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ABSTRACT

This paperpresentsa methodfor fast encodinganddecodingof imagesequencesbasedon fractal
codingtheoryandthe hybrid codingconcept.The DPCM-loopaccountsfor statisticaldependenciesof
naturalimagesequencesin temporaldirection. Thoseregionsof theoriginal imagewheretheprediction,
i.e. motion estimationand compensatio,fails are encodedusing an advancedfractal coding scheme
which originally was developedfor encodingof still images. Similar to conditional replenishment
coders,not regionsof the residualimageitself but of the original imageareencoded.

The introductionof a fractal codingschemeinsteadof the commonlyusedDCT turnsout advanta-
geousespeciallyat very low bit rates(8–64kbit/s). In orderto increasereconstructionquality, encoding
speedandcompressionratio, someadditionalfeaturesashierarchical codebooksearch andmulti level
block segmentationare proposed.

1. INTRODUCTION

With thespreadof digital networksduring the last years,alsothe interestin efficient encodingof video
datahasincreased.An H.261–likecodingalgorithmis expectedto be the “near-term”solution(within
the next two years)especiallyfor videophoneapplicationson LANs, WANs and mobile networks.
Howeverthesestandardsdo not meet the requirementsfor future applicationsparticularly when very
low bit ratesarethe issue.Besideswaveform-andmodelbasedschemesthe ’MPEG Ad-Hoc Groupon
Very-Low Bitrate Audio-Visual Coding’ thereforeconsidersfractal coding techniquesas one possible
“far-term” solution [1].

In the caseof low rate channelsa hybrid coding conceptwhich takes the temporaland spatial
dependenciesinto accountwas found to perform bestand thereforehasbeenadoptedin most coding
proposals.Similar standardse.g. [2, 3] usemotioncompensatedpredictionin orderto removetemporal
redundancyand a discretecosinetransform(DCT) of the predictionerror image, though it hasbeen
shownthat theDCT is not optimal for this purpose.In this paperwe emerge from a hybrid conceptbut
replacethe commonlyusedDCT by a fractal basedschemewhich adoptsto the specialcharacteristics
of imagedata.Similar to conditionalreplenishmentcoderswe apply the fractal transformonly to those
regionsof the original image whereprediction failed.
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The fractal codingconceptoriginatesfrom Barnsley’sideato exploit self similar structuresin real
world imagesfor compressionpurposes[4]. A first practicalimplementationalsocapableof encoding
grey scaleimageshasbeenproposedby Jacquin[5, 6]. Severalimprovementsand modificationse.g.
[7, 8, 9, 10, 11, 12] havebeenreportedsincethen,but the basicconceptof blockwiseapproximation
of the entire imageby partsof itself remainedthe same.

For a given image the encodingprocessconsistsof finding among a classof a priori defined
contractivetransformationsoneleavingthe imagenearbyinvariant. Accordingto Banach’sfixedpoint
theorem the sequenceof reconstructedimagesconverges for any arbitrary initial image to the fixed
point of the transformationwhich is the original image.Compressionis achievedif the transformation
parameterscan be describedmore compactlythan the original image.

Our paperis organizedas follows: After presentingthe theory for fractal encodingof grey scale
imageswe briefly review the commonlyusedhybrid coding conceptfor imagesequences.We then
evaluatefractal techniqueswith respectto video coding and point out somepossibleimprovements.
Recentsimulationresultsdemonstratethe efficiency of the proposedalgorithm. We finish with some
concludingremarksand a prospecton future investigations.

2. BACKGROUND

2.1. Mathematicalfoundations

Let ���������
	����	�������	��������������������� �"!$# !&% be an imageof size %'�&%)(�%+* pixels which we
consideraspoint in theN-dimensionaleuclideanvectorspace, � . Thecomponents� �.- , representthe
grey levelsof the image.We canmeasurethe “length” of thevector � by definingthe Euclideannorm/ � /10 � 2334 �5 �768�:9 �� 9 ��; (1)

The space, � becomesa normedmetric spacedenoted <=, � 	�>@? by inducinga metric>A���B	�CD� 0 � / �FEGC / 	.HI�B	=C - , � (2)

basedon the vectornorm. The metric >A���B	�CD� canbe consideredasdistancemeasurebetweenthe two
vectorsor images � and C .

