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ImageCodingSubjectto Constraints

by
TamasFrajka
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University of California, SanDiego, 2003

ProfessoKennethZeger, Chair

An imagein digital formatis a rectangulamarray of nonnegative integers,rep-
resentingthe light or color intensityvaluesin the image. Its compressioror codingis
concernedwith trying to representheimagein ascompacta form aspossible.Modern
imagecodingtechniquesnustbe ableto dealwith a wide variety of constraintspoth
from imagesourcesandfrom physicalsystemimplementations.

This thesisfocuseson image coding undercertainspecialconditions. In par
ticular, the codingof imagesis subjectto constraintoon fastrecognition,memorycon-
straintsfrom physicalimplementationspecialcontentof images,constraint§rom the
transmissiomrmedia,specialimagetypes,andfidelity constraintnimageresizing.

We presentaprogressie codingtechniqueor Region of Interestcoding. We an-
alyzeimagecompressiorn termsof memoryrequirementsandoffer alow compleity

approacho documenimagecoding. We introducea novel paclket formationapproach

XiX



for imagetransmissioroverlossypaclet networks. In stereoscopianagecompression,
we proposea methodfor improvedcodingof residualimagesandpresentanestimation
algorithmfor disparitywindow sizeselection.For the problemof imagesizecorversion
we introducea solutionthataimsto identify thedownsamplingmethodusedto improve

the outcomeof the upsamplingoperation.
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Chapter 1

Intr oduction

Traditionally the primary concernof imagecodinghasbeento compresghe imageas

well aspossiblewhile avoiding introducingvisualdistortionto the originalimage.

As in ary sourcecodingproblem,we candistinguishbetweeriosslesandlossy
encodingof images. While losslesscompressiortechniquegresere the original im-
age,they typically do not resultin betterthan3 : 1 compressiormratios. Somelossy
techniqueson the otherhandare capableof producingimagesthat arealmostindistin-
guishabldrom theoriginalsata 20 : 1 or highercompressiomatio. Thework presented

in this proposalis in the areaof lossycompression.

Theadwancements communicatioriechnologyandthepopularityof theInter
nethave introducedfurther constraintdnto the codingof images.In certainscenarios,
it is desirabldo beableto recognizeanimageasquickly aspossibleduringa download
or to beableto betterpresere certainareasn theimage.This requiresanimagecoder
to displayinformationimportantfor recognitionfirst asopposedo uniformly improv-
ing the entireimage,or to betterencodehe desiredarea.Chapter3 presents possible

solutionto this problem.

Digital storageof imagesallows easydistribution and sharing. But it is also



importantto beableto obtaina papercopy of suchimages.Typicalimagesnayrequire
large transmissiorbandwidthsto printersthat may causebottlenecksn a network or
slow transmissioron low capacitylinks. It maybe desirableto be ableto sendimages
in compressefbrm andthendecodethemat the printer. Hardwareimplementation®f
printersrepresentestrictionson imagedecodingthat are typically not encounteredn
otherapplicationsln Chapted we analyzeémagecompressiomethodgrom this point

of view andproposea codingschemehatmeetscertainprinting requirements.

Imagesto be compressedre not limited to naturalimages. More and more
frequentlyimagescontaintext, charts,line graphics,anddrawings thatintroducenewn
characteristictio an image, mainly changingits mostly slow varying, low frequeng
nature. In Chapter5 we proposecodingtechniqueghat outperformtraditionalimage
coderson compoundmages.

Communicationof imagesmay meantransmissiorover non-perfectchannels
thatintroduceerrorsto thetransmittecbit-stream.Theseerrorsmay causecatastrophic
failure at the decoderpossiblyrenderingthe decodedmageunrecognizableln Chap-
ter 6 we introducea solutionfor transmissiorover lossy paclet networks that tries to
mitigatethe effect of thelossof imageinformationon visualimagequality.

In mary applicationsdepthrenderingandimproved depthperceptioncanplay
animportantrole. Stereoscopitmagepairstakenby two camerasanprovide asimple
solutionfor suchproblems. Theseimage pairs containsignificantredundang which
canbe exploited in compressiorio improve performance.We presenta stereocoding

techniqudan Chapter7.

An importantbuilding block of mary compressiomechanism$or stereoscopic
imagesis disparity estimation,a methodthat aimsto reducethe inherentredundang
of theimagepair. In Chapter8 we investigatethe problemof disparity estimationand

proposeatechniqueo improveits efficiengy.



