpolation.Third: NEDI. Bot-
tom:our basicmethod

submittedto COMPUTERGRAPHICSForum(10/2002).



4 Suetal / Triangulation

Figure 3: Magni�ed view of thestamen.left: selectingedge
only by four-pixel squares.right: selectingedge by a 3 � 3
square neighbourwindow
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Figure4: 3 � 3 square neighbourwindow

the edge.For example,look at the tip of loweststamenof
the �o wer. Figure3 givesa magni�ed view of this stamen.
The actual local edgegoesin the NW-SE direction while
somesquaresgive theNE-SWdirectioncausingsomedete-
riorationof edgequality. To correctthisproblemwe needto
considerinformationin thelocalarea.

If weassumetheimageis locally stationary, wecanmodel
the imageas a Markov RandomField. That is to say, the
brightnessof a pixel is dependenton its spatialneighbor-
hoodwhile independentof therestof theimage.Theneigh-
borhoodof a pixel canbemodeledasa window aroundthis
pixel. Insteadof a normal least-squareadaptive edgepre-
dictionscheme,wesimplyconsidertheneighbourwindow's
edgedirection.To predicttheedgedirectionin a four pixel
square,welook at theeightsquaresaroundthetargetsquare
(Figure4)andcomputeeachsquare's edgedirection.If most
edgesin thesesquaresgo in onedirection thenwe set the
edgein thetargetsquareto thatdirection.If thereisnostrong
edgedirectionin thelocalareathenweonly considerthetar-
getsquarewhenchoosingtheedge.

3. Experimental Results

3.1. Applications

We have so far describedthe methodfor monochromeim-
ages.When selectingedgedirection in colour images,we
convert the RGB componentsof eachpixel into luminance
usingthefollowing formula5:

Luminance
 0 � 21267R � 0 � 71516G � 0 � 07217B

The edgedirection is decidedby luminancevalues.In-
terpolationis donein theR,G,Bplanesindependently. This
methodgeneratesgoodresultsbecausecolourdoesnotcon-
tributeassigni�cantly asintensityto theinformationcontent
of images,asVanEssenetal.7 say. Figure8 shows threeex-
amplesof magni�cationof colourimages.

Dueto thesimplicity of our algorithm,it is easyto apply
in many otherimagemanipulations.For example,wecanro-
tatethe imageby any angle(Figure7a).We scanthe target
imageandinverserotateeachpixel backto thesampleim-
ageandinterpolatethevalue.Wecangetaperspectivetrans-
form of animage.Onany giveny scanline, wecalculatethe
pixel at 
 x � y� by samplingthesourceimageat 
 sx� ty� where
s� t arescalefactorswhich vary linearly with height(We are
assumingthe y axis is the centreof the screen).Figure7b
shows theresult.We canalsoproducea magnifyinglensef-
fect(Figure7c).If thelenshasradiusR, thenits discis �lled
with the imagefrom a small disc with radiusr at thesame
centre.For any pixel insideR, we scaledown to r, evaluate
theoriginal valueat r andapplyit in R.

In general,theseare variantson the sametechnique:to
evaluatethetargetpixel p, we evaluatepixel F 
 p� whereF
is a simpleinversemappingto theoriginal image.Thenwe
interpolatein thetrianglewhereit falls.

3.2. Quality Assessment

From visual inspectionour methodproducesbetterimages
than bilinear and bicubic interpolation, while the NEDI
methodis betterstill. Thebicubicmethodintroducessharper
edgesbut more artifacts while our methodbene�ts from
fewer artifacts, sharpnessin edge areasand smoothness
within smoothregions.

However, we needa more analyticalassessmentof the
visual quality of the interpolatedimages.Thereexist some
imagequalitymeasurementtechniquessuchasdegradation-
basedquality measures9 andthe visible differencespredic-
tor (VDP)10. Thesetwo vision modelsarecomplicatedand
it is dif�cult to comparedifferent methodsusing thesevi-
sion models.We tried to �nd a numeric method to ac-
cessthe visual quality of the interpolatedimage. There-
fore we chosethemethodproposedby S.Battiao? et al. and
T.M.Lehmannet al.8 to measurethe picture quality. They
usecross-correlation betweenthe original picture and the
reconstructedpictureto assessthequalityof reconstruction.

The cross-correlationcoef�cient C betweentwo images
X � Y is:

C 


� � å i � j xi jyi j �

IJab�

�

��� å i � j x
2
i j �

IJa2
�

� å i � j y
2
i j �

IJb2
���

�

wherea and b denoterespectively the averagevalue of
imageX andY andI andJ aretheimage'swidth andheight.
Thecross-correlationcoef�cient is between0 and1 wherea
higherscoremeansbetterreconstructionquality.
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Figure5: Imagesetof threeimageswith differentedges.The
anglesare 30,45 and60degree

Weproducedonesampleimagesetof three'edge' images
with size200 � 200 (Figure5) andusedtwenty 768 � 512
realnatureimagesasanothertestset.We obtainedthelow-
resolutionimageof a quartersize of original image.The
down-sampledimageswere magni�ed by a factor of two
and comparedto the original imagesto calculatecross-
correlation.