A linear transformationwithin this spaceis describedby a linear operatorJ 0 , �$K , � mapping
the space, � onto itself. Also for everyoperatora norm canbe defined.The smallestoperatornorm
consistentwith the Euclideanvector norm in the sensethat

/ J � / ! / J / / � / holds, is the spectral-
or Hilbert-norm definedby / J /MLONP0 � Q�RST@UAV@WYX Z@X []\ 9_^`9 ; (3)
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Most implementationsemerge from a blockwisedefinednon-linearaffine transformationin hi jIk`lnmok`l p h m c hDqsr (4)

of the entire image h consistingof a linear part c h and an additivepart r . The transformation
i

is
called contractive, if thereexistsa constanttvuxw , so thaty�z i z h|{~} i z�� {�{���t yAz hB} � {|�"hB} ��� k`l (5)

holds. From (4), (5) and the definition of the metric (2), we obtain the contractivitycondition� c � ��t)u�w�} (6)

for theaffine transformation
i

which constrainsthedeterminationof thematrix c duringtheencoding
process.

The encodingprocessof the given image h now consistsin finding a matrix c and a vector r
such that the approximationerror yAz i z hD{�}�hD{�� y�z�c hDqsrB}�hD{ (7)

becomesas small as possibleand the contractivity condition (6) holds.

Decodingis mainly basedupon Banach’sfixedpoint theorem:.

Let
k l

be a metric spacewith metric y and
i j�k l m�k l

a contractivetransformation.Thenthe
sequenceof images ��h.�A� constructedby h8�M�8��� i z h8��{ convergesfor any arbitrary initial imageh.� � k l

to the uniquefixed pointh|�I� i b h8� e � c h|�1q�rB�Bh8� � k`l (8)

of the transformation
i

.

The decodergeneratesthe sequencez h8��{ with

h � � i�� � z h � {`� c � h � q�� �� �7  � cF¡£¢ r (9)

by iteratively applyingthe transformation
i

to somearbitrary initial image h8� . Due to Banach’sfixed
point theorem, the sequencez h � { converges to the fixed point¤7¥Y¦��§�¨ h � � z�©:ª�c {�« � rv�¬h8� (10)
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if the transformationsatisfies the contractivity condition (6). An upperbound for the reconstruction
error canbe formulatedwith the definition of the fixed point (8) and the encodinginstruction(4) by

®�¯±°�²=¯8³)´ µµ·¶n¸M¹º¸ ¼»�½¾»�¯8¿M²�¯D¿ À (11)

As hasbeenshownabove,the approximationof the original image ¯ is completelydeterminedby
theaffine transformation½ . So insteadof storingor transmittingthe original image,the parameters¹
and Á of the transformation½ aretransmitted.Datacompressioncanbe achieved,if ¹ and Á canbe
storedmore compactly(requiring lessamountof data)than the image ¯ itself.

Apart from very simplebinaryimages,e.g. Barnsley’sfern, no practicalmethodsfor constructionof
mappingsof theentireimageontoitself areknown. Thereforewefollow Jacquin’sproposalandpartition
the imageinto non-overlappingblocks. For practicalreasonsonly somesimple block transformations
areallowed in order to find correspondenceswithin the image. As Jacquinpointedout, fractal coding
schemessharemanypropertieswith vectorquantizationusingimagedependentcodebooks.Due to the
specialfeaturesof thefractal transformations,thecodebookitself needsnot to betransmitted,but canbe
reconstructediteratively during the decodingprocess.For further detailsconcerningthe fractal coding
schemethe readeris referredto Jacquin’sdetailedoriginal description[6, 13].

2.2. Imagesequencecoding

Most approachesfor encodingof videosequencesandalmostall standardizationactivitiesarebased
upon the hybrid coding conceptsince it was found to be most efficient for thoseapplications. This
schemeincorporatesa temporalDPCM-loopin orderto accountfor the redundancybetweensuccessive
framesof the sequence(interframe coding). Additionally somesort of transformcoding or vector
quantizationis applied to the residual image in order to removethe spatial redundancy(intraframe
coding). The combinationof inter- and intraframecoding offers high compressionratio with rather
low implementationeffort. A further advantageof this schemeis that significant improvementscan
easilybe achievedby incorporatinga motioncompensatedprediction. Herebythemovementsof single
objectsaremeasuredin termsof a motionvector. Togetherwith theencodedresidualimagethemotion
vectorsfor all objectsare transmittedover the channel.The receivergeneratesa predictionimageby
compensatingthe previousimageusing the known motion of the objects. The reconstructedimageis
then obtainedby adding the decodedresidualimage to the prediction image. A block diagramof a
typical standardhybrid coding schemeis depictedin figure 1.

Thoughthe DCT is known to be suboptimalfor encodingof predictionerror images,all standard-
ization proposalsarebasedupon the DCT, mainly becauseof its simplicity andits availablededicated
hardware.However“far-term” solutionsfor video codingdemandfor new ideasin orderto bridgethe
gap betweenavailablechannelcapacityand desiredpicturequality. Thereforewe investigatedsubsti-
tution of the DCT by an advancedfractal coding schemewhich alreadyhasperformedwell for still
image coding applications.
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Figure 1: Standardhybrid coding scheme.Left: Encoderwith motion estimationand
compensation,DCT-codingand quantizationof the residualimage. Right: Decoderwith

motion compensation,dequantizationand inverseDCT-codingof the residualimage.

3. FRACTAL VIDEO CODING

Formerinvestigationsperformedby othersandourselvesindicatethat fractal codingschemesaresuited
for applicationswith a demandfor extremelyhigh compressionratios. Due to the increasingencoding
complexity for visual loss-freecoding at low compressionratios, e.g. digital HDTV, fractal coding
schemescannotplay of its advantagescomparedwith advancedsubbandor transformcoders. For
this reasonour investigationsare directedto low rate video coding with applicationsin mobile video
telephony,teleconferencingand narrow band ISDN distributedaudio-visualserviceswhich rise from
4.8 to 64 kbit/s. Typical for theseapplicationsarehead-and-shouldersequencesconsistingof a slowly
moving foregroundand an approximatelystatic background.

Beaumont[14] showedthat straightforward extensionof the2–D fractal encodingschemeto three
dimensionsin orderto encodeimagesequencesonly resultsin poorreconstructionquality. We therefore
adoptthe hybrid codingconceptwith temporalDPCM-loopasdescribedaboveto our fractal scheme.

We found out that direct encodingof the predictionerror imageby a standardfractal schemedoes
not work satisfactorilydue to the specialstatisticalpropertiesof predictionerror images. Insteadof
direct encodingof thoseregionsin the residualimagewhere the prediction failed the corresponding
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regionsof the original image are encoded. For this we employ an advancedfractal coding scheme
suitedto still images.A block diagramof the modified encoderis depictedin figure 2.
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Figure 2: Block diagramof a hybrid coding schemewith fractal
encodingof thosepartsof the original imagewhereprediction failed.

Theencodingprocedureworksasfollows: Theold reconstructedframe ÌÍ.ÎÐÏ|Ñ is subtractedfrom the
newinput framedenotedby Í8Î . The resultingresidualimage Ò ÎÔÓ¬Í8Î:Õ×ÖÍ8ÎÐÏ|Ñ is usedto createa mask
determiningthoseareasof predictionfailure. By useof this masktheoriginal input imageis segmented
into two parts referred to as foregroundand background. The error power in the residual image
correspondingto thebackgroundis only determinedby cameranoiseandcontainsall thoseareasof the
imagefor wherepredictionworked satisfactorily. The rest of the imageis unpredictableforeground.
Sincethe backgroundis approximatelystatic, it is alreadyknown to the receiverand thereforeneeds
not to be transmitted.So only the foregroundregionof the imagehasto be encodedand transmitted.
In order to excludethe influenceof the variousmotion estimationschemesfor prediction,we employ
a simple frame store as predictor though we believe that proper motion estimationcan improve the
encodingresultssignificantly.

In contrastto [15] whereonly the foregroundregionscontributeto the fractal codebookwe usethe
entireimage(consistingof foregroundandbackground).Theauthorsof [15] arguethatwhenadditionally
consideringthe backgroundfor codebookconstructionthe schemewill fall out of thedomainof fractal
coding. We do not agreeon this, becausein our schemethereare still many codebookentriestaken
solely from the foregroundimageso that the substantialcharacteristicsof fractal codingarepreserved.
Besidesthis we explored that the partial constructionof the codebookfrom the backgroundimage
increasesthe flexibility of the encodingschemeand evenfound it necessarywhen the foregroundis
small (this is if predictionworked almostsatisfactorily).
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Multi level block segmentation

Themainintentionof theproposedsegmentationalgorithmis to divide thepredictionerror imagein
oneareaof high errorpower(foreground)andoneof smallerrorpowermainly causedby cameranoise
(background).We performthe segmentationbeforeandindependentlyfrom the encodingof the image
so that segmentationand encodingaredecoupled.By this way the processingspeedcanbe increased
significantly,becauseonly thoseblockshaveto be regardedwhich arechosenby the segmentation.