The technologicalboom of the pastfew yearsled to an increasedvariety of
displaysizesandcapabilitiesiImagesizeconversionhasbecomeaneverydaynecessity
Oftenimagesgo throughtwo or more stepsof size corversionwhereearlierresizing
stepscanhave animpacton the quality of the endresult. The “signature”of a previous
downsamplingoperationcanbeidentifiedandthatinformationcanbe usedto choosea
properupsamplingnethodaswe shov in Chapter®.

Chapter2 givesan overview of imagecodingandsomeof the techniquesised
in laterchaptersFinally, in Chapterl0we presensomeconclusionsandproposesome

researchdeasfor futurework.






Chapter 2

Image Coding Background

This chapteprovidesa generabverview of transformbasedmagecodingandanintro-
ductionto the codingmethodseferredto laterin this dissertation.Figure2.8 shavs a
collectionof originalimagedrequentlyusedin theimagecompressiotiteraturewhich

we will alsousein mary of thelaterchapters.

In digital form, a gray scaleimageof size X x Y is representedy its intensity
values,/(i, 7). A colorimageis givenby its intensityvaluesin thered,green,andblue

colorplanes,, (i, 7), I,(i, 7), and,(4, j). In bothcased < i< X andl < j <Y.

Initial efforts in image compressiorfocusedon spatialdomain manipulation,
that is, working directly with the pixel intensity valuesof the image using different
formsof quantization However, thesescheme$ave not producedesultsvery closeto

thetheoreticakate-distortionlimits for thesource.

Interestlaterturnedto transformcodingof imagesusinginvertible, lineartrans-
forms (suchasthe Fourier Transform,the DiscreteCosineTransform,or the Discrete
WaveletTransform).Thesearansformsnapanimageinto asetof transformcoeficients.
For naturalimages,mostof thesecoeficientshave smallmagnitudevalues,permitting

efficient quantizatiorof theimagetransformcoeficients.



In imagecompressiorthe informationrateis measuredn bits-perpixel (bpp).
In an uncodedimage8 bits aretypically usedto representachcolor. Thusfor gray
scaleimagesthe uncodedateis equialentto 8 bpp,andfor colorimagesit is 24 bpp.

Theimagequality is frequentlymeasuredby the MeanSquarederror (MSE), givenas

MSE:LZ

XY (Il(iaj)_IZ(i’j))Qa

X Y
=1

=1 j

wherel; and [, aretwo imagesgivenby their intensityvalues,or by the PeakSignal-

to-NoiseRatio (PSNR)

2552

PSNR: 1010g10M—S’E’.

In animage255 is the largestintensity value, and thus the peaksignal enegy of an
imageis 2552. While the PSNRgivesa goodindicationof imagequality it is not en-
tirely accurateasthe humanvisual systems error perceptionis not perfectlydescribed
by the squarederror model, and often imageswith lower PSNRare betterperceptual

representationsf the originalimage.

A bit streamis saidto be progressiveif it canbe decodedat more than one
transmissiomateto yield potentiallycoarseimagequalitiesatlowertransmissiomates.
Suchabit streamis alsoreferredto asSNRscalable A bit streams saidto beembedded
in anotherif it is a prefix of the otherbit stream.A bit streamis saidto be resolution
scalablef it containdistinctsubsetsepresentingheimageatdifferentresolutions An
imagecoderis progressivef the encoderutputbit streamfor every transmissiorrate

IS progressie.



2.1 JPEG standard

TheJointPhotographi&xpertsGroup(JPEG)standards oneof themostpopularimage
compressioralgorithmsin usetoday The standardcontainsboth lossy and lossless

algorithms. It is basedon the well known 2-dimensionaDiscrete CosineTransform

(DCT)
C(u,v) = a(u)a(v) ; y;o I(x,y) cos (2 ;—A})UT cos 2y ;—]\i)vw ) (2.1)

whereN is theblock size,anda(u) anda(v) arenormalizingfactors givenby

V1/N foru=0

a(u) = (2.2)
V2/N foru=1,2,....N—1

The JPEGcompressioralgorithmworksin threesteps:theimageis first trans-
formed, thenthe coeficientsare quantized andfinally encodedwith a variable-length

losslessode.

