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Abstract: We presenta new algorithmfor rescalingimagesinspiredby fractalcoding. It usesa statisticalmodelof the
relationshipbetweendetailatdifferentscalesof theimageto interpolatedetailatoneoctaveabove thehighest
spatialfrequency in theoriginal image.Wecompareit with Bsplineandbilinearinterpolationtechniquesand
show thatit yieldsa sharperlooking rescaledimage.

1 INTR ODUCTION

Digital cinemasequencescanbecapturedatanumber
of differentresolutions,for example2K pixelsaccross
or 4K pixelsaccross.Thecamerasusedfor high res-
olutionsareexpensiveandthedata�les they produce
arelarge. Becauseof this, studiosmaychoseto cap-
turesomesequencesat lower resolutionandothersat
high resolution. The different resolutionsequences
arelatermergedduringpostproduction.Themerger
requiresthat someform of imageexpansionbe per-
formedon thelower resolutionsequences.In this pa-
perwe presenta new methodfor doingtheimageex-
pansionthat hassomeadvantagesover the orthodox
bilinearor bicubicinterpolationmethods.

1.1 Traditional approach

If you scaleup a 2K pixel image � to a new image
�

which is 4K pixels accross,eachoriginal pixel is
being replacedwith 4 pixels. But you have no ad-
ditional informationasto what these4 pixelsshould
contain.If youscaleupby interpolation,thenthenew
pixels in

�

aregeneratedby somepolynomialfunc-
tion over thecorrespondingtheneighbourhoodin the
smallerinput image ��� A consequenceof this is that
thescaledup imagelookssmootherandcontainsless
energyat thehighestspatialfrequenciesthantheorig-
inal from which it wasderived. Whenonescalesup,
onecreatesnew higherspatialfrequency bandswith

no informationasto whatthey shouldcontain.

1.2 Fractal Enhancement

An alternative approach,fractal encoding,originally
reportedby Barnsley(Barnsley andHurd, 1993),al-
lows rescaledimagesto containnew high frequency
information. Fractalencodingtakesadvantageof the
self similarity acrossscalesof naturalscenes.A frac-
tal codefor an imageconsistsof a setof contractive
af�ne mapsfrom theimage,ontotheimage.Takenas
awhole,thesemapscomposeacollagesuchthateach
pixel is mappedonto by at leastonesuchmap. The
mapsoperatebothin thespatialandtheluminancedo-
main. In the luminancedomainthey specifya target
pixel � by anequationof theform ���
	��
��� where

� is the meanbrightnessof a downsampleregion of
sourcepixels. In thespatialdomainthey specifythe
coordinatesof the sourcepixels supporting� as the
result of rotation, scalingand translationoperations
on thecoordinatesof thedestinationpixels.

The image is regeneratedfrom the codesby it-
eratedapplicationof the af�ne maps. The iteration
processhasan attractorthat is the output image. If
themapshavebeenwell chosenthisattractorapprox-
imateswell to achoseninput image.

A particularfractal codemight specifyeach4x4
rectanglewithin a 256x256 pixel output image in
termsof a contractive mapon some8x8 rectangleat
someotherpoint in the image. As the iterationpro-



Figure1: Illustrationof how shrinkingisusedto �ll in detail
in fractalenhancement.

ceedshigherandhigherfrequency informationisbuilt
up. If westartfrom a uniformgrey image,the�rst it-
erationwill generatedetail at a spatialfrequency of
8 pixels. After oneiterationsourceblocksof 8 pix-
elsaccrosswill containup to onespatialwave. After
the secondinterpolationthesewaveswill have been
shiftedup in frequency to 4 pixelsaccross.Eachiter-
ation addsdetail oneoctave higheruntil theNyquist
limit of theoutput imageis reached:128 spatialcy-
clesin this case.

It is evidentthatif wespecifythecontractivemap-
pingsrelative to the scaleof the whole imagerather
thanin termsof pixels,thenthesamesetof mappings
could be usedto generatea 512x512pixel output
image. In this casethe contractive mappingswould
shrink16 pixel blocksto 8 pixel blocks. After anan
additionalroundof iterationthe512pixel outputim-
agewill containspatialfrequenciesup to 256cycles.

Fractalcodescanthusbe usedto expandan im-
age, generatingnew and higher spatial frequencies
in theprocess.Although theadditionaldetail that is
addedby this processcannot have beenavailablein
thesourceimageit nevertheless' looksplausible'be-
causethe 'new' detailsare scaleddown versionsof
detailsthat werepresentin the original picture( see
Figure 1). The searchprocessusedin a fractal en-
coderscansa half sizedcopy of the original image
to �nd a matchfor eachsmall block in the original
image. In fractal enhancementthe small blocksare
thenreplacedby theirfull sizedcorrespondingblocks.
Thedetailenhancementcomesbecausethereis asys-
tematicrelationshipbetweenthe low frequency and
high frequency information within blocks. This al-

lows high frequency informationin a largerblock to
beplausiblysubstitutedinto asmallerblockwhenthat
is enlarged.

Fractalcodeshoweversuffer from two seriousob-
staclesto theirwidespreadadoption:theencodingal-
gorithm is slow and their generaluseis blocked by
patentrestrictions.In thispaperwepresentanalterna-
tive approachthat learnslessonsfrom fractal coding
but avoids thesedif�culties. Insteadof usingfractals
weusevectorquantisationto enhancethedetailof an
image.

2 OUR ALGORITHM

The key idea of our approachis that becausethere
is asystematicrelationshipbetweenlow andhighfre-
quency informationwithin aneighbourhood,it should
be possiblefor a machinelearningalgorithmto dis-
coverwhatthis relationshipis andexploit thisknowl-
edgewhenenhancinganimage.We usevectorquan-
tisation to categoriseareasof the imageat different
scales,learnthe systematicrelationshipbetweenthe
codingof correspondingareasat varyingscales,and
then usethis information to extrapolatea more de-
tailedimage.Theentireprocessworksby

1. Runninga training algorithmto learn the cross-
scalestructurerelationsin examplepictures. In
the experimentsheretwo imageswereusedone
from the`face'sequenceandonefrom the`trees'
sequence.

2. Usingthis informationto automaticallyconstruct
a new imageenhancingprogram.

3. Applying the enhancingprogramto digital cine
imagesto generatenew imagesat twice thereso-
lution.

2.1 The Training Algorithm

Theaimof thetrainingalgorithmis to learnwhathigh
frequency detailis likely to beassociatedwith thelow
frequency featuresatagivenpoint in animage.Given
animage� weconstructahalf sizedversionof theim-
age ����� � andexpandthis to form a new blurredimage

��� which is theoriginal size,by usinglinear interpo-
lation. We now form a differenceimage �������������

whichcontainsonly thehigh frequency details.
It it clear that we have a genetive association

betweenposition ����� � � !#"%$ & and the four pixel block
')(+* ,

� -��
�
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�

� ./!5�76+"4./$ &3"4�
�

� .2!#"4./$8�
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�

� .2!;�
6+"1.2$��<6�&3= . We aim to categorisethere-
gions aroundeachposition in ����� �>� !0":$ & , categorise



thecorrespondingblocks
' (+* ,

andlearntheassocia-
tionsbetweenthesecategories.

2.1.1 Categorisingthe Upper Layer

Associatewith eachpixel �5?5� ��� � a neighbourhood
p

andcomputethedifferencesbetween� andits
neighbours.Thesede�ne a 4 elementvector. Using
the algorithmgiven in (Linde et al., 1980)construct
a vectorquantisationcodebook

��@

for thesefeatures.
AssumethatthecodebookhasA entries.

2.1.2 Categorisingthe Lower Layer

Use the samevector quantisationalgorithm to con-
structa secondvectorquantisationcodebook

�)B

for
the setof vectors

')(+* ,

. Assumethat the codebook
againhasA entries.

2.1.3 Learning the Association

Encodethe neighbourhoodsaroundeachpixel �C?

����� � with
�D@

to yield anencodedimageEF��� � . Encode
each

'�(/* ,

associatedwith eachpixel �G?H����� � with
�IB

to yield anencodedimageE
� . Theentriesin boththe

encodedimagesareindexesinto therespective code-
books.

Constructa A
JKA frequency table L that counts
how frequentlyeachcodefrom

��@

is associatedwith
eachcodefrom

�DB

. Finally convert thefrequency ta-
ble to a conditionalprobability tableby dividing by
thenumberof observations.

2.2 The Program Generator

Theaimof theprogramgeneratoris to take thetables
�D@

"

�IB

"4L andusethemto generatepascallibraries
thatcanbeusedto index andpredictdetail in subse-
quentimages. The processis analogousto the way
Lex(Levine et al., 1992)constructsscannertablesin
C from a regulargrammar.

Two optimisationsareperformedprior to output-
ing thetables:

1. Table L is convertedfrom aconditionalprobabil-
ity tableto a tableencodingthecumulativeprob-
ability of eachentry in

�
B

beingassociatedwith
andentryin

�
@

.

2. HierarchicalVectorQuantisation(Chaddhaet al.,
1995) indicesare constructedfor the two code-
books to enablefuture encodingto be of O(4)
ratherthanO(n).

2.3 The EnhancementAlgorithm

The enhancementprogramhasthe library produced
above linkedto it. Theaim of theprogramis to read
in an image M andproducean image M

B

of twice the
sizewith enhanceddetail.

Createimage M � of twice thesizeof M usinglinear
interpolation.

Createanemptyimage M � twice thesizeof M .
For eachpixel �N?OM at position !#"%$ compute

its differenceswith its four neighboursasdescribed
in 2.1.1. Encodethe four differencesusinga vector
quantisationindex for book

��@

to yield a codeindex
numberP . Selectthe P th row of L . Draw arealnumber

Q at randomsuchthat RTS

QVU

6 . Scanrow L;� P3& until
an L;� P1"3W+&FX

Q is found. Selectthe4 elementvector
� B

� W/& . Placethis vectorin the image MY� at positions
-+MY�+� .2!#"4.2$ &9"�M �>� .2!H�Z6+"1.2$ &9"�M �+� ./!0"4./$T�Z6�&9"�MY�+� .2!H�

6+"1.2$I�86�&3= .
Once this processhas beencompletedfor each

pixel in M the image MY� containsdetailswhosespa-
tial frequency is oneoctavehigherthanthosethatare
representedin MY� . Eachdetail occurswith the same
probabilitywith respectto thecategorisationof local-
ities in M asdetailsoccuredin �

� with respectto the
categorisationof localitiesin ����� � .

The�nal stepformstheenhancedimage M\[ by the
operationMY[]��M

�
�^M

�

3 RESULTS

Our experimentswere conductedon 6�_>.+R`Ja6�R+b>R

video framesin the DPX imageformat capturedby
aThompsonViperD-Cinemavideocamera.Thepix-
els werein 10 bit logarithmicformat. Imageexpan-
sionusingour systemwascomparedto conventional
bilinearinterpolationandB-Splineinterpolationtech-
niques.Theexperimentalprocedurecanbedescribed
asfollows:

1. Theenhancementsystemwastrainedona 6�_ ./RFJ

6�R>b+R DPX framefrom anoutdoorsequence.The
test imagesusedwerea studio frame(Figure2)
anda laterframefrom theoutdoorsequencefrom
which original training frame had beenselected
(Figure5). The trainingandtestframefrom this
sequencehaddifferentzoomsettings,thetraining
frame having hada higherzoomfactor than the
secondtestframe.

2. Theimagesweredownsampledusingbilinear in-
terpolationto _>c+RdJfe2g R andoutputin DPX for-
mat.



3. Imageexpansionto doubletheoriginal resolution
of 6�_ ./R�Jh6�R+b>R was performedusing our algo-
rithm, bilinearandbsplineinterpolations.

4. Original and expandedDPX video frameswere
comparedsubjectively basedon perceived detail
in image patches. The quality of reproduction
wasalsoevaluatedobjectively usingseveral im-
agequalitymetricsdescribedbelow.

First,a traditionalmeasurebasedon PeakSignal-
to-NoiseRatio(PSNR) (Pratt,1978)wascalculated.
In this paper, the PSNR was calculatedon the 10-
bit logarithmic representationof pixel values. This
metric is very practicaland easyto compute,how-
ever it doesnotalwayscorrelatewell with thequality
perceivedby humanusers(Girod,1993).An alterna-
tive usinga modi�ed versionof the PSNR basedon
perceived visibility of error, namelyWeightedPeak
Signal-to-NoiseRatio (WPSNR) (Voloshynovskiy
et al., 1999),wasalsocomputed.In this metric,error
on texturedareawouldbegivenlessweightingfactor
thanthaton �at surface.

Sinceimageexpansionalgorithmsusually intro-
duceblur artifacts,anotherquality metric (Gunawan
and Ghanbari, 2005) which is able to detect and
measurethe degreeof blurrinesson imagewasalso
used. This metric usesfeaturesextractedfrom the
frequency domainthroughtwo-dimensionalDiscrete
Fourier Transfrom (DFT) computationover a lo-
calised area on the gradient image. In an image
contaminatedby blurring distortion,somefrequency
componentsappearattenuatedwhencomparedto the
samesetof componentson theoriginal image.Blur-
rinessdetectioncanbe doneby analysingthe decay
in the strengthof thesefrequency components.One
quality parameterproducedby this metriccalledhar-
monic loss, is a relative comparisonof certain fre-
quency componentsfrom differentimages.This pa-
rametercanbeusedto measureblurring on image.

It is subjectively apparentthat our algorithmhas
regeneratedplausibleimagedetail thatwasirretriev-
ablewhenusingtheB-SplineandBilinear interpola-
tion approaches(Figure3). Thedown-samplingsup-
pressedvisual informationwhich only our algorithm
couldrecoverbasedonits knowledgeof statisticalco-
occurrenceof low andhigh frequency imagecontent.

Objective comparisonof our algorithm with Bi-
linearandB-Splineinterpolation(Table1) for image
expansionshowsamarkedimprovementin thePSNR
andWPSNRmetricsfor our algorithm. Bilinear in-
terpolationperformsmarginally betterthanB-Spline
interpolationandour algorithmhasalmosttwice the
objective imagequality scoreasthe secondbestap-
proach.

Figure2: Reducedscalecolour imagefrom original DPX
digital cine framefrom studiosequencèface'. Relatively
soft focus is usedwith a moving subject. Box indicates
wheredetail is shown in Figure3. Note that this andall
following imagesareuncorrectedlog colourspace.

It was observed that VQ-based enhancement
method was better than conventional method (e.g
bspline)sincethelatter introducesmoreblurrinessto
theimages.As anillustration,Figure4 comparesthe
degreeof the blurriness(expressedasblur index) of
several imagesfrom `outdoor' sequencewhich have
beenenhancedby threedifferentmethods(our pro-
posedVQ-based,bilinear, and b-spline). Note that
highervalueof theblur index onanimageimpliesthat
the imagecontainsmoreblurring artifacts. It shows
that theblurrinessindicesof thebsplineandbilinear
enhancedimagesaregenerallyhigher than thoseof
VQ-based.Figures6 and7 show the relative blurri-
nessof theexpandedimagescomparedto theoriginal.

4 CONCLUSION

This paperpresenteda novel approachto imageen-
hancementusinga techniquewhich would avoid the
known shortcomingsof fractal enhancement. We
learnt the statisticalpropertiesof the co-occurrence
of low and high frequency imagecontentand used
theseprobability distributions to predict imagecon-
tentduring imageexpansion.Our algorithmout per-

Table 1: Peak-signal-to-noiseratio and weighted-peak-
signal-to-noiseratio image quality metrics for the image
expansionsshewn in Figure3. (1) Our algorithm,(2) Bi-
linearInterpolation,(3)B-Splineinterpolation.Notethatall
calculationsaredoneon the 10 bit logarithmicrepresenta-
tion usedin DPX which compressesthe upperpart of the
dynamicrangeandtendsto give lower PSNRvaluesthan
will befamiliar from for 8 bit linearrepresentations.

(1) (2). (3)
PSNR 16.8dB 8.4dB 6.4dB

WPSNR 22.9dB 14.4dB 12.4dB



(a) Original (b) Ouralgorithm

(c) Bspline (d) Bilinear

Figure3: A region with high frequency detail from origi-
nal DPX video framefrom the 'f ace' sequence(a) andthe
correspondingregion generatedby expansionof the half-
resolutionvideo frameby our algorithm(b), aswell asby
B-Splineinterpolation(c) andBilinear interpolation(d).
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Figure4: Frame-by-frameblurrinesscomparisonbetween
sequenceof images(from `outdoor' sequence)expanded
with VQ-based,bilinear, andb-splinemethods.

formsconventionalapproachesbasedon both objec-
tive andsubjective metrics,with PSNRandWPSNR
scoresalmostdoublethatof thebestconventionalap-
proaches.We hopeto continueworking on our algo-
rithm which is still in its preliminarystagesby

1. Learningstatisticalco-occurrenceof neighbour-
ing codebookblocksin images

2. Mediating the addition of high frequency pre-
dicteddetailwith theenergy of theunderlyingre-
gionin theimageto preventpredictionof detailin
theabsenceof high frequency informationin the
original image.

Figure 5: Imagetaken outsidein bright light, with sharp
focuscontainingmore high frequency detail. Box shows
areausedin Figure6.
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(a)Original (b) Ouralgorithm

(c) Bspline (d) Bilinear

Figure6: Samplestakenfrom theframeshown in Figure5. Thealgorithmconvincingly synthesisesspeckleon theconcrete
wall but leavesthewhite wall in thebackgroundspecklefree.

(a)Original (b) Ouralgorithm

(c) Bspline (d) Bilinear

Figure7: Samplesfrom `train' sequence.The original patch(a) is taken from 2K resolutionimage. The patchesfrom the
expandedimages(b,c,andd) areof 4K resolution.


