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ABSTRACT OFTHE DISSERTATION

ImageCodingSubjectto Constraints

by

TamásFrajka

Doctorof Philosophy in ElectricalEngineering

(CommunicationsTheoryandSystems)

Universityof California,SanDiego,2003

ProfessorKennethZeger, Chair

An imagein digital format is a rectangulararrayof nonnegative integers,rep-

resentingthe light or color intensityvaluesin the image. Its compressionor codingis

concernedwith trying to representtheimagein ascompacta form aspossible.Modern

imagecodingtechniquesmustbe ableto dealwith a wide variety of constraints,both

from imagesourcesandfrom physicalsystemimplementations.

This thesisfocuseson imagecodingundercertainspecialconditions. In par-

ticular, thecodingof imagesis subjectto constraintson fastrecognition,memorycon-

straintsfrom physicalimplementation,specialcontentof images,constraintsfrom the

transmissionmedia,specialimagetypes,andfidelity constraintson imageresizing.

Wepresentaprogressivecodingtechniquefor Regionof Interestcoding.Wean-

alyzeimagecompressionin termsof memoryrequirementsandoffer a low complexity

approachto documentimagecoding.We introducea novel packet formationapproach

xix



for imagetransmissionover lossypacketnetworks. In stereoscopicimagecompression,

weproposeamethodfor improvedcodingof residualimagesandpresentanestimation

algorithmfor disparitywindow sizeselection.For theproblemof imagesizeconversion

weintroduceasolutionthataimsto identify thedownsamplingmethodusedto improve

theoutcomeof theupsamplingoperation.

xx



Chapter 1

Intr oduction

Traditionally theprimaryconcernof imagecodinghasbeento compressthe imageas

well aspossiblewhile avoiding introducingvisualdistortionto theoriginal image.

As in any sourcecodingproblem,wecandistinguishbetweenlosslessandlossy

encodingof images.While losslesscompressiontechniquespreserve the original im-

age,they typically do not result in betterthan ����� compressionratios. Somelossy

techniqueson theotherhandarecapableof producingimagesthatarealmostindistin-

guishablefrom theoriginalsata ������� or highercompressionratio. Thework presented

in this proposalis in theareaof lossycompression.

Theadvancementsin communicationtechnologyandthepopularityof theInter-

nethave introducedfurtherconstraintsinto thecodingof images.In certainscenarios,

it is desirableto beableto recognizeanimageasquickly aspossibleduringadownload

or to beableto betterpreserve certainareasin theimage.This requiresanimagecoder

to displayinformationimportantfor recognitionfirst asopposedto uniformly improv-

ing theentireimage,or to betterencodethedesiredarea.Chapter3 presentsa possible

solutionto this problem.

Digital storageof imagesallows easydistribution andsharing. But it is also

1
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importantto beableto obtainapapercopy of suchimages.Typical imagesmayrequire

large transmissionbandwidthsto printersthat may causebottlenecksin a network or

slow transmissionon low capacitylinks. It maybedesirableto beableto sendimages

in compressedform andthendecodethemat theprinter. Hardwareimplementationsof

printersrepresentrestrictionson imagedecodingthat aretypically not encounteredin

otherapplications.In Chapter4 weanalyzeimagecompressionmethodsfrom thispoint

of view andproposeacodingschemethatmeetscertainprinting requirements.

Imagesto be compressedare not limited to natural images. More and more

frequentlyimagescontaintext, charts,line graphics,anddrawings that introducenew

characteristicsto an image,mainly changingits mostly slow varying, low frequency

nature. In Chapter5 we proposecodingtechniquesthat outperformtraditional image

codersoncompoundimages.

Communicationof imagesmay meantransmissionover non-perfectchannels

that introduceerrorsto thetransmittedbit-stream.Theseerrorsmaycausecatastrophic

failureat thedecoder, possiblyrenderingthedecodedimageunrecognizable.In Chap-

ter 6 we introducea solutionfor transmissionover lossypacket networks that tries to

mitigatetheeffectof thelossof imageinformationonvisualimagequality.

In many applicationsdepthrenderingandimproveddepthperceptioncanplay

animportantrole. Stereoscopicimagepairstakenby two camerascanprovideasimple

solution for suchproblems. Theseimagepairscontainsignificantredundancy which

canbe exploited in compressionto improve performance.We presenta stereocoding

techniquein Chapter7.

An importantbuilding blockof many compressionmechanismsfor stereoscopic

imagesis disparityestimation,a methodthat aimsto reducethe inherentredundancy

of the imagepair. In Chapter8 we investigatetheproblemof disparityestimationand

proposea techniqueto improve its efficiency.



3

The technologicalboom of the past few yearsled to an increasedvariety of

displaysizesandcapabilities.Imagesizeconversionhasbecomeaneverydaynecessity.

Often imagesgo throughtwo or morestepsof sizeconversionwhereearlier resizing

stepscanhave animpacton thequality of theendresult.The“signature”of a previous

downsamplingoperationcanbeidentifiedandthatinformationcanbeusedto choosea

properupsamplingmethodaswe show in Chapter9.

Chapter2 givesanoverview of imagecodingandsomeof the techniquesused

in laterchapters.Finally, in Chapter10wepresentsomeconclusionsandproposesome

researchideasfor futurework.
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Chapter 2

ImageCoding Background

Thischapterprovidesageneraloverview of transformbasedimagecodingandanintro-

ductionto thecodingmethodsreferredto later in this dissertation.Figure2.8 shows a

collectionof original imagesfrequentlyusedin theimagecompressionliteraturewhich

wewill alsousein many of thelaterchapters.

In digital form, a grayscaleimageof size � �! 
is representedby its intensity

values,"$#&%('*),+ . A color imageis givenby its intensityvaluesin thered,green,andblue

color planes,".-/#0%1'*),+ , ".23#0%('4)5+ , and "76.#0%('4)5+ . In bothcases�98:%;8<� and �98=)�8  .

Initial efforts in imagecompressionfocusedon spatialdomainmanipulation,

that is, working directly with the pixel intensity valuesof the imageusing different

formsof quantization.However, theseschemeshave not producedresultsverycloseto

thetheoreticalrate-distortionlimits for thesource.

Interestlaterturnedto transformcodingof imagesusinginvertible,lineartrans-

forms (suchasthe Fourier Transform,the DiscreteCosineTransform,or the Discrete

WaveletTransform).Thesetransformsmapanimageinto asetof transformcoefficients.

For naturalimages,mostof thesecoefficientshave smallmagnitudevalues,permitting

efficientquantizationof theimagetransformcoefficients.

5



6

In imagecompressionthe informationrateis measuredin bits-per-pixel (bpp).

In an uncodedimage
�

bits are typically usedto representeachcolor. Thusfor gray

scaleimages,theuncodedrateis equivalentto
�

bpp,andfor color imagesit is �3� bpp.

Theimagequality is frequentlymeasuredby theMeanSquaredError (MSE),givenas>@?BADC ��  EF G H$I JF K H$I #0" I #&%('*),+MLN"7OP#0%1'*),+(+ O '
where " I and "7O aretwo imagesgivenby their intensityvalues,or by thePeakSignal-

to-NoiseRatio(PSNR)

Q9?;RTSUC ���BVXWZY I0[ �Z�Z� O>U?;A 	
In an image ���Z� is the largestintensity value,and thus the peaksignalenergy of an

imageis �Z�Z� O . While the PSNRgivesa goodindicationof imagequality it is not en-

tirely accurate,asthehumanvisualsystem’serrorperceptionis not perfectlydescribed

by the squarederror model,andoften imageswith lower PSNRarebetterperceptual

representationsof theoriginal image.

A bit streamis said to be progressiveif it can be decodedat more than one

transmissionrateto yield potentiallycoarserimagequalitiesat lowertransmissionrates.

Suchabit streamis alsoreferredto asSNRscalable. A bit streamis saidto beembedded

in anotherif it is a prefix of theotherbit stream.A bit streamis saidto be resolution

scalableif it containsdistinctsubsetsrepresentingtheimageatdifferentresolutions.An

imagecoderis progressiveif theencoderoutputbit streamfor every transmissionrate

is progressive.
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2.1 JPEG standard

TheJointPhotographicExpertsGroup(JPEG)standardis oneof themostpopularimage

compressionalgorithmsin usetoday. The standardcontainsboth lossy and lossless

algorithms. It is basedon the well known 2-dimensionalDiscreteCosineTransform

(DCT)\ #0]^'`_5+ CUa #0]$+ a #0_5+cb;d IF e Hc[ bBd IF f Hc[ "$#hg^'`ic+
j7WZk #l�Pg�mn�/+o]�p� R j7WZk #q�3irms�/+t_up� R ' (2.1)

where
R

is theblocksize,and
a #0]$+ and

a #0_5+ arenormalizingfactors,givenby

a #0]$+ C vwx wy z �/{ R for ] C �z �Z{ R for ] C ��'|�5'�	�	}	7' R L<� (2.2)

TheJPEGcompressionalgorithmworks in threesteps:the imageis first trans-

formed,thenthecoefficientsarequantized,andfinally encodedwith a variable-length

losslesscode.

For imagetransformationtheimageis subdividedinto
�~���

blocks,andaDCT

is performedon eachblock, processingthemfrom left to right, top to bottom. Each

coefficient in ablockis uniformscalarquantizedusingsomeexperimentallydetermined

stepsize.Thequantizedvaluesarethenreorderedaccordingto a zigzagpatternshown

in Figure2.1. This reorderingtakesthe coefficients in the orderof increasingspatial

frequency. This correspondsto the observation that intensityvalueschangesmoothly

in mostnaturalimages.In thefrequency domainmostof theenergy is compactedinto

thecoefficientsrepresentingthelowestspatialfrequencies.With aneffectivequantizer,

only the first few coefficients in this orderwill carry significantinformation,creating

longrunsof zerosin thestream.Thefirst coefficient in thezigzagscanningorder(often
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Figure2.1: Zigzagorderingof coefficientsof the
�����

blocksin theJPEGalgorithm.

referredto astheDC coefficient) is encodedseparately. To take advantageof theslow

varying natureof most natural images,the DC coefficient is predictedfrom the DC

coefficientof thepreviousblock anddifferentiallyencodedwith a variablelengthcode.

Therestof thecoefficients(referredto asAC coefficients)arerun-lengthcoded.More

detailscanbefoundin [27, Chapter6.].

JPEGproducesrelatively goodperformanceatmediumto highcodingrates,but

suffers from blockingartifactsat lower ratesbecauseof theblock-basedencoding.At

low rates,in order to meetthe target codingrate, the quantizationtablechosenis so

coarsethatonly theDC coefficient is encodedwithout thehigherfrequency details.At

thedecoderthis createsvisually noticeablediscontinuitiesat theblockboundaries.

2.2 WaveletTransform

Wavelettransformsprovidegoodspatialandfrequency localizationthatmakethemvery

suitablefor imageprocessingandcompression.

Waveletsare functionsgeneratedfrom onesingle function ���������� , called
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the motherwavelet, by dilationsand translations.The motherwavelet hasto satisfy� �~#hg$+1�Zg C � . Let ����� 6 #h�1+ C������ d Il� O �~#1#&��L=�7+1{ � + denotethe dilation andtranslation

of the motherwavelet. Then in wavelet analysishigh frequency waveletscorrespond

to
�=� � (narrow width), while low frequency waveletshave

��� � . Thusfrequency

resolutioncanbetradedoff with spatialresolutionandviceversa.

As with othertransformsthegoal is to representany function � asa superposi-

tion of wavelets;in practiceoneprefersto write � asadiscretesuperposition

� C F � � ���
� � � #q��+1� � � �

where � � � � C � �o ¡�� � 6 ¡ �o ¡ with
� [ � � and � [ � � fixed.

In multiresolutionanalysisonealsohasa scalingfunction ¢n�Z�s���� with its

dilatedandtranslatedversions¢ � � � #hg$+ C � d � � O ¢�#l� d � g£LN¤�+ . For a fixedvalueof ¥
the ¢ � � � areorthonormal.Let ¦ � denotethespacespannedby the ¢ � � � . Thesespaces

thendescribesuccessiveapproximationspaces,eachwith resolution� � . Thespace§ �
spannedby � � � � is the orthogonalcomplementin ¦ � d I of ¦ � , for each ¥ . Thusthe

coefficients

�
� � � #l��+ C¨� � � � � '|� �©CUª � � � � #&g$+1�«#&g$+o�Zg

describetheinformationlost whengoingfrom thefiner resolution,� � d I , to thecoarser

resolution,� � . Fromthisonecangetthefollowing algorithmfor thecomputationof the

waveletcoefficients:

�
� � � #q��+ C F¬�® O � d ¬ � � d I � ¬ #q��+� � � � #q��+ C F¬°¯ O � d ¬ � � d I � ¬ #q�±+ (2.3)

where
¯ � C³² � � ¢�#&g�L:¤�+(¢�#l�Pg$+1�Zg and

®3´ C #tL9��+ ´ ¯ d ´�µ I . If � is given in sampled
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Figure2.2: Decompositionfilter bankfor wavelettransforms.

form, thenonecantake thesesamplesasthe highestorderresolutioncoefficients
� [ � �

anddescribea subbandcodingalgorithmusing the lowpassfilter
¯

and the highpass

filter
®
. Thereconstructionin thecaseof orthonormalwaveletbasesis givenby� � d I � ´ #q�±+ C F �n¶ ¯ O � d ´ �

� � � #q��+·m ® O � d ´ �
� � � #l��+t¸u	

Theseequationsform the basisof the multiscaleimagedecompositionfilter

structuredepictedin Figure2.2. Insteadof usinga two-dimensionalfilter for images,

this one-dimensionalfilterbank is usedin the horizontaland the vertical direction to

createthe two-dimensionalwavelet transform. The resultingsubbandstructurefor a� -level decompositionis shown in Figure2.3. (In thenotation ¹º¹ G , ¹;» G , etc. thefirst

letterrefersto thehorizontalfiltering (L:lowpass,H:highpass)at level % andthesecond

letterto theverticalfiltering of thecoefficientsin thatsubband.)Theaboveoctaveband

decompositionassumesthatmostof theenergy is containedin thelow frequency coef-

ficients.For someimagesthis iterationon theLL bandmaynotprovide thebestenergy

compaction;a bestbasisselectionalgorithm([18, 65]) could be usedto optimizethe

decompositionstructure.
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Figure2.3: The2-level waveletdecompositionwith subbandnotation.

Mostnaturalimagesaresmoothandslowly varying.Onewouldexpectanexact

reconstructionsubbandcodingschemeto rely on orthonormalbaseswith a reasonably

smoothmotherwavelet. Thefilters shouldalsobeshortto facilitatefastcomputation.

Sincethefilters areusedin a pyramidalfilter structure,thelinearphasepropertywould

allow theircascadingwithoutphasecompensation.Unfortunately, theredonotexist any

nontrivial orthonormallinear phaseFIR filters with the exact reconstructionproperty.

Theonly symmetric,exactreconstructionfiltersaretheHaarfilterswith
¯ [ C ¯ I C ² � ,® [ C L ® I C¼² � , and

¯ � C ® � C � for all other ¤ . The lowpassfilter performsthe

averagingoperation,andthehighpassfilter computesthedifference.

If onerelaxestheorthonormalityconditionandusesbiorthogonalwaveletbases,

then the linear phasepropertycan still be preserved. The signal decompositionwill

remainthesameasin (2.3). However, thereconstructionis different:� � d I � ´ #q��+ C F � ¶¾½¯ O � d ´ �
� � � #l��+·m ½® O � d ´ �

� � � #q��+*¸
wherethe reconstructionfilters ½¯ ' ½® may differ from the analysisfilters

¯ ' ® . Exact
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reconstructionis guaranteedif

½® � C #tL9�/+ � ¯ d � µ I® � C #tL9�/+ � ½¯ d � µ IF � ¯ � ½¯ � µ O
¬ C�¿ ¬ � [ 	

Themostcommonlyusedwaveletfilters in imagecompressionarethebiorthogonal,so-

called“9-7” filters (namedafterthenumberof filter tapsin thelow andhigh frequency

filters) introducedin [3]. For moreonwaveletfilter designandfilterssee[87].

2.3 WaveletBasedCoders

Initial efforts in the codingof wavelet coefficientsfocusedon traditionalquantization

techniques.(For anoverview see[20]). Many of thesetechniquesled to improvements

overDCT-basedmethods,but thegainsweremostlydueto theuseof thewavelettrans-

form, andnot thecodingof waveletcoefficients.

2.3.1 SetPartitioning in Hierar chical Trees

A conceptuallynew codingtechnique,the EmbeddedZerotreeWavelet (EZW) coder

wasintroducedby Shapiro[72], thatwaslaterrefinedby SaidandPearlman[68]. Both

EZW andSaidandPearlman’sSetPartitioningin HierarchicalTrees(SPIHT)algorithm

useimplicit quantizationby encodingthe coefficientsby bit planesstartingfrom the

mostsignificantbit. This enablesprogressive decodingasmorebits arrive to the de-

coder. Thechallengeis to efficiently codethebit planes.Given thesubbandstructure

of thewavelettransform,thealgorithmsmakeuseof theself-similarityacrossdifferent
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scalesasshown for thewavelet transformof theLena imagein part (b) of Figure2.4.

Thetreesdescribingthesespatialsimilaritiesarecalledzerotrees, depictedin part(a)of

Figure2.4.

Thecoefficient in theLL bandformstheroot of the treewhile thecorrespond-

ing higher frequency coefficients are its descendants. To eachcoefficient in a lower

frequency bandcorrespondsfour coefficientsin the next higherfrequency bandin the

zerotreestructure. Given a wavelet coefficient §À#&%('*),+ , its four children aregiven asÁ §À#q�3%Âm��$'|�})�m�Ã0+.'Ä� C �
'}�ZÅ�Ã C �5'���Æ . Coefficientsin the highestfrequency bands

(where %¨Ç ÈÉ��{Z�PÊ or )=Ç È  {Z�PÊ ) have no children. For eachcoefficient, its descen-

dantscanbedeterminedby recursively seekingthechildrenof its childrenandthentheir

children,etc.

The coding is donein two passesfor eachbit plane. The first passidentifies

thesignificantcoefficients,i.e. coefficientswhosemostsignificantbit lies in thegiven

bit plane.Thesecondpassrefinesthecoefficientsalreadyfoundsignificantat previous

passes.After eachiterationthealgorithmsmoveonto thenext lesssignificantbit plane.

Thecodingrelieson the fact thatmostimageshave their energy in theLL bandandif

a coefficient is not significanton a given bit planeits descendantsin the zerotreeare

alsolikely to beinsignificant.Thusentireregionsof waveletcoefficientscanbedeemed

insignificantby a singlebit in this framework. To further reduceredundancy, thecode

bitsareencodedusingcontext-basedadaptivearithmeticcoding([89]). SPIHTis oneof

thebestimagecodersfor generalimagecompressiontoday.

2.3.2 MultiGrid Embedding

MultiGrid Embedding(MGE) codingby Lan andTewfik [43] is an alternative to the

zerotreestructureof EZW andSPIHT. BothMGE andSPIHTperformbit planecoding;

thedifferenceis in theidentificationof significantcoefficientsfor eachbit plane.MGE
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(a) (b)

Figure2.4: (a)Subbandstructureof a � -level waveletdecomposition,(b) spatialdepen-
dencetreesof a � -level decomposition.

doesnot rely on thespatialsimilaritiesbetweensubbandsto identify significantwavelet

coefficients.Insteadit usesa quadtreestyledecomposition.At eachstepof thedecom-

positiontheblock in questionis split into four blocksat themidpointalongeachside.

Thesplitting strategy is known to boththeencoderanddecoderandit doesnot require

any furthercommunication.

Startingwith theentirewaveletdomainimage,aquadtreesearchis conductedto

find thesignificantcoefficientsonthemostsignificantbit plane.For eachimageblocka

singlebit describesif it containsany significantinformation.Thequadtreedecomposi-

tion is continueduntil it reachestheindividualcoefficient level. Theinsignificantblocks

arerevisitedon subsequentpassesparsinglesssignificantbit planes.Theperformance

of thealgorithmis similar to thatof SPIHT, asshown in Table2.1. MGE outperforms

SPIHTonimageswith significanthighfrequency informationwherethissearchmethod

reachesthehighfrequency coefficientsfasterthanthezerotreedescription.Theseresults

indicatethatthestrengthof thezerotreeandMGE structureslie in efficiently identifying

largeareasof insignificantwaveletcoefficients.
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Table2.1: Comparisonof SPIHTandMGE codingmethodsin termsof PSNRover a
wide rangeof ratesandimagecharacteristics.

PSNR(dB)

Lena Peppers Baboon Barbara

SPIHT MGE SPIHT MGE SPIHT MGE SPIHT MGE

0.1 30.19 30.19 30.64 30.55 21.65 21.72 24.25 24.47

0.25 34.09 34.12 34.18 34.06 23.55 23.58 27.56 27.97

Rate 0.5 37.19 37.27 36.47 36.44 25.92 26.01 31.38 31.90

(bpp) 0.75 39.03 39.07 37.80 37.72 27.67 27.85 34.24 34.64

1 40.39 40.47 38.89 38.88 29.44 29.58 36.40 36.90

2.3.3 EBCOT

EmbeddedBlock Codingwith OptimizedTruncation(EBCOT) by Taubman([79]) is

thebuilding blockof thenew JPEG2000[50] standardfor still imagecoding.Basedon

thewavelet transform,thecodingis performedon individual nonoverlappingblocksin

thewaveletdomainthatgenerateindependentbit-streamsfor eachportionof theimage.

Within a block the quadtreetechniqueis usedfor identifying significantcoefficients.

The coderis very flexible andcansupporta wide arrayof applications,suchasreso-

lution or SNRscalablecompression.To achieve finer embedding,theEBCOT authors

introducedfractionalbit planes.EBCOT outperformsSPIHTandMGE onmostnatural

images.