For imagetransformatiortheimageis subdvidedinto 8 x 8 blocks,andaDCT
is performedon eachblock, processinghemfrom left to right, top to bottom. Each
coeficientin ablockis uniform scalarquantizedusingsomeexperimentallydetermined
stepsize. The quantizedvaluesarethenreorderedaccordingto a zigzagpatternshavn
in Figure2.1. This reorderingtakesthe coeficientsin the orderof increasingspatial
frequeny. This correspondso the obsenation that intensity valueschangesmoothly
in mostnaturalimages.In the frequeny domainmostof the enegy is compactednto
the coeficientsrepresentinghe lowestspatialfrequenciesWith aneffective quantizey
only the first few coeficientsin this orderwill carry significantinformation, creating

long runsof zerosin thestream.Thefirst coeficientin thezigzagscanningorder(often



Figure2.1: Zigzagorderingof coeficientsof the8 x 8 blocksin the JPEGalgorithm.

referredto asthe DC coeficient) is encodedseparately To take advantageof the slow
varying natureof most naturalimages,the DC coeficient is predictedfrom the DC
coeficient of the previousblock anddifferentiallyencodedvith avariablelengthcode.
Therestof the coeficients(referredto asAC coeficients)arerun-lengthcoded.More
detailscanbefoundin [27, Chaptel6.].

JPEGproduceselatively goodperformanceat mediumto high codingrates but
suffersfrom blocking artifactsat lower ratesbecausef the block-basedncoding.At
low rates,in orderto meetthe target codingrate, the quantizationtable chosenis so
coarsethatonly the DC coeficientis encodedvithout the higherfrequeng details. At

thedecodethis creates/isually noticeabladiscontinuitiesat the block boundaries.

2.2 Wavelet Transform

Wavelettransform9rovide goodspatialandfrequeng localizationthatmake themvery

suitablefor imageprocessingandcompression.

Waveletsare functionsgeneratedrom one singlefunction ¥ : R — R, called



the motherwavelet by dilations and translations. The motherwavelet hasto satisfy
[¥(x)dr = 0. Let U**(¢) = |a|~"/2¥((t — b)/a) denotethe dilation andtranslation
of the motherwavelet. Thenin wavelet analysishigh frequeny waveletscorrespond
to a < 1 (narrav width), while low frequeny waveletshave a > 1. Thusfrequeny

resolutioncanbetradedoff with spatialresolutionandvice versa.

As with othertransformghe goalis to representary function f asa superposi-

tion of wavelets;in practiceoneprefersto write f asadiscretesuperposition

f = Z Cm,n(f)‘llm,n

whereV,, ,, = ¥ a5 with aq > 1 andb, > 0 fixed.

In multiresolutionanalysisonealsohasa scalingfunction ® : R — R with its
dilatedandtranslatedversions®,, ,,(z) = 2-™/2®(2-™z — n). For afixedvalueof m
the ®,, ,, areorthonormal.Let V;,, denotethe spacespannedy the @, ,,. Thesespaces
thendescribesuccessie approximatiorspaceseachwith resolution2™. Thespacdh/,,
spannedy ¥, ,, is the orthogonalcomplemenin V,,,_; of V,,,, for eachm. Thusthe

coeficients

Cm,n(f) :< ‘Ijm,’nv f >: /\Ilm,n(x)f(x)dx

describetheinformationlost whengoingfrom thefiner resolution,2™~!, to the coarser
resolution2™. Fromthis onecangetthefollowing algorithmfor thecomputatiorof the

waveletcoeficients:

Cm,n(f) - Z an—kam—l,k(f)
k

am,n(f) - Z h2n—kam—1,k(f) (23)
k

whereh, = V2 [ ®(z — n)®(2z)dz andg, = (—1)'h_y1. If f is givenin sampled
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Figure2.2: Decompositiorfilter bankfor wavelettransforms.

form, thenone cantake thesesamplesasthe highestorderresolutioncoeficientsay,
and describea subbandcoding algorithm using the lowpassfilter 4 andthe highpass

filter g. Thereconstructionn the caseof orthonormalwaveletbasess givenby

am-1,(f) = Z[hQn—lam,n(f) + Gon—1Cmn(f)] -
n

Theseequationsform the basisof the multiscaleimage decompositiorfilter
structuredepictedin Figure2.2. Insteadof usinga two-dimensionafilter for images,
this one-dimensionafilterbankis usedin the horizontaland the vertical direction to
createthe two-dimensionawavelet transform. The resultingsubbandstructurefor a
2-level decompositions shawn in Figure2.3. (In the notationLL;, LH;, etc. thefirst
letterrefersto the horizontalfiltering (L:lowpassH:highpasshtlevel : andthe second
letterto theverticalfiltering of the coeficientsin thatsubband.)Theabove octave band
decompositiorassumeshat mostof the enepy is containedn thelow frequeny coef-
ficients.For someimageshisiterationontheLL bandmaynot provide thebestenepgy
compaction;a bestbasisselectionalgorithm ([18, 65]) could be usedto optimize the

decompositiorstructure.
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Figure2.3: The 2-level waveletdecompositiorwith subbandotation.

