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ABSTRACT

This paperpresentsa methodfor fast encodingand decodingof imagesequencebasedon fractal
codingtheoryandthe hybrid coding concept.The DPCM-loop accountdor statisticaldependenciesf
naturalimagesequences temporaldirection. Thoseregionsof the original imagewherethe prediction,
i.e. motion estimationand compensatiofails are encodedusing an advancedtractal coding scheme
which originally was developedfor encodingof still images. Similar to conditional replenishment
coders,not regionsof the residualimageitself but of the original imageare encoded.

The introductionof a fractal codingschemeansteadof the commonlyusedDCT turnsout advanta-
geousespeciallyat very low bit rates(8—64 kbit/s). In orderto increasaeconstructiorguality, encoding
speedand compressiomatio, someadditionalfeaturesas hierarchical codebookseach and multi level
block segmentatiorare proposed.

1. INTRODUCTION

With the spreadof digital networksduringthe lastyears,alsothe interestin efficient encodingof video
datahasincreased An H.261-likecodingalgorithmis expectedo be the “near-term”solution (within
the next two years) especiallyfor videophoneapplicationson LANs, WANs and mobile networks.
Howeverthesestandardsio not meetthe requirementdor future applicationsparticularly when very
low bit ratesarethe issue. Besideswvaveform-andmodelbasedschemeshe ' 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 takesthe temporaland spatial
dependenciemto accountwas found to perform bestand thereforehasbeenadoptedin mostcoding
proposals.Similar standard®.g. [2, 3] usemotioncompensateg@redictionin orderto removetemporal
redundancyand a discretecosinetransform(DCT) of the predictionerror image, thoughit hasbeen
shownthatthe DCT is not optimal for this purpose.In this paperwe emege from a hybrid conceptbut
replacethe commonlyusedDCT by a fractal basedschemewhich adoptsto the specialcharacteristics
of imagedata. Similar to conditionalreplenishmentoderswe apply the fractal transformonly to those
regionsof the original image where predictionfailed.
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The fractal coding conceptoriginatesfrom Barnsley’sideato exploit self similar structuresn real
world imagesfor compressiorpurposedq4]. A first practicalimplementatiomalso capableof encoding
grey scaleimageshasbeenproposedoy Jacquin[5, 6]. Severalimprovementsand modificationse.g.
[7, 8,9, 10, 11, 12] havebeenreportedsincethen, but the basicconceptof blockwise approximation
of the entire image by partsof itself remainedthe same.

For a given image the encodingprocessconsistsof finding amonga classof a priori defined
contractivetransformation®ne leaving the imagenearbyinvariant. Accordingto Banach’sfixed point
theoem the sequenceof reconstructedmagesconvegesfor any arbitrary initial imageto the fixed
point of the transformationwhich is the original image. Compressions achievedif the transformation
parametersan be describedmore compactlythan the original image.

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

2. BACKGROUND

2.1. Mathematicalfoundations

Letx = (;“01,;“027---,;"0]\7)T = (:ci)T; 1 <: < N beanimageof size N = N, N, pixels which we
consideraspointin the N-dimensionakuclidearvectorspaceR” . Thecomponents; € R representhe
grey levelsof the image. We canmeasurahe “length” of the vectorx by definingthe Euclideannorm

(1)

The spaceR” becomesa normedmetric spacedenoted(lRN, g) by inducing a metric
o(x,y) =[x - y|l, Vx,ye RY )

basedon the vectornorm. The metric o(x,y) canbe consideredas distancemeasurebetweenthe two
vectorsor imagesx andy.