Thedown-sampledimagescouldbe obtainedby averag-
ing down or sub-sampling.However, edgeblurringandring-
ing effect are introducedby averagingdown processand
sub-samplingbreaksdown the geometryand introducear-
tifacts.We chosea Gaussian�lter asthepoint-spreadfunc-
tion with its standarddeviationrepresentingtheradiusof the
point-spreadfunction.Eachpixel at thetargetimage(down-
sampledimage)is consideredasapoint-spreadfunctionrep-
resentedby aGaussiandistribution.It is down-sampledfrom
somepartof thesourceimage,representedby anotherpoint-
spreadfunction.In thiscasetheradiusof thepoint-spreadin
the sourceimageis doublethat of the radiusin the target
image.Thus,we calculatethestandarddeviation of the tar-
getGaussiandistribution, thendoublethis to get thatof the
sourceimage.This is thenusedto down-sample,by convo-
lution. The small imagesin Figure8 areproducedby this
method.

We usedpixel replication,bilinear interpolation,bicubic
interpolation,new edge-directedinterpolation(NEDI)1, our
basicmethodandourextendedmethodwith 3 � 3 neighbour
window to obtainthereconstructedimages.Thebicubicin-
terpolationwasperformedby a Matlab 5 built-in function.
All reconstructedimagesaremagni�ed by a factorof two.

We comparedthe original imagesand the reconstructed
imagesin the test set and calculatedthe averagedcross-
correlationcoef�cients.

3.2.1. Quality of Edges

In the �rst testsetwe have generatedthreesampleswith a
singleedgeof differentangles(30,45and60degree)across
theimageandwith blackandwhiteoneeachsideof theedge
(Figure5). Thetablebelow shows thecorrespondingcross-
correlationresults.

The cross-correlationresultsreport that our methodgets
thebestscorein everycase.Althoughourtriangulationgives
edgesof 45 degrees,it performswell on small or big an-
gle edges.Our methodproducesthebestresultbecausewe

don't interpolateacrosstheedge.Bicubic andbilinearinter-
polationareslightly worsebecausethey suffer from artifacts
or blurring on the edge.Pixel replicationdoesn't catchthe
geometryvery well andNEDI suffers from furtherblur be-
causeit interpolatesacrossa biggerwindow.

Replication Bilinear Bicubic
NEDI Basic Extended

30 degree 0.995641 0.996730 0.997038
0.992398 0.997149 0.997149

45 degree 0.996149 0.996990 0.997413
0.994653 0.997543 0.997543

60 degree 0.995661 0.996725 0.997037
0.995602 0.997150 0.997150

3.2.2. Quality of Real Images

We usedtwenty 24-bit 768 � 512 colour natureimagesas
anothertestset.Becauseweusecolourimages,wecompute
thecross-correlationcoef�cients of theR� G � B planesinde-
pendentlyandaveragethesethree.Thevalues,averagedover
thetesttest,arereportedbelow.

PixelReplication Bilinear Bicubic
0.976201 0.977699 0.978771
NEDI BasicMethod ExtendedMethod
0.972265 0.977534 0.977732

Bicubicinterpolationgetsthebestscorewhichmeansbest
overall reconstructionquality. Our extendedmethodis bet-
ter thanusingbilinear, NEDI andpixel replication.Our ba-
sic methodis slightly worsethanbilinear interpolationbe-
causesometimesit giveswrongedgedirection.However, it
generatescorrect triangulationin most situationsand pro-
ducesbettervisual quality than bilinear interpolation.Our
extendedmethodis slighterbetterthanbilinearinterpolation
becauseour approachis betterin edgeareasandis almost
the samein smoothareas.Pixel replicationgetsthe lowest
scoreaswe expect.

For a normal image,cross-correlationonly tells us how
closetheoverall imageis to theoriginal image.We arenot
ableto useit to predicttheedgereconstructionbecausemost
of theimagewould besmooth.Fortunately, it is easyto ob-
servevisually thatourmethodimprovesedgereconstruction
in naturalimagescomparedto traditionalmethods.Although
bicubic interpolationgetsa higher cross-correlationscore
thanourmethod,ourextendedmethodis visuallybetterand
muchmorecomputingef�cient.

3.3. PerformanceAssessment

Thenew method's computingef�ciency is only slightly de-
creasedcomparedto bilinearinterpolationwhile it is almost
assimpleto implementasbilinearinterpolation.Thefollow-
ing tableshows the performancecomparisonon a Pentium
II 400 machinewith 256 M memory. We usedthe twenty
768 � 512colour imagestestsetagain.We averagedevery
imagesdown to 384 � 256 imagesandthenmagni�ed the
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sub-sampledimagesby afactorof 2 andalsoa factorof 3.5.
Theresultsarereportedbelow. Thethird columnis ourbasic
methodandthefourthcolumnis ourextendedmethodwith a
3 � 3 squarewindow. Thesethreemethodsareimplemented
by C++ code.All �gures areseconds.