Most naturalimagesaresmoothandslowly varying. Onewould expectanexact
reconstructiorsubbanccodingschemeo rely on orthonormalbaseswith areasonably
smoothmotherwavelet. Thefilters shouldalsobe shortto facilitate fastcomputation.
Sincethefilters areusedin a pyramidalfilter structure the linear phasepropertywould
allow their cascadingvithout phasecompensationUnfortunatelytheredo notexist ary
nontrivial orthonormallinear phaseFIR filters with the exact reconstructiorproperty
Theonly symmetric gxactreconstructiorilters arethe Haarfilterswith ho = hy = /2,
g = —¢g1 = /2, andh, = g, = 0 for all othern. The lowpassfilter performsthe

averagingoperationandthe highpasdilter computeghedifference.

If onerelaxestheorthonormalityconditionandusesbiorthogonalwaveletbases,
thenthe linear phasepropertycanstill be presered. The signal decompositiorwill

remainthesameasin (2.3). However, thereconstructions different:

am—l,l(f) = Z[BQn—lam,n(f) + g?n—lcm,n(f)]

n

wherethe reconstructiorfilters 4, § may differ from the analysisfilters &, g. Exact
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reconstructions guaranteedf
On = (_1)nh*n+1

9n = (_1)n}~l—n+1
Z hniLn—FQk = 519,0-

Themostcommonlyusedwaveletfiltersin imagecompressiomrethebiorthogonal so-
called“9-7” filters (namedafterthe numberof filter tapsin the low andhigh frequeng

filters) introducedn [3]. For moreon waveletfilter designandfilters see[87].

2.3 WaveletBasedCoders

Initial efforts in the coding of wavelet coeficientsfocusedon traditional quantization
techniques(For anoverview see[20]). Many of thesetechniqueded to improvements
over DCT-basedmethodsput the gainsweremostlydueto the useof the wavelettrans-

form, andnotthe codingof waveletcoeficients.

2.3.1 SetPartitioning in Hierarchical Trees

A conceptuallynen codingtechniquethe EmbeddedZerotreeWavelet (EZW) coder
wasintroducedby Shapiro[72], thatwaslaterrefinedby SaidandPearlmari68]. Both
EZW andSaidandPearlmars SetPartitioningin HierarchicalTrees(SPIHT)algorithm
useimplicit quantizationby encodingthe coeficients by bit planesstartingfrom the
mostsignificantbit. This enablegprogressie decodingas more bits arrive to the de-
coder The challengeis to efficiently codethe bit planes.Giventhe subbandstructure

of thewavelettransform the algorithmsmalke useof the self-similarity acrosdifferent
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scalesasshawn for the wavelettransformof the Lenaimagein part(b) of Figure2.4.
Thetreesdescribinghesespatialsimilaritiesarecalledzeiotrees depictedn part(a) of
Figure2.4.

The coeficientin the LL bandformsthe root of the treewhile the correspond-
ing higherfrequenyg coeficients areits descendants To eachcoeficient in a lower
frequeny bandcorrespondgour coeficientsin the next higherfrequeng bandin the
zerotreestructure. Given a wavelet coeficient W (i, j), its four children are given as
{W(2i+k,2j+1), k =0,1; 1 = 0,1}. Coeficientsin the highestfrequeng bands
(wherei > | X/2] orj > |Y/2]) have no children. For eachcoeficient, its descen-
dantscanbedeterminedy recursvely seekinghechildrenof its childrenandthentheir
children,etc.