A linear transformatiorwithin this spaceis describedby a linear operatorA : RV — RY mapping
the spaceR” ontoitself. Also for every operatora norm canbe defined. The smallestoperatornorm
consistentwith the Euclideanvector normin the sensethat ||Ax| < [|A|| ||x]|| holds,is the spectral-
or Hilbert-norm defined by

IAll,, == sup /Al (3)

AE€s(ATA)
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o(ATA) is calledthe spectrumof the matrix AT A which is the setof all eigenvalues\ of ATA.
Most implementationgemege from a blockwisedefinednon-linearaffine transformationn x

w:RY -RY = x— Ax+b (4)

of the entireimagex consistingof a linear part Ax and an additive partb. The transformationiV is
called contractive if thereexistsa constants < 1, so that

o (W(x),W(y)) < so(x,y)Vx,y € RY (5)

holds. From (4), (5) andthe definition of the metric (2), we obtainthe contractivity condition
Al <s <1, (6)
for the affine transformationi?” which constrainghe determinatiorof the matrix A duringthe encoding

process.

The encodingprocessof the given image x now consistsin finding a matrix A and a vectorb
such that the approximationerror

Q(I/V(X)7X) = Q(AX-I-b,X) (7)

becomesas small as possibleand the contractivity condition (6) holds.
Decodingis mainly basedupon Banach’sfixed point theoem:.
Let RY be a metric spacewith metricp and W : RY — RY a contractivetransformation. Thenthe
sequencef images{x;} constructedby x;1; = W (xy) convegesfor any arbitrary initial image
xg € R" to the uniquefixed point

x; = W(xs) = Axs +b; x5 € RY (8)

of the transformationiV.
The decodergenerateshe sequencedxy) with

k
xp = W¥(xg) = AFxq + (Z Ai>b 9)
1=0

by iteratively applyingthe transformationit’ to somearbitraryinitial imagex,. Due to Banach’sfixed
point theoem the sequencédx;,) convegesto the fixed point

lim x = (I— A)7'b =x; (10)

k—o0
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if the transformationsatidies the contractivity condition (6). An upperbound for the reconstruction
error can be formulatedwith the definition of the fixed point (8) andthe encodinginstruction(4) by

o(xy.x) < T reW.). (11)

As hasbeenshownabove,the approximationof the original imagex is completelydeterminedoy
the affine transformationi?. Soinsteadof storingor transmittingthe original image,the parameters\
andb of the transformationi’ aretransmitted.Data compressiorcanbe achievedjf A andb canbe
storedmore compactly(requiring lessamountof data)thanthe imagex itself.

Apartfrom very simplebinaryimagese.g. Barnsley’sfern, no practicalmethodgor constructiorof
mappingsof theentireimageontoitself areknown. Thereforewe follow Jacquin’sproposalandpartition
the imageinto non-overlappingolocks. For practicalreasonsonly somesimple block transformations
areallowedin orderto find correspondencewsithin the image. As Jacquinpointedout, fractal coding
schemesharemany propertieswith vector quantizationusingimagedependentodebooks Due to the
specialfeaturesof the fractal transformationsthe codebooktself needsot to be transmitted put canbe
reconstructedteratively during the decodingprocess.For further detailsconcerningthe fractal coding
schemethe readeris referredto Jacquin’sdetailedoriginal description[6, 13].

2.2. Imagesequenceoding

Most approache$or encodingof video sequenceandalmostall standardizatiomctivitiesarebased
upon the hybrid coding conceptsinceit was found to be most efficient for thoseapplications. This
schemancorporatesa temporalDPCM-loopin orderto accountfor the redundancyetweensuccessive
framesof the sequencdginterframe coding). Additionally somesort of transform coding or vector
guantizationis appliedto the residualimagein order to removethe spatial redundancy(intraframe
coding). The combinationof inter- and intraframe coding offers high compressiorratio with rather
low implementationeffort. A further advantageof this schemels that significantimprovementscan
easilybe achievedby incorporatinga motioncompensategrediction Herebythe movementf single
objectsaremeasuredn termsof a motion vector. Togethemwith the encodedesidualimagethe motion
vectorsfor all objectsare transmittedover the channel. The receivergenerates predictionimage by
compensatinghe previousimage using the known motion of the objects. The reconstructedmageis
then obtainedby addingthe decodedresidualimageto the predictionimage. A block diagramof a
typical standardhybrid coding schemeis depictedin figure 1.