2.3.4 Quadtree-GuidedEncoding

In [81], Teng and Neuhoff usedthe quadtreedecompositionfor the compressionof

imagesin the spatialdomain. [82] is an extensionof that work to wavelet domain

coding. Their methodusesoneor two levelsof waveletdecomposition.Theencoding
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Figure2.5: Quadtreeencoding:thelower right cornerpixel (thefoot) is first predicted
from pixelsA andB, which in turn is usedin thelinearpredictionof othercoefficients,
until thewholeblock is interpolated.

of the LL bandand the outer bandsare different, and in fact the LL bandencoding

stronglyinfluencestheouterbandencoding.TheLL bandis dividedinto � � � blocks

(typically � is
�

or ��Ë ) which areprocessedin rasterscanorder. For eachblock, the

lower right corner(called the foot) is predictedfrom the pixel just above and to the

left of theblock in thesameline or row, asshown in Figure2.5. Thepredictionerror is

quantizedandaddedto theprediction.Usingthisfoot value,aswell asthereconstructed

valuesof neighboringpixels from previous adjacentblocks, the restof the pixels are

predictedusingtwo andfour point linear interpolation.A quality testthencheckshow

well theinterpolationapproximatestherealpixel values.If theblockpassesthetest,the

quantizedpredictionerrorfor thefoot is transmittedusingavariablelengthcode.If not,

theblock is split into four sub-blocks,andthesameprocedureis repeatedfor those.

Thecodingof theouterbandrelieson theassumptionthat if a block is difficult

to predictlinearly in theLL band,thenthecorrespondingcoefficientsin thehigherfre-

quency bandsaresignificant.A block is declareddifficult to predictif theinterpolation
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coefficientsin the outerbandandthe scanningorder(which appliesto the significant
coefficientsonly.)

failsthequalitytestona � � � block. Thehighfrequency bandcoefficientscorresponding

to thosehighly subdividedLL blocksarequantizedwith a symmetricscalarquantizer;

for all theblockswheretheinterpolationpassedthequality test,thecorrespondinghigh

frequency coefficientsarenot encoded(thereforequantizedto zero). This is depicted

in Figure2.6. Finally, thosequantizedcoefficientsarerunlengthencodedin a zig-zag

patternsimilar to JPEGwith the modificationthat coefficientsin the samepositionin

eachouterbandarecodedoneaftertheother, asthenumberingin Figure2.6 indicates.

2.4 EmbeddedZerotreeDCT (EZDCT)

Oneof thedrawbacksof JPEGencodingis theinflexibility of theratecontrol. In JPEG,

ratecontrolconsistsof choosinga quality factor which servesasa scalingfactorof the

standardquantizationtables.The quality factorrangesbetween0 and100. The finite

choiceof quality factorlimits theavailableratesto a finite setaswell. In addition,the
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Figure 2.7: Wavelet-style3-level decompositionappliedto an
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block of DCT
coefficients.

targetrateis foundby iteratively changingthescalingof thequantizationtables.

Xiong et al. in [92] proposedto apply thezerotreestructureto theDCT trans-

formedimage.The
�����

DCT block is treatedasa 3-level decompositionasshown in

Figure2.7. The structureshown in the figure alsorepresentsthe zerotreedependency

amongthese64 coefficients. Coefficient � hasthreechildren( � , � , and � ). The parent

of coefficient � is #�Èo# � Ln�/+1{3��ÊÌmU�/+ for �£8 � 8@Ë�� . Thefour childrenof coefficient Í
are

Á �}Í�LÎ�
'`�7Í~L=�5'`�}Í~LÏ�Z'`�}Í�Æ for ��8NÍÐ8Ñ��Ë . Coefficientswith thesameindex from

all
�~���

blocksaregroupedtogether. Embeddedzerotreequantizationis appliedto the

abovestructurewith thecoefficientsbeingscannedstartingfrom theDC coefficients.

ThismethodoutperformsstandardJPEGcoding.It betterallocatestheavailable

rateamongthe different frequencies.The embedded,progressive natureof the coder

allows encodingto stopat any desiredrate. While the improvementis significantover

JPEGcoding,it still suffersfrom blockingartifactsatlow codingrateswhich,is inherent

to theblock-basednatureof DCT.
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(a) (b)

(c) (d)

(f)

Figure2.8: Theoriginal images:(a) Lena, (b) Baboon, (c) Crowd, (d) Peppers, and(f)
Barbara.
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Chapter 3

Coding with Spatially Variable

Resolution

A modificationof theSPIHTalgorithmis presentedfor Regionof Interest(RoI) coding

thatmaintainsits progressive(andembedded)propertywhile addingthecapabilityof a

spatiallyadaptiveallocationof bits. Thebit allocationis basedon a generalimportance

function which definesthe relative interestof the viewer to the variouspartsof the

image. The algorithm is flexible enoughto allow arbitrarychangesof “importance”

duringtransmissionby sendingthat informationthroughsomefeedbackchannelto the

encoder.

RoI codingcanbeappliedto transmissionof imagesto facilitatefastrecognition

(by focusingthe bit rateon coding importantfeaturesof the imagefirst) or to better

preserve certainareasof theimage(suchasmedicalimagecompression[78]). In order

to fulfill thefastrecognitionrequirementthecoderhasto beableto progressivelyupdate

the imageas more bits arrive allowing the userto terminatetransmissionwhen it is

determinedtheimagedoesnotmeetthesearchcriteria.

In schemesusingscalarquantizationthe RoI canbe emphasizedby choosing

21
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finer quantizersin the preferredregions([48]). With progressive codersthat codethe

waveletcoefficientsby bit planes,this finer codingcanbeachievedby magnifyingthe

correspondingcoefficients ([73, 67, 6, 51]) or by stoppingthe coding of coefficients

outsidethe RoI after somerefinementis accomplished([56]). The RoI canbe given

offline by eitherhumanselectionor by somefeatureextractorsuchasin [48] or it can

becommunicatedinteractively duringthetransmission.Theproposedalgorithmcanbe

appliedwith bothoffline andonlineRoI selection.

3.1 RegionMasking

Thegoalof regionmaskingis to achieve improvedperceptualquality in certain“impor-

tant” regions(perhapsattheexpenseof reducedqualityin otherlessimportantlocations)

while still usingthesameoverallbit rate.

Ourproposedmodificationof theSPIHTalgorithmachievesthisby idling those

coefficients that do not corresponddirectly to the specifiedregions. Thus for a few

iterationsof sortingandrefinementpassesall the bandwidthis assignedto important

areas.For propercommunication,both theencoderandthedecodermustmaintainthe

samesetof active coefficients. In our proposedmethodonly theregion descriptionhas

to becommunicatedto thedecoderandeverythingelsecanbecomputedlocally.

To characterizethe relative importanceof eachpixel locationin an image,we

definean importancefunction % thatassignsa value %�#&g^'(ic+rÒ ¶ �
'��}¸ to eachpixel #hg^'`ic+
in thespatialdomain,suchthatits sumover thepixelsin theimageis � (i.e. % is aprob-

ability massfunction).A largevalueof %�#&g^'(ic+ is usedto indicatethathigherresolution

is desiredfor pixel #hg^'`i
+ . Initially a uniform importancefunction is used,andthenits

valueis updatedeachtimeachangein preferenceoccurs.

Thequantizationandcodingin SPIHToccursin thewaveletdomain,andhence
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it is necessaryto convert thespatialdomainimportancedescriptioninto abit resolution

descriptionfor eachcoordinate#0]^'`_5+ in the waveletdomain. We definea mapping" ,
that assignsto eachpair #&]Â'(_
+ in the waveletdomain,a number"±#&]^'`_5+~Ò ¶ �
'��}¸ . The

mapping " is derived deterministicallyfrom the importancefunction, % . For a given

coefficient with coordinates#&]Â'(_
+ at level Ã , the valueof "$#0]^'`_5+ is chosento be the

averagevalueof %`#&g^'`i
+ takenover thesetof all pixels #hg^'`i
+ in the � ´ � � ´ block in the

spatialdomain,thataremappedto #&]^'`_5+ via thewavelettransform.Otherselectionsfor"$#0]^'`_5+ couldincludethemaximum,median,minimumof the %�#hg^'`ic+ . Dueto thenature

of the subbanddecompositioneachsubbandwill containcoefficient(s)corresponding

to theselectedregion(s).SinceSPIHTdoesnot allocatebits uniformly to eachwavelet

coefficient, the relative importanceof the pixels is not matchedexactly by the relative

transmissionrateassignedto them.

To relatethe notion of “importance” to wavelet domainresolution,we delay

the processingof wavelet domainpixels associatedwith unimportantregions in the

SPIHTalgorithm(i.e. no bits arespentcodingthedelayedpixels). Theamountof de-

lay, �tÓ3#0]^'`_5+ , (measuredin thenumberof sorting/refinementpasscycles)is determined

basedon the "$#&]Â'(_
+ valuesfor eachcoefficientas

�tÓP#0]^'`_5+ CÕÔ � " � � e LÎ"$#0]^'`_5+" � � e LÎ" � G �ÑÖ '
where" � � e and " � G � arethemaximumandminimumof thewaveletdomainimportance

values,respectively. If the importancefunction changesduring an iteration,the delay

valuesarere-evaluated.

If theimportancefunctionchangesduringencoding,thatnew informationmust

be provided to the decoder. The importanceinformationneedsto be placedin the bit

streamcarefully to avoid confusionwith imagedata. It can be placedeither after a
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constantnumberof bits eachtime or at pointswherethesortingor therefinementpass

ends.Theencodercanuse � bit at eachsuchpoint to indicatewhetherthenext ¤ bytes

containcontrol informationor moreimageinformation. In thecasewherethis change

is promptedby a requestfrom someonedownloadinganimage,thecontrolinformation

cansimply be someacknowledgmentof receiving the request.(Becausethe feedback

mediumto the encodermay not be reliable the acknowledgmentneedsto indicateto

which requestit is referring.) It is importantthat the encodernot start to usethe new

importancefunctionbeforethatcontrol information(or theacknowledgment)is sentto

thedecoderto keepthetwo sidesconsistent.

3.2 Simulation Results

In this simulationwe assumedthefollowing situation:someoneis downloadinganim-

ageandduringtransmissioncanselectregionsusinga mouse.A singlemouseclick is

translatedinto addingatwo dimensionalGaussianlobecenteredat themouseclick with

variances× e C × f C ��� to theimportancefunction. This createsa smoothertransition

in imagequality aroundtheRoI whencomparedwith a step-functionlike characteriza-

tion of importance.Sincethenaturalsynchronizationpoints(endof sorting/refinement

pass)aregettingplacedfartherapartin the bit streamasthealgorithmprogresses,we

choseto usesynchronizationpointsafter a predeterminednumberof informationbits

for fasterfeedback.

Figure3.2shows � snapshotsof bothSPIHTandof theproposedalgorithm.The

SPIHT imagesareshown in the left column(images(a), (c) and(e)). The region in

themid-right partof theimagewasselectedat a bit rateof �
	��Z� bpp. It canbeseenon

images(a) and(b) thatshortlyafter theselection(at �
	¾�Z� bpp) theheadin theselected

region is recognizablewith the region selection,while still blurry on the other image.
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Figure3.1: The PSNRcomparisonbetweenSPIHT andthe algorithmwith region se-
lection for (a) the entire image,(b) for the region selectedin the mid-right portion at
0.05bpp.

Thenext pair of imagesshows thesituationat �
	���� bppshortlyafter theregion around

the dark hairedgirl in the middle is selected.Finally the last pair shows the resultat� bpp. At this ratethe real differencebetweenthe two imagesis the resolution/image

quality toward the sidesof the image. On the imagewith the region selection,(f),

theregionsaroundthe imageedgesarestill a little blurry, becauselessbandwidthwas

allocatedto theseparts.

In applicationswhereearlyrecognitionis important,thecodingof coefficientsin

theRoI canbeterminatedoncetherefinementreachesa stagewherefurtherbits could

only yield unnoticeableimprovementsin imagequality. This strategy would allow the

imageto achieveamoreuniform imagequality at thetargetrate.

A morequantitative comparisonis shown in Figure3.1. Part (a) comparesthe

PSNRof thesameimageencodedwith SPIHTandwith theregionsselectedasdescribed

above. ThePSNRwith theregion selectionon theoverall imageis about � dB inferior

to thatof SPIHT. But asshown in part (b) for only theselectedregion in themid right

section,thePSNRin thatregion improvesvery fastto abouta Ë
	�� dB improvement(at�
	¾� bpp)overSPIHTin thatsameregion.
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(a) (b)

(c) (d)

(e) (f)

Figure3.2:Thesequenceof imagesatdifferentrateswith SPIHT(left) andthealgorithm
with regionselection(right), (a)-(b)0.11bpp,(c)-(d) 0.23bpp,(e)-(f) 1 bpp.
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3.3 Summary

In this chapterwe describeda flexible mechanismto handleRoI coding. We proposed

a modificationof theSPIHTcoderwhich waschosenfor its goodcompressionperfor-

manceandprogressivenaturethatis necessaryin fastrecognitionapplications.

The importancefunction we introducedcoupledwith the encodingmethodal-

lowsfor flexibility in changingtheRoI in theimageduringaninteractivesession.Meth-

odsthatrely on scalingof coefficientsin thewaveletdomainrun into difficultiesasthe

“importance”preferenceschange.In our proposedmethodcoefficientsthathave been

delayedcanbeactivatedandviceversaat eachupdateof theimportancefunction.

Our resultsdemonstratedsignificantimprovementwithin theRoI soonafterthe

selectionhasbeenmade. The trade-off for improved quality inside the RoI is some

degradationelsewherein theimage.This canbemitigatedby delayingthecoefficients

insidetheRoI oncetheir refinementreachesacertainquality.

This chapter, in part,is a reprintof thematerialasit appearsin: T. Frajka,P. G.

Sherwood,andK. Zeger. ProgressiveImageCodingwith SpatiallyVariableResolution.

InternationalConferenceon Image Processing, pp 53-56,Vol. 1, SantaBarbara,CA,

Oct. 1997.Thedissertationauthorwastheprimaryinvestigatorof this paper.
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Chapter 4

ImageCoding Subject to Memory

Constraints

Limited datatransmissionratesbetweena computeranda color printercanbethebot-

tleneckin producingrapidprintsof digitizedimages.This couldresultfrom low trans-

missionrateconnections,network congestionto centralizedprinting, especiallywhen

highquality, high resolutionimagesareconcerned.

Imagecompressiontechniquescangreatlyspeedup the printing processif the

imagescanbedecompressedon-boardtheprinter, but therearetwo difficult constraints

thatmustbemetthatarenot typically bothfoundin otherimagecompressionproblems:

(1) the amountof memoryon-board the printer is limited, and (2) the decompression

algorithm mustprogressfrom the top of the paper to the bottomof the paper, in the

order that the paper emerges from the printer. Typically, thereis also a complexity

constraintfor the decoder. Theseconstraintsarederived from the practicalissuesof

designingcompetitive low-costcolor printersfor homeuseandfor businesses.

Wavelet-zerotree-basedcompressionalgorithmssuchasEZW andSPIHThave

excellentdistortion-rateperformance,but do not meetthe memoryconstraintsandse-

29
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quentialprocessingneedsof printers;they requireacompleteimageto bereconstructed

beforeany particularpart of the imagecanbe printedby a printer. Their progressive

propertyis notusefulhere;unlikeavideomonitor, low costpaperprinterscannotreturn

to andchangeearlierrows,oncethepaperhasbegunexiting theprinter. Thefull quality

decodingfor thetop row of animagemustbecompletedbeforeany printing canbegin.

This constraintis alreadysatisfiedwith baselinesequentialJPEG,in which the image

is processedin blocksof 8
�

8 pixelsacrosseachrow of blocksstartingfrom theupper

left cornerof the image. However, many wavelet-basedalgorithmshave muchbetter

distortionvs. rateperformancesthantheJPEGtechniqueandalsoyield visually better

imagequality.

In [61] theimageis processedin independentstripswith asmallnumberof hori-

zontalrowsandeachstripis compressedusingtheEZW algorithm.While thistechnique

yieldslowermemorycomplexity, its performanceis significantlypoorerthancompress-

ing thefull image.Thedegradationin performanceis mainly dueto thediscontinuities

at thestrip boundariesandthesmallercontext availableto theadaptive arithmeticcod-

ing engine. In [19, 21] the wavelet transformis carriedout over the entireimage,but

thecoefficientsarereorderedto allow decodingfrom the top to thebottom. Chrysafis

andOrtega[17] introduceda line-by-linewaveletcodingschemewhereboththetrans-

form andthe encoding/decodingis limited to working with a minimum setof lines of

waveletcoefficients.Insteadof usingazerotreestructuretheirmethodreliesoncontext

modelingto achievegoodcompressionperformance.

We presenta methodfor orderingthewaveletcoefficient informationin a com-

pressedbit streamto allow a decodedimageto besequentiallydecompressed.In addi-

tion, we usea hybrid filtering schemethatusesdifferenthorizontalandverticalfilters,

eachwith differentdepthsof waveletdecomposition.Weprovide formulasfor comput-

ing thememoryrequirementsdueto thechoiceof filters,waveletdecompositionlevels,
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and imagecoding method. We also incorporatea modified versionof the quadtree-

guidedwavelet encoderin order to reducethe memoryrequirementimposedby the

zerotreestructure.

4.1 Memory Requirements

The memoryrequirementsat the decoderaredeterminedby certainpropertiesof the

wavelettransformandtheimagecoder.

Only a small subsetof the wavelet coefficientsis requiredin the inversetrans-

form to obtainany givenoutputrow. Thisis illustratedin Figure4.1.Thisprocesscanbe

describedin termsof line-by-lineprinting in thespatialdomainof theimage.We seek

theminimumsetof waveletcoefficientsthatmustbereceivedby thedecoderin orderto

print out a givensinglehorizontalrow in thereconstructedimage.After theprinterhas

received thatminimal set,andusedit to print out oneparticularrow in the image,we

thenseektheminimumsetof additionalwaveletcoefficientsthatmustbetransmittedby

theencoderso that thefollowing row canbeprinted. We alsodeterminehow muchof

thecurrentlystoredsetof coefficientscanbepurgedfrom memory. Coefficientsthatcan

beexpungedarethosewhich arenot neededto print out a futurerow which hasnot yet

beenprinted.Thisprocessis iteratedfor eachrow until theentireimageof size
> � R

is printed.

In thecaseof waveletbasedcodersthreemajorfactorsdeterminethisminimum

setof waveletcoefficients:thelengthof thewaveletfilters,thenumberof decomposition

levelsandthecodingalgorithm.

Thefilter lengthbecomesan importantfactorin thevertical inversetransform.

Tobeableto recoverany singlelineoneneedsto receiveasmany linesin thefirst levelof

decompositionin thewaveletdomainastherearetapson thefilter. Someof theselines
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Figure4.1: On theleft, theprinter is readyto print out row � of theoutputimage.The
middlepictureshowsstripsof waveletcoefficient rowsthatarerequiredat thefirst level
of decomposition.On theright arestripsrequiredat thesecondlevel of decomposition.

arein the vertically lowpassfiltered band,andsomearein the highpassfiltered band.

Thusshorterfilters wouldhelpreducethememoryrequirements.Unfortunatelytheuse

of shorterfilters oftenresultsin a decreasein imagequality. Filterscannotbetoo short

becausethatwould leadto lesssmoothnessasobserved in [3]. Smoothreconstruction

filters aredesiredfor goodvisualimagequality.

As notedabove, someof the lines that feed the filter tapscomefrom the LL

band. In thecasewheremorelevelsof waveletdecompositionaredone,onehasto do

several levelsof inversewavelet transformsto obtainthe lines usedat the last level of

theinversefiltering. Generallyat eachlevel thesamefilters areused,thuscontributing

the samenumberof rows at eachlevel that arenecessaryfor a singlerow at the next

higherlevel (althoughtherowsgetshorterhorizontallyin thelowerfrequency subbands

of thedecomposition).Thememoryrequirementcanbedeterminedrecursively for each

level giventhenumberof rowsat thenext higherlevel.

In addition to the memoryrequirementsinducedby the natureof the wavelet

transform,the order in which the wavelet coefficients are codedalso influencesthe

memoryneeds.Becausezerotree-basedcoderstendto sendquantizationinformation

thatpertainsto largegroupsof coefficientsat onetime, thedecoderreceivesandmust
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storeinformationaboutmany coefficientsthatarenot neededto reproducethefirst line

of the original image. Methodsthat usecontext modelingto encodewavelet coeffi-

cientswouldrequirethatthedecoderstorethecoefficientsthatform thecontext. In [46]

Liu andMoulin showed,usinginformationtheoreticarguments,that intrascalemodel-

ing (usingcoefficientsfrom thesamelevel of waveletdecomposition)resultsin higher

mutualinformationthaninterscalemodeling(exploiting parent-childrelationships).Us-

ing only coefficientsfrom thesamesubbandin forming thecontext cangreatlyreduce

the memoryrequirement.However, their resultsindicatethat usingintrascalemodel-

ing aloneis suboptimal;the gainsin memorycomplexity areachieved at the price of

compressionperformance.

4.2 Bit streamRe-ordering

Bit streamre-orderingis asimplewayof reducingthememoryrequirementof otherwise

memory-complex compressionmethods.It allows the decoderto receive information

aboutcoefficientsin thetop to bottomorderrequiredfor line-by-lineprinting.

There-orderingof theSPIHTbit streamcanbethoughtof in termsof our work

in Chapter3. In our low-memoryprinterapplication,theRoI canbeseenastheactual

row(s)to beprinted.Bits aresentin anordersuchthatthedecoderreceivesasuccession

of “minimal sets”of coefficientscorrespondingto successiveprintingrows. In orderfor

thedecoderto correctlydeterminewheretheinformationconcerningtheregionof inter-

estendsin thebit stream,aheader(usuallysmall)is required;theencoderdescribesthe

thresholdÙ � atwhich theencodingof theoriginalalgorithm(not re-ordered)terminates

for theregion. Thedecoderthenevaluates,asit decodeseachrow in there-orderedbit

stream,whetherthe received bits correspondto a thresholdof Ù � . Onceit passesthat

threshold,thedecoderdeducesthatthedatacorrespondsto thenext row.
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While this methodonly incursa small overheadpenalty, it canonly stopcod-

ing eachminimal setof rows whenall correspondingcoefficientshave beenrefinedto

thegiventhresholdÙ � . This limits theachievablecompressionratiosto a small setof

codingrates.By transmittingthecoordinatesof thecoefficient wherethecodingends

at thresholdÙ � , the encodingcanstopat any arbitrarypoint in the sorting/refinement

cycles.

Given ¹ levelsof waveletdecomposition,usingthezerotreestructure,themem-

ory requirementis?±Ú*Û #q�c+ C � R � d � m �F ´ H$I �u� R � d ´ � � d ´ C � R � d � mÜ�u� R � � �F ´ H$I � d O ´C � R � d � mÜ� R � ��Ý ��LÎ�£Þ ��·ß � µ Ioà ' (4.1)

where � is the numberof rows neededfrom the LL band.
? #q+ gives the numberof

waveletcoefficientsinsteadof thenumberof rows. It is moreaccuratethana row count

astherowsgethalvedat eachnew level of decomposition.

4.3 Quadtree-GuidedEncoding

Thequadtree-guidedwaveletcompressiontechniquecanachieveasubstantialreduction

in thememoryrequirementsbecauseit usesonly asinglelevelof waveletdecomposition

with encodingrelying on � � � blocksof wavelet coefficients insteadof the zerotree

structure.

To make it more suitablefor the printer problem,the zig-zagencodingorder

in theouterbandsis changedto a strictly horizontalorderingfor the runlengthcoding

which is shown in Figure4.2. The original scanningorder is depictedin Figure2.6.

(For the imagestested,themodificationof theouterbandscanningorderresultedin a
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Figure4.2: Modificationof scanningorderof outerbandcoefficientsto horizontalscan-
ningorderto matchtheline-by-lineprocessingorderof a low-costprinterapplication.

3-8%decreasein outerbandratecomparedto thezig-zagordering.)Usingthis typeof

encodingoneonly needsto store ?±á 2oâ�#l�c+ C �� R {��5' (4.2)

coefficients,where � is the initial block sizeof thequadtreecoding,which is alsothe

numberof rows requiredfrom theLL bandfor this technique.

4.4 Hybrid Filtering

More wavelet coefficientsarerequiredto producea singleoutputrow wheneitherthe

filter lengthincreases,or whenthenumberof decompositionlevelsincreases.
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Let ���±#lÃ0+ and ���ã#0Ãl+ denotethe numberof rows of coefficients requiredfrom

level Ã of thedecompositionin thevertical low andhigh frequency bands,respectively,

to reconstruct� row of the outputimage. Let the � Ûåä level denotethe spatialdomain

imageandlet ���±#l�u+ C � , ���ã#0�u+ C � . Thenthe following recursive formulasgive the

valuesof ���±#lÃ0+ and ���ã#0Ã0+ asa functionof themaximumof the low andhighpassfilter

lengthsat level Ã , � ´ . ���±#lÃ0+ CÕæ � ´�èç m Ô ����#0Ã$L:�/+ÂL:�� Ö (4.3)���r#lÃ0+ C Ô � ´� Ö m æ ���±#lÃ$L<�/+ML:�� ç (4.4)

Using(4.3) and(4.4) thenumberof coefficientsneededto recover � line in thespatial

domainis ?�éãC ���±#l¹º+ R � d � m �F ´ H$I #0���±#lÃ0+·mÜ�3���©#lÃ0+(+ R � d ´ ' (4.5)

where ¹ is themaximumnumberof decompositionlevels.Thefirst termin (4.5)repre-

sentstheLL band,thefirst termof thesumrepresentstheHL bands,while thelastterm

of thesumrepresentstheLH andHH bands.

With a singlelevel of filtering with the 2-tapHaarfilters,
?�éêC � R , the same

scenariowith the9-7filters yields
?�éãCUëZR

, a �c	�� fold increase.

Filtering in thehorizontaldirectionhasno effect on thememoryrequirements,

andthusonecanmaintainin thehorizontaldirectionthefull 6 levelsof decomposition

using the 9-7 filters. In the vertical direction,we can, for example,perform2 levels

of decompositionwith the 9-7 filters, and 4 levels of filtering with the Haar filters.

The total numberof levels of decompositiondoesnot have to be the samein the two

directions. Thereexist many differentpossibilities,eachpresentingits own trade-off

betweendistortion,rate,andbuffering requirements.
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Table4.1: Thevaluesof ��� and ��� from (4.3)and(4.4), respectively, for the9-7 filters
up to 6 levelsof decomposition.

waveletdecompositionlevelÃ C � Ã C � Ã C � Ã C � Ã C � Ã C Ë����#0Ã0+ 5 7 8 8 8 8���ã#0Ã0+ 4 6 7 8 8 8

4.5 Results

In ourexperimentsweused�5�/� � �5��� 24-bitcolor images.To gainabetterunderstand-

ing of memoryrequirementswe comparedifferentcodingalgorithmsandfilter choices

in termsof the percentageof all coefficients, # ? #l+({c# >UR +1+ºì¨����� %, insteadof actual

coefficient count.

Table4.1showsthevaluesof �}� and ��� with ���±#l�u+ C � for up to 6 levelsof the

waveletdecompositionusingthe9-7 filters. For theHaarfilters thesevaluesareeasily

computedbasedon the inversefiltering operationas ���±#lÃ·mÑ�/+ C ���©#lÃ·mÑ�/+ C ����#0Ã0+ .
In the inversetransform,Haarfilters take onecoefficient from both the low- andhigh-

frequency bandsto returnonecoefficientat thenext level.

With a single level of filtering with a 2-tap filter, only 0.39%of the wavelet

coefficient arrayis requiredto produceanoutputrow (512pixels). If onereplacesthe

Haarfilters with the9-7 filters, thememoryneededgrows to 1.7%.

With full 6 levels of decompositionusing the Haar filters, only 0.57%of the

coefficient arrayis involved in producinga singleoutputrow. However, the decrease

in SPIHT performanceis very significantwhenHaarfilters aresubstitutedfor the 9-7

biorthogonalfilters. Thedecreasein SPIHTperformanceis alsovery significantwhen

thenumberof decompositionlevelsdropsbelow 4. If 9-7 filters wereusedinsteadwith

6 levels of decomposition,3.2% of all coefficientswould be needed.Thesenumbers
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reflectonly thememoryuseinducedby thefilter choice,they do not take into account

furtherconstraintsimposedby theencodingmethod.

Thememoryconstraintimposedby theencodingmethodshowsthatthezerotree

structurerequireslarger memorystorageof coefficientsthanthequadtree-guidedcod-

ing. With takingonly zerotreesthatarerootedin thefirst row of theLL band( � C �
in (4.1)) and6 levelsof decompositionfor thezerotreestructure,thememoryrequire-

mentis 12.5%of all coefficients.A 5 level decompositionwould reducethis amountto

6.25%.Usingthequadtree-guidedcodingwith
�~���

blocksof coefficientsgives � C �
in (4.2)andmemoryrequirementof 3.1%.

To obtainthefull pictureoneneedsto considerconstraintsarisingfrom all three

factorstogether. Thequadtree-guidedcodingusesonly 1 level of decomposition.Even

using9-7 filters, oneonly needs5 rows of coefficientsfrom the LL bandto recover a

singleoutputrow. Thatis still lessthanthe8 rowsimposedby theencodingmethod,thus

thememoryrequirementis dominatedby thatfactorandstandsat 3.1%.For a zerotree

basedmethodsuchasSPIHTwith 6 levelsof decompositionthe9-7filterschoicewould

dictate���±#lËu+ C �
. Substitutingthatvaluefor � in (4.1)gives100%of all coefficientsas

memoryrequirement.Replacingthe9-7 filters with theHaarfilters with same6 levels

imposes����#0Ëu+ C � anda 12.5%memoryrequirement.FromTable4.1 it follows that

if a6-level decompositionis used,any combinationof 9-7 andHaarfiltering with more

than2 levelsof 9-7 filtering requiresthefull waveletdomainimageto bestoredat the

decoder. ( ���±#lËZ+ C �
would follow from any suchscenario.)

PSNRresultsareobtainedfor the24-bit color Lena imagecompressedto 0.24

bpp (i.e. ���Z���Ì� compressionratio), for both quadtree-basedandzerotree-basedsys-

tems.For zerotree-basedsystemsthehorizontalfiltering is maintainedat6 levelsof de-

compositionusingthe9-7 filters, asin theSPIHTalgorithm.Theverticalfiltering also

uses6 levelsof decomposition,but anywherefrom 0 to all 6 of thosefiltering rounds
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Table4.2: Comparisonof differentmethodsfor memoryrequirementandcompression
performance.

Method MemoryRequirement PSNR(dB)
SPIHToriginal ���Z�uí �Z�
	�îZî
SPIHTw/ Haarfiltering �/�,	ï�Zí � ë 	ðËZ�
QGE �
	¾�/í � ë 	��Z�

canbe doneby 9-7 filters; the remainderusethe Haarfilter. In the caseof quadtree

coding,only 1 level of filtering is doneusing9-7filters. Thetrade-off betweenmemory

requirementandcompressionperformanceis shown in Table4.2. Theoriginal SPIHT

algorithmproducesthebestresult,but requires100%of thecoefficientarrayin decoder

memory. With 6 levelsof verticalHaarfiltering andthebit streamre-ordering,a1.1dB

drop in quality is the “penalty” for having to storeonly 12.5%of wavelet coefficients

in decodermemory. Thequadtree-basedscheme,on theotherhand,usesonly 3.1%of

buffering,but with 1.2dB dropin PSNR.It is thuscomparablein PSNRto thezerotree

methodwith all 6 levelsof Haarfilters vertically, but it usesmuchlessmemoryandthe

visualquality is morepleasing,too. (SeeFigure4.3.)

4.6 Summary

In thischapterweexaminedtherelationshipbetweendifferentaspectsof animagecom-

pressiontechniqueandits memorycomplexity. Certainapplicationsmaylimit theavail-

ablememoryat thedecoderthatthecodingmethodmusttake into account.

Wegaveformulasfor thenumberof coefficientsrequiredby thechoiceof wave-

let filters,thenumberof decompositionlevels,andthecodingmethod.Ourexperimental

resultsindicatedthat memoryrequirementis tradedoff for compressionperformance.

Themodifiedquadtree-guidedcodingachievessimilar resultsasthere-orderedSPIHT
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a b

Figure4.3: Comparisonof (a) SPIHT codingusing6 levels of Haarfiltering and(b)
quadtree-guidedencoding.Lenaimageat 0.24bpp.

codingmethodwith 6 levelsof Haarfiltering with improvedvisual quality, with 75%

lowermemorycomplexity. They bothlagover1 dB behindthe9-7filter implementation

of SPIHTwhich requires100%storage.

We alsoshowedthathybrid filtering canreducetheamountof memoryneeded.

But if it is coupledwith zerotree-stylecodingreductioncanonly beachievedwith fewer

than3 levelsof 9-7 filtering.

This chapter, in part, is a reprintof thematerialasit appearsin: P. Cosman,T.

Frajka,andK. Zeger. ImageCompressionfor MemoryConstrainedPrinters. Interna-

tional Conferenceon ImageProcessing, pp 109-113,Vol. 3, Chicago,IL, Oct. 1998.



Chapter 5

ImageCoding for Compound Images

We presenttwo variationson a quadtreewavelet-basedcoderdesignedfor improved

performanceoncompoundimages.Wesegmenttheimageto identify blockscontaining

text, whicharethentreatedspecially. Onecoderoperatesentirelyin thewaveletdomain,

applyingseparatecodingparametersto text andnon-text blocks.In thesecondvariation,

thecodercombineswavelet-domainprocessingof non-text blockswith spatialdomain

processingof text blocks.Bothvariationsprovide improvedperformanceoverstandard

waveletmethodswhenappliedto compoundimages.

Traditional imagecodingfocusedon naturalimages. With the latestdevelop-

mentsin communicationsimagesthatcontainbothtext, drawing, chartsandnaturalim-

agesbecamemoresignificant. Suchimagesareoftenreferredto ascompoundimages

or documentimages.Theimagesusedin oursimulationsareshow in Figure5.1.Text in

animagecanbefar morevisually importantto a humanviewer thanmight bededuced

from summingtheenergy of thetext pixels themselves. Distortion in theedgesof text

characters,causedby lossycompressionof the image,canbe moreannoying thanthe

sametypeof distortionin otherareasof theimage.Unfortunately, wavelet-basedimage

coderssuffer from just this deficiency whenusedon compoundimages.They oftenfo-

41
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cusonimproving low frequency informationwhile allowing highfrequency edges,such

asthesharpedgesof text characters,to blur.

(a)

(b)

Figure 5.1: Original compoundimages(a) cmpnd1greyscaleimage, (b) camcorder
color image.

Zeng et al. in [95] proposean adaptive wavelet transformthat usesdifferent

filters in different partsof an imagedependingon the entropy characteristicsof the

imageregion. In [41] filters aredesignedspecificallyto reducetheblurringandringing

effectsaroundsharpedgesof text. Theirfilter designaimsat limiting thespatialdomain

undershootandovershootin thesidelobesof thebasisfunctions.Thevisuallydisturbing

sideeffectscanbeavoidedusingfilters with high spatiallocalizationproperty. Another

proposedsolution([42]) introducesa metric basedon quantizedDCT datato classify

imageblocksashaving low or high activity. In a JPEG-compliantfashionblockswith
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highactivity aremorefinely quantizedto improvethecodingof text regionsin animage.

A conceptuallydifferenttechniquerelieson the Mixed RasterContent(MRC)

ITU standard[33] that representsthe imageasthreedifferentlayers: full color contin-

uoustonebackground layer, full-color or limited color foreground layer, anda binary

selectorlayer. Theselectorlayerdeterminesfor eachpixel whetherthatbelongsto the

text area(foreground)or the smoothimage(background).In this framework the im-

agesaresegmentedinto foregroundandbackgroundlayersprior to coding.[16, 32,22]

presentsuchcodingschemeswith theemphasisbeingon finding closeto optimalseg-

menters.

Haffneretal. presentsDjVu([29]) thatusesthesameMRCcontext for document

imagesthataretypically of high resolution(300dpi or better).They usea variationof

theJBIG2bi-level compressionalgorithm(dubbedJB2) to encodetheforegroundmap

usingsoft patternmatching. The backgroundcoding is donewith the IW44 wavelet

imagecoder[11]. This methodis aiming at encodingthe backgroundimagewithout

wastingbits on pixels that areremoved astext information. It is achieved by an iter-

ative algorithmthat changesthe wavelet coefficients in successive projections.These

areusedin conjunctionwith theZP-coder[10] adaptive arithmeticcoderfor improved

compressionefficiency.

Thefilling in of removedtext informationis investigatedby deQueirozin [23].

ThespatialandDCT domainiterativealgorithmstry to fill in thedatain arate-distortion

optimalway.

5.1 Text Segmentation

In this chapterthecodervariationswe describerely on thesegmentationof imagesinto

text andnon-text regions. Our focusis on thecodingof thesegmentedimage,not the
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segmentationitself. Any block-basedsegmentermay be usedfor this purpose. Our

implementationusesa relatively simpleprocedurebasedondecisiontrees.

Trainingimagesaredividedinto 8
�

8 blocks.For eachblock,11parametersare

computedfrom the64 pixels in theblock. Amongthesearetherow variance,column

variance,3rd and4th moments,andDCT coefficient energy. TheCART (Classification

andRegressionTrees)algorithmby Breimanet al. [14] is then usedto constructa

binarydecisiontreebasedon theparameterscomputedfrom thetrainingimages.Each

leafnodeof thetreerepresentseithera text or non-text outcome.

At eachstagein growing thetree,CART considerswhich nodeto split next by

consideringevery parameterat eachof the currentleaf nodes. The node,parameter,

andparameterdecisionthresholdwhichyield themostaccuratepartitionof thetraining

dataaredetermined,andthatleaf nodeis split. CART grows a largetree,thenemploys

optimalpruningto reduceit to thedesiredsize.

Giventhe8
�

8 blocksize,onebit per64pixelswouldberequiredto describethe

segmentationmap.This informationis arithmeticallyencodedusingacausalcontext of

four neighborblocks;it typically addslessthan0.01bppto theoverall compressedbit

rate.

5.2 Wavelet-DomainCoding of Text Blocks

Thequadtreewaveletcoderpresentedin Section2.3.4performswell onnaturalimages.

As discussedin Chapter4 a modifiedversionof this coderrequireslessmemoryat the

decoderthanmany otherwaveletcoders.

We presenta modificationof the above coderto allow separateparametersto

beusedon text andnon-text blocks.Theencoderfirst classifieseach8
�

8 imageblock

aseithertext or non-text, andsendsthis segmentationmapto thedecoder. A one-level
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waveletdecompositionis performedandthecodingis similar to thatin Section2.3.4.

In ourapproach,anLL-bandblock is considered“text” if all four corresponding

spatialblockswereclassifiedas text. Becauseof the 1-level wavelet decomposition,

every
�r���

block in theLL bandcorrespondsto four
�r���

blocksin thespatialdomain.

Four parametersareselectedfor eachLL-bandblock dependingon its classificationas

text or non-text:ñ Thewavelettransformfilters. For text blocks,shortfilters suchasHaarfilters are

chosento improve responseto sharpedges.At theboundariesbetweentext and

non-text blocksthe respective filters extendbeyond thegivenblock. A possible

solutionis to describesomecoefficientstwiceto providedatafor thefiltersbeyond

theblock boundary. While this solutionguaranteessmoothertransitionbetween

blocks with different filters, it is redundant. Insteadwe proposeto reflect the

coefficientsto theothersideof theboundariesbetweentext andnon-text blocksto

provide theright typeof pixelsfor thefilter taps.This is similar to theboundary

effect at the imageedgeswherethe filters expandbeyond the actualimageand

doesnot resultin any redundancy of theencoding.ñ Thequantizerfor thefoot predictionerror. Sincethealgorithmis trying to predict

theentireblockusingthequantizedfootandcoefficientsfromneighboringblocks,

finer quantizationis usedin text blocks to achieve a betterpredictionfor those

blocks.ñ Theblockerrorthreshold.A lowerthresholdis chosenfor text blocksforcingfiner

predictionin thoseblocksasthealgorithmsubdividesblockswheretheprediction

errorfalls below theloweredthreshold.ñ Thequadtreeblock shape.Text blocksaresubdivided into horizontallyoriented
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rectangularsub-blocks(8
�

4, 4
�

2 or 2
�

1) which werefoundempirically to per-

form betterthansquaresub-blocksin text areas.

Theoveralleffectof theseselectionsis thatmorebitsareinvestedin text blocks.

For any givenratethequality in thetext region is improvedat theexpenseof thequality

in thenon-text regions.

5.2.1 Results

Oursimulationresultsshow thattreatingcoefficientscorrespondingto text blocksdiffer-

entlyfrom non-text blockscanimprove(perceptual)imagequality. Figure5.2showsthe

comparisonbetweenour proposedmethod,regularquadtreecodingandtheEBCOT al-

gorithmfor aportionof thecmpnd1greyscaleimageat �
	��3� bpp.Ourproposedmethod

usingimproved text region codingdisplayedhereusesHaarfilters in the text regions

with horizontalquadtreeblock shapeandfiner quantization.The PSNRvaluesshown

arecomputedover theentireimage.Our coderproducessharpertext andmoredetailed

backgroundfor the imagethan the other two coders. As theseimagesdemonstrate,

PSNRis notagoodmeasureof imagequalitywhenit comesto compoundimages.The

overallPSNRin theEBCOT-codedimageis higherbecausein theimagecodedwith our

proposedalgorithmthereis a slight seepageof grayin thewhite backgroundabove the

photographdueto thepredictivenatureof thecoder. While this errorcontributesto the

MSE, it is visually notdegradingto theimage.
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(a) (b) (c) (d)

Figure5.2: Portionsof thecmpnd1images,(a) original, (b) EBCOT codedat 0.24bpp,
26.48dB, (c) Quadtreecodedat0.24bpp,25.08dB, (d) Quadtreecodedwith improved
text regioncodingat 0.24bpp,25.98dB.

5.3 CombinedWavelet-Domainand Spatial-Domain

Coding

Becauseof the sharptransitionat edgesand small featuresize, text imagedatacan

benefitfrom processingin the spatialdomainratherthan in the wavelet domain. In

this sectionwe proposeanapproachwhich combineswavelet-basedcodingof non-text

regionswith spatialdomaincodingof regionscontainingtext. Thealgorithmoperates

at thepixel level; that is, eachindividual text pixel is codedin the imagedomain,and

all remainingpixelsarecodedin thewavelettransformdomain.

Algorithm Summary: The image is first segmentedinto text and non-text

blocks. The pixels belongingto text blocks are then labeledas either foregroundor
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background(non-text), wherebytheencoderchoosesfor eachblockwhichcolor– light

or dark– will becalledforeground,andwhich will becalledbackground.Theintensi-

tiesfor theforegroundandbackgroundcolorsarethendeterminedfor eachblock. In a

segmentationimprovementstep,someblockswhich werepreviously identifiedastext

blockscanbereclassifiedasnon-text blocks,basedontheir foregroundandbackground

colorsaswell asthoseof theirneighborblocks.Following thisstep,theblocksegmenta-

tion map,thebinaryforeground/backgroundmapfor thetext blocks,andthequantized

foregroundintensityvaluesarearithmeticallyencodedandtransmitted.

At this point, both encoderand decoderpossessknowledgeof the text pixel

locationsandcolors.It is thereforepossibleto “remove” thetext (foreground)pixelsto a

largedegreefrom theoriginal image,by interpolatingtheir intensitiesfrom neighboring

non-text pixels. Sucha stephastheadvantageof smoothingtheoriginal image,sothat

it canbemoreefficiently codedby thequadtreewaveletalgorithm.After thetext pixels

have beenremoved by interpolation,the remainingimageis wavelet-transformedand

quadtreecodedasdiscussedin Section5.2. In the following sectionswe describethe

stepsof this algorithmin greaterdetail.

5.3.1 Text Block Color Classification

Within eachtext block � , thetwo maincolorsareidentifiedwith Lloyd-Maxoptimiza-

tion ([47]) onatwo-level scalarquantizer. If thetwo maincolorsarecloserto eachother

thansomethreshold,theblock is classifiedasunimodal- ablock thatonly containsdif-

ferentshadesof the samecolor - and is assignedto be text or non-text basedon the

foregroundandbackgroundcolorsof theneighboringblocks.Otherwisethecolorsare

designatedaseitherforegroundor background,basedon informationaboutthe North

andWestneighborblocks.Threecasesareconsidered:
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intensity " is determined.Thecolor in � which is farthestfrom " is designated

asforeground(text), andtheotherasbackground.ñ If both the North andWestneighborsaretext blocks, the averageof their fore-

groundcolorsis determined,� C #q� b m<�Pò�+({Z� . Thecolor in � which is closest

to � is designatedasforeground,andtheotherasbackground.ñ If oneof theNorth andWestneighborsis a text block andtheothernon-text, the

color in � which is closestto theforegroundcolor in theneighboringtext block

is designatedasforeground,andtheotherasbackground.However, if the fore-

groundcolorsof theneighboringtext block andof X arefar apart,thecolor in �
which is fartherfrom thebackgroundcolorof thenon-text neighboris designated

asforeground.

After the foregroundandbackgroundcolorshave beendesignated,eachpixel

in block � is assignedto either foregroundor background. To avoid distorting the

text, only pixelswith intensitywithin a given thresholdfrom the foregroundcolor are

assignedto theforeground;therestaretreatedasbackground.

5.3.2 Map and Foreground Color Coding

Theblock-level text segmentationmapis transmittedasdescribedin Section5.1. The

foreground/backgroundmap for eachtext block is then arithmetically codedwith a

causalcontext of neighboringpixels. Only pixels within text blocksarecoded. The

foregroundcolor for a text block � is codedin a predictive codingfashionfrom the

foregroundvaluesof theNorth andWestneighbors,exploiting thefact that foreground

valuesusuallydonotchangesignificantlybetweenneighboringblocks.
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5.3.3 Inter polation and ResidualCoding of Text Pixels

We now describethe procedurefor removing text pixels from the image,in order to

allow moreefficient wavelet-basedcodingof thebackgroundpixels. The stepsof this

procedureareillustratedin Figure5.3for only aone-dimensionalcrosssectionalongthe

non-text to text transition.Theoriginal imageis shown in profile A, with a background

areaontheleft andtext ontheright. In profileB, thetext pixel valueshavebeenreplaced

by theblock foregroundcolor andin profile C they arereplacedby valuesinterpolated

from neighboringbackgroundpixels. The imagecorrespondingto profile C could be

encodedby thewaveletquadtreecoder, andcombinedby thedecoderwith thetext pixel

valuessentfrom profile B to reconstructtheimage.This reconstructedimagewould be

anapproximationof profileB. Thesharptext edgesthusobtainedcancausetheedgesof

small text charactersto appearjagged,however. Instead,we includeseveraladditional

stepsto allow theresidualerrorto becorrected,reducingany jaggedappearance.

ProfileD showstheresidual,or differencebetweentheoriginal imageandblock

foregroundcolor in text areas.This residualis addedto profile C to yield profile E,

which is thenencodedby thewaveletquadtreecoder.

At thedecoder, a lossyversionof E is reconstructed,asshown in profile F. The

decoderalso receives the locationsof text pixels and the quantizedforegroundcolor

for eachblock, which it usesto produceprofile G. Given the text pixel locations,the

decoderinterpolatesthe valuesof text pixels from neighboringbackgroundpixels to

obtainprofileH, which is anapproximationof theencoder’sprofileC. TheresidualI is

reconstructedasthedifferencebetweenprofilesF andH. By addingthis residualto G,

thedecodergeneratestheoutputimageprofileJ.

Thesignificanceof addingtheresidualto thebackgroundimageliesin theability

of themethodto losslesslyencodethecompoundimage.Without this stepthedecoded
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Figure5.3: Procedurefor removing text pixels from the imageto bewavelet-encoded.
Seedescriptionin Section5.3.2.

imagewould alwaysbe lossyno matterhow high the codingrateis. The foreground

color for eachblock is representedby a singlevaluewhich inevitably distortssomeof

theintensitiesin thatblock. Sincethedescriptionof thesegmentationandthecodingof

theforegroundcolorsis lossless,only thebackgroundimagecanimprovewhenalarger

bit budgetis available. Adding theresidualsto thebackgroundguaranteesthatat high

enoughcodingratetheir valuescanberecovered.
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(a) (b)

Figure5.4: Comparisonof thebackgroundin the text portionof thecamcorder image
(a)with binarytext coding,(b) with ternarytext coding.

5.3.4 Ternary Coding of Text Blocks

The proceduredescribedthusfar performswell, but further improvementis possible.

In many compoundimages,especiallytheonesobtainedasa resultof scanningdocu-

ments,thetransitionfrom foregroundto backgroundcolor is not sharp;therearesome

intermediatelevels presentaswell. The discontinuitiesin the backgroundimagein-

troducedby addingthe residualcan be reducedby more finely quantizingthe fore-

ground/backgroundmap.Specifically, insteadof computinga binarymap,we compute

a ternarymap– i.e., by addinga third “transition” level betweenforegroundandback-

ground. This resultsin smallerresidualpeaksat theedgesof text. Theencoderdeter-

minestheforeground/transition/backgroundmapfor eachtext block in theimageusing

a 3-level Lloyd-Max quantizer. This mapis transmittedusingarithmeticcodingwith a

ternaryalphabet.Theencodertransmitsa block’s predictive quantizedforegroundand
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(a) (b)

Figure5.5: Comparisonof the foregroundin the text portion of the camcorder image
(a)with binarytext coding,(b) with ternarytext coding.

intermediatecolor asbefore.As with unimodalblocksin thebinarycase,thealgorithm

only usesa ternarydescriptionof a text block if threedistinctivelevelscanbeidentified

in a block. Allowing binaryandunimodalblocksalsoimprove thecodingratefor the

arithmeticcoder.

The residualpeaksaresmallerthan in the binary case,however. This canbe

seenfor thetext portionof thecamcorder imagein Figure5.4. Theforegroundquality

is alsoimprovedasshown in Figure5.5. Having a smootherimageallows thewavelet

transformto concentratemostof theenergy in thelowerfrequency bandsandtheimage

canbecodedwith lessdistortionat thesamerate.
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5.3.5 Results

In Figure5.6wecompareresultsof our combinedquadtreewaveletandspatialdomain

codingapproachfor color imageswith the color versionsof SPIHT andEBCOT. The

original color imagewassampledat 100dpi from a print source.The resultsarepre-

sentedat a ���Z�Ü�ó� compressionratio. We usedthe ternaryversionof our combined

wavelet/spatial-domainapproach.In the imagecompressedby our algorithm, text is

significantlysharperandclearerthanin theSPIHTandEBCOT images.Separatecod-

ing of text and imagedatanot only betterpreserved the text, but the spatialdomain

codingprovedto bemoreefficient aswell, leaving morebandwidthto codethe image

data.Notethat thebackgroundedgesaroundtheletters“JVC” appearsharperthanthe

sameareasin theSPIHTandEBCOT images.In this casethe improvedvisual image

quality is reflectedby animprovementin PSNRaswell, with againof �5	 ë � dB over the

SPIHTencodedimage,and �c	 ë � dB over theEBCOT encodedimage.

5.4 Summary

In this work we proposedtwo differentalgorithmsfor the compressionof document

images. Onemethodworks entirely in the wavelet domainandaimsat encodingthe

text portionsof the imagemore accuratelyat the expenseof the non-text areas. We

introducedan effective methodfor changingfilters within an imageat any arbitrary

point.

Theothertechniqueprocessestext pixelsin thespatialdomainwhile background

pixelsarewavelettransformedandcodedin thefrequency domain.To improvewavelet

codingefficiency, thebackgroundimageis smoothedto fill in thegapswherethe text

pixels have beenremoved beforetransform. For the foregroundmapwe usedboth a

binaryanda ternaryencoding.Theternarycodingis especiallyeffectivewhenthedoc-
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umentimageis aresultof scanningwheretransitionbetweentext andnon-text blocksis

moregradual.To enablelosslessreconstructionathigh ratestheforegroundrepresenta-

tion erroris superimposedon thebackgroundimage.

Boththesetechniquesoutperformedstate-of-the-artwavelet-basedimagecoding

methodsin termsof imagequality both in the text and the non-text portionsof the

images.

This chapter, in part, is a reprint of the materialas it appearsin P. Cosman,

T. Frajka,D. Schilling, andK. Zeger. Memory efficient quadtreewavelet coding for

compoundimages. 33rd Asilomar Conferenceon Signals,Systemsand Computers,

pp 1173-1177, Vol. 2, Pacific Grove,CA, Oct. 1999.
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(a)

(b)

(c)

(d)

Figure5.6: Portionof thecolor imagecamcorder, reproducedherein blackandwhite
(a) Original image,100dpi,(b) SPIHTat 0.24bpp,27.07dB, (c) EBCOT at 0.24bpp,
23.09dB, (d) Combinedwavelet/spatialcodingapproach,0.24bpp,28.02dB.



Chapter 6

ImageCoding Subject to Channel

Constraints

In this chapterweproposeanew packetizationschemebasedon theMultiGrid Embed-

ding (MGE) coding. In zerotreebasedpacketizationmethods,packetscontainoneor

morezerotrees.Any lossof datawipesout theentirecorrespondingspatiallocationin

theimage.Usingour proposedmethod,theeffect of thepacket lossis not concentrated

on agivenspatiallocationbut spreadoverdifferentlocationsandfrequencies.

With the increasedinterestin multimediacommunicationstransmissionof im-

ageshasbecomeafactof life. Imagecompressionusedto focusonoptimizingtheimage

datafor storageonmediathat,for themostpart,actasnoiselesschannels.Moderncom-

municationsystemsexperienceawidevarietyof channelconditionsfrom individualbit

errorsto packet losses.In block basedcoderssuchasJPEG,theeffect of theerrorcan

belimited to thegivenblock. Stateof theart codersusewavelettransformandperform

globalcodingof coefficients.Thesecoderscanexperiencecatastrophicfailuresin case

of bit errorsor packet losses.

In orderto maximizecompressionefficiency, waveletbasedcoderssuchasEZW

57
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or SPIHTrely on stateinformationandencodingdecisionsconveyedby a singlebit. In

suchcases,any errorcanleadto abreakdown at thedecoder. In apacketnetwork, a lost

packetcausescompletelossof synchronizationat thereceiving end,renderingall future

packetsuselessfor decoding.

Onecoulduseunequalamountsof ForwardError Control(FEC)codingto pro-

tect the imagedataandcombinethat with packetizationasdonein [54]. The amount

of protectiondependson the noisinessof the channel. In the caseof the Internet,the

noisecharacteristicsmaychangevery rapidly evenduring the transferof an image. A

pre-determinedprotectionschememaynot work asthechannelchanges,or if it is tai-

loredto themaximumexpectederrorit mayreducethesourcecodingratetoo severely.

An alternateapproachis to make the imagecodermorerobust to preventcatastrophic

failures.RogersandCosman[67] proposeapacketizationscheme(PacketizedZerotree

Wavelet (PZW)) that groupsindividual zerotreesinto packetsby changingthe SPIHT

encodingorder. Insteadof sendingthe informationaboutall zerotreesin the orderof

magnitude,they collect descriptionscorrespondingto eachzerotreeseparately. Thus

any packet losswill only have an effect on the spatiallocationsof the imagethat the

givenzerotreescorrespondto. SherwoodandZeger [74] usea macroscopicmultistage

compressionmethodto enhancethe robustnessof the packetizedcoder. The imageis

encodedin stages,wheretheinput to thenext stageis theresidualof theoriginal image

with theoutputof thecurrentstage.Eachstageis codedindependentof theothersmak-

ing it possibleto decodefuturestagesevenwheninformationin paststagesis corrupted.

Eachstagecanbeassigneda differentlevel of errorprotection.In their work, only two

stagesareused,with thefirst stageimagedatabeingprotectedby FECandthesecond

stagesentwithoutadditionalerrorprotection.
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a b

Figure6.1: (a) Thezerotreestructurein thewaveletdomainand(b) thecorresponding
spatiallocationin theimage.

6.1 SpreadSpatial Location Packetization

In a zerotreebasedcoder, coefficientsin thesamezerotreecorrespondto thesamespa-

tial locationin the imageasis shown in Figure6.1. Whenpacketsareformedof sev-

eral zerotrees,the lossof sucha packet resultsin the lossof informationat the given

spatiallocations,a blank spoton the image. This propertyis the consequenceof the

zerotreestructure,thecodingof higherfrequency coefficientsat thesamespatialloca-

tion dependson the codingof lower frequency coefficientsat the samelocation. The

descriptionof eachzerotreehasto be kept in the samepacket to make the packetsin-

dependentlydecodable.Otherwisethe lossof thepacket containingthedescriptionof

the lower frequency coefficients rendersthe received descriptionof higher frequency

coefficientson thesamezerotreeuseless.

MGE is a flexible alternative to thezerotreestructure.Without thezerotreede-

pendence,the codingcanproceedin almostany arbitraryorder. In the original MGE

algorithm,thequadtreeidentificationprocessfor thesignificantcoefficientsstartswith

thefull waveletdomainimage.Thecodingdependenciesonly exist within thequadtree
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structure.Thus,by choosingtheappropriateinitial blocksizefor thequadtreeidentifica-

tion process,differentspatiallocationscanbecodedseparately. With an Ã level wavelet

decomposition,� ¬ � � ¬ sizednon-overlappingregionsof theimagecanbeindependently

codedby using � ¬ d I � � ¬ d I sizedblocksat thefirst level, � ¬ d O � � ¬ d O sizedblocksat

thesecondlevel and � ¬ d ´ � � ¬ d ´ sizedblocksat the Ã Ûåä level astheinitial blocksfor the

significancecheck. On onehand,this changewill decreasecompressionefficiency as

many blocksthatwould normallybecodedaftera singlesignificancecheckat a given

bit planewill have to beindividually compared.On theotherhand,this changemakes

it possibleto codedifferentspatiallocationsandfrequency contentsindependently.

Wedefineacollectionof waveletcoefficientblocksrandomzerotreethatsatisfies

thefollowing properties:ñ Eachrandomzerotreecontainsoneblock from eachfrequency bandof theappro-

priatesize( � ¬ d ´ � � ¬ d ´ on level Ã , for Ã C �;	�	}	`¹ ) that correspondsto the same

spatialdomainsize.ñ Eachblock representsa differentspatiallocationof theimageto spreadany pos-

sibleinformationlossoverdifferentpartsof theimage.ñ Theintersectionof any two randomzerotreesis theemptyset.ñ Theunionof all randomzerotreescoversthefull waveletdomainimage.

Figure6.2 shows a randomzerotreeandthe effect of a lossof sucha treeon

thespatialdomaindata.Eachaffectedspatiallocationis missinga differentfrequency

componentmakingthevisual losslessnoticeable.(Thedifferentshadesof grey signify

thedifferingcontributionsof differentfrequency bandsto theoverall imagequalitywith

darkerbeingmoresignificant.)

In addition to the trade-off betweenflexibility andcompressionperformance,
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a b

Figure6.2: (a)A randomzerotreein thewaveletdomainand(b) thecorrespondingspa-
tial locationsin theimage.

onealsoneedsto considertheeffect of block sizeon thedescriptionlengthof random

zerotrees.Thedescriptionlengthclearlydependsonthetargetcodingrate.Smallinitial

block sizesyield short descriptionsthat allow flexible packet formation, but degrade

compressionperformance.Large initial block sizeshowever may generateso much

informationfor eachrandomzerotreethatit becomesimpossibleto fit all theinformation

into the payloadof a single packet. This violatesthe constraintthat eachpacket be

independentlydecodable.

For the samereason,the adaptive arithmeticcodermustgatherits distribution

estimatesindependentlyfor eachpacket. By not beingableto useinformationlearned

at otherlocationsin thecodingprocessits compressionefficiency decreases.

The coding proceedsin two phases.The first phaseis a “dry run” when the

encodercollectsthe rateinformationfor eachrandomzerotreefor the given target bit

rate. The secondphaseis the actualpacket formation. The encodertries to packany

packet as fully as possible,even allowing the sum of the ratesto exceedthe packet

size by somemargin if without addingthe last randomzerotreethe packet is under
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Table6.1: Comparisonof the proposedmethodandthe PZW algorithm([67]) for the
LenaandPeppers imagesat abit rateof �
	���� ë bpp.

PSNR(dB)

Image Algorithm no loss � % loss ��� % loss �3� % loss

Lena PZW �u�5	¾� ë �
��	��Z� ��Ë
	�� ë �3�
	�ËZ�
Thiswork �
�Z	 ë � �Z�5	 ë � ��Ë
	��3� ���5	ïî��

Peppers PZW �
�Z	�îZ� �Z�5	 � � ��Ë
	ð� � ���5	��
�
Thiswork �u�5	ð� ë �Z�5	 ëZë ��Ë
	ð� ë ���5	ð� ë

filled. Thussomerandomzerotreeswill have morerateassignedto themthanin the

non-packetizedcoding,while otherswill havea lower ratedescription.Theassignment

of waveletcoefficientsto randomzerotreesis determinedat random,but ensuringthat

the propertiesof the randomzerotreesaresatisfied.The packingis carriedout in this

orderwhich is known bothto theencoderanddecoder, andis usedfor all images.The

overheadinformationis limited to thesequencenumberof thestartingrandomzerotree

andthenumberof randomzerotreesin thepacket. SincetheLL-bandinformationhas

the mostsignificanteffect on the imagequality, the packingalgorithmavoids placing

randomzerotreeswith neighboringLL-bandblocksin thesamepacket.

6.2 Experimental results

Todemonstratetheperformanceof theproposedschemeweusedthe �5�/� � �5�/� greyscale

Lena, Baboon, andPeppers images.Theimagesweretransformedwith a � -levelwavelet

transformusingthe9-7 filters. Therandomzerotreeassignmentsweregeneratedin ad-

vanceandusedfor all test images. Therearea total of �Z�3Ë randomzerotrees,corre-

spondingto a blocksizeof � � � in theLL band.A packet sizeof � � � bits waschosen.

In thechannelmodel,lostpacketsdonotarriveatthedecoder;it mustbeableto perform
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independentdecodingon eachpacket.

ThePSNRresultsfor theLenaandPeppers imagesareshown in Table6.1.The

PSNRvalueswere obtainedusing the averageMSE of 10,000independentruns for

eachlossscenario.Theperformanceof our methodis comparableto thatof thePZW

algorithmover the different lossscenarios.It is a well known fact that PSNRvalues

aresometimespoor indicatorsof the underlyingimagequality. While the above two

methodsyield similar PSNRresultsthecorrespondingimagequality is quitedifferent.

Theamountof informationlost in bothmethodsis aboutthesame(asmeasuredby the

PSNR),but its distribution is differentin theimage.

Figures6.3and6.4show thevisualcomparisonbetweenazerotreestylepacke-

tizationapproach(likePZW)andtheproposedmethodfor packet lossratesof ��í , ���uí
and ���uí for the LenaandBaboonimages.The packetslossscenariowasforcing the

lossof typically the sameLL-band blocks in both packetizationschemes.As canbe

seenthe imagesgeneratedwith theproposedmethoddoesnot exhibit regionsthatare

completelywipedout dueto thepacket loss,ratherdispersethe lossthroughdifferent

frequenciesof differentspatialblocksresultingin a visually lessdisturbingimage.

The robust packetizationmethodsacrificesthe progressivity of the underlying

coder. While within the packet the coding is progressive, any further progressive re-

freshingis tied to thereceptionof thenext packet. Furthermore,certainportionsof the

imageimprove in an uneven fashionasopposedto the gradualuniform improvement

associatedwith progressive imagecoders.

6.3 Summary

We presenteda packetizationschemethat spreadsthe information within the packet

amongfrequency bandsandspatiallocationsto avoid completelossof imageinforma-
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a b

c d

e f

Figure6.3: Comparisonof proposedmethod(left column)andzerotreestylepacketiza-
tion (right column)for theLenaimageat �
	���� � bpp,(a)-(b) �/í loss,(c)-(d) ���uí loss,
(e)-(f) �3�uí loss.
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Figure6.4: Comparisonof proposedmethod(left column)andzerotreestylepacketiza-
tion (right column)for theBaboonimageat �
	�� bpp,(a)-(b) �/í loss,(c)-(d) ���uí loss,
(e)-(f) �3�uí loss.
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tion at any given spatialblock. Our experimentalresultsindicatethat this proposed

methodproducesbetterquality imagesover noisy channelsthanpreviously published

techniques.

Thecoderis flexible in thecodingof theinformationdueto theMGE structure

thatis not limited by thezerotreeinterbanddependencies.Thecoderlosesprogressivity

at theexpenseof morerobustperformanceonpacket erasurechannels.

Thischapter, in part,is a reprintof thematerialasit appearsin T. FrajkaandK.

Zeger. RobustPacket ImageTransmissionby WaveletCoefficient Dispersement.Inter-

nationalConferenceonAcoustics,Speech andSignalProcessing, pp1745-1748,Vol. 3,

SaltLake City, UT, May 2001. Thedissertationauthorwastheprimary investigatorof

this paper.



Chapter 7

ResidualImageCoding for Stereo

ImageCompression

Onemainfocusof researchin stereoimagecodinghasbeendisparityestimation,atech-

niqueusedto reducethecodingrateby takingadvantageof theredundancy in a stereo

imagepair. Significantlylesseffort hasbeenput into thecodingof theresidualimage.

Theseimagesdisplaycharacteristicsthat aredifferentfrom that of naturalimages.In

this chapterwe proposea new methodfor thecodingof residualimagesthattakesinto

accountthe propertiesof residualimages.Particularattentionis paid to the effectsof

occlusionandthecorrelationpropertiesof residualimagesthatresultfrom block-based

disparityestimation.Theembedded,progressivenatureof our coderallowsoneto stop

decodingat any time. We demonstratethat it is possibleto achieve goodresultswith a

computationallysimplemethod.

67
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7.1 Intr oduction

Humandepthperceptionin part relieson the differencein the imageswhich the left

andright eyessendto thebrain.By presentingtheappropriateimageof a stereopair to

the left andright eyes,theviewer perceivesscenesin threedimensionsinsteadof asa

2-dimensionalimage.Suchbinocularvisual informationis usefulin many fields,such

astelepresencestyle video conferencing,telemedicine,remotesensing,andcomputer

vision.

Theseapplicationsrequirethestorageor transmissionof thestereopair. Since

theimagesseenwith theleft andright eyediffer only in smallareas,techniquesthattry

to exploit thedependency canyield betterperformancethanindependentcodingof the

imagepair.

Most successfultechniquesrely on disparitycompensationto achievegoodper-

formance. Disparity compensationis similar to motion compensationfor video com-

pression. It can be carriedout in the spatialdomain[35, 39, 40, 45, 84] , or in the

transformdomain[36]. Disparitycompensationcanbeacomputationallycomplex pro-

cess.In [66] awavelettransformbasedmethodis usedfor stereoimagecodingthatdoes

not rely on disparitycompensation.While this techniqueis moresimple, it sacrifices

compressionperformancefor reducedcomplexity.

Many of the above works usediscretecosinetransform(DCT) basedcoding

of theimageswhichusesa rateallocationmethodto divide theavailablebandwidthbe-

tweenthetwo images.For eachtargetbit rateanew optimizationhasto beperformedto

find theoptimalbalance.Embeddedcodingtechniquesbasedon thewavelet transform

[72,68] provideimprovedperformancefor still imageswhencomparedwith DCT-based

methods.An embeddedbit streamcanbetruncatedatany point to obtainthebestrecon-

structionfor thegivenbit rate. An embeddedstereoimagecodingschemeis proposed
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in [12] thatachievesgoodperformancewithouthaving to userateallocation.

With disparitycompensation,oneimageis usedasa referenceimage,andthe

otheris predictedusingthereferenceimage.Thegainover independentcodingcomes

from compressingthe residualimagethat is obtainedasthe differenceof the original

andpredictedimage.Little attentionhasbeenpaidto thecodingof theresidualimage.

Moellenhoff andMaier [53] examinedthepropertiesof disparitycompensatedresidual

imagesandproposedsomeDCT andwavelettechniquesfor their improvedencoding.

In this chapter, we proposea progressive codingtechniquefor thecompression

of stereoimages. The emphasisof our work is on the codingof the residualimage.

Theseimagesexhibit propertiesdifferentfrom naturalimages.Our codingtechniques

make useof thesedifferences.We show thatthecorrelationacrossblock boundariesin

theresidualimageis diminished,suggestingthatthecodingof theseblocksindividually

might be preferable.We proposeto usetransformsthat take into accountthe correla-

tion propertiesof the residualimageaswell astheblock-basednatureof thedisparity

estimatorusedin our coder. Occludedblocksareoften difficult to estimate.Residu-

alsof occludedblocksthereforearedifferentfrom blocksthatarewell matchedby the

disparityestimation(DE) process.In our technique,we treatthesetwo typesof blocks

differently. The imagetransformwe proposeusesa DCT on the blocksthat arewell

matchedby DE, andusesHaar-filtering on the occludedblocks, resultingin a mixed

imagetransform.MultiGrid Embedding[43] is usedastheembeddedimagecoder. It

providessimilar performanceto thatof zerotree-basedtechniqueswith increasedflex-

ibility . While the componentsof our proposedmethodarelow complexity, they yield

somesignificantimprovementsoverothermethodsin thecodingof stereoimages.

Theoutlineof thechapteris asfollows. Section7.2givesanoverview of stereo

imagecoding.Our contribution is in Section7.3,with experimentalresultsprovidedin

Section7.4.Finally, theconclusionis givenin Section7.5.
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Figure7.1: Original imagesof the (a) and(b) Room, (c) and(d) Aqua, and(e) and(f)
Outdoorsstereopairs.
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Figure7.2: Stereocamerasystem.

7.2 StereoImage Coding

Stereoscopicimagepairsrepresentaview of thesamescenefrom two slightly different

positions. When the imagesare presentedto the respective eye the humanobserver

perceivesthedepthin thesceneasin 3 dimensions.Onecanobtainstereopairsby taking

pictureswith twocamerasthatareplacedin parallel2 to 3 inchesapart.Figure7.1shows

theoriginal imagesof threedifferentstereopairs.ThesyntheticRoomimagerepresents

suchapplicationsasvideogamesor virtual reality, while thetwo naturalscenesprovide

differentdistancescenarioswhich exhibit differentdisparityproperties. The left and

right imagesof the Roompair differ mainly in the left edgeof the left imagewherea

pieceof thewall is visible thatcannotbefoundin theright image.Certainareasof the

floor tile aredifferentlycoveredby theconeandball in theseimages.In theAquapair

thedifferencesoccurat theleft andright edgesof theimagesaswell asaroundtherock

in themiddle.Becauseof thelargerdistancebetweentheobjectsandthecameraof the

Outdoorspair, they exhibit thesmallestdifferences,mostlyaroundtheimageedges.

Becauseof thedifferentperspective,thesamepoint in theobjectwill bemapped

to differentcoordinatesin theleft andright imagesasshown in Figure7.2. Let #&g ´ '`i ´ +
and #hg�-�'`i3-`+ denotethecoordinatesof anobjectpoint in theleft andright images,respec-
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tively. Thedisparity is thedifferencebetweenthesecoordinates,� C #&g ´ L�g�-}'`i ´ L�i3-`+ .
If thecamerasareplacedin parallel,then i ´ L�i3- C � , andthedisparityis limited to the

horizontaldirection. Let � denotetheseparationbetweenthetwo cameras,� the focal

length,and  thedepthof theobject(or thedistanceof theobjectfrom thecamera)as

shown in Figure7.2. If all of theseparametersareknown,onecancomputethedisparity

of eachobjectas[2, 93] � � �PC �.� 	 (7.1)

This equationagreeswith the intuition that objectscloserto the camerawill exhibit

largerdisparitythanobjectsfartheraway.

In orderto exploit thedependency betweentheleft andright imagesmostcom-

pressionschemesuseaconditionalcoderstructureasdepictedin Figure7.3.Oneimage

of thepair servesasa referenceimage, ".-*â é , andtheother, "��|-4âqÓ , is predictedfrom the

referenceimage.Theencoderdescribesto thedecoderthereferenceimage,theresidual

image(i.e. thedifferenceof thepredictedimageandits estimate),"}Ó G é|é , andthedispar-

ity vectorsusedto obtaintheestimateimage.At thedecoderthereconstructedreference

image,
�"7-*â é , andthedecodeddisparityvectorfield areusedby thedisparitycompensa-

tion processto arrive at the estimate ½"���-*âqÓ of the predictedimage. The reconstructed

predictedimage,
�"���-*âlÓ , is obtainedby addingthereconstructeddifferenceimage,

�"}Ó G é|é ,
to ½"���-*âqÓ . MostearliermethodsusedaDCT-basedencodingfor boththereferenceimage

andtheresidualimage.Recently, progressive, waveletbasedtechniqueshave beenin-

troduced[12, 57] to replacetheDCT-basedencoding,andPerkins[60] showedthat in

generaltheconditionalcoderstructureis sub-optimalin therate-distortionsense.

If the parametersin (7.1) areknown aheadof time then,in principle, for each

pixel onecouldcomputethedisparityandusethatin theprediction.Unfortunatelythese

parametersareseldomavailableat thetimeof theencoding.Usingdisparityestimation,
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one could try to obtain approximatevaluesfor eachpixel of the image. Sincethis

processwould be quite complex if performedfor eachpixel individually, it is usually

carriedout for groupsof pixels instead. Onesuchgroupingis the useof � � Ã non-

overlappingblocks.

The searchfor the matchingblock is carriedout in a limited searchwindow.

Given the referenceimage,the optimalmatchcould be any � � Ã block of the image.

This exhaustive searchis computationallycomplex. Fromtheparallelcameraaxisas-

sumption,onecanrestrictthesearchto horizontaldisplacementsonly. (A smallvertical

displacementcanalsobeallowedto compensatefor theinaccuracy of practicalcamera

systems.)Fromthecamerasetupit is clearthatthedisparityfor objectsin theleft image

with respectto theright imageis positiveandviceversa.Thisobservationhelpsfurther

limit thescopeof thesearch.

Other techniquesaimedat reducingthe computationalcost of full searchDE

includedynamicprogramming[35], hierarchicalDE [45], andadaptivedirectional,lim-

itedsearchalgorithms[39].

Let  denotea distortion measurebetweenimageblocks and let " ¶ %('`%��h'*)Z'*)���¸denotea #0%��^L@%*+ � #¾)��^L<)5+ block with upper left coordinates#0%1'*),+ and lower right

coordinates#&%��h'4)�� + . Thenthedisparityestimatefor a block with upperleft coordinates#0%1'*),+ , assumingonly horizontaldisplacement,is definedas

½�
G�K #&��+ C���� Y������Ó��� �#0"��|-4âqÓ ¶ %('`%$mÜ�$'*)Z'*)ãmÜÃÉ¸q'("7-*â é ¶ %Äm�� '(%ÄmÏ� mÜ��'*)Z'*)ãmÜÃÉ¸É+.	 (7.2)

where� is thedisparitywindow sizewithin which thesearchis performed.

The quantity ½�
G�K #&��+ is the horizontalamountby which a � � Ã block in one

imagehasto beshiftedin orderto mostcloselymatchin similarity a given � � Ã block
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Figure7.3: Stereoimagecodingsystembasedonaconditionalcoderstructure.Theleft
sideof thedashedline is theencoderandtheright sideis thedecoder.

in anotherimage. The two mostoftenusedsimilarity measuresin block matchingare

themaximumabsolutedifferenceandthemean-squarederror. Usingthemean-squared

error, (7.2)becomes

½�
G K #&��+ C>�9� Y������Ó��� 

G µ ¬F� H G
K µc´F � H K #&"���-*âlÓ/#0¥�'`¤�+MLÎ"7-*â é #0¥ mÜ��'`¤�+(+ O (7.3)

where"$#&¥�'`¤·+ is thepixel intensityvalueat coordinate#0¥�'`¤�+ .
Thedisparityestimationprocessworkswell for blocksthatarepresentin both

images.However, occlusionmayresultif certainimageinformationis presentonly in

oneof theimages.Occlusioncanhappenfor two mainreasons:finite viewing areaand

depthdiscontinuity. Finite viewing areaoccurson theleft sideof theleft imageandthe

right sideof the right imagewhereeacheye canseeobjectsthat theothereye cannot.

Depthdiscontinuityis dueto overlappingobjectsin the image;certainportionscanbe

hiddenfrom oneeyeon which theothereyehasdirectsight.
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Anothercauseof mismatchis photometricvariations.This phenomenonis due

to the variationof the reflectedlight that reachesthe left andright lenses.A simple,

globalsolutionto this problemis histogrammodification,asproposedin [24].

At the price of increasedcomplexity, severalmethodswereintroducedthat try

to improve DE for bothocclusionandphotometricvariations:subspaceprojection[8],

sequentialorthogonalsubspaceupdating[70], andoverlappedblockDE [91].

For any positivenumber� , definethedisparityvectorfield (DVF) of an � �� 
imageto bethematrixof integers Á ½�

G K #0�r+|Æ
where��8:%;8<� L=� , �~8=)�8  LÎ� , and % and) aredivisibleby � and Ã , respectively.

The reconstructedpredictedimagedependson thequality of the reconstructed

referenceimage,
�".-*â é , thedisparityvectorfield, andthereconstructeddifferenceimage,�"}Ó G é|é . The imagepredictedfrom thereconstructedreferenceimageusingtheDVF can

bewrittenas �"��|-4âqÓ C ½"���-*âlÓMm �"}Ó G é|é
where ½"���-*âqÓ dependson

�"7-4â é and
Á ½�
G K #&��+|Æ .

Thengiventhecompressedreferenceimage,
�"7-*â é , of size � �! 

, thepredicted

imageestimateis

½"���-*âqÓ C ? �"7-*â é ¶ %$m ½�
G K #&��+.'(% m ½�

G K #0�r+·mÏ�$'4)Z'*)rm�Ãh¸^���8:%º8<� L:�Z' ��8�)�8  L<�Z'�� � %1'�Ã � )A@
andthedisparityestimationdistortion is definedas

½B��-*âlÓ/# Á ½� G K #0�r+|Æ' �".-*â é + C��X� "���-*âqÓ;L ½"��|-4âqÓ � � O C F � � � C "���-*âlÓP#0¥�'`¤�+ML ½"���-*âlÓ/#0¥�'`¤�+�D O 	
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Thetotal rateis thesumof theratesof codingthereferenceimage,thedisparity

vectorfield, andtheresidualimage,namelyS � C�S -*â é m S Ó4E é m S Ó G é|é 	
Thedistortion is definedastheaverageof thedistortionsof thetwo images:

�� C #l¨-*â é m�F��-*âlÓ.+({Z�C # � � "7-4â é L �"7-*â é
�X� O m �X� "���-*âqÓ;L �"��|-4âqÓ � � O +1{Z�5	
The overall rate-distortionperformancedependson the rateallocationbetween

S -4â é ,S ÓGE é , and
S Ó G é|é .

In practice,without the DVF no real stereoeffect canbe achieved. It is often

assumedthat the minimum codingrate is at least
S ÓGE é and that the DVF is encoded

first, leaving the rateallocationto the referenceanddifferenceimagesfor the remain-

ing available rate. The most widely usedtechniquefor the encodingof the DVF is

DPCMfollowedby entropy coding[97, 40,35, 57,7, 53]. Entropy codingaloneis em-

ployedin [12, 36], andfixedlengthcodingin [70].TzovarasandStrintzis[85] proposed

arate-distortionframework for theencodingof thedisparityvectorfield, allowing some

distortionin thetransmissionof thedisplacementvectors.

OncetheDVF is transmitted,theresidualandthereferenceimagesareencoded.

Many proposedtechniquesuseDCT-basedblock codingmethodsfor the encodingof

both images. They also requirea bit allocationmechanismto determinethe coding

rateof eachimage. (This bit allocationis carriedout in additionto the bit allocation

betweentheDCT-transformedblocksof eachimage.)For eachtargetbit rate,aseparate

optimizationis usedto determinethe appropriatebit allocation. Woo andOrtega [90]

performablockwisedependentoptimizationinsteadof independentoptimizationfor the
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a b

Figure7.4: (a) Estimateof left imagewith right imageasreferenceand(b) estimateof
theright imagewith left imageasreference.

referenceandresidualimagesto improvethecodingperformance.

Embeddedimagecoderscanbe terminatedat any bit rateandstill yield their

bestreconstructionat that ratewithout a priori optimization.Zerotree-styletechniques

suchas the EmbeddedZerotreeWavelet (EZW, [72]) by Shapiro,or SetPartitioning

in HierarchicalTrees(SPIHT, [68]) by SaidandPearlmanoffer excellentcompression

performancefor still images.Thesezerotreetechniquesareextendedto stereoimages

[12] by BoulgourisandStrintzis.Thebit planecodingis performedonboththeresidual

andreferenceimageatthesametime,guaranteeingthatthemostsignificantinformation

for bothimagesis sentbeforethelesssignificantinformation.

7.3 ResidualImageCoding

Thegoalof thischapteris to makestereoimagecodingmoreefficientby improving the

codingof the residualimage. TheDE we choseis rathersimple,but evenwith sucha

simpledisparityestimator, our proposedcodingtechniquehasverygoodperformance.
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7.3.1 ImageCoding Method

Embeddedcodingyieldsgoodperformancecoupledwith simplicity of codingdueto not

having to performany bit allocationprocedure.MultiGrid Embedding(MGE) by Lan

andTewfik [43] usesa quadtreestructureinsteadof thezerotreesof EZW or SPIHT. It

usesthesamebit planecoding,startingfrom themostsignificantbits of the transform

domainimagedown to the leastsignificant. For eachbit plane,the quadtreestructure

is usedto identify the significantcoefficients, i.e., thosewhosemostsignificantbit is

foundon thatbit plane. The “sorting” passidentifiesthecoefficientsthatbecomesig-

nificant on thecurrentbit plane,while the “refinement”passrefinesthosecoefficients

thathave previously becomesignificant.Their resultsdemonstratedthatthis technique

outperformsthezerotree-basedmethodson imageswith significanthighfrequency con-

tent.As residualimagescontainedgesandotherhigh frequency information,MGE is a

naturalcandidatefor their encoding.

The way we useMGE for stereoimagecompressionis similar to that in [12].

For eachbit plane,first the sortingandrefinementpassareexecutedfor the reference

imageand then for the residualimage. The highestmagnitudecoefficient is usually

smallerfor theresidualimagethanfor thereferenceimage.

7.3.2 Occlusion

As notedin Section7.2,therearetwo kindsof occlusionthatmayoccurin DE. A finite

viewing areacanbe overcomein certaincases.If a onedirectionalsearchis used(as

suggestedby the observation on the directionof the displacementin Section7.2) that

methodcouldrunoutof imagepixelsat theedgeof theimagewhereit wouldalsohave

difficulty finding thecorrespondingblock in thereferenceimage.If, however, weallow

thesearchto continuein theotherdirection,it mayfind blockssimilar to theoneto be
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estimated.This canbeseenin Figure7.4, wheretheestimateof the left imageon the

left edgeclearlydisplayssomeocclusionerror, while theright edgeof theright image

looksalmostidenticalto theoriginal.

The residualimageof thoseblocksthatareoccludedbecauseof depthdiscon-

tinuity displaydifferentcharacteristicsfrom the otherpartsof the image. As notedin

[52], theoccludedblocksaremorecorrelated.We proposeto detectsuchblocks,and

codethemdifferentlyfrom therestof theresidualimageblocksfor improvedefficiency.

7.3.3 ImageTransform

Moellenhoff andMaier’sanalysis[52] indicatesthatresidualimagesshow significantly

differentcharacteristicsfrom naturalimages.Residualimagesmainlycontainedgesand

otherhighfrequency information.Thecorrelationbetweenneighboringpixelsis smaller

aswell. This suggeststhat transformsthatwork well for naturalimagesmaynot beas

effective for residualimages.

In wavelettransformcoding,oneof themostwidely usedfilters is the9-7 filter

by Antonini et al. [3]. It is preferredfor its regularity andsmoothingproperties.With

theimagepixelslesscorrelatedin residualimages,shorterfilters canbettercapturethe

local changes.For this reasonwe proposethe useof Haar-filters. These� -tap filters

take theaverage(lowpass)anddifference(highpass)of two neighboringpixels. As our

experimentalresultsshow, theuseof Haar-filters improvesperformance.

DE uses � � � sizeblocks to find the bestestimatesfor the image. Thereis

no reasonto expectneighboringblocksto exhibit similar residualproperties.For one

block,thealgorithmcanfind arelatively goodmatch,while its neighborcouldbeharder

to predictfrom thereferenceimage.

Moellenhoff ’s resultsindicatethat thepixelsof theresidualimagearelesscor-

relatedthanthoseof the original image. But they do not reveal muchaboutthe local
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Table7.1: Comparisonof � -pixel horizontalcorrelationfor pixelsin a givencolumnof
an
�~���

blockof theright imageof theRoomandAquastereoimagepairs.

Columnnumberwithin
�����

block

1 2 3 4 5 6 7 8

Roomoriginal 0.93 0.94 0.96 0.96 0.97 0.95 0.94 0.94

Roomresidual 0.27 0.38 0.41 0.45 0.44 0.31 0.33 0.03

Aquaoriginal 0.90 0.89 0.89 0.89 0.88 0.88 0.87 0.89

Aquaresidual 0.24 0.25 0.22 0.23 0.25 0.23 0.26 0.12

correlationof pixels,namelyacrossthe � � � block boundaries.We investigate� -pixel

correlationon a morelocal scalein both horizontalandverticaldirections. Insteadof

gatheringthesestatisticsfor thewhole image,we only look at thecorrelationbetween

all pixelsin the ¤ Ûåä column/row andits immediateneighborin the #0¤�m��/+ Ûåä columnor

row of all � � � blocksfor the caseof horizontalor vertical correlation,respectively.

Note that thecorrelationbetweenthe � Ûåä and #q��m �/+ Ûåä columns/rows givesthecorre-

lation just acrossthe boundarybetweentwo neighboringblocks. Table7.1 shows the� -pixel correlationin thehorizontaldirectionfor the right imageandits residualusing

blocksof size
�����

. (Thetrendsaresimilar for verticalcorrelationandfor theleft im-

ageaswell.) It canbeseenin Table7.1 that the � -pixel correlationdropssignificantly

at theblock boundary(column
�
) in theresidualimage,supportingour assumptionthat

differentblocksexhibit differentpropertiesin theresidualimage.

Basedon this observation,we focuson block-basedtransformsthat canbetter

capturethedifferencesbetweentheblocksthana global transform,suchasthewavelet

transform,thatsweepsacrosstheblock boundaries.TheDCT in practiceis performed

on � � � blocks.Its performanceis diminishedby theJPEGencodingmethod.However,

if theDCT coefficientsareregroupedinto awaveletdecompositionstylesubbandstruc-

ture asproposedin [92], andareencodedusingan embeddedcoder, the performance
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approachesthat of wavelet basedmethods.(This methodis referredto asEmbedded

ZerotreeDCT (EZDCT).)

Noneof theproposedimagetransformssofar take into accounttheeffectof oc-

clusion.For anoccludedblock,thebestmatchcanstill beaverydistortedone.In those

cases,not usingtheestimatefor thegivenblock at all couldbe thebeststrategy. This

is similar to codinganI (intra coded)block in theH.263videocompressionalgorithm.

For eachblock,theestimatorshoulddecideif thebestmatchis goodenough.If not, the

givenblock is left intact. This processcreatesa mixedresidualimage,with someparts

having mostly edgesandhigh frequency information,andotherpartsblocksfrom the

original image.For residualblocksthatcontainsignificanthigh frequency information,

a uniform bandpartitioning(suchaswith DCT) works betterthanoctave-bandsignal

decomposition(see[83]), while octave-banddecompositionis desirablein blocksof the

original image.

Note that the Haartransformonly usestwo neighboringpixels to computethe

low andhigh frequency coefficients,thenmoveson to thenext pair. If theblock size �
is even,thenstartingat theleft edgeof theblock, theHaartransformcanbeperformed

without having to includepixels from outsidethe block for the computationof Haar-

waveletcoefficientsfor all pixels in theblock. Furthermore,this canberepeatedup toÈhV WZY O �,Ê levels without affecting coefficients from outsidethe � � � block. Herewe

proposeto useamixedimagetransform.This transformconsistsof aHaartransformof

threelevelsfor occludedblocksandDCT for otherswith theDCT coefficientsregrouped

into thewaveletsubbandsto line up with theHaar-transformedcoefficients.
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7.4 Experimental Results

In oursimulations,weusedthe �Z��Ë � �Z��Ë Roomstereoimagepair, andtheY component

of the color stereoimagepairs Aqua ( �ZË�� � � �Z� ) and Outdoors ( Ë��Z� � � � � ) shown

in Figure7.1. The referenceimagewastransformedusing the 9-7 filters. For DE, a

simpleschemewasusedwith a Ë3� -pixel horizontalsearchwindow. Occlusiondetection

consistedof looking for blockswheretheestimationerrorwasaboveagiventhreshold.

We presentour resultsboth visually andin termsof PeakSignal-to-NoiseRa-

tio (PSNR).For stereoimages,the PSNRis computedusingthe averageof the mean

squarederror(MSE)of thereconstructedleft andright images,

Q�?BRTSUC ���;V WZY I0[ ���Z� O# >@?BA ´ m >@?BA -|+({Z� 	
Firstwecomparedifferentmethodsfor thecodingof thedisparityestimatedleft

imagefor the RoomandAquapairs. The referenceimageis the JPEGcoded(quality

factor îZ� ) right image. (This is chosenin orderto be ableto comparethe resultswith

previouslypublishedwork [91].) Thebit ratefiguresincludethecodingof thedisparity

vectorfield. In thecaseof themixedtransform,for eachblock anextra bit is encoded

usingcontext basedarithmeticcodingto signalif thatblock is consideredasoccluded.

(In thecaseof independentcodingthereis noneedto encodeany disparityinformation.)

ThePSNRis computedusingtheMSE for theleft imagealone.TheJPEG-stylecoder

in our comparisonusesquantizationtablesfrom theMPEGpredictedframecoder.

Figure7.5 comparesindependentcoding,JPEG-stylecoding,overlappedblock

disparitycompensation(OBDC) [91], andmixed transformcoding. Mixed transform

codingsignificantlyoutperformsboth independentandJPEG-stylecodingwith a gain

of about � dB over the JPEG-styleencoding. It alsoperformsaswell or betterthan

OBDC codingwhichusesacomputationallymorecomplex disparityestimator.
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Figure7.5: Comparisonof independentcoding,JPEG-stylecoding,OBDC,andmixed
transformcoding for the left imageresidual(with referenceimageJPEG-codedwith
quality factor î�� ) for (a) theRoomand(b) theAquaimages.
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Figure7.6: Comparisonof 9-7 wavelet transform,Haar-transform,EZDCT-style, and
mixedtransformcodingfor theleft imageof theRoomstereopair.

Figure7.6shows theeffect of differentcodingtechniquesof theresidualimage

andcomparestheir performance.As canbeseen,the9-7 waveletfilters performpoor-

eston theresidualimage,followedby Haar-filtering, EZDCT-stylecoding,andmixed

transformcoding. Thedifferencesrangefrom �
	�� dB up to � dB for differentbit rates

betweenthepairsin theaboveranking.

A similar comparisonis givenfor theOutdoors imagepair in Figure7.7. These

imagescontainfewer occludedareas,andthenaturalimagesarealsoharderto predict

usingsucha simpledisparityestimator. Usingour mixedtransformstill producesup to�
	�� dB improvementover wavelet codingof the residualimage. While the resultsfor
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Figure 7.7: Comparisonof independentcoding, JPEG-styleimage coding, wavelet
transform,andmixedtransformcodingfor theleft imageof theOutdoorsstereopair.

thesetwo imagesimprovetheperformanceof DCT-basedtechniquesthey still fall short

of theperformanceof individualwaveletcodingof theseimagesby about �
	�� dB.

Figure 7.8 demonstratesthe effectivenessof the mixed transform. Occlusion

in the left imageoccursaroundits left edge. Figure7.8(a)shows the original image,

Fig. 7.8(b)shows the resultcompressedusingthe Haartransform,andFig. 7.8(c) the

outcomeafterusingthemixedtransform.Thewall areais moreuniformin Figure7.8(c)

becausethemixedcoderbetterpreservedtheoccludedblock.

For imagesthatdonotcontainsignificantoccludedinformation,theperformance

of themixedtransformcoderis almostidenticalto thatof theEZDCT-stylecoder.

Next we compareour proposedmethodandtheresultsfrom [12] for theRoom

pair. Goodresidualimageperformancealonedoesnot guaranteeoverall goodperfor-

mancewhentheentirestereoimageis concernedin anembeddedcodingscenario.Re-

call thatthedecoderusesthecompressedreferenceimageto recreatetheestimatefor the

predictedimage.If thecodingof theresidualimagetakesaway bits from thecodingof

thereferenceimage,theoverall resultmaynot beasgoodasthecodingof theresidual

imagewouldsuggest.

Figure7.9 demonstratesthis comparison.In this case,the left imageis chosen

asthereferenceimage.In thecomparison,“Boulgouris2” refersto new results[13] by
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a b c

Figure 7.8: Occludedareaof the left image of the Roomstereopair: (a) original,
(b) compressedwith theHaartransformat �
	¾�/� bpp,and(c) compressedwith themixed
transform�
	 ��� bpp.
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Figure7.9: Comparisonof proposedmethodwith theEmbeddedStereoCodingscheme
from Boulgourisandits improvedversionfor thefull Roomstereopair.

BoulgourisandStrintzis,obtainedby an improved versionof the original Embedded

StereoCoder. It useshalf-pixel accuracy for disparity estimationand a compressed

referenceimageto estimatethe predictedimage. Our proposedmethodoutperforms

this improvedalgorithmaswell by �
	�î�� to �5	ð� dB.

The original Roomstereoimagepair andits mixed transformcompressedver-

sion at �
	�� bpp is presentedin Figure7.10. At this rate, thereis little noticeabledis-

tortion betweentheoriginal andthecompressedimages.To fully evaluatetheeffect of

compressiononstereoperception,onewouldneedastereoviewer to fusetheseimages.

7.5 Summary

This work focusedon thecodingof the residualimagein a stereoimagecompression

scenario.Our methodspecificallyaddressesthe issueof the imagetransformandthe

handlingof the occludedblocks in the residualimage. We showed that by individu-

ally codingthe blocksof the residualimagecorrespondingto the DE process,we can

take advantageof the correlationpropertiesof residualimages. Occlusionis handled

by foregoing estimationfor thoseblockswhosepredictionis very distorted.Using an

embeddedencodingschemeenablestheencodingto bestoppedat any givenratewith-
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a b

c d

Figure7.10: (a) and(b) Theoriginal Roomimagepair and(c) and(d) mixedtransform
compressedversionof theRoomimageat �
	�� bpp.
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outhaving to performbit allocation.While theencodingis computationallysimple,our

simulationsshow improvementsoverpreviouslypublishedresults.

In future research,this work canbe extendedto investigatingthe propertiesof

residualimagesthatresultfrom moresophisticatedDE techniquesandapplyingsomeof

theproposedmethodsto improvetheircoding,especiallyfor thecaseof naturalimages.

This chapter, in part, is a reprint of the materialas it appearsin T. Frajkaand

K. Zeger. ResidualImageCodingfor StereoImageCompression.Optical Engineering,

42(1):182-189,Jan.2003. Thedissertationauthorwastheprimary investigatorof this

paper.



Chapter 8

Disparity Estimation Window Size

Disparityestimationplaysacrucialrole in many stereoimagecompressiontechniques.

To reducecomputationalcomplexity most,methodslimit theestimationsearchareato a

limited window. Theperformanceof thedisparityestimationdependson thechoiceof

thelimited searchwindow. Most techniquesusea predeterminedvaluefor thewindow

sizewhich is not optimal over a wide rangeof images. We show how the choiceof

thewindow sizeaffectstheperformanceof thestereoimagecompressionalgorithmand

proposeamethodto obtainabettersearchwindow size.Oursimulationresultsindicate

animprovementof upto �Z	 � � dB overrigid window sizeselectionandwith performance

verycloseto theoptimalselection.

8.1 Intr oduction

Disparityestimationaimsat finding thedisplacementof anobjectbetweentheleft and

right images.Unlike in motionestimation,thedisplacementbetweenthetwo imagesis

restrictedto a well defineddirectionfor all partsof the image. Block matchingbased

methodswereusedin [2, 93] andfurther reductionof complexity wasachieved with

89
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hierarchicalmatchingin [71,96,97] andby matchingusingselectivesampledecimation

in [40]. To improve the matchingperformanceof thesetechniques,othersproposed

morecomplex algorithmsfor disparityestimation,suchastheuseof overlappedblocks

[91], thecombinationof blockmatchingwith subspaceprojection[8, 70], rate-distortion

optimization[84], dynamicprogramming[35], andgeneralizedblock matching[69].

An overview of disparityestimationis givenin Section7.2.

To find the bestmatchfor any given block onewould needto searchover all

blocksof thecorrespondingimagepair. To reducethecomplexity of this operationthe

matchingis generallylimited to a smallerwindow. In previousworksthis window size

was somepredetermined,fixed value. Becauseof the natureof the true disparity in

images,sucha predeterminedvaluedoesnot tendto work well acrossa wide rangeof

images.

In this chapterwe proposean efficient methodfor determiningan estimatefor

thewindow sizeto beusedwith disparityestimation.Thisestimateis independentof the

actualdisparityestimationtechniqueusedandit reflectstheunderlyingcharacteristics

of the stereoimagepair. We also show how the choiceof window size affects the

codingrateof the disparityvectorfield for both fixed rateandvariablerateencoding.

Our simulationresultsshow thata propersearchwindow sizefor disparityestimation

canimprovecodingefficiency by up to 1.81dB overusingsomepredeterminedvalue.

Theeffectof thesearchwindow sizeis analyzedin Section8.2. Ourmethodfor

window sizeestimationbasedon examiningthecorrelationbetweentheshiftedimage

pairsis givenin Section8.3. Simulationresultsfollow in Section8.4 andwe conclude

with Section8.5.
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8.2 Disparity Window Size

Most disparityestimationalgorithmsusea predetermined,fixedmaximumsearchwin-

dow size, � . For example, the following window sizesor rangesof window sizes

were used: �/� in [90], ËZ� in [9, 7],
Á L � '�	}	�	}'`� � Æ in [70],

Á L©�Z�
'�	}	�	7'`�Z�5Æ in [97],Á L©ËZ�
'�	�	}	}'�ËZ�,Æ in [39, 40], and somefixed unspecifiedvalueswere usedin [84, 35,

12, 36]. Many of thesechoicesreflectthatdisparityestimationwasmodeledaftermo-

tion estimation.As notedabove,thedisparityof eachobjectis inverselyproportionalto

its distancefrom thecamera.A predetermined,fixedwindow sizemaynot work well

for any image.

Thebestdisparityestimateis a functionof thewindow sizeasgivenin (7.3). It

is non-decreasingin � , sincesearchingoveralargerareacanonly improvethedisplace-

mentestimate;i.e. if � I � �ùO then ½�
G K #0� I +Ì8 ½�

G K #0�ùO|+ for all blocksin theimage.Then,

thedisparityestimationdistortionis non-increasingin � , i.e.

½B��-*âlÓ/# Á ½� G K #0�ùO�+|Æ' �".-*â é +è8 ½B��-*âqÓP# Á ½� G K #0� I +�Æ' �"7-*â é + %4�ê� I 8:�ùO�'
sincesearchingfor thebestmatchovera largerareacanonly improvetheoutcome.

TheDVF needsto betransmittedto thedecoderfor thereconstructionof thepre-

dictedimage.Thetransmissionrate,
S ÓGE é , is a non-decreasingfunctionof thedisparity

searchwindow size, � . It is mostobvious in the caseof fixed lengthencodingwhereVXW�Y O � bits areusedto transmitadisparityvalue.

If the window size is smaller than the true disparity of certainobjectsin an

image,thedisparityestimationprocesscannotprovide thebestprediction,andtherate-

distortion performancecan be improved by increasing� . On the other hand, if the

window sizeis significantlylarger thanthedisparityof the objectsin the image,their

encodingmaynotbethemostefficient. Evenwith DPCMcodingfollowedby arithmetic
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codingfor theDVF, toolargeawindow sizeandthustoolargeapotentialmaximalvalue

woulddilute theprobabilitymodelandthusyield asub-optimalcodingrate.

In [31] theauthorsshowedthatusingadaptivearithmeticcoding,thedescription

length,
S

, of asourceof alphabetsize ¤ , is

S@C V WZY O IJJJK
Û d ILG Hc[ #&¤�m�%*+¬LG H$I � G*M

N�OOOP (8.1)

where � is thenumberof alphabetsymbolsthatoccurin thestreamto becompressed,

�
G

is thenumberof occurrencesof symbol % , and � is the total lengthof thestream.In

thecaseof DVF coding, � equalsthenumberof disparityvectorsand � is thenumberof

distinctdisplacementvalues.If only arithmeticcodingis used,then ¤ C � , andif it is

coupledwith DPCM coding,then ¤ C �3�=ms� .
Let ��Q� � e denotethe maximumtrue disparity of any object in the imageandS ÓGE é #0��Q� � e + the descriptionlengthusingan ideal disparityestimator. If onechoosesa

disparitywindow sizelargerthan ��Q� � e , thenthechangein ratefrom (8.1) isR S ÓGE é C S ÓGE é #0��+ÂL S ÓGE é #0� Q� � e +C V WZY O Û d ILG Hc[ #0¤
 ~m�%*+1{
¬�SLG H$I � �G MÛ d ILG Hc[ #0¤ Q m=%*+1{
¬LG H$I � GGM (8.2)

where¤ Q and ¤T arethenumberof possibleinputsymbolsto thearithmeticcodingusing

window sizesof � Q� � e and � , respectively; � � Ç�� , i.e. thenew disparityvaluesfound

by increasingthewindow sizefrom ��Q� � e to � areaddedafter theinitial � foundusing

awindow sizeof ��Q� � e ; � G and � �G representtheoccurrenceof thesamesymbol,obtained

usinga searchwindow sizeof �UQ� � e and � , respectively. For � � % 8 �U� , � G C � and
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for some% 8 � , � �G canbecomezero.For suchcaseswe adopttheusualconventionthat� M C � in (8.2).

Note, if �U� C � , the increasein disparitywindow sizedoesnot affect theDVF

andonecanjust transmit � � � e to thedecoderandonly incur a smalloverheadpenalty

for choosingtoo largea disparitywindow size. Unfortunately, becauseof photometric

variationsandocclusion,thedisparityestimationprocessoftenfindsfalsematchesfor a

blockbeyondthetruedisparityof theobject.

Since�DÇ�� Q� � e , let � C � Q� � e m R  and ¤
 C ¤ Q mWV � . To show thattherate

doesnot increasewith increasingwindow size,it sufficesto show that theargumentof

thelogarithmin (8.2) is greaterthan1.

WehaveÛ d ILG Hc[ #&¤
 �m=%*+Û d ILG Hc[ #0¤ Q m=%*+ C Û d IX G Hc[ ¤�QMmYV � m�%¤ Q m�% � Þ �èm V �¤ Q m=��L:� ß Û (8.3)

and ZL[]\
^�_ [ MZ SL[]\
^�_ �[ Ma` Z SX []\
^ _ [ M_ �[ M (8.4)` X[�b cedgfUc Sd�h�h _ji[lk�mon�pqpqp _ [ n X[�b ced�rUc Sd mh _ [ k�m:n�p�pqp _ i[s X[�b cedgfUc Sd�h _ji[lk�m:n c�dgtUc Sd X[�b cedgrUc Sd�h m:u _ji[en c S d tUceds h _ iv [xw9y z k�mon�{ d}| ~ d�� ~ S d*� ced�tUc Sd�� h m:u _ iv��7� y � n�{ d}| ~ dg� ~ S d*� c S d tUc�d �` � _ iv [xw9y z�k�m_ iv��7� y � � { d}| ~ dg� ~ S d*� c�dgtUc
Sd��

(8.5)

where � [�b c�dgfUc Sd h _ [%� _ i[ n ` � [�b cedgrUc Sd h _ i[ � _ [ n , _ iv [=w9y z `������ [�b c�d�fUc Sd _ i[ , and



94_ iv��4� y � `>���;� [�b ced�rUc Sd _ i[ .
Thus(8.3)and(8.5) imply that� t<^�[]\�� h�� � kY��n�u Z S�[]\
^ _ i[��� t<^�[}\�� he� z kY��n�u Z�[]\
^�_ [ � ` � t<^�[]\�� h�� � kY��n� t<^�[}\�� he� z kY��n

Z�[]\
^ _ [ �Z S�[]\
^�_ i[�� (8.6)

s h m�k V w� z k�� � m n � � _ iv [xw9y z�k�m_ iv��7� y � � { d}| ~ d � ~ S d � cedetUc
Sd � p (8.7)

In practice,thechangesin theoccurrencecountarearoundoneor two andthe

numberof all changesis typically lessthanoneor two percentof all disparityvectors.

Thefirst termontheright handsideof (8.7)is alwaysgreaterthan m . Thesecond

termis approximatelyoneif arithmeticcodingis usedwithout DPCM,or whenDPCM

andarithmeticcodingareused,but all thedisplacementvectorsfoundusingthe larger

window sizecreatenew differencevalues.

For DPCM followedby arithmeticcoding,the ratio h _ iv [xw9y z k m:n�u _ iv��7� y � canbe

lessthan m if the new displacementvaluescreatedifferencesthat existed for window

size ¡ z . In thatcase,thelowerboundin (8.7) is notusefulin boundingtheratio in (8.6).

For this case,weevaluatedtheactualvalueof this ratio for ¢�£ testimagesin the

following experiment.For eachstereoimagepair, first theoptimalwindow size ¡ z was

estimatedusingexhaustivesearchdisparityestimationwith awindow sizeequalto half

theimagesize.Then ¡ z waschosenasthelargestdisplacementvaluethatwasusedfor

at least1% of all blocks. Giventhevaluesof ¡ z , theratio in (8.6)wascomputedusing¤ ` ¡ z k¥m , ¤ ` ¡ z k�¦ , ¤ ` ¡ z k¥mo§ , ¤ ` ¡ z k�¦�§ , and ¤ ` ¡ z k¥mo§�§ . For all images

andfor all window sizechoices,theratiowasobservedto alwaysbelargerthan1. While
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this observationis not alwaysguaranteed,for practicalpurposesweassume� t<^�[}\�� he� � k��Gn�u Z S�[}\
^�_ i[ �� t<^�[]\�� h�� z kY��n�u Z�[]\
^�_ [ �©¨ m
for both DPCM/arithmeticcodingandplain arithmeticcodingof the disparityvector

field.

Thechoiceof theoptimalwindow sizeis imagedependent.Since¡ zv��4� is gener-

ally unavailableat thetime theimagesarecompressed,it is necessaryto beableto find

a goodmaximumin real time without having to performan exhaustive search.Using

predetermined,fixedvaluesdoesnotwork well overawiderangeof images,asis shown

in Tables8.1 and8.2. Theseresultswereobtainedfor the following threeimages:the¢ ¦�ª¬« ¢ ¦�ª syntheticRoomstereoimagepair, andthe ª��§¬«®�¯�§ Outdoors andCloseup

imagepairs(Figure8.1). Thedisparityestimationandtheencodingarethesameasin

[26], wherethe DVF wasencodedusingDPCM followed by adaptive arithmeticcod-

ing. Theoptimalwindow sizewasdeterminedusinganexhaustivesearch.It is optimal

given the encodingmechanismandthe target bit rate. The choiceof a predetermined

window sizeof ª� displacementvalueswasmotivatedby previous resultsin the liter-

atureusingthat value. Thepeaksignal-to-noiseratio (PSNR)for thepredictedimage

alone(Table8.1) is definedas °²±´³¶µ ` mo§ VXWZY ^�� ¢ ¦�¦9·¸B¹jºG»�¼ (8.8)

andfor thestereoimagepair (Table8.2)as°½±´³¶µ ` mo§ V WZY ^�� ¢ ¦�¦9·h ¸¾ºG»*¿ k ¸F¹jºG»�¼ n�u ¢ p (8.9)
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The notation

°²±À³Áµ
heÂ n in the tablesrefersto the PSNRobtainedusinga maximum

window size Â in thedisparityestimationprocess.

Theseresultsindicatethatusingtheoptimalwindow sizeis alwaysbetterthan

usinga predeterminedone. In thecaseof theCloseupandRoomimages,the improve-

mentrangesbetween§#p £ m dB and m�p=Ã�ª dB for thepredictedimagealone,and §#p'§�Ä dB

and §#p'Ä�¦ dB for thestereoimagepair. Notethatwith theRoomstereopair, theoptimal

window sizeis smallerthanthepredeterminedvalue,while with theCloseupimageit is

larger.

8.3 Determining Disparity Window Size

Conductinga full searchoverall possibledisparitysearchwindow sizevaluesis a time

consumingprocess.It is alsoanalyticallydifficult sincethedisparityandtheresulting

distortionareimagedependent.Evenquick searchmethodsaredifficult to implement

becausethedistortionat agiventargetrateis notamonotone,concave,or convex func-

tion of thedisparitywindow size,asrevealedin Figure8.2.

Hereweproposeaheuristicapproachthatyieldsgoodresultsfor many different

stereoimagepairs.

In [93] the authorsusecorrelationmeasurementsbetweenthe shifted left and

right imagesof thestereopair to determinea globaldisparityvector. Themaximumof

the correlationis assumedat the “average”disparityof the image. While usingjust a

singlevaluefor theentireimageis not theoptimalstrategy, it still givesanindicationof

thetypicaldisparityvaluesto befoundin theimagepair.

We usea similar strategy basedon thecorrelationcoefficient betweentwo im-

ages:
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Table8.1: Effect of disparitywindow sizechoiceon predictedimagePSNRalone. L
or R indicateswhetherthe left or right imagewaspredictedusing the uncompressed
versionof the other image. The rate is the sumof the rateof the DVF (codedusing
DPCMandarithmeticcoding)andthedifferenceimage.

image L or R rate ¤ÆÅ ¹ � °²±´³¶µ
h ª��n

°²±´³¶µ
h ¤ÆÅ ¹ � n

(bpp) (dB) (dB)

Room L §#p�m mo§ £ §#p=¦lm £ m�px¦ £
Room R §#p�m mo§ £�¢ p £ Ä £�¢ pxÃ9§
Closeup L §#p ¢ m:Ãlm ¢ �p'§ £ ¢ ¦lp'�Ä
Closeup R §#p ¢ ¢ ª ¢ ¢�£ p'Ä�¦ ¢ ¦lpxÃUm
Outdoors L §#p ¢  £  ¢ m�p=Ã9 ¢ m�p=¯ ¢
Outdoors R §#p ¢ £ ¯�ª ¢ m�p=Ã�Ã ¢ m�p=¯�¦

Table 8.2: Effect of disparity window size choiceon overall imagequality. L or R
indicateswhethertheleft or right imagewaspredictedusingthecompressedversionof
the other image. The rateis the sumof the rateof the DVF (codedusingDPCM and
arithmeticcoding),thedifferenceimage,andthereferenceimage.

image L or R rate ¤ÆÅ ¹ � °²±´³¶µ
h ª��n

°²±´³¶µ
h ¤ÆÅ ¹ � n

(bpp) (dB) (dB)

Room L §#p ¢ mo§ ¢ ÃlpÇ�¦ ¢ Ãlp=Ä £
Room R §#p ¢ mo§ ¢ Ãlp'Ä £ ¢ ¯#p=§ ¢
Closeup L §#pÇ m:Ã�Ã ¢ Ä#pÇ�¯ £ §#p £�£
Closeup R §#pÇ ¢ Ã £ ¢ Ä#p ¢ Ã £ §#p ¢�¢
Outdoors L §#pÇ Ä#m ¢�£ p�mo¯ ¢9£ p ¢ §
Outdoors R §#pÇ Ä�Ã ¢�£ p�moª ¢9£ p�moÃ
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(a) (b)

(c) (d)

(e) (f)

Figure8.1: Original imagesof the(a)-(b)Room, (c)-(d) Closeup, and(e)-(f) Outdoors
stereopairs.



99

0 50 100 150 200 250 300 350 400 450 500
60

62

64

66

68

70

72

74

76

disparity window size

M
S

E
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asa function of maximumwindow size ¤ for the Closeup
stereoimagepair at anoverallbit rateof §lp' bpp.

É h�Ê ^ÌË Ê · n ` É²Í:Î h�Ê ^jË Ê · nÏ<ÐGÑ�Ï<Ð�Ò
whereÊ ^ and Ê · areimagesgivenby their intensityvalues,and

ÉÓÍ:Î h pxn is thecovariance

(theexpectationsaretakenover the sampledistribution of the images).As oneimage

is shiftedwith respectto theother, columnsat theleadingendof theshifting move out

of theimageandcolumnson thetrailing endneedto befilled. We proposeto fill those

usinga mirroring of thecolumnsat the trailing end. This is a naturalextensionof the

disparityestimationprocess.In disparityestimation,onetries to find matchingblocks

along the samehorizontaldirection for eachblock. However, at the far edgeof the

matching,thatdirectionpointsoutsidetheimageatwhichpoint theestimationwill look

for matchesin thereversedirection.

This is a computationallycomplex processsincethe correlationis determined

for eachdisparity value. We perform the correlationcomputationon a subsampled

versionof the imagesinstead. For computationalsimplicity, the subsamplingis car-

ried out asa successionof averaging. Using imagessubsampledby ¯ in eachdirec-
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tion reducesthe computationalcostby a factorof ª9 . Let
ÉÕÔ h ¡ n denotethe correla-

tion value for shift ¡ when the imagessubsampledby ¯ in eachdirection are used.

Oncethesecorrelationvaluesare obtained,the algorithm finds the maximumvalue,ÉÕÔ y v��7� `Ö�×�:� ¼ ÉÕÔ h ¡ n . Let ¡ denotethevalueafterwhich thecorrelationdropsbelowÉÕÔ y v��7� u ¢ , that is
ÉÕÔ h ¡ n ¨ ÉÕÔ y v��4� u ¢ , but

ÉÕÔ h ¡ kØm:nÚÙ ÉÕÔ y v��7� u ¢ . The window size is

chosenas ¤ÜÛ ` ¯ ¡ , thedisplacementcorrespondingto ¡ in the full resolutionimage.

Theparticularchoiceof the factorof m:u ¢ asthecutoff valuewasmotivatedby experi-

mentsthatindicatedgoodapproximationof theoptimaldisparitywindow sizegiventhe

DVF encodingmethodandthetargetrate.

This resultsin a lessaccurateestimateof thewindow sizeasit is quantizedto

thesubsamplingfactor, but it allowsa fastercomputation.

8.4 Simulation Results

We testedour proposedmethodover a large set of test images. The PSNRis com-

puted as definedin (8.8) and (8.9). Tables8.3 and 8.4 show the resultsusing the

correlationbasedestimationfor maximumwindow size. Two different scenariosof

pre-determinedwindow sizesareshown aswell. Thecorrelationbasedapproximation

works very well, especiallywhencomparedwith pre-determinedwindow sizes. Nei-

therof thepre-determinedvaluesshow aclearadvantageover theotherpre-determined

value,indicatingthatonefixedchoicedoesnotwork for all images.Ourproposedtech-

niqueyields the bestperformanceon most images,outperformingthe fixed choiceof

64 in 82%of all all cases,andthefixedchoiceof 200in 78%of all cases.Our results

trail the bestachievable result given by exhaustive searchfor the given DVF coding

techniqueby a rangeof §#p'§ ¢ dB to m�p=§lm dB.

Whencomparedwith a schemewith a predeterminedwindow sizethis method
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increasescomplexity dueto thecorrelationcomputation.This increaseis far lessthan

performingafull searchdisparitycompensationandencodingof theDVF andtheresid-

ual imageto find thetrueoptimumvalue.

8.5 Summary

We presenteda techniquethatestimatestheoptimalchoicefor thedisparityestimation

searchwindow size. It canbecombinedwith any particulardisparityestimationalgo-

rithm. Theperformanceimprovementdueto anadaptivechoiceof searchwindow is up

to m�p'¯#m dB. While it leadsto someincreasein computationcomplexity, our proposed

methodis still computationallylesscomplex thantrying to find theoptimalwindow size

usinganexhaustivesearch.

This chapter, in part, hasbeensubmittedfor publicationas: T. FrajkaandK.

Zeger. DisparityEstimationWindow Size. Optical Engineering, Dec. 2002. Thedis-

sertationauthorwastheprimaryinvestigatorof thispaper.
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Table8.3: Comparisonof predetermined,optimal,andapproximateddisparitywindow
sizechoiceson the predictedright imagequality at §#p ¢ bpp usingthe left imageasa
referenceimage. The rateis the sumof the rateof theDVF (codedusingDPCM and
arithmeticcoding)andthedifferenceimage.

°½±´³¶µ °²±À³Áµ °²±´³¶µ °½±´³Áµ
Image Size ¤ÆÅ ¹ � ¤ÜÛ h ¤ÆÅ ¹ � n h ¤ÜÛ n h ª��n h ¢ §�§�n

(dB) (dB) (dB) (dB)

Toys ¢ m ¢ «Ým £  m ¢ £�¢ £ §lp�mq Þ%ßAàgá%â ¢ ¯#p'Ä�¯ ¢ ¯#pxÃ9Ä
Fruit ¦lm ¢ «ã¦lm ¢ ¦�§ £ £�¢ £ #p=ª�Ã á�äåàgÞ%â £ �p'§� £�£ p=ª�ª
Whgarden ¢ ¦�§æ« ¢ ¦�§ ¢ Ä ¢  ¢ ¦Up=Ä�¯ Þ%çAàgè%ß ¢ ¦lp=Ã�§ ¢ ¦lp'�ª
Cart ¢ ¦�§æ« ¢ ¦�§ ª�Ä ª9 £ §lp=Ä� á<éêàgè%è á<éêà�èTè £ §#p £ ¦
Parts ¦lm ¢ «ã¦lm ¢ �¦�ª ¢ ª9 £ ¦Up'�§ á%áAàgßêë £�£ pÇ £ £�£ p=ª�¯
Rubik ¦lm ¢ «ã¦lm ¢  �§  ¢ p'� ä�ë<àgè%ß �m�p'¯�ª #m�pxÃ�Ã
Arch ¦lm ¢ «ã¦lm ¢  ¢   ¢ px¦�¦ ä�ë<àgá%ß �§#p £ ¦ �§#px¦ £
Room ¢ ¦�ªæ« ¢ ¦�ª mo§ mqª £ ¦UpxÃ £ á%çAàgâ%è £ ¦lp=¦�¦ £ ¦lp�mo¦
Closeup ª��§æ«ì�¯�§ ¢ ª ¢ m ¢ ¯ ¢ ¦UpxÃlm Þ%çAàgç%á ¢�£ p'Ä�¦ ¢ ¦lp'�Ä
Outdoors ª��§æ«ì�¯�§ £ ¯�ª m ¢ § ¢ m�p=¯�¦ ¢ m�p'¯�§ ¢ m�p=Ã�Ã Þêë%à�èêë
Oldbridge £�¢ §æ«ÝmoÄ ¢ £ m:Ã ¢  ¢ ¦Upx¦�¦ Þ%çAà�ä
è ¢ ¦lpÇ�§ ¢ ¦lp ¢ Ã
Ball ¦lm ¢ «ã¦lm ¢ ¦lmo§ ¢   £ px¦ £ ä�ë<àgß%ß �m�p £ Ä #m�p'�Ä
Book1r ¢ ¦�§æ« ¢ ¦�§ ª �§ £ #p'�ª á%áAàgá%Þ £�¢ p'Ä�ª £�¢ px¦�¦
Plants ¦lm ¢ «ì�§�§ m�m ¢ m ¢ § £ §lp ¢ Ä á<éêàgÞ
í ¢ ¦lp=Ã�¯ £ §#p�m�
Cart-alt ¢ ¦�§æ« ¢ ¦�§ ¦�Ã �§ £�¢ p ¢ § á%ÞAà*ë�é £�¢ p'§�¦ £ m�p=ª�ª
Bottle £�¢ §æ« ¢ �§ m:Ã �¯ ¢ ÃUpx¦ £ Þ
í
àgÞ�ä ¢ Ãlp'§�Ä ¢ ª#p=ª�¦
Apple ¦lm ¢ «ã¦lm ¢ ¦�§� moÄ ¢ ¢ ªlp=§�Ä ¢ ¦lp £ Ä Þ%çAà�ä�ß ¢ ¦lp £ Ä
Manege Ã ¢ §æ« ¢ ¯�¯ £ m Ã ¢ ¢ ªlpxÃ�Ã ¢ ª#p=¦�§ Þ%âAà�ç<ä ¢ ª#p=§�Ã
Book ¦lm ¢ «ã¦lm ¢  ¯�¯ £ ÃUp'�¦ £ ¦lp=¦�§ á%çAà�â�í £ ¦lp�mq¯
Aqua £ ª�§æ« ¢ ¯�¯ ¢ ¦lm Ã ¢ ¢ ªlp=§� ¢ ¦lp=¦ ¢ ¢ ¦lpÇ�Ã Þ%çêà�è%è
Sphere ¢ ¦�ªæ« ¢ ¦�ª ¢ ¦ ¢ ¯�§ £�£ p�m:Ã £�¢ p'ª#m £ §#p�m:Ã á%Þêà�ß
í
Tunel Ã ¢ §æ« ¢ ¯�¯ ¦�§�Ä �¯ ¢ ÃUp £ m ¢ ¦lp=¦�¯ ¢ ¦lp'ª� Þ%âêà�ä
â
Fjord ¢�£�£ « ¢ ¦�ª  m ¢ § ¢ ¯lp=ª�§ ¢ ¯#p £ ¦ ¢ Ãlp'Ä £ Þ%èêà�ç�ä
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Table8.4: Comparisonof predetermined,optimal,andapproximateddisparitywindow
size choiceson overall imagequality at §lp' bpp using the left imageas a reference
image.Therateis thesumof therateof theDVF (codedusingDPCM andarithmetic
coding),thedifferenceimage,andthereferenceimage.

°½±´³¶µ °²±À³Áµ °²±´³¶µ °½±´³Áµ
Image Size ¤ÆÅ ¹ � ¤ÜÛ h ¤ÆÅ ¹ � n h ¤ÜÛ n h ª��n h ¢ §�§�n

(dB) (dB) (dB) (dB)

Toys ¢ m ¢ «Ým £  m ¢ £�¢ £�£ pxÃ�ª á%áAà*ë�ä £�¢ p=Ã�Ã £�¢ pxÃ�Ã
Fruit ¦lm ¢ «ã¦lm ¢ ¦ £�¢ £ ¯lp�moÄ á
í
àgß%Þ £ Ãlp=Ã�Ã £ Ãlpx¦9Ä
Whgarden ¢ ¦�§æ« ¢ ¦�§ £�£ ¢  ¢ ¯lp=§�¯ Þ%èAà�éTÞ ¢ Ãlp'Ä�ª ¢ Ãlp=Ä�§
Cart ¢ ¦�§æ« ¢ ¦�§ Ã�§ ª9 £ ¦Up�m�m á%çAà*ë�é á%çAà�ëUé £ �pxÃ9ª
Parts ¦lm ¢ «ã¦lm ¢ �¦�ª ¢ ª9 £ Älp=ª ¢ á%ßAà�éåë £ ¯#p'Ä ¢ £ ¯#p=Ä�¦
Rubik ¦lm ¢ «ã¦lm ¢ ¦ �§ �ªlp=¯�Ä ä
âAàgâ%â �ª#p'ª� �ª#px¦;
Arch ¦lm ¢ «ã¦lm ¢  ¢  �¦Up�moª ä%äåàeí�ç ��p=Ãlm ��pxÃ9§
Room ¢ ¦�ªæ« ¢ ¦�ª m�m mqª £�£ px¦9 á%áAàgç%Þ £�£ pÇ�ª £�£ p ¢ ¯
Closeup ª��§æ«ì�¯�§ ¢ Ã £ m ¢ ¯ £ §lp ¢�¢ á<éêà*ëUè ¢ Ä#p ¢ Ã £ §#p�m £
Outdoors ª��§æ«ì�¯�§ Ä�Ã m ¢ § ¢�£ p�m:Ã Þ%áAà*ë#í ¢�£ p�moª ¢9£ p�mqª
Oldbridge £�¢ §æ«ÝmoÄ ¢ m�m ¢  ¢ ªlp=¯�§ Þ%âAàeí�â ¢ ª#p=Ã�§ ¢ ª#p=ª9
Ball ¦lm ¢ «ã¦lm ¢ ¦�§�ª ¢  �¦Up £  ä%äåàgß%ß ��p'¯#m ��pxÃ £
Book1r ¢ ¦�§æ« ¢ ¦�§ ¦ �§ £ ÃUp=¯�¦ á
í
àgÞ�ä £ Ãlp'§�Ã £ ª#p=¯ ¢
Plants ¦lm ¢ «ì�§�§ mo§�Ä m ¢ § £�£ p=¯�Ã á%áAàgè�ä £�¢ p'§ £ £�£ pxÃ�Ã
Cart-alt ¢ ¦�§æ« ¢ ¦�§ ¢ ¦ �§ £ ªlp'�§ á%âAàgá%Þ £ ª#p ¢ m £ ª#p=§�¦
Bottle £�¢ §æ« ¢ �§ mo¯ �¯ ¢ ªlp ¢ ª Þ%âAà*ëUè ¢ ª#p�m ¢ ¢ ¦lp=Ä�¦
Apple ¦lm ¢ «ã¦lm ¢ ¦�§� moÄ ¢ ¢ ÃUpx¦9 ¢ Ãlp ¢�¢ Þ
í
à�á%é ¢ Ãlp ¢9£
Manege Ã ¢ §æ« ¢ ¯�¯ £ m Ã ¢ ¢ ¯lp�mo¯ ¢ ¯#p'§�Ä Þ%èAà�ëTë ¢ Ãlp=Ä�Ã
Book ¦lm ¢ «ã¦lm ¢  ¯�¯  ¢ p £  �m�p £�£ ä�ë<à�äTä #m�p=§�¯
Aqua £ ª�§æ« ¢ ¯�¯ ¢ ª�ª Ã ¢ ¢ ªlp=§ ¢ ¢ ¦lp'¯�§ ¢ ¦lp=Ã�¯ Þ%çêà�ß%ç
Sphere ¢ ¦�ªæ« ¢ ¦�ª ¢  £ ¯�§ £�¢ p=Ä�Ä £�¢ p'¯#m £ m�p'Ä�¯ á%Þêà�ß%á
Tunel Ã ¢ §æ« ¢ ¯�¯ ¦lmo§ �¯ ¢ ¯lp=¯�¦ ¢ ¯#p�m £ ¢ ¯#p�m £ Þ%èêà�ä
è
Fjord ¢�£�£ « ¢ ¦�ª  m ¢ § £ §lp�moª ¢ Ä#p'¯�§ ¢ Ä#p'ª�¯ Þ%ßêà�è%â
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Chapter 9

DownsamplingDependentUpsampling

of Images

Downsamplinganimageresultsin the lossof imageinformationthatcannotberecov-

eredwith upsampling.Wedemonstratethattheparticularcombinationof downsampling

andupsamplingmethodsusedcansignificantlyimpactthereconstructedimagequality,

andthenweproposeatechniqueto identify patternsassociatedwith differentdownsam-

pling methodsin orderto selecttheappropriateupsamplingmechanism.Thetechnique

is low complexity andachieveshighaccuracy overawide rangeof images.

9.1 Intr oduction

Digital imagerycanbeviewedonvariousdifferentdisplaysizes,dependingontheelec-

tronic device beingused(e.g. computermonitor, laptopcomputerscreen,PDA, cell

phone,etc.).Similarly, digital camerasoffer awiderangeof imageresolutions,yielding

imagesof variousdifferentsizes.

The choiceof display size is typically determinedby someconstrainton the
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device,suchasits size,price,quality, etc.Oftensmalldisplaysizesareusedondevices

with limited amountsof on-boardmemory. If a large amountof memoryis available,

a full resolutionimagecanbestoredandlocally subsampledfor viewing on thegiven

screensize. However, if the on-boardmemoryis tightly limited, this may not be a

feasibleoption. In sucha case,typically the device could eitherstorethe appropriate

resolutionimageor only someportionsof theoriginal.

A lower resolutionimagecan be obtainedby manipulatingthe imagein the

spatialdomain.A comparisonof someof thesetechniquesfor imageresamplingis given

in [58]. Whentransmittedover limited bandwidthcommunicationchannels,imagesare

oftencompressedto conserve resources.

Imagecompressionalgorithmsneedto allow flexibility in choosinga decom-

pressionresolution.Thispropertyis called“spatialscalability”. With spatialscalability,

differentdevicescandecodedifferent resolutionversionsof the sameimagewithout

having to encodethe sameimageto several differentdecodingresolutions.Both the

original JPEGstandardandthemorerecentstandard,JPEG2000,have built-in modes

for spatialscalability.

Oncea lower resolutionimageis decoded,a displaydevice typically doesnot

haveaccessto thefull resolutionimageany more.If theuserwantsto resendtheimage

to a differentreceiver whosedevice is capableof displayingtheimageat a higherreso-

lution, theimageneedsto beupsampledat thereceiver to make full useof thedisplay’s

capabilities.

A challengingtaskin imageupsamplingis to bestpreserve thesharpnessof the

edgesin theimage.Traditionalspline-basedmethods[30, 38, 86] resultin sharperedge

reconstructionwhencomparedwith linearfiltering approaches.YangandTruong[94]

proposedinterpolatedî th bandfilters for imagesizeconversionandachievesomeim-

provedimagequality. Edge-directedmethods[1, 34] seekto identify edgesatasubpixel
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level in the downsampledimageandavoid their smoothingin the resizingoperation.

Atkins et al. gave two methods[4, 5] thataimedto locally find anappropriatefilter for

thescalingof eachpixel. Both methodsrequiretrainingfor theclassifierandtheselec-

tion of eachfilter’s parameters,but they differ in theparticularclassificationtechnique

used.

All of theabovetechniquesprocessanimagein thespatialdomain.A transform

domainapproachwastaken by Changet al [15]. Their solution is basedon the evo-

lution of the local minimaandmaximain thedifferentfrequency bandsof thewavelet

transformedimage. Theselocal extremacorrespondingto edgesin thespatialdomain

areusedto estimatethe high frequency coefficientsthat arelost in the downsampling

process.

DugadandAhuja [25] introducedan imageresizingmethodusingtheDiscrete

CosineTransform(DCT) that showed improved imagequality when comparedwith

bilinearspatialdomaininterpolation.They alsofoundthatthismethodperformswell on

imagesthatweredownsampledusingbilinear interpolation.MukherjeeandMitra [55]

presenteda modificationof this techniquebasedon subbandDCT [37] andextended

DugadandAhuja’smethodto color images.

In this paper, we confirm that the performanceof the upsamplingprocessde-

pendson the particularupsamplingmethodaswell as on the downsamplingmethod

usedto obtainthelower resolutionimage.Weproposeamethodthatestimatesthetype

of downsamplingmethodusedby lookingfor “signatures”of differenttechniquesin the

downsampledimage.Usingthis type-estimatewechooseaspecificupsamplingmethod

thatresultsin improvedimagequality. In many cases,thedifferentupsamplingmethods

result in seeminglysimilar images,but theseimagesmay differ by m � ¯#p=¦ dB when

comparedwith theoriginal image.Thedifferencesusuallyoccurin thereconstruction

of the imageedgeswhich canbevisually significantif theupsampledimageis subject
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to furtherimageprocessingor edgedetection-basedimageanalysis.

Section9.2 demonstratesthe importanceof using the appropriateupsampling

methodfor a givendownsampledimage. Section9.3 describesour proposedmethod.

Simulationresultsareshown in Section 9.4andweconcludein Section9.5.

9.2 SubsamplingDependentUpsampling

Subsamplingfollowedby upsamplingis aninherentlylossyprocess,sothattheresulting

imagewill differ from the original. The information lost in downsamplingcannotin

generalbe fully recovered. With a correctchoiceof an upsamplingmethod,onecan

avoid introducingfurtherdistortioninto thereconstructionprocess.

In order to demonstratethat differentcombinationsof downsamplingandup-

samplingtechniquesyield differentresultswe usedthefollowing experiment.A setof

testimagesweredownsampledto onefourth of their original size(i.e. eachdimension

wasdividedin half) andthenresampledto theoriginal resolution.Thefollowing three

methodswereusedfor subsampling:ï bilinear : Thesubsampledvalueis theaverageof thefour correspondingintensity

values.ï DCT: For each̄Æ«½¯ block in theoriginal image,aDCT is performed.Usingonly

thetop left ×«ð block of DCT coefficientsin each̄�«ñ¯ block, a Ú«ã inverse

DCT is performed(see[25] for moredetails).ï wavelet: A singlelevel wavelettransformis performedusing9-7 filters [3]. The

appropriatelyscaledLL bandgivesthesubsampledimage.

Similarly theupsamplingmethodsin theexperimentarethefollowing:
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sampledimageandperformsabilinearinterpolation.ï DCT: Theimageis processedin Ü«Ó blocks,performingtheDCT oneachblock.

The Ú«® DCT blocksarethenplacedin theupperleft cornerof an ¯�«ã¯ block

of all zerosandtheinverseDCT is performedon the ¯æ«®¯ blocks(see[25]).ï wavelet: Theimageto beupsampledis taken(with appropriatescaling)to bethe

LL bandof a singlelevel wavelet transformwith all high frequency bandssetto

zeroandtheinversewavelettransformis performedusing9-7 filters.

Thetablesin Appendix9.6 indicatethattheparticularsubsampling-upsampling

combinationcanhaveasignificantquantitativeeffecton thePSNRof thereconstructed

image.Dependingontheimageandthecombinations,thedifferencebetweentheworse

andbestcanbeupto ¯lpx¦ dB! It is alsoclearthatbilinearinterpolation-basedupsampling

is never optimal. DCT-basedupsamplingis preferredfor imagesthatresultfrom DCT-

basedor bilinearsubsampling.Waveletupsamplingperformsbestfor imagesobtained

with wavelet-baseddownsampling.Thisparticularcombinationachievedthebestover-

all PSNRfor 84%of the test images.ThePSNRresultsareimportantin applications

wheretheimageis furthersubjectedto someimageprocessingor if it is usedfor differ-

entialcoding.

For humanobservers,the visual imagequality is important. Figure9.1 shows

a comparisonbetweenthe reconstructedLena images. The downsamplingmethodis

thesame(wavelet-based),andthedifferenceis in theupsampling:wavelet-basedversus

DCT-based.Eventhoughwavelet-basedupsamplingresultsin animagethatis ¦lp'§�ª dB

betterthantheDCT-basedimage,thedifferencesarevisually verysmall.

Figure9.2 shows wherethetwo imagesdiffer. It wasobtainedby rescalingthe

differenceimagebetweenimages(a)and(b) in Figure9.1.Pixelsthataremediumgray
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(a) (b)

Figure 9.1: ReconstructedLena image with wavelet-baseddownsamplingand (a)
wavelet-basedupsampling(35.25dB), (b) DCT-basedupsampling(30.19dB).

indicatewherethetwo imagesareidentical;darker andlighter pixelsshow wherethey

differ. Thedifferencesoccuraroundtheedges,while thesmoothareasarereconstructed

thesame.While theshiftingof theedgetransitionsis visuallynotverynoticeable,such

changesrepresentasignificantcontribution to thePSNR.

9.3 ProposedAlgorithm

The differentsubsamplingtechniquesyield slightly different imagesat lower resolu-

tion. Most of thedifferencesconcentratearoundtheedgeregionsof theseimages.All

threetechniquesdiscussedherecanbethoughtof asafiltering followedby decimation.

Figure9.3showsthefilteredstepedge( § to m and m to § transitions)profilesbeforedec-

imation for thebilinear, DCT, andwaveletmethods.In thebilinearandwaveletcases,

thefiltersaregiven.In theDCT case,thefilter responsewascompiledfrom thesubsam-

pledversionof two stepedgesthatareshiftedonepositionwith respectto eachother.

(Note that in theDCT casethe responsealsoslightly variesdependingon the location
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Figure9.2: Therescaleddifferenceof imagesFig. 9.1 (a) and(b). Mediumgray levels
indicatewherethe two are identical. The differencesare the dark andbright colored
areas.

of theedgewithin theboundariesof the ¯¬«®¯ blocks.)

Thesefiguresindicatethat theedgeresponseof thebilinearandDCT casesare

similar in slope,beingcloseto a smoothlinear transition. Thewavelet responsetrails

below thelinearslopein thecaseof therisingedge,while it goesabovethelinearslope

in thecaseof thefalling edge.

In thedownsampledimageonly half of theseedgepointsarepresent.Depending

on the locationof anedgein the image,it is representedby eithertheoddor theeven

samplesof thesetransitions.

In ourproposedmethodweuseblocksformedfrom theseoddandevensamples

as“signatures”of thedownsamplingmethodto be identified. In thecaseof a vertical

edge,identicalrows of thesamplesform theblock,while for horizontaledgesthesam-

plesareplacedin the columns. To avoid falsematchesthe numberof theseidentical

columnsor rows shouldbe greaterthanone. However, very few real life imageshave
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Figure9.3: Edgeresponseof thebilinear, DCT, andwavelet “filtering” for (a) a rising
stepedge,(b) a falling stepedge.Thesecurvesindicatetheedgeprofiles. Thevalues
areonly givenat thepixel locations.

long verticalor horizontalstepedges.Thusin practicalcasestheblocksshouldbekept

relatively small in orderto find reliablematches.We found thata block sizeof ,«ò
presentsagoodtrade-off betweenthesetwo constraints.ThebilinearandDCT patterns

form one collection of signatures(Table 9.1), and the wavelet patternsform another

collection(Table9.2).

For eachimageto beupsampled,thealgorithmcomputesthecorrelationcoeffi-

cientbetweenblocksof theimageandthesignaturepatternsof thebilinear/DCTcollec-

tion andthoseof thewaveletcollection.Thecorrelationcoefficient betweenblocks ó ^
and ó · is É h ó ^ôË ó · n ` É²Í:Î h ó ^ôË ó · nÏ%õ Ñ Ï%õ Ò
where

ÉÓÍ;Î h p=n is thecovariance(theexpectationsaretakenover thesampledistribution

of theblocks).

For eachblock, thehighestcorrelationis chosenfor thegivencollection. After

the correlationvalueshave beencomputedfor an image,the techniquecomparesthe

numberof blockswherethecorrelationcoefficient is above a giventhresholdfor each
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Table9.1: �«ì patterncollectionfor thebilinear/DCT-basedcase.

1 1 0 0
1 1 0 0
1 1 0 0
1 1 0 0
1 .5 0 0
1 .5 0 0
1 .5 0 0
1 .5 0 0
0 0 1 1
0 0 1 1
0 0 1 1
0 0 1 1
0 0 .5 1
0 0 .5 1
0 0 .5 1
0 0 .5 1

1 1 1 1
1 1 1 1
0 0 0 0
0 0 0 0
1 1 1 1
.5 .5 .5 .5
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
1 1 1 1
1 1 1 1
0 0 0 0
0 0 0 0
.5 .5 .5 .5
1 1 1 1

1 .59 -.13 .06
1 .59 -.13 .06
1 .59 -.13 .06
1 .59 -.13 .06
0 0 .4 1.13
0 0 .4 1.13
0 0 .4 1.13
0 0 .4 1.13
1 1 1 1

.59 .59 .59 .59
-.13 -.13 -.13 -.13
.06 .06 .06 .06
0 0 0 0
0 0 0 0
.4 .4 .4 .4

1.13 1.13 1.13 1.13

Table9.2: �«ì patterncollectionfor thewavelet-basedcase.

.97 1.06 .19 .01

.97 1.06 .19 .01

.97 1.06 .19 .01

.97 1.06 .19 .01

.99 .8 -.06 .02

.99 .8 -.06 .02

.99 .8 -.06 .02

.99 .8 -.06 .02
0 .01 .19 1.06
0 .01 .19 1.06
0 .01 .19 1.06
0 .01 .19 1.06

.02 -.06 .8 .99

.02 -.06 .8 .99

.02 -.06 .8 .99

.02 -.06 .8 .99

.97 .97 .97 .97
1.06 1.06 1.06 1.06
.19 .19 .19 .19
.01 .01 .01 .01
.99 .99 .99 .99
.8 .8 .8 .8

-.06 -.06 -.06 -.06
.02 .02 .02 .02
0 0 0 0

.01 .01 .01 .01

.19 .19 .19 .19
1.06 1.06 1.06 1.06
.02 .02 .02 .02
-.06 -.06 -.06 -.06
.8 .8 .8 .8
.99 .99 .99 .99
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collectionof patterns.The“estimate”of thedownsamplingtechniqueis declaredto be

theonewith thehighernumberof suchblocks.

9.4 Simulation Results

Ourproposedmethodwastestedusing47testimages.Theimagesvary in sizeandcon-

tent.They includenaturalindoorsandoutdoorsimages,close-upheadimages,synthetic

images,satellitepictures,videoscenes,andtextureimages.

In orderto evaluatetheaccuracy of ourtechnique,eachimagewasdownsampled

by afactorof four usingall threemethodsandthecorrelation-basedmatchingtechnique

wasappliedto eachoutcome.To speedup the computation,the correlationwasonly

computedfor blocks wherethe variancewas above a given thresholdindicating the

possiblepresenceof anedge.In theseexperiments,amatchis declaredfor ablock (i.e.

it is includedin the count for the given patterncollection) if the correlationexceedsp'Ä�Ä ¢ . This choicewasmotivatedby our experimentsandalsoensuresthat only very

strongmatchesareselected.

Table9.4in Appendix9.7lists thecountsfor eachimageandeachoutcomewith

the countsof the bilinear/DCTcollection listed first andthe wavelet collection listed

second.For thebilinearandDCT cases,agoodidentificationis givenif thefirst number

is greater. For the wavelet case,the secondnumbershouldbe greater. In the caseof

a tie, the decisionis for the waveletmethod.The bold imagenameindicatesthe case

whereall threecaseshavebeensuccessfullyidentified.

As canbeseenin thattable,thenumberof matchesat this level of fidelity varies

greatly. For someimagesit is in the thousands(mostly syntheticimagesthat contain

moreclearstepedgepatterns)while for othersnomatchcanbefoundat all.

Theparticularpatternchoicesyieldedanoverall accuracy of ª�ª % for correctly
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identifying all threedownsamplingmethods.Thewaveletmethodwascorrectlyfound

in Ã�§ % of all cases,the bilinear in ¯�Ä %, andfor the caseof DCT, the methodhadan

accuracy percentageof Ä#m %.

9.5 Summary

In this chapterwe showed that the imagequality after upsamplingdependson both

the downsamplingmethodusedto get the lower resolutionimageandthe upsampling

technique. We introduceda correlation-basedtechniquefor the identificationof the

subsamplingmethod.Usinga simpleedgepattern,our methodwasableto accurately

identify the downsamplingmethodin ª�ª % of the imagesusedfor all threedownsam-

pling techniques.

In futureresearchmorevariedpatternscanbeusedaswell asinvestigatingother

differencesin theedgeregionsof thedownsampledimagesfor improvedaccuracy.

This chapter, in full, hasbeensubmittedfor publicationas: T. FrajkaandK.

Zeger. DownsamplingDependentUpsamplingof Images. SignalProcessing:Image

Communication, Apr. 2003.Thedissertationauthorwastheprimaryinvestigatorof this

paper.
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Appendix

9.6 Resultsof differ ent upsampling and downsampling

combinations

Table 9.3: PSNR(dB) comparisonof different downsampling-upsamplingcombina-
tions. Therows representthedownsamplingmethod,andthecolumnstheupsampling
technique.

Image Method Bilinear DCT Wavelet

Bilinear 24.356 26.196 24.035

Aerial DCT 23.999 26.809 23.887

Wavelet 22.535 23.695 26.619

Bilinear 28.503 29.289 27.662

Aerial2 DCT 28.123 29.794 27.635

Wavelet 26.621 27.313 30.122

Bilinear 33.56 34.147 32.899

Apc DCT 33.189 34.617 32.826

Wavelet 32.024 32.583 34.808

Bilinear 25.489 25.931 24.596

Aqua DCT 25.112 26.391 24.554

Wavelet 23.817 24.295 26.557

Bilinear 23.74 24.01 22.86

Baboon DCT 23.33 24.49 22.84

Wavelet 22.19 22.58 24.50

Bilinear 29.431 30.975 28.839

Balloon DCT 29.134 31.459 28.743

Wavelet 27.416 28.435 31.983
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Table9.3: Continued

Image Method Bilinear DCT Wavelet

Bilinear 25.413 25.173 24.178

Barbara DCT 24.955 25.657 24.272

Wavelet 23.721 23.899 25.849

Bilinear 27.427 28.369 26.256

Beach DCT 27.073 28.86 26.194

Wavelet 25.22 25.907 29.206

Bilinear 25.67 26.48 24.84

Bridge DCT 25.31 26.97 24.81

Wavelet 23.85 24.56 27.19

Bilinear 18.415 18.985 17.627

Bwall DCT 18.057 19.456 17.641

Wavelet 16.799 17.406 19.618

Bilinear 25.486 26.275 24.31

Camera DCT 25.141 26.763 24.287

Wavelet 23.444 24.094 26.954

Bilinear 30.756 32.986 30.654

Coral DCT 30.434 33.593 30.528

Wavelet 28.914 30.354 33.973

Bilinear 29.643 32.668 28.751

Crowd DCT 29.36 33.307 28.561

Wavelet 27.017 28.41 34.019

Bilinear 33.683 33.685 30.312

Dna DCT 33.329 34.058 30.375

Wavelet 30.655 30.889 33.282

Bilinear 31.765 32.964 31.19

Elaine DCT 31.47 33.387 31.131

Wavelet 30.122 31.044 33.502
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Table9.3: Continued

Image Method Bilinear DCT Wavelet

Bilinear 29.959 30.801 29.148

Fence DCT 29.611 31.264 29.084

Wavelet 28.171 28.863 31.484

Bilinear 27.551 32.469 27.133

Finger DCT 27.281 33.435 26.841

Wavelet 25.024 27.015 33.599

Bilinear 26.52 28.415 25.989

Front DCT 26.254 29.001 25.965

Wavelet 24.376 25.567 29.615

Bilinear 30.37 31.351 29.414

Goldhill DCT 29.988 31.885 29.373

Wavelet 28.384 29.172 32.096

Bilinear 37.39 38.86 37.01

Gray21 DCT 37.53 39.08 37.19

Wavelet 35.87 36.79 39.59

Bilinear 23.951 24.935 23.244

House2 DCT 23.586 25.438 23.282

Wavelet 22.148 23.054 25.675

Bilinear 27.66 29.73 27.36

Lake DCT 27.32 30.33 27.30

Wavelet 25.72 27.10 30.75

Bilinear 26.869 27.129 26.085

Landsat DCT 26.501 27.558 26.087

Wavelet 25.478 25.898 27.635

Bilinear 24.98 25.23 24.09

Lax DCT 24.60 25.68 24.08

Wavelet 23.44 23.83 25.84
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Table9.3: Continued

Image Method Bilinear DCT Wavelet

Bilinear 31.54 34.08 30.51

Lena DCT 31.24 34.70 30.31

Wavelet 28.97 30.19 35.25

Bilinear 32.709 35.143 32.53

Linespr DCT 32.401 35.753 32.403

Wavelet 30.692 32.159 36.316

Bilinear 29.57 31.02 28.71

Man DCT 29.23 31.54 28.60

Wavelet 27.45 28.38 31.89

Bilinear 36.23 39.81 35.94

Meter DCT 35.96 40.57 35.71

Wavelet 33.87 35.58 41.06

Bilinear 30.897 31.49 30.539

Moon DCT 30.533 31.95 30.51

Wavelet 29.529 30.159 32.265

Bilinear 30.01 31.797 29.035

Pentagon DCT 29.682 32.344 28.889

Wavelet 27.644 28.652 32.871

Bilinear 31.242 33.213 31.008

Peppers DCT 30.895 33.827 31.013

Wavelet 29.425 30.847 34.139

Bilinear 29.67 32.21 29.33

Plane DCT 29.31 32.94 29.08

Wavelet 27.71 29.05 32.16

Bilinear 29.85 30.61 27.94

Plants DCT 29.46 30.97 27.88

Wavelet 27.33 27.82 31.15
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Table9.3: Continued

Image Method Bilinear DCT Wavelet

Bilinear 19.56 21.11 18.78

ResChart DCT 19.34 21.37 18.74

Wavelet 17.54 18.58 21.60

Bilinear 12.866 14.78 14.093

Ruler DCT 12.669 15.087 14.167

Wavelet 12.608 14.922 14.308

Bilinear 33.18 35.72 33.37

Splash DCT 32.80 36.50 33.50

Wavelet 31.47 33.38 36.41

Bilinear 25.501 27.156 24.672

Sthelens DCT 25.165 27.702 24.547

Wavelet 23.312 24.33 28.127

Bilinear 17.151 18.554 15.198

Straw DCT 16.831 19.081 15.058

Wavelet 14.193 14.884 19.528

Bilinear 34.852 35.274 33.406

Swimmer DCT 34.535 35.461 33.478

Wavelet 32.683 33.233 35.963

Bilinear 24.793 24.922 23.924

Tajmahal DCT 24.411 25.353 23.96

Wavelet 23.369 23.733 25.541

Bilinear 32.124 32.814 31.171

Tank DCT 31.757 33.29 31.122

Wavelet 30.279 30.892 33.5

Bilinear 15.984 15.921 15.172

Test8g DCT 15.655 16.246 15.183

Wavelet 14.869 15.037 16.218
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Table9.3: Continued

Image Method Bilinear DCT Wavelet

Bilinear 15.935 15.901 15.182

Test8r DCT 15.614 16.216 15.186

Wavelet 14.837 15.019 16.213

Bilinear 31.678 33.258 31.128

Tiffany DCT 31.296 33.933 30.89

Wavelet 30.14 31.002 32.328

Bilinear 34.335 35.926 33.069

Warplane DCT 34.015 36.438 32.9

Wavelet 31.889 32.759 36.814

Bilinear 18.029 18.82 16.952

Wgrain DCT 17.637 19.358 16.919

Wavelet 15.977 16.641 19.6

Bilinear 37.368 41.262 37.217

Woman DCT 37.11 41.976 37.029

Wavelet 35.065 36.93 42.465
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9.7 Tableof simulation results

Table 9.4: Match count comparisonfor the test images. The columnsrepresentthe
downsamplingmethod. The first numberin eachcolumnis the countof matchesfor
the bilinear/DCTpatterncollection. The secondnumberis the count for the wavelet
collection.Correct“estimation” is madefor DCT andbilinearcasesif thefirst number
is larger, andviceversafor thewaveletcase.

DCT Wavelet Bilinear

Aerial 7/2 6/7 9/6

Aerial2 148/71 93/116 134/89

Apc 28/11 23/29 43/14

Aqua 8/0 2/18 20/0

Baboon 0/4 4/5 4/5

Balloon 150/10 14/153 162/13

Barbara 221/153 232/135 206/166

Beach 45/31 18/32 53/34

Bridge 171/105 147/161 187/115

Bwall 390/207 281/427 459/287

Camera 18/20 9/19 24/16

Coral 3/2 2/4 3/2

Crowd 38/14 45/16 48/17

Dna 1169/493 518/1228 1215/501

Elaine 37/20 28/70 94/18

Fence 257/228 191/246 237/169

Finger 55/0 13/42 61/2

Front 272/157 242/324 291/173

Goldhill 102/71 119/77 108/81

Gray21 1695/162 0/2636 1963/0
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Table9.4: Continued

DCT Wavelet Bilinear

House2 139/83 110/137 138/45

Lake 116/107 137/121 121/125

Landsat 6/5 2/6 8/1

Lax 15/12 16/17 18/6

Lena 99/13 72/15 86/28

Linespr 113/87 115/146 140/97

Man 28/22 29/37 41/26

Meter 504/237 329/297 430/325

Moon 0/0 0/0 0/0

Pentagon 6/3 3/3 8/2

Peppers 67/41 47/51 76/44

Plane 97/43 81/105 105/47

Plants 469/163 167/390 462/115

Reschart 321/278 379/404 399/265

Ruler 0/1 0/0 8/0

Splash 325/251 394/218 314/268

Sthelens 7/2 4/7 6/1

Straw 1/0 0/0 1/1

Swimmer 36/8 30/4 39/7

Tajmahal 19/8 2/9 34/1

Tank 9/17 27/3 13/5

Test8g 12/8 6/35 48/1

Test8r 12/0 3/24 31/1

Tiffany 4/2 4/6 6/4

Warplane 5/3 3/7 8/4

Wgrain 82/81 65/45 79/67

Woman2 22/2 12/11 13/13
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Chapter 10

Conclusion

In thisdissertation,severaldifferentimagecodingscenarioswerepresented.Thesecov-

ereda varietyof imagesourcesandapplications.Thesimulationresultsindicatedthat

our proposedmethodscanachieve betterperformancethan just “off-the-shelf” tradi-

tional imagecompressiontechniques.

A stateof theart imagecodermustbeflexible enoughto beableto handlemany

different typesof imagesanduses. As shown in this work, the addedflexibility that

allows improvementfor a particularconstraintoftenleadsto someperformancedegra-

dationfor traditionalcompression.Balancingthesetwo criteriawill remainachallenge

in still imagecoding. Unlike the original JPEGstandard,JPEG2000 is designedto

offer a variety of optionsfor flexible coding[80, 64]. Part 1 of the standardaimedat

providing a minimal coderof goodperformanceon mostcommonimageswith reason-

ablecomplexity. Many of the topicscoveredin this thesiswereaddedto thestandard

aslaterextensionsfor increasedfunctionality, amongwhichwereexpendedRoI coding

in Part 2 andcompoundimagecodingin Part 6. A possiblefutureextensionwill deal

with thecodingof 3D imagesin Part 10. Not all implementationsof thestandardwill

containtheseextensions,but they provide a commoninterfaceinsteadof having many
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competingformats,to avoid the chaoticsituationthat exists with the many video file

formatson theInternettoday.

Many of the problemsin still imagecoding and video compressionare well

studied.Oneareafor significantfutureresearchpossibilitiesis stereoscopicvideocod-

ing. Unlike traditionalvideo coding,stereoscopicvideo compressionlacksmany sig-

nificant currentapplications.Potentialapplicationscould includeremotesensingand

surveillance,remotelyoperatedvehicles,stereomovies,andgames.Someof thepro-

posedtechniquesin the literaturetry to fit stereovideo codinginto existing standards

[76, 98,62,63], namelythetemporalscalabilityprofile of MPEG-2or MPEG-4,while

othersintroduceanon-standardcompatibleapproach[75, 59]. MPEG-4containsprovi-

sionsfor object-basedcodingwhich canbeextendedto stereoscopicand3D sequences

aswell [77].

In stereosequences,redundancy exists betweentemporallyandspatiallyadja-

cent frames. Efficient algorithmsare neededto perform (possiblyjoint) motion and

disparitycompensationin realtimecompressionscenarios.

While the codingof the residualimagesof block-baseddisparityestimationis

well researched(we showed a possibletechniquein Chapter7), that of the residual

imagesresultingfrom object-baseddisparityestimationis moreor lessanopenproblem.

An extensionof thecompressionof stereoscopicsequencesis multi-view image

sequencecoding[28, 75]. In thiscase,thesequencesaretakenfrom multiplecameralo-

cations.Their compressionis verysimilar to thatof stereosequences.Thesesequences

canbeusedfor thegenerationof intermediateviewsby interpolatingtheviewscaptured

by the cameras.For real time applicationsfastalgorithmsneedto be developedwith

accurateapproximationqualities. Oneapplicationof multi-view imagecoding is for

sensornetworks.

In Chapter9 we showed a techniquethat did not rely on a referenceimageto
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determinecertainpropertiesof a given image. Having a referenceimageis helpful

whencomparingtheperformanceof an imagemanipulationtechnique.Unfortunately

thatis not alwayspossibleto obtain.No-referenceor blind quality assessmentmethods

have beenproposedin [88, 49] for JPEGcompressedimages.A morecomprehensive

quality assessmentapproachis takenin [44]. Theextensionof theseworksto different

codingmechanismsandvideocodingis aninterestingareafor futurework.
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