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ABSTRACT

In this paper, a novel methodis proposedfor imageinter-
polation. It is assumedthat the pixel correlationbetween
local regionsacrossscaleswould remainsimilar. In addi-
tion, this a priori similarity couldbeextractedfrom asetof
availableimagedatathathavethesamecontentbut different
resolutions.A simplearchitectureis devisedto estimatethe
correlationefficiently, which is thenusedto predicttheun-
known pixel valuesin a high-resolutionimage. Evaluation
showsa promisingperformanceof theproposedalgorithm.

1. INTRODUCTION

Imageinterpolationpervadesmany areas,suchassurveil-
lance,medicalimaging,automatictarget recognition,and
consumerelectronics[1, 2]. In multimediaapplications,for
instance,imagesof high resolutionrequirea large media
spacefor theirstorage,or alargebandwith/longdurationfor
their transmission.In addition, low-resolutionimagescan
oftenberetrievedby a userwith relative easefor browsing
scenesof interest. In orderto make imagebrowsingmore
efficient, it is also importantfor a userto be able to per-
ceive theavailabledatawith their richestandvisually most
pleasingway. In thiscaseandothers,effectiveinterpolation
techniquesarehighly desirable.

With ideal linearandstationarysystems,the sinc func-
tion is anoptimalmeansfor interpolation.It permitsexact
reconstructionof a bandlimitedsignal; however, it is im-
possibleto realize this function physically. Furthermore,
imagesin generalcontainsharpedgesand other detailed
features,andthusthey arenot strictly bandlimited[2]. To
combatthese,differentapproximationshave beendevised
for interpolation. Conventionally, the amplitudeof an un-
known or missingpixel in a high-resolutionimage is es-
timatedbasedon its known neighborsavailable from the
low-resolutionversion.Thewell-known bilinearandbicu-
bic [1] interpolationmethodsare the simple forms in this
class.Thecommoncaseof imagemagnificationby aninte-
gerscalingfactorcanalsobeachievedthroughconvolution
of the zero-interleaved imagepixels with a single kernel,
suchasthepyramidandcubicB-splinekernels[1].

Due to the ill-posed natureof interpolationor super-
resolutionproblem[2], additional information apartfrom
the collecteddatais requiredin orderto obtaina desirable
solution. Usually, reasonableassumptionsaboutthe char-
acteristicsof a true imagearemade,andoneof the most
commonassumptionsis smoothness.Recently, interpola-
tion approachesbasedona priori knowledgeof naturalim-
ageshave beenthesubjectof active research.Imageinter-
polationis dealtwith throughtheconstrainedminimization
of a function in variationalschemes[3, 4]. Directionalap-
proaches[5, 6] evaluatelocal edgeinformationin animage
and thenconductinterpolationalong the edgeratherthan
acrosstheedge.POCS(projectionontoconvex sets)meth-
odssolve the problemusinga regularizediterative projec-
tion [7]. Themultiresolutionmodelin [8] providesa solu-
tion to imagemagnificationby enhancingthe resultof the
bilinearinterpolationwith anadaptivefilter.

Thispaperproposesa novel techniqueby assumingthat
the pixel correlationof local structures(or small regions)
would remainsimilar acrossdifferentscales. In addition,
this a priori informationcouldbeextractedfrom theavail-
ableor givenimagedatathathavethesamescene(content)
but different resolutions. As such,the problemnow is to
deviseaninterpolationschemewhich is ableto capturethe
pixel correlationacrossscales.A simplearchitectureis for-
mulatedto fulfill this purposeefficiently. Interpolationis
thenachieved by predictingthe valuesof unknown image
pixelswith theuseof theestimatedcorrelation.

Theremainderof thepaperis organizedasfollows.Sec-
tion 2 discussesthenew imageinterpolationschemeandits
implementation.Simulationresultsarepresentedin Section
3. Finally, Section4 concludesthepaper.