Thoughthe DCT is known to be suboptimalfor encodingof predictionerrorimages,all standard-
ization proposalsare baseduponthe DCT, mainly becauseof its simplicity andits availablededicated
hardware.However“far-term” solutionsfor video codingdemandfor new ideasin orderto bridgethe
gap betweenavailablechannelcapacityand desiredpicture quality. Thereforewe investigatedsubsti-
tution of the DCT by an advancedtractal coding schemewhich alreadyhas performedwell for still
image coding applications.
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Figure 1. Standardhybrid coding scheme.Left: Encoderwith motion estimationand
compensationPCT-codingand quantizationof the residualimage. Right: Decoderwith
motion compensationgdequantizatiorand inverse DCT-coding of the residualimage.

3. FRACTAL VIDEO CODING

Formerinvestigationgperformedby othersand ourselvesndicatethat fractal codingschemesre suited
for applicationswith a demandfor extremelyhigh compressionatios. Due to the increasingencoding
complexity for visual loss-freecoding at low compressiorratios, e.g. digital HDTV, fractal coding
schemescannotplay of its advantagesomparedwith 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 10 64 kbit/s. Typical for theseapplicationsare head-and-shouldesequencesonsistingof a slowly
moving foregroundand an approximatelystatic background.

Beaumon{14] showedthat straightforward extensionof the 2—D fractal encodingschemeto three
dimensionsn orderto encodemagesequencesnly resultsin poorreconstructiorquality. We therefore
adoptthe hybrid coding conceptwith temporalDPCM-loop asdescribedaboveto our fractal scheme.

We found out that direct encodingof the predictionerrorimageby a standardractal schemedoes
not work satisfactorilydue to the specialstatistical propertiesof predictionerror images. Insteadof
direct encodingof thoseregionsin the residualimage wherethe predictionfailed 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 image where prediction failed.

The encodingprocedurevorks asfollows: The old reconstructedramex,,_; is subtractedrom the
new input framedenotedby x,,. Theresultingresidualimaged,, = x,, — x,_1 iS usedto createa mask
determiningthoseareasof predictionfailure. By useof this maskthe original input imageis segmented
into two parts referredto as foregroundand background. The error power in the residual image
correspondingdo the backgrounds only determinedoy cameranoiseandcontainsall thoseareasof the
imagefor where predictionworked satisfactorily. The rest of the imageis unpredictableforeground.
Sincethe backgrounds approximatelystatic, it is alreadyknown to the receiverand thereforeneeds
not to be transmitted. So only the foregroundregion of the imagehasto be encodedand transmitted.
In orderto excludethe influenceof the variousmotion estimationschemedor prediction,we employ
a simple frame store as predictor though we believe that proper motion estimationcan improve the
encodingresults significantly.

In contrastto [15] whereonly the foregroundregionscontributeto the fractal codebookwe usethe
entireimage(consistingof foregroundandbackground) . Theauthorsof [15] amguethatwhenadditionally
consideringthe backgroundor codebookconstructionthe schemewill fall out of the domainof fractal
coding. We do not agreeon this, becausan our schemethereare still many codebookentriestaken
solely from the foregroundimage so that the substantiacharacteristic®f fractal coding are preserved.
Besidesthis we exploredthat the partial constructionof the codebookfrom the backgroundimage
increaseghe flexibility of the encodingschemeand evenfound it necessaryvhen the foregroundis
small (this is if predictionworked almostsatisfactorily).
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Multi level block segmentation

Themainintentionof the proposedgsegmentatiomlgorithmis to divide the predictionerrorimagein
oneareaof high error power (foreground)and one of smallerror power mainly causedy cameranoise
(background).We performthe segmentatiorbeforeandindependentlyfrom the encodingof the image
so that segmentatiorand encodingare decoupled.By this way the processingspeedcan be increased
significantly, becauseonly thoseblockshaveto be regardedwhich are chosenby the segmentation.