Bilinear Basic Extended
magnify2 1.837 2.053 3.898
magnify3.5 5.791 6.078 7.905

We canseefrom the tablethat the speedof our method
is slightly lower thanbilinear interpolation.Besidestheini-
tializing timefor triangulationwhich is about0.2secondfor
our basicmethodand2 secondsfor our extendedmethod,
the computingtime for interpolationof our methodis al-
mostthesameasbilinearandis linearwith thepixelsof the
outputimage,sameasbilinearinterpolation.

4. Discussion

In this paperwe have presenteda new methodof imagein-
terpolation.Thenew methodis basedondata-dependenttri-
angulationbut we useit at pixel level.

Ourextendedmethodproducesvisuallybetterresultsthan
traditionalinterpolationschemeswhile it is simpleandfast.

Another advantageof our methodis it can be usedfor
magnifyingby anarbitraryfactorin onego(Figure8),while
othersformer methodsalways neediterationwhich means
longerthecomputingtime.

Ourmethodis alsogoodfor many otherimagemanipula-
tionssuchasarbitraryrotation,perspective transform,warp
(Figure7) andsoon.

Bilinearandbicubicinterpolationarewidely usedin com-
mercialsoftwarepackagedueto their simplicity. For exam-
ple, Photoshopusesthreeinterpolationengines:pixel repli-
cation,bilinear andbicubic interpolation.Our methodpro-
ducesbetterresultswith almostthesametime andmemory
costasbilinearinterpolation.
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Appendix A: Proof

Considera four pixel squareabcd. We will �rst prove that,
if pair ac hassmallerdifferencethanbd, thenb or d is the
outlierpixel andweshouldconnectac. Thatis to say, if

�

a �

c
�����

b � d
�

thenb or d is eitherthebiggestor thesmallest
pixel.

� �

� �

�

�

�

�

�

�

�

b c

a d

Suppose
�

a � c
�����

b � d
�

, andsupposea � c, thena � c
�

�

b � d
�

.
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Figure 6: The �ower image is magni�ed by a factor of 4.
Above:bilinear interpolation.Bottom:our extendedmethod

1. Supposeb � d. Thena � c
�

b � d 
 b � d � a � c� , hence
a � b

�

c � d 
 b � d � a � c� .
Wesupposea � b andc

�

d, thena � b � 0 andc � d
�

0,
so we geta � b � c � d. However, we have the formula
a � b

�

c � d beforewhich meansour assumptionthat
a � b andc

�

d is wrong.
Becausea � b andc

�

d is wrong,eithera
�

b or c � d
or a

�

b � c � d with thecondition(b � d � a � c). In these
cases,eitherb is thebiggestpixel (b � a � b � c � b � d) or
d is thesmallestpixel (d

�

c � d
�

a � d
�

b).
2. Supposeb

�

d, thena � c
�

d � b 
 b
�

d � a � c� , hence
a � d

�

c � b 
 b
�

d � a � c� .
Wesupposea � d andc

�

b. Thena � d � 0 andc � b
�

0, sowegeta � d � c � b. However, wehavetheformula
a � d

�

c � b beforewhich meansour assumptionthat
a � d andc

�

b is wrong.
Becausea � d andc

�

b is wrong,eithera
�

d or c � b
or a

�

d � c � b with thecondition(b
�

d � a � c). In these
cases,eitherb is thesmallestpixel (b

�

c � b
�

a � b
�

d)
or d is thebiggestpixel (d � b � d � a � d � c).

We have proved that if pair ac hasthesmallerdifference
(

�

a � c
�����

b � d
�

), therearetwo situations.Oneis thateither
b is thebiggestpixel or d is thesmallestpixel. Thesecond
is thateitherb is thesmallestpixel or d is thebiggestpixel.

Figure 7: Above:Flowerimage rotatedby 27 degrees.Mid-
dle: A perspectiveview of the �ower image. Bottom:A lens
effectof the�ower image

In eithercasetheoutlier is eitherb or d andacshouldbethe
edge.Using the samemethodwe canprove that if pair bd
hasthe smallerdifference(

�

b � d
��� �

a � c
�

), the outlier is
eithera or c andbd shouldbetheedge.

So we can concludethat drawing the edgebetweenthe
least-differentdiagonalpairgivesthesameresultasdrawing
theedgewhich isolatestheoutlier.
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Figure 8: Threesampleimagesof 192 � 192are on theup-
per left corner. Theimageson correspondingpositionsare
magni�ed of a factorof 2.1byour extendedmethod.
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