Due to the fact that channelcapacityand the overheadinformation for the segmentationis nearly
constant,the remainingdata rate for encodingof the image regionsis also constant. As has been
mentionedabove,the employedfractal codingschemeis block oriented.This meansfor eachblock a
transformationindependentfrom the otherblocksis determined.If fixed word lengthcodingis applied
to the transformparametersof the imageblocks,eachblock canbe representedby thesameamountof
data. So the numberof blockswhich canbe encodedof eachframeis constant.The input parameters
of thesegmentationalgorithmarethereforethenumberof blocksto beencodedandthepredictionerror
image. In orderto keepthesegmentationoverheadfeasiblewe employa quadtreestructure.Theblocks
havevariablesize 4x4, 8x8, and 16x16 and are alined in a predefinedblock raster. An exampleof a
typical quadtreesegmentationis shown in figure 3.

Figure 3: Quadtreesegmentationof the foregroundimage Figure 4: Fractalencodedforegroundregions

Since segmentationis performedindependentlyfrom the encodingprocess,one has to consider
the specialcharacteristicsof the fractal coding schemeby incorporatinga priori knowledgeinto the
segmentationalgorithm. In our casethis is done by employing a gain/costcriterion which can be
viewed as tradeoff betweenthe costsfor encodingan imageblock and the gain due to the reduced
residualerror. The aim of the segmentationis then to find the foregroundmaskmaximizing the total
gain/costrelation. Sincethe costsfor encodingarethesamefor everyblock only thegain which is the
reductionof the error power due to codingof this block hasto be determined.

A priori knowledgeis incorporatedby estimatingthe reconstructionerror for eachblock. We found
out, that for fractal schemesthe reconstructionerror of the block is highly correlatedwith the block
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size. Thereforewe estimatethe reconstructionerror of a block solely from the correspondingblock
size. Someimprovementscanbeachievedif in additionto theblock sizealsothegreylevel distribution
is regarded.This can be doneby calculatingan activity measurefor eachblock and determiningan
estimateof the reconstructionerror from this activity measure.

The segmentationprocesscan be describedas follows:
Let ØÚÙºÛ`Ü)ÝAØßÞ&à�áâ�ã�äBÝ¼áâ8ÙßÛ bean imageconsistingof N pixelsand åDæèç�é�à�ØDã�Þ&à�á ç�ê ã=ä`ÝÐá ç�ê ÙßÛëÝíì@î)Ùï æ_ç�é be the j-th block within the image Ø .

ï æ_ç�é denotesthe setof all indicesof elementsbelongingto
the j-th block. The index ð runs from 1 to ñ with ñ Þ�ñGò�ó�ñ�ò�ôöõø÷ùÞ�÷ ó ÷ ô being the number
of elementswithin the block. Using the Euclideannorm as defined in eq. (1) the powerof an imageú à�ØDã or imageblock

úßû å æüç�é à�ØDã�ý can be written as:ú à�ØþãþÞ Üÿ â�� � � á�â � � Þ��MØ�� �úºû å æ_ç�é à�ØDã�ý Þ ÿç ê	��
����� � á ç ê � � Þ���� å æ ç�é à�ØDã���� ��� (12)

Thesegmentationemergesfrom thepredictionerrorimage ���IÞ¬Ø������Ø���� � which is obtainedwithin
the DPCM-loop by subtractingthe prediction image �Ø � � � from the original image Ø � . Additionally
the numberof blocks ÷"! which can be encodedis determinedby the total datarate reducedby the
segmentationoverheadinformation.

In a first step for each possibleblock å æ_ç�é à#� � ã within the prediction error image, the powerú%$ û å æüç=é à#� � ã ý is determinedaccordingto eq. (12). Then the reconstructionerror
ú�& û å æ_ç�é à�Ø � ã ý after

encodingof the block in the original image Ø � is estimatedbyú & û å æüç�é à�Ø���ã ý Þ(' � ñ()* (13)

andonly dependsupon the correspondingblock size ñ . The parameters' � and ' � aredeterminedin
a way that reconstructionquality is maximized. While ' � is just a scalingparameter,' � affects the
distribution of the block sizes. We found that theseparametersonly needto be adjustedonce,being
well suited for a wide variety of test sequences.

For eachblock we determineits correspondingcoding improvement

+ ú æ ç=é Þ ú & û å æüç�é à�Ø � ã=ý,� ú $ û å æüç�é à-� � ã�ý � (14)

If
ú & û å æüç�é à�Ø � ã=ý/. ú $ û å æüç�é à0� � ã�ý , i.e. the error introducedby encodingthis block is larger than the

predictionerror, this block is not taken into consideration.Only for
ú & û å æüç=é à�Ø � ã ý õ ú $ û å æüç�é à1� � ã ý

an improvementcan be obtainedby encodingthis block. We thereforesort all blocks in descendent
order of improvement

+ ú æ ç�é and mark those ÷ ! blocks which are encodedafterwards.This process
is performediteratively regardingthe fact that the choiceof blocks is additionally constrainedby the
quadtreestructureof the block partitioning. The result of this processis depictedin figure 3 showing
the quadtreesegmentationandfigure 4 showingthe correspondingfractal encodedforegroundregions.
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4. SIMULATION RESULTS

Simulationshavebeencarriedout with severalstandardCIF-sequences.A coarseblock diagramof the
employedcoding schemeis depictedin figure 2. In order to excludethe influenceof variousmotion
estimationschemeswe skippedthis part and insteadwe performeda simple predictionby providing
a frame store. Encodingof the foregroundimageis performedin accordancewith Jacquin’soriginal
proposal[5] for still image coding, except for two major modifications: Firstly a fast hierarchical
codebooksearchwhich strongly increasesencodingspeedandnearlyyields full searchperformancein
termsof reconstructionquality is employed. A detaileddescriptioncan be found in [12]. Secondly,
insteadof Jacquin’soriginal unconstrainedtwo level partitioningwe applya quadtreebasedmulti level
partitioningasdescribedabove.By this way reconstructionquality canbe increasedsignificantly.

Additional compressionis achievedby reducingtemporalresolution. In our schemeonly every
third frame is taken into considerationat the encodingside. The skippedframescan be interpolated
at the receiver. The block sizesrise from 4x4 to 16x16 pels. Sincehigh compressionis desired,the
applicationof smallerblocksis not feasible.On theothersidelargerblock sizesthan16x16arevisually
annoying. Table 1 briefly summarizesthe encodingspecifications.

sequencedefinition: CIF-testsequences

sequencedimension: 352 horiz. 288 vert.

frame-rate 25 Hz

temporalsubsampling 1:3

block sizes 4x4, 8x8, 16x16

target datarate 32, 64, 128 kbit/s

Table 1: Encodingspecificationsof the proposedimagesequencecoding scheme

If we considera standard64 kbit/s ISDN B-channel,a framerateof 25 Hz andonly encodeevery
third frame,the resultingavailableamountof datafor eachframeis 7680bit. From our investigations
resultedthat approximately1000bits haveto be reservedfor the segmentationoverheadif a quadtree
structureis applied. So thereare about6700bits which can be usedto encodethe foregroundimage.
This resultsfor the testsequence“Miss America” in anaveragereconstructionquality of approximately
34–35 dB. The reconstructionquality we obtainedfor threedifferent target dataratesare depictedin
figure (5). The correspondinggrey level imagesare shownin figure 6.
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Figure 5: Coding resultsfor CIF test sequenceMiss America for threedifferent channeldatarates.

Theseresultsindicatethat our proposalis capableof coding typical videophonesequencesat data
ratesof about64 kbit/s with reasonablequality. Howeverit mustbementionedthatnomotionestimation
andentropycodingof theparametersis employed.By doingthis, which is currentlyunderinvestigation,
the reconstructionquality is expectedto go beyondthe actualstandards.

5. CONCLUSIONS

In this paperwe describedthe implementationof a videocodingsystemusinga fractalencodingscheme
for still images.Baseduponthe hybrid codingconceptthe foregroundimagefor which the prediction
failed is encodedand transmittedto the receiver. The rest representsstatic backgroundand needsnot
to be transmitted. To improve reconstructionquality we developeda segmentationalgorithm which
performsthepartitioningof thepredictionerror imagebeforetheencodingprocess.In orderto account
for the characteristicsof the encodingschemea priori knowledgeis taken into consideration. This
is doneby estimatingthe expectedcoding error from the block sizesand/orby the spatialgrey level
distributionof theblock. We presentedsomecodingresultsfor a simpleimplementationof our scheme
which arevery promising. Especiallyimplementationof motion estimationand entropycodingof the
transformparametersare expectedto provide further improvement.
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Please attach figure (6) here

Figure 6: Coding resultsfor test imageMiss America.
Upper left: original frame #148; upperright: encodedframe #148 with 128 kbit/s.

Lower left: encodedframe #148 with 64 kbit/s; lower right: encodedframe #148 with 32 kbit/s.
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