Due to the fact that channelcapacityand the overheadnformation for the segmentations nearly
constant,the remaining data rate for encodingof the image regionsis also constant. As has been
mentionedabove,the employedfractal coding schemeis block oriented. This meansfor eachblock a
transformationndependenfrom the otherblocksis determined.If fixed word length codingis applied
to the transformparameter®f the imageblocks,eachblock canbe representedy the sameamountof
data. So the numberof blockswhich canbe encodedof eachframeis constant. The input parameters
of the segmentatioralgorithmarethereforethe numberof blocksto be encodedandthe predictionerror
image. In orderto keepthe segmentatiomverheadeasiblewe employa quadtreestructure. The blocks
havevariablesize 4x4, 8x8, and 16x16 and are alined in a predefinedblock raster. An exampleof a
typical quadtreesegmentations shownin figure 3.

Figure 3. Quadtreesegmentatiorf the foregroundimage Figure 4: Fractalencodedforegroundregions

Since segmentatioris performedindependentlyfrom the encodingprocess,one hasto consider
the specialcharacteristicof the fractal coding schemeby incorporatinga priori knowledgeinto the
segmentatioralgorithm. In our casethis is done by employing a gain/costcriterion which can be
viewed as trade off betweenthe costsfor encodingan image block and the gain due to the reduced
residualerror. The aim of the segmentations thento find the foregroundmaskmaximizing the total
gain/costrelation. Sincethe costsfor encodingare the samefor everyblock only the gainwhich is the
reductionof the error power dueto coding of this block hasto be determined.

A priori knowledgeis incorporatedoy estimatingthe reconstructiorerror for eachblock. We found
out, that for fractal schemeghe reconstructiorerror of the block is highly correlatedwith the block
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size. Thereforewe estimatethe reconstructionerror of a block solely from the correspondingblock
size. Someimprovementsanbe achievedf in additionto theblock sizealsothe greylevel distribution
is regarded. This can be done by calculatingan activity measurefor eachblock and determiningan
estimateof the reconstructionerror from this activity measure.
The segmentatiorprocesscan be describedas follows:

Letx € RY; x = (z;); z; € R beanimageconsistingof N pixelsandb(?)(x) = (z;,)7; z;, € R; j; €
ZU) bethej-th block within the imagex. Z() denotesthe setof all indicesof elementsbelongingto
the j-th block. The index £ runsfrom 1 to M with M = M, M, < N = N, N, beingthe number
of elementswithin the block. Using the Euclideannorm asdefined in eq. (1) the powerof animage
P(x) or image block P(b(f)(x)> can be written as:

N
P(x) = Z il = [|||*
P(bO(x)) = Y Josl* = Hb<f>(x)H2 .

JR€Z3)

(12)

Thesegmentatioemepgesfrom the predictionerrorimaged,, = x,, —X,,_1 Whichis obtainedwithin
the DPCM-loop by subtractingthe predictionimagex,_; from the original imagex,,. Additionally
the numberof blocks Ng which can be encodedis determinedby the total datarate reducedby the
segmentatioroverheadinformation.

In a first step for each possible block b(f)(dn) within the prediction error image, the power
Py (b(i")(dn)> is determinedaccordingto eq. (12). Then the reconstructiorerror P. (b(j)(xn)> after
encodingof the block in the original imagex,, is estimatedby

P, (b(f)(xn)) = py MV (13)

andonly dependsuponthe correspondingdlock size M. The parameterg; andp, aredeterminedn
a way that reconstructionquality is maximized. While p; is just a scaling parameterp, affectsthe
distribution of the block sizes. We found that theseparameter®nly needto be adjustedonce, being
well suitedfor a wide variety of test sequences.

For eachblock we determineits correspondingcoding improvement

APU) = Pc<b(f)(xn)) s (bO)(dn)). (14)

If Pc<b<f)(xn)) > Py (b(f)(dn)), i.e. the error introducedby encodingthis block is larger than the

prediction error, this block is not takeninto consideration.Only for P, (b(f)(xn)) < Py b(J)(dn)>
an improvementcan be obtainedby encodingthis block. We thereforesort all blocksin descendent
order of improvementA PY) and mark those N blocks which are encodedafterwards. This process
is performediteratively regardingthe fact that the choice of blocksis additionally constrainedoy the
guadtreestructureof the block partitioning. The resultof this processs depictedin figure 3 showing
the quadtreesegmentatiorand figure 4 showingthe correspondindractal encodedoregroundregions.

