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We presenta new algorithmfor rescalingimagesinspiredby fractal coding. It usesa statisticalmodelof the

relationshipbetweerdetailat differentscalesof theimageto interpolatedetailat oneoctave above thehighest
spatialfrequeng in the originalimage.We comparet with Bsplineandbilinearinterpolationtechniquesnd
shaw thatit yieldsa sharpetooking rescaledmage.

1 INTRODUCTION

Digital cinemasequencesanbecapturechtanumber
of differentresolutionsfor example2K pixelsaccross
or 4K pixelsaccross.The camerasisedfor high res-
olutionsareexpensve andthedata les they produce
arelarge. Becausef this, studiosmay choseto cap-
ture somesequenceat lower resolutionandothersat
high resolution. The differentresolutionsequences
arelatermergedduring postproduction. The memger
requiresthat someform of imageexpansionbe per
formedonthelower resolutionsequencedn this pa-
perwe presentnev methodfor doingtheimageex-
pansionthat hassomeadwantagesover the orthodox
bilinearor bicubicinterpolationmethods.

1.1 Traditional approach

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

which is 4K pixels accrossgachoriginal pixel is
being replacedwith 4 pixels. But you have no ad-
ditional informationasto whatthese4 pixels should
contain.If youscaleup by interpolationthenthenew
pixelsin  aregeneratedy somepolynomialfunc-
tion over the correspondinghe neighbourhoodh the
smallerinputimage A consequencef thisis that
thescaledup imagelooks smootheiandcontaindess
enegy atthehighestspatialfrequencieshantheorig-
inal from which it wasderived. Whenonescalesup,
onecreatemnew higherspatialfrequeng bandswith

no informationasto whatthey shouldcontain.
1.2 Fractal Enhancement

An alternatve approachfractal encoding,originally
reportedby Barnsleg/(Barnsleg and Hurd, 1993), al-
lows rescaledmagesto containnew high frequeng
information. Fractalencodingtakesadwantageof the
self similarity acrossscalesf naturalscenesA frac-
tal codefor animageconsistsof a setof contractve
afne mapsfrom theimage,ontotheimage.Takenas
awhole,thesemapscomposea collagesuchthateach
pixel is mappedonto by at leastonesuchmap. The
mapsoperateébothin thespatialandtheluminancedo-
main. In the luminancedomainthey specifya tarmget
pixel by anequationof theform where
is the meanbrightnessof a downsampleregion of
sourcepixels. In the spatialdomainthey specifythe
coordinatesf the sourcepixels supporting asthe
result of rotation, scalingand translationoperations
onthecoordinate®f the destinatiorpixels.

The imageis regeneratedrom the codesby it-
eratedapplicationof the af ne maps. The iteration
processhasan attractorthat is the outputimage. If
themapshave beenwell choserthis attractorapprox-
imateswell to achoserinputimage.

A particularfractal codemight specify each4x4
rectanglewithin a 256x256 pixel output image in
termsof a contractve mapon some8x8 rectangleat
someotherpoint in the image. As the iterationpro-



Figurel: lllustrationof how shrinkingis usedo Il in detail
in fractalenhancement.

ceeddigherandhigherfrequeng informationis built

up. If we startfrom a uniform grey image the rst it-

erationwill generatedetail at a spatialfrequeng of

8 pixels. After oneiterationsourceblocksof 8 pix-

elsaccrosawill containup to onespatialwave. After

the secondinterpolationthesewaves will have been
shiftedup in frequeng to 4 pixelsaccrossEachiter-

ation addsdetail one octave higheruntil the Nyquist
limit of the outputimageis reached:128 spatialcy-

clesin thiscase.

It is evidentthatif we specifythecontractvemap-
pingsrelative to the scaleof the whole imagerather
thanin termsof pixels,thenthe samesetof mappings
could be usedto generatea 512x512 pixel output
image. In this casethe contractve mappingswould
shrink 16 pixel blocksto 8 pixel blocks. After anan
additionalroundof iterationthe 512 pixel outputim-
agewill containspatialfrequenciesipto 256cycles.

Fractalcodescanthusbe usedto expandan im-
age, generatingnew and higher spatial frequencies
in the process.Although the additionaldetail that is
addedby this processcannot have beenavailablein
the sourceimageit neverthelesslooks plausible’'be-
causethe 'new' detailsare scaleddown versionsof
detailsthatwere presentin 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 enhancementhe small blocks are
thenreplacedy theirfull sizedcorrespondingplocks.
Thedetailenhancemertomesbecause¢hereis a sys-
tematicrelationshipbetweenthe low frequeng and
high frequeng information within blocks. This al-

lows high frequeng informationin a largerblock to
beplausiblysubstitutednto asmallerblockwhenthat
is enlaged.

Fractalcodeshoweversuffer from two seriousob-
stacledo their widespreacdoption:the encodingal-
gorithmis slow andtheir generaluseis blocked by
patentrestrictions.In thispapemwe presentinalterna-
tive approachthat learnslessondrom fractal coding
but avoidsthesedif culties. Insteadof usingfractals
we usevectorquantisatiorto enhancehedetailof an
image.

2 OUR ALGORITHM

The key idea of our approachis that becausehere
is asystematicelationshipbetweerlow andhighfre-

queng informationwithin aneighbourhoodt should
be possiblefor a machinelearningalgorithmto dis-
coverwhatthis relationships andexploit this knowl-

edgewhenenhancinganimage.We usevectorquan-
tisationto cateyoriseareasof the imageat different
scaleslearnthe systematiaelationshipbetweenthe
codingof correspondin@reasat varying scalesand
then usethis informationto extrapolatea more de-
tailedimage.Theentireprocessvorks by

1. Runninga training algorithmto learnthe cross-
scalestructurerelationsin examplepictures. In
the experimentsheretwo imageswere usedone
from the “face'sequencandonefrom the “trees'
sequence.

2. Usingthisinformationto automaticallyconstruct
anew imageenhancingrogram.

3. Applying the enhancingprogramto digital cine
imagesto generatanew imagesat twice the reso-
lution.

2.1 The Training Algorithm

Theaim of thetrainingalgorithmis to learnwhathigh
frequeng detailis likely to beassociatewith thelow
frequeng featuresata givenpointin animage.Given
animage weconstructhalfsizedversionof theim-
age andexpandthisto form anew blurredimage

which s the original size,by usinglinearinterpo-
lation. We now form a differenceimage
which containsonly the high frequeny details.

It it clear that we have a genetve association

betweenposition andthe four pixel block

. We aim to categorisethere-
gions aroundeachpositionin , categorise



the correspondindplocks andlearnthe associa-

tionsbetweerthesecateories.

2.1.1 Categorisingthe Upper Layer

Associatewith eachpixel a neighbourhood

P
| ] ‘ andcomputethe differencedetween andits
neighbours.Thesede ne a 4 elementvector Using
the algorithmgivenin (Linde et al., 1980) construct
avectorquantisatiorcodebook  for thesefeatures.
Assumethatthe codebookhas entries.

2.1.2 Categorisingthe Lower Layer

Use the samevector quantisationalgorithmto con-
structa secondvectorquantisatiorcodebook  for
the setof vectors . Assumethat the codebook
againhas entries.

2.1.3 Learning the Association

Encodethe neighbourhoodsroundeachpixel

with  toyield anencodedmage . Encode
each associatedvith eachpixel with
toyield anencodedmage . Theentriesin boththe
encodedmagesareindexesinto the respectie code-
books.

Constructa frequeng table thatcounts
how frequentlyeachcodefrom  is associatedvith
eachcodefrom . Finally corvertthefrequeng ta-

ble to a conditionalprobability table by dividing by
thenumberof obsenations.

2.2 The Program Generator

Theaim of the programgeneratois to take thetables
and usethemto generatepascallibraries

thatcanbe usedto index andpredictdetailin subse-
guentimages. The processs analogougo the way
Lex(Levine et al., 1992) constructsscannetablesin
C from aregulargrammar

Two optimisationsare performedprior to output-
ing thetables:

1. Table is corvertedfrom aconditionalprobabil-
ity tableto atableencodingthe cumulative prob-
ability of eachentryin beingassociateavith
andentryin

2. HierarchicalVectorQuantisation(Chaddheetal.,
1995) indices are constructedor the two code-
booksto enablefuture encodingto be of O(4)
ratherthanO(n).

2.3 The EnhancementAlgorithm

The enhancemenprogramhasthe library produced
abovelinkedto it. Theaim of the programis to read

in animage andproduceanimage of twicethe
sizewith enhancedietail.
Createémage of twicethesizeof usinglinear

interpolation.
Createanemptyimage twicethesizeof
For each pixel at position ~ compute
its differenceswith its four neighboursas described
in 2.1.1. Encodethe four differencesusinga vector
quantisationndex for book  to yield a codeindex
number . Selecthe throw of . Draw arealnumber
atrandomsuchthat . Scanrow until
an is found. Selectthe 4 elementvector
. Placethis vectorin theimage at positions

Once this processhas beencompletedfor each
pixel in  theimage containsdetailswhosespa-
tial frequeng is oneoctave higherthanthosethatare
representedth . Eachdetail occurswith the same
probabilitywith respecto the cateyorisationof local-
itiesin asdetailsoccuredin  with respecto the
catgyorisationof localitiesin

The nal stepformstheenhancedmage
operation

by the

3 RESULTS

Our experimentswere conductedon

video framesin the DPX imageformat capturedby

aThompsorViper D-CinemavideocameraThe pix-

elswerein 10 bit logarithmicformat. Imageexpan-
sionusingour systemwascomparedo corventional
bilinearinterpolationandB-Splineinterpolatiortech-
nigues.The experimentalprocedurecanbe described
asfollows:

1. Theenhancemergystemwastrainedona

DPX framefrom anoutdoorsequenceThe
testimagesusedwere a studio frame (Figure 2)
andalaterframefrom theoutdoorsequencérom
which original training frame had beenselected
(Figure5). Thetraining andtestframefrom this
sequencéaddifferentzoomsettingsthetraining
frame having had a higherzoom factorthanthe
secondestframe.

2. Theimagesweredownsampledisingbilinearin-
terpolationto andoutputin DPX for-
mat.



3. Imageexpansiono doublethe original resolution
of was performedusing our algo-
rithm, bilinearandbsplineinterpolations.

4. Original and expandedDPX video frameswere
comparedsubjectvely basedon perceved detail
in image patches. The quality of reproduction
was also evaluatedobjectively using several im-
agequality metricsdescribedelow.

First, atraditionalmeasurédasedn PeakSignal-
to-NoiseRatio (PSNR) (Pratt,1978)wascalculated.
In this paper the PSNR was calculatedon the 10-
bit logarithmic representatiorof pixel values. This
metric is very practicaland easyto compute,how-
everit doesnot alwayscorrelatewell with the quality
percevedby humanusers(Girod, 1993). An alterna-
tive usinga modi ed versionof the PSNR basedon
perceved visibility of error, namely Weighted Peak
Signal-to-NoiseRatio (WPSNR) (Voloshynaskiy
etal., 1999),wasalsocomputedn this metric,error
ontexturedareawould be givenlessweightingfactor
thanthaton at surface.

Sinceimage expansionalgorithmsusually intro-
duceblur artifacts,anotherquality metric (Gunavan
and Ghanbari, 2005) which is able to detectand
measurehe degreeof blurrinesson imagewas also
used. This metric usesfeaturesextractedfrom the
frequeny domainthroughtwo-dimensionaDiscrete
Fourier Transfrom (DFT) computationover a lo-
calised areaon the gradientimage. In an image
contaminatedy blurring distortion,somefrequeny
componentappeamttenuatedvhencomparedo the
samesetof component®n the original image. Blur-
rinessdetectioncanbe doneby analysingthe decay
in the strengthof thesefrequeny components.One
quality parameteproducedby this metric calledhar
monic loss, is a relative comparisonof certain fre-
gueny componentgrom differentimages. This pa-
rametercanbe usedto measurélurring onimage.

It is subjectvely apparenthatour algorithmhas
regenerateglausibleimagedetail that wasirretriev-
ablewhenusingthe B-SplineandBilinear interpola-
tion approachegFigure 3). The down-samplingsup-
pressed/isual informationwhich only our algorithm
couldrecorerbasednits knowledgeof statisticalco-
occurrencef low andhigh frequeng imagecontent.

Objective comparisonof our algorithmwith Bi-
linearandB-Splineinterpolation(Table1) for image
expansiorshavs amarkedimprovementn thePSNR
and WPSNRmetricsfor our algorithm. Bilinear in-
terpolationperformsmaiginally betterthan B-Spline
interpolationand our algorithmhasalmosttwice the
objective imagequality scoreasthe secondbestap-
proach.

Figure2: Reducedscalecolourimagefrom original DPX

digital cine frame from studio sequencéface'. Relatively
soft focus is usedwith a moving subject. Box indicates
wheredetail is shavn in Figure 3. Note that this and all

following imagesareuncorrectedog colourspace.

It was obsened that VQ-based enhancement
method was better than conventional method (e.g
bspline)sincethelatterintroducesmoreblurrinessto
theimages.As anillustration, Figure4 compareghe
degreeof the blurriness(expressedasblur index) of
severalimagesfrom “outdoor' sequenceavhich have
beenenhancedy threedifferent methods(our pro-
posedVQ-based bilinear, and b-spline). Note that
highervalueof theblurindex onanimageimpliesthat
the imagecontainsmore blurring artifacts. It shovs
thatthe blurrinessindicesof the bsplineandbilinear
enhancedmagesare generallyhigher than thoseof
VQ-based.Figures6 and7 show the relative blurri-
nesof theexpandedmagescomparedo theoriginal.

4 CONCLUSION

This paperpresentedh novel approacho imageen-
hancementisinga techniguewhich would avoid the
known shortcomingsof fractal enhancement. We
learnt the statisticalpropertiesof the co-occurrence
of low and high frequeng image contentand used
theseprobability distributionsto predictimagecon-
tentduringimageexpansion.Our algorithmout per

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

| O T @ T 6 ]
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 frequeng detail from origi-
nal DPX video framefrom the 'f ace' sequencéa) andthe
correspondingegion generatedyy expansionof the half-

resolutionvideo frameby our algorithm(b), aswell asby
B-Splineinterpolation(c) andBilinear interpolation(d).
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Figure4: Frame-by-frameblurrinesscomparisorbetween
sequenceof images(from “outdoor' sequencepxpanded
with VQ-basedbilinear, andb-splinemethods.

forms corventionalapproachedasedon both objec-
tive andsubjectve metrics,with PSNRandWPSNR
scoresaalmostdoublethatof the bestcorventionalap-
proachesWe hopeto continueworking on our algo-
rithm whichis still in its preliminarystagesy

1. Learningstatisticalco-occurrencef neighbour
ing codeboolblocksin images

2. Mediating the addition of high frequeny pre-
dicteddetailwith theenepgy of theunderlyingre-
gionin theimageto preventpredictionof detailin
the absencef high frequeng informationin the
originalimage.

Figure5: Imagetaken outsidein bright light, with sharp
focus containingmore high frequeny detail. Box shavs
areausedin Figure6.
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(a) Original (b) Ouralgorithm

(c) Bspline (d) Bilinear

Figure6: Sampledakenfrom the frameshavn in Figure5. Thealgorithmcorvincingly synthesisespeckleon the concrete
wall but leavesthe white wall in the backgroundspecklefree.

(a) Original (b) Our algorithm

(c) Bspline (d) Bilinear

Figure7: Samplesrom “train' sequenceThe original patch(a) is taken from 2K resolutionimage. The patchesrom the
expandedmageqb,c,andd) areof 4K resolution.