2. THE PROPOSED ALGORITHM

Let ��� � � � � � 	 denotethe pixel valuesof image � , where � �
and � � arethe coordinatesin vertical andhorizontaldirec-
tions,respectively. Also, let 
 and � betheimageheight
andwidth, respectively, i.e., ��
�� ��
�
 and ��
�� ��
�� .
Theproblemof imageinterpolationcanbeviewedasto ob-
tainahigh-resolutionimage��� of size ��� 
������ � , where



�������
and
�� !�"�

denotethe scalingfactorsin vertical
andhorizontaldirections,respectively. Integerscalingfac-
torsareconsideredin this work, i.e.,

��� # �� %$'& # ( # ) ) )
.

In order to predict the unknown samplevaluesin im-
age*�+ from thepixelsin * usingthelocalpixel correlation
acrossscales,thepixel correlationof smallregionsbetween
a low-resolutionimage* , andimage* is estimatedfirst. In
particular, the low-resolutionimage *-, is of size .0/ ���213 / �� . Ideally, thelow-resolutionimagewould encompass
thesamesceneasin * andhasbeenphysicallygeneratedby
hardwarewith aknown resolutionsetting.Sincesuchadata
collectionis notcommon,thelow-resolutionversionof im-
age* is simulatedby decimationinstead.Theimageacqui-
sitionmodeldiscussedin [4] is takenhere.A neighborhood
is definedin image * asfollows, especiallycorresponding
to thepixel 4 5 � # 5  6 in image* , :708 9 : 8 ; $=< 4 > � # >  6 ???? ��� 5 �%@ > �%@���� 4 5 ��A'� 6�B�� #�� 5  �@ >  �@��� 4 5  CA'� 6�B��ED0F

(1)

Then,thelow-resolutionversionis obtainedby*-, 4 5 � # 5  6G$ ���� �� IHJ K 9 : K ; L M NGO 9 P O ; *G4 > � # >  6 F (2)

In thiscase,eachlow-resolutionpixel value*-, 4 5 � # 5  6 corre-
spondsto theaverageof thesampleslocatedwithin neigh-
borhood

708 9 : 8 ;
in its high-resolutionversion,i.e., image* .

With respectto thesimilarity of pixel correlationacross
scales,overlappingQ ��1 Q  regionsin the low-resolution
imagearefirst considered.Here, Q ��$R& S �GAT� and Q  2$& S  �AT�

(
S �

and
S  

arenon-zerointegers)bothareodd for
theconcernof symmetryin implementation.Specifically, a
local region is definedat eachposition 4 5 � # 5  6 in the low-
resolutionimageasU 8 9 : 8 ; $ < 4 > � # >  6 ???? 5 �GBVS ��@ > �%@ 5 ��AWS � #5  �BVS  �@ >  �@ 5  CAWS  ED F (3)

Thesamplevectorobservedvia this region is givenbyX 8 9 : 8 ; $ZY * , 4 5 �GB!S � # 5  �BVS  6 #* , 4 5 �GBVS � # 5  �B!S  GA�� 6 # ) ) )�#* , 4 5 �GBVS � # 5  GAVS  6 # ) ) )�#* , 4 5 �CAWS � # 5  GAVS  6�[ \C# (4)

wherethepixelsarerearrangedin alexicographicorder, i.e.,
row by row. In theaboveequation,

X 8 9 : 8 ;
is a ] 1W� vector,

where] $ Q �%1 Q  .
Further, eachQ � 1 Q  regionin thelow-resolutionimage*-, is pairedupwith its homologous4 & ���GB�� 6G1 4 & �� �B�� 6

region in its high-resolutioncounterpart,i.e., image* . The

high-resolutionregion in * is describedspecificallyby^U 8 9 : 8 ; $ < 4 > � # >  6 ????%_ ` a `�b2_ `-c0dCe�f `�e�_ ` a `-c0_ `�b0d g_ h a h�b2_ h�c0dCe�f hCe�_ h a h�c0_ h�b0d D F(5)

Correspondingly, the samplevector of this region is ob-
tainedin asimilarwayasin Eq.(4)andis denotedasi 8 9 : 8 ; ,
which is a j 1W� vectorand j $ 4 & ���CB�� 6G1 4 & �� �B�� 6 .