—127— \Vol. 3



Visual Communication and Image Processing, SPIE/VisCom’93, Nov.’93, Boston, MA, USA

4. SIMULATION RESULTS

Simulationshavebeencarriedout with severalstandardCIF-sequencesA coarseblock diagramof the
employedcoding schemels depictedin figure 2. In orderto excludethe influenceof various motion
estimationschemeswe skippedthis part and insteadwe performeda simple prediction by providing
a frame store. Encodingof the foregroundimageis performedin accordancevith Jacquin’soriginal
proposal[5] for still image coding, exceptfor two major modifications: Firstly a fast hierarchical
codebooksearchwhich strongly increaseencodingspeedand nearlyyields full searchperformancen
terms of reconstructiomquality is employed. A detaileddescriptioncan be found in [12]. Secondly,
insteadof Jacquin’soriginal unconstrainedwo level partitioningwe apply a quadtreébasedmulti level
partitioning as describedabove. By this way reconstructiorguality can be increasedsignificantly.

Additional compressionis achievedby reducingtemporalresolution. In our schemeonly every
third frame is takeninto consideratiomat the encodingside. The skippedframescan be interpolated
at the receiver. The block sizesrise from 4x4 to 16x16 pels. Since high compressions desired,the
applicationof smallerblocksis not feasible. On the othersidelarger block sizesthan16x16arevisually
annoying. Table 1 briefly summarizeghe encodingspecifications.

sequencelefinition:

ClF-testsequences

sequencealimension:

352 horiz. 288 vert.

frame-rate

25Hz

temporalsubsampling

1:3

block sizes

4x4, 8x8, 16x16

talget datarate

32, 64,128 kbit/s

Table 1: Encodingspecificationsof the proposedmage sequenceoding scheme

If we considera standard64 kbit/s ISDN B-channel,a framerate of 25 Hz and only encodeevery
third frame, the resultingavailableamountof datafor eachframeis 7680bit. From our investigations
resultedthat approximatelyl000 bits haveto be reservedfor the segmentatioroverheadf a quadtree
structureis applied. So thereare about6700 bits which canbe usedto encodethe foregroundimage.
This resultsfor the testsequencéMiss America” in anaverageaeconstructiorquality of approximately
34-35dB. The reconstructiomuality we obtainedfor three different target dataratesare depictedin
figure (5). The correspondingyrey level imagesare shownin figure 6.
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Figure 5: Codingresultsfor CIF testsequenceMiss Americafor threedifferent channeldatarates.

Theseresultsindicatethat our proposalis capableof coding typical videophonesequenceat data
ratesof about64 kbit/s with reasonablguality. Howeverit mustbe mentionedhatno motionestimation
andentropycodingof the parameterss employed.By doingthis, whichis currentlyunderinvestigation,
the reconstructiomuality is expectedio go beyondthe actual standards.

5. CONCLUSIONS

In this paperwe describedhe implementatiorof a video codingsystemusinga fractalencodingscheme
for still images.Baseduponthe hybrid coding conceptthe foregroundimagefor which the prediction
failed is encodedand transmittedto the receiver. The restrepresentstatic backgroundand needsnot

to be transmitted. To improve reconstructionquality we developeda segmentatioralgorithm which

performsthe partitioning of the predictionerrorimagebeforethe encodingprocess.In orderto account
for the characteristicof the encodingschemea priori knowledgeis takeninto consideration. This

is doneby estimatingthe expectedcoding error from the block sizesand/orby the spatialgrey level

distributionof the block. We presentedsomecodingresultsfor a simpleimplementatiorof our scheme
which arevery promising. Especiallyimplementationof motion estimationand entropycoding of the

transformparametersare expectedto provide further improvement.
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Please attach figure (6) here

Figure 6: Coding resultsfor testimage Miss America
Upper left: original frame #148; upperright: encodedframe #148 with 128 kbit/s.
Lower left: encodedrame #148 with 64 kbit/s; lower right: encodedrame #148 with 32 kbit/s.
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