The codingis donein two passedor eachbit plane. The first passidentifies
the significantcoeficients,i.e. coeficientswhosemostsignificantbit lies in the given
bit plane. The secondpassrefinesthe coeficientsalreadyfound significantat previous
passesAfter eachiterationthealgorithmsmove onto the next lesssignificantbit plane.
The codingrelieson the factthatmostimageshave their enegy in the LL bandandif
a coeficient is not significanton a given bit planeits descendants the zerotreeare
alsolik ely to beinsignificant. Thusentireregionsof waveletcoeficientscanbedeemed
insignificantby a singlebit in this framewvork. To furtherreduceredundang, the code
bits areencodedisingcontext-basedadaptie arithmeticcoding([89]). SPIHTis oneof

the bestimagecodersfor generaimagecompressionoday

2.3.2 MultiGrid Embedding

MultiGrid Embedding(MGE) codingby Lan and Tewfik [43] is an alternatve to the
zerotreestructureof EZW andSPIHT Both MGE andSPIHT performbit planecoding;

thedifferenceis in theidentificationof significantcoeficientsfor eachbit plane.MGE
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Figure2.4: (a) Subbandstructureof a 3-level waveletdecomposition(b) spatialdepen-
dencetreesof a 3-level decomposition.

doesnotrely onthespatialsimilaritiesbetweersubbandso identify significantwavelet
coeficients. Insteadit usesa quadtreestyle decompositionAt eachstepof thedecom-
positionthe block in questionis split into four blocksat the midpointalongeachside.
The splitting strategy is known to boththe encoderanddecoderandit doesnot require

ary furthercommunication.

Startingwith theentirewaveletdomainimage,a quadtreesearchis conductedo
find the significantcoeficientsonthe mostsignificantbit plane.For eachimageblock a
singlebit describesf it containsary significantinformation. The quadtreedecomposi-
tionis continueduntil it reachesheindividual coeficientlevel. Theinsignificantblocks
arerevisited on subsequenpasseparsinglesssignificantbit planes.The performance
of thealgorithmis similar to thatof SPIHT, asshowvn in Table2.1. MGE outperforms
SPIHTonimageswith significanthigh frequeny informationwherethis searchmethod
reacheshehighfrequeng coeficientsfasterthanthezerotreedescription.Theseresults
indicatethatthestrengthof thezerotreeandMGE structuredie in efficiently identifying

large areasof insignificantwaveletcoeficients.
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Table2.1: Comparisorof SPIHT and MGE codingmethodsin termsof PSNRover a
wide rangeof ratesandimagecharacteristics.

PSNR(dB)

Lena Peppes 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 2355 2358 27.56 27.97
Rate 0.5 37.19 37.27 36.47 36.44 2592 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 2958 36.40 36.90

2.3.3 EBCOT

EmbeddedBlock Codingwith Optimized Truncation(EBCOT) by Taubman([79]) is
thebuilding block of thenew JPEG2000[50] standardor still imagecoding.Basedon
thewavelettransform,the codingis performedon individual nonoverlappingblocksin
thewaveletdomainthatgeneratendependenbit-streamdor eachportionof theimage.
Within a block the quadtreetechniqueis usedfor identifying significantcoeficients.
The coderis very flexible and can supporta wide array of applications suchasreso-
lution or SNR scalablecompressionTo achieve finer embeddingthe EBCOT authors
introducedfractionalbit planes.EBCOT outperformsSPIHT andMGE on mostnatural

images.

2.3.4 Quadtree-GuidedEncoding

In [81], Teng and Neuhof usedthe quadtreedecompositiorfor the compressiorof
imagesin the spatialdomain. [82] is an extensionof that work to wavelet domain

coding. Their methodusesoneor two levels of waveletdecomposition.The encoding
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Figure2.5: Quadtreesncoding:the lower right cornerpixel (the foot) is first predicted
from pixels A andB, whichin turnis usedin thelinear predictionof othercoeficients,
until thewholeblockis interpolated.

of the LL bandandthe outer bandsare different,andin factthe LL bandencoding
stronglyinfluenceghe outerbandencoding.The LL bandis dividedinto & x & blocks
(typically £ is 8 or 16) which are processedn rasterscanorder For eachblock, the
lower right corner (called the foot) is predictedfrom the pixel just abore andto the
left of the block in the sameline or row, asshown in Figure2.5. The predictionerroris
guantizecandaddedo the prediction.Usingthisfoot value ,aswell asthereconstructed
valuesof neighboringpixels from previous adjacentblocks, the restof the pixels are
predictedusingtwo andfour pointlinearinterpolation.A quality testthencheckshow
well theinterpolationapproximatesherealpixel values.If theblock passeshetest,the
guantizedpredictionerrorfor thefoot is transmittecdusingavariablelengthcode.|f not,

theblockis splitinto four sub-blocksandthe sameproceduras repeatedor those.