Figure 1: Local regions of different resolutionswhere k `Vlk h l�m and n `Cl n h l�o . Theshadedcirclesin thelargesquare
denotethepixelsof a low-resolutionregion,while thecrossedcir-
clesin thesmallsquarearethoseof ahigh-resolutionregion.

Theaforementionedpair of low andhigh resolutionre-
gionsareshown in Figure1, wherethe shadedcircles to-
getherdenotea low-resolutionimageandthe white circles
are subjectto interpolationto form a high-resolutionver-
sion. In thecaseasshown in thefigure,thevaluesof those
crossedcirclesaroundthe centerof the high-resolutionre-
gion (i.e., thesmallsquare)areestimatedbasedon theval-
uesof theshadedcirclesin the largesquareavailablefrom
the low-resolutionimage. That is, eachgroupof Q ��1 Q  
low-resolutioncircles(shaded)areusedto reconstructthe4 & ���2B=� 621 4 & �� �B=� 6 high-resolutioncircles (crossed)
aroundthe samecenter. In this case,the interpolatedpix-
els that overlaparesubjectto be averagedto form a high-
resolutionimage.Thisaveragingoperationimprovesthere-
liability of thefinal high-resolutionsamples.For thecenter
pixel (shadedandcrossed),onecanchooseeitherto replace
it with a new valueor to leave it unaltered. Extensionto
otherscalingfactorsandregionsizeis straightforward.

The correlationbetweenthe two samplevectorsof the
low andhigh resolutionregionsis characterizedasfollows.i 8 9 : 8 ; $�p X 8 9 : 8 ; # (6)

where
p

is a weightingmatrix of size j 1 ] . Theweight-
ing matrix canbe thoughtof asa convolution kernelasin
the conventionalmethods[1]. In otherwords,with an es-
tablishedestimationfunction, eachregion as definedpre-
viously in a given imageis multiplied by

p
to generate

a high-resolutionregion. Thoseestimatedhigh-resolution



regionsare thenoverlappedandaveragedto reconstructa
high-resolutionimage.Thereconstructionkernel q is ob-
tainedasfollows.

Considera practicalscenariowhere image r is given
and is to be interpolatedto form a high-resolutionimage.
Basedonthedecimationmodelin Eq.(2),its low-resolution
versionis obtainedas r s . With this pair of imagesavail-
able,the convolution kernelis optimizedby exploiting the
pixel correlationbetweenall thepairedupregionsobserved
from thetwo images.In thiscase,thegivenimager canbe
viewedasthehigh-resolutioncounterpartof imager-s .

Now, giventhesamplevector, t0u v w u x , of alow-resolution
region in r s , its correspondinghigh-resolutionregion is re-
constructedor predictedbyyz u v w u x%{�q"t0u v w u x | (7)

The optimal weighting matrix is soughtto minimize the
mean-squarederror(MSE), } , which is givenasfollows.}W{�~T�2� z u v w u xG� yz u v w u x � � �0� (8)

where
z u v w u x is the samplevector of the region available

from thegivenimager . Onecantake thepartialderivative
of } with respectto eachweightingcoefficient in q , and
considertheinstantaneousgradientof thispartialderivative
at thecurrentlocation.Usingthesteepestgradientmethod,
theweightingmatrixcanbederivedrecursivelyvia thewell-
known leastmeansquare(LMS) algorithm[9]. Theupdat-
ing formulaof LMS recursionis thengivenbyq"�-{�q��V�V� z u v w u x�� yz u v w u x ��t0�u v w u x � (9)

which is conductedat pixel location � � � � � � � . Here, � de-
notesthelearningrate.Clearly, theupdateat thenext pixel
locationis conductedbasedon q � . Thesimplerasterscan-
ningacrosstheimageis assumedin thiswork.

3. SIMULATION RESULTS

Theperformanceof theproposedtechniquehasbeenevalu-
atedfor imagemagnification.For comparison,thebilinear,
bicubicandcubicB-splineinterpolators,arealsosimulated.
Interpolationperformanceis quantitatively measuredby the
peak signal-to-noise ratio (PSNR),which is definedas�G� �%� {�� ��� � � � �0�� �T� u v w u x   ¡ ¢ ¢ ��'� u v w u x  C£ r�� � � � � � � � yr�� � � � � � � ¤ �

¥¦�§ ¨ �
wherer and

yr denotetheoriginalandtheinterpolatedhigh-
resolutionimages,respectively.

In our experiments,the scalingfactors ©���{�© � { ¡ .In otherwords,eachof the ¢ � ¡�ªW¢ � ¡ test imagesis first
subsampledby decimationto a ¡ ¢ «�ª�¡ ¢ « low-resolution
version. Thenthe decimatedimageis interpolatedbackto
thesizeof ¢ � ¡2ª�¢ � ¡ .

Concerningthe derivation of weighting matrix in the
proposedalgorithm,threecasesareconsideredasfollows:
(i) theweightsemployedin interpolatinga ¡ ¢ «Gª�¡ ¢ « image
arederivedwith the useof the its original ¢ � ¡0ªW¢ � ¡ ver-
sion; (ii) the weightsarederivedwith the useof the given¡ ¢ «2ª!¡ ¢ « imagethatis to beinterpolated;(iii) theweights
derived usingthe ¢ � ¡0ªW¢ � ¡ Lena imageareemployed to
interpolatethe other images,and the Lena imageis inter-
polatedusingtheweightsderivedfrom the ¢ � ¡2ª!¢ � ¡ Man
image. Note that, the first caserepresentsan impractical
scenario,while thelattertwo arepracticallyfeasible.

Table1: Comparative resultsin PNSR(dB).

ImagesFilters
Lena Man Peppers

Bilinear 29.80 28.27 28.90
Bicubic 30.05 28.50 29.07
CubicB-spline 29.83 28.08 29.35
Proposed(i) 32.17 30.39 30.40
Proposed(ii) 32.03 30.31 30.31
Proposed(iii) 32.16 30.34 30.33

The PSNRresultsof performancecomparisonarepre-
sentedin Table1. It is apparentthattheproposedtechnique
yieldsnoticeablegainsover theothermethods.Theperfor-
manceof the proposedapproachin cases(ii) and(iii) has
notdegradedtoomuchascomparedwith thatin case(i). Its
satisfactoryperformancein case(ii) indicatesthat the pro-
posedalgorithmis well ableto capturethepixel correlation
betweenimageswith the samecontentacrossscales.The
goodresultsin case(iii) demonstratethe robustnessof the
new methodin interpolatingimagesotherthanthatusedin
deriving the weights. In addition, the proposedtechnique
producesvisually morepleasingresult. Someof the resul-
tant Man imagesareshown in Figure2, wherethe image
interpolatedusing the new methodlooks sharperthan the
resultsprovidedby theothermethods.

4. CONCLUSIONS

A new imageinterpolatoris formulatedby assumingthat
similar pixel correlationof regionsacrossscalescould be
extractedandpredicted.In addition,asimplearchitectureis
proposedto capturethissimilarity which is usedto estimate
thevaluesof missingpixelsin ahigh-resolutionimage.



(a) (b)
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Figure2: Theenlargedportionsof (a) original Man image,andtheresultantimagesby (b) bilinear(28.27dB),(c) bicubic(28.50dB),and
(d) proposed(30.31dB)interpolationalgorithms,respectively.

Promisingresultshave beenproduced,thoughblurring
wasinevitably broughtin by thenew methoddueto thelin-
earoperation.Localsignalattributesareto beconsideredto
form anadaptive,location-variant,scheme.Furtheranalysis
of thenew techniqueis alsounderinvestigation.
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