The codingof the outerbandrelieson the assumptiorthatif a block is difficult
to predictlinearlyin the LL band,thenthe correspondingoeficientsin the higherfre-

gueny bandsaresignificant.A blockis declaredlifficult to predictif theinterpolation
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Figure2.6: Quadtreeencodingshaving theblockdivisionin theLL band thesignificant
coeficientsin the outerbandandthe scanningorder (which appliesto the significant
coeficientsonly.)

failsthequalitytestona2 x 2 block. Thehighfrequeny bandcoeficientscorresponding
to thosehighly subdvided LL blocksarequantizedwith a symmetricscalarquantizer;
for all theblockswheretheinterpolationpassedhe quality test,the correspondindpigh
frequeny coeficientsare not encodedthereforequantizedto zero). This is depicted
in Figure2.6. Finally, thosequantizedcoeficientsarerunlengthencodedn a zig-zag
patternsimilar to JPEGwith the modificationthat coeficientsin the samepositionin

eachouterbandarecodedoneatfterthe other asthenumberingn Figure2.6indicates.

2.4 EmbeddedZerotreeDCT (EZDCT)

Oneof thedravbacksof JPEGencodings theinflexibility of theratecontrol.In JPEG,
ratecontrol consistof choosinga quality factor which senesasa scalingfactorof the
standardgquantizationtables. The quality factorrangesbetween0 and 100. The finite

choiceof quality factorlimits the availableratesto afinite setaswell. In addition,the
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Figure 2.7: Wavelet-style 3-level decompositionappliedto an 8 x 8 block of DCT
coeficients.

targetrateis foundby iteratively changingthe scalingof the quantizatiortables.

Xiong etal. in [92] proposedo apply the zerotreestructureto the DCT trans-
formedimage.The8 x 8 DCT blockis treatedasa 3-level decompositiorasshavn in
Figure2.7. The structureshown in the figure alsorepresentshe zerotreedependeng
amongthese64 coeficients. Coeficient 1 hasthreechildren(2,3, and4). The parent
of coeficientcis (| (¢ — 1)/4] + 1) for 2 < ¢ < 64. Thefour childrenof coeficientp
are{dp — 3,4p — 2,4p — 1, 4p} for 2 < p < 16. Coeficientswith the sameindex from
all 8 x 8 blocksaregroupedogether Embeddederotreequantizatioris appliedto the
above structurewith the coeficientsbeingscannedtartingfrom the DC coeficients.

This methodoutperformsstandardPEGcoding. It betterallocateghe available
rate amongthe differentfrequencies.The embeddedprogressie natureof the coder
allows encodingto stopat ary desiredrate. While theimprovementis significantover
JPEGcoding,it still suffersfrom blockingartifactsatlow codingrateswhich,isinherent

to theblock-basedatureof DCT.
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(f)

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

Coding with Spatially Variable

Resolution

A modificationof the SPIHT algorithmis presentedor Region of Interest(Rol) coding
thatmaintaindts progressre (andembeddedpropertywhile addingthe capabilityof a
spatiallyadaptve allocationof bits. Thebit allocationis basedn a generaimportance
function which definesthe relative interestof the viewer to the various partsof the
image. The algorithmis flexible enoughto allow arbitrary changesof “importance”
duringtransmissiorby sendingthatinformationthroughsomefeedbackchannetlto the

encoder

Rol codingcanbeappliedto transmissiorf imagedo facilitatefastrecognition
(by focusingthe bit rate on coding importantfeaturesof the imagefirst) or to better
presere certainareasof theimage(suchasmedicalimagecompressioifi78]). In order
to fulfill thefastrecognitionrequirementhecoderhasto beableto progressiely update
the image as more bits arrive allowing the userto terminatetransmissionvhenit is

determinedheimagedoesnot meetthe searctcriteria.

In schemesusing scalarquantizationthe Rol canbe emphasizedy choosing

21
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finer quantizeran the preferredregions ([48]). With progressie codersthat codethe
waveletcoeficientsby bit planesthis finer codingcanbe achiezed by magnifyingthe
correspondingcoeficients ([73, 67, 6, 51]) or by stoppingthe coding of coeficients
outsidethe Rol after somerefinementis accomplished[56]). The Rol canbe given
offline by eitherhumanselectionor by somefeatureextractorsuchasin [48] or it can
be communicatednteractiely duringthetransmissionThe proposedlgorithmcanbe

appliedwith bothoffline andonline Rol selection.

3.1 RegionMasking

Thegoalof region maskingis to achieze improvedperceptuatuality in certain“impor-
tant” regions(perhapsttheexpenseof reducedyualityin otherlessimportantiocations)
while still usingthe sameoverall bit rate.

Our proposednodificationof the SPIHT algorithmachievesthis by idling those
coeficients that do not correspondirectly to the specifiedregions. Thusfor a few
iterationsof sortingandrefinementpassesll the bandwidthis assignedo important
areas.For propercommunicationpoththe encoderandthe decodemustmaintainthe
samesetof active coeficients. In our proposednethodonly theregion descriptionhas
to becommunicatedo the decodelandeverythingelsecanbe computedocally.

To characterizehe relative importanceof eachpixel locationin animage,we
defineanimportancefunction: thatassignsavaluei(z, y) € [0, 1] to eachpixel (z, y)
in the spatialdomain,suchthatits sumoverthepixelsin theimageis 1 (i.e. ¢ is aprob-
ability massfunction). A largevalueof i(z, y) is usedto indicatethathigherresolution
is desiredfor pixel (z,y). Initially a uniformimportancefunctionis used,andthenits
valueis updateceachtime achangen preferencenccurs.

Thequantizatiorandcodingin SPIHT occursin thewaveletdomain,andhence
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it is necessaryo corvertthe spatialdomainimportancedescriptioninto a bit resolution
descriptionfor eachcoordinate(u, v) in the waveletdomain. We definea mapping?,
thatassigngo eachpair (u, v) in the waveletdomain,a number/(u,v) € [0,1]. The
mapping! is derived deterministicallyfrom the importancefunction, . For a given
coeficient with coordinatequ, v) at level [, the value of I(u,v) is chosento be the
averagevalueof i(z, y) takenover the setof all pixels(z, y) in the2! x 2! blockin the
spatialdomain thataremappedo (u, v) via thewavelettransform.Otherselectiongor
I(u, v) couldincludethemaximum,medianminimumof thei(z, y). Dueto the nature
of the subbanddecompositioreachsubbandwill containcoeficient(s) corresponding
to the selectedegion(s). SinceSPIHT doesnot allocatebits uniformly to eachwavelet
coeficient, the relative importanceof the pixelsis not matchedexactly by the relative

transmissiomateassignedo them.

To relatethe notion of “importance”to wavelet domainresolution,we delay
the processingof wavelet domain pixels associatedvith unimportantregionsin the
SPIHT algorithm(i.e. no bits arespentcodingthe delayedpixels). The amountof de-
lay, t4(u, v), (measuredn the numberof sorting/refinemenpasscycles)is determined

basednthe I(u,v) valuesfor eachcoeficientas

ta(u,v) = {4MJ |

Imaw - Imm

wherel,,,., andl,,;, arethemaximumandminimumof thewaveletdomainimportance
values,respectrely. If the importancefunction changesiuring aniteration,the delay

valuesarere-evaluated.

If theimportancgunctionchangesiuringencodingthatnew informationmust
be providedto the decoder The importanceinformationneedsto be placedin the bit

streamcarefully to avoid confusionwith imagedata. It canbe placedeither after a
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constannumberof bits eachtime or at pointswherethe sortingor the refinemengpass
ends.Theencodercanusel bit at eachsuchpointto indicatewhetherthe next n bytes
containcontrolinformationor moreimageinformation. In the casewherethis change
is promptedby arequesfrom someonalownloadinganimage,the controlinformation
cansimply be someacknavledgmentof receving the request.(Becausdhe feedback
mediumto the encodemay not be reliable the acknavledgmentneedsto indicateto
which requestt is referring.) It is importantthat the encodemot startto usethe new
importancefunctionbeforethatcontrolinformation(or the acknavledgment)is sentto

thedecodeto keepthetwo sidesconsistent.

3.2 Simulation Results

In this simulationwe assumedhe following situation:someones downloadinganim-
ageandduringtransmissiorcanselectregionsusinga mouse.A singlemouseclick is
translatednto addingatwo dimensionalGaussianobecenteredatthe mouseclick with
variancesr, = o, = 50 to theimportanceunction. This createsa smoothettransition
in imagequality aroundthe Rol whencomparedwith a step-functiorik e characteriza-
tion of importance.Sincethe naturalsynchronizatiorpoints(endof sorting/refinement
pass)are getting placedfartherapartin the bit streamasthe algorithmprogressesye
choseto usesynchronizatiorpoints after a predeterminechumberof information bits
for fasterfeedback.

Figure3.2showns 3 snapshotsf bothSPIHT andof theproposedalgorithm.The
SPIHT imagesare shavn in the left column (images(a), (c) and(e)). The regionin
the mid-right partof theimagewasselectedat a bit rateof 0.05 bpp. It canbe seenon
images(a) and(b) thatshortly afterthe selection(at 0.11 bpp) the headin the selected

region is recognizablewith the region selection,while still blurry on the otherimage.
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Figure3.1: The PSNRcomparisorbetweenSPIHT andthe algorithmwith region se-
lection for (a) the entireimage, (b) for the region selectedn the mid-right portion at
0.05bpp.

The next pair of imagesshaows the situationat 0.23 bpp shortly after the region around
the dark hairedgirl in the middle is selected.Finally the last pair shavs the resultat
1 bpp. At this ratethe real differencebetweenthe two imagesis the resolution/image
guality toward the sidesof the image. On the image with the region selection,(f),
theregionsaroundthe imageedgesarestill alittle blurry, becausdessbandwidthwas

allocatedo theseparts.

In applicationsvhereearlyrecognitionis importantthecodingof coeficientsin
the Rol canbe terminatedoncetherefinementeaches stagewherefurtherbits could
only yield unnoticeablemprovementsn imagequality. This strateyy would allow the

imageto achieze amoreuniformimagequality atthetametrate.

A morequantitatve comparisoris shovn in Figure3.1. Part (a) compareghe
PSNRof thesamemageencodedvith SPIHTandwith theregionsselectegsdescribed
above. The PSNRwith the region selectionon the overallimageis about5 dB inferior
to thatof SPIHT. But asshawn in part(b) for only the selectedegion in the mid right
section,the PSNRIin thatregion improvesvery fastto abouta 6.3 dB improvement(at

0.1 bpp)over SPIHTin thatsameregion.
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Figure3.2: Thesequencef imagesatdifferentrateswith SPIHT (left) andthealgorithm
with region selection(right), (a)-(b)0.11bpp,(c)-(d) 0.23bpp, (e)-(f) 1 bpp.
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3.3 Summary

In this chapterwe described flexible mechanisnto handleRol coding. We proposed
a modificationof the SPIHT coderwhich waschoserfor its goodcompressiomperfor
manceandprogressie naturethatis necessaryn fastrecognitionapplications.

The importancefunction we introducedcoupledwith the encodingmethodal-
lowsfor flexibility in changingheRol in theimageduringaninteractve sessionMeth-
odsthatrely on scalingof coeficientsin the waveletdomainrun into difficultiesasthe
“importance”preferenceshange.In our proposednethodcoeficientsthat have been
delayedcanbe activatedandvice versaat eachupdateof theimportanceunction.

Our resultsdemonstratedignificantimprovementwithin the Rol soonafterthe
selectionhasbeenmade. The trade-of for improved quality inside the Rol is some
degradatiorelsavherein theimage. This canbe mitigatedby delayingthe coeficients
insidethe Rol oncetheir refinementeaches certainquality.

This chapterin part,is areprintof the materialasit appearsn: T. Frajka,P. G.
Sherwod,andK. Zeger. Progressie ImageCodingwith SpatiallyVariableResolution.
International Confeenceon Image Processingpp 53-56,Vol. 1, SantaBarbara,CA,

Oct. 1997.Thedissertatiorauthorwasthe primaryinvestigatorof this paper
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Chapter 4

Image Coding Subjectto Memory

Constraints

Limited datatransmissiomatesbetweera computeranda color printer canbe the bot-
tleneckin producingrapid prints of digitizedimages.This could resultfrom low trans-
missionrate connectionsnetwork congestionto centralizedprinting, especiallywhen

high quality, high resolutionimagesareconcerned.

Imagecompressioriechniquesangreatly speedup the printing processf the
imagescanbe decompressedn-boardhe printer, but therearetwo difficult constraints
thatmustbemetthatarenottypically bothfoundin otherimagecompressioproblems:
(1) the amountof memoryon-boad the printer is limited, and (2) the decompession
algorithm mustprogressfrom the top of the paperto the bottomof the paper in the
order that the paperemepes from the printer. Typically, thereis also a compleity
constraintfor the decoder Theseconstraintsare derived from the practicalissuesof

designingcompetitive low-costcolor printersfor homeuseandfor businesses.

Wavelet-zerotree-basezbmpressioralgorithmssuchasEZW and SPIHT have

excellentdistortion-rateperformancebut do not meetthe memoryconstraintsand se-

29
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guentialprocessingeedof printers;they requireacompleteémageto bereconstructed
beforeary particularpart of the imagecanbe printed by a printer. Their progressie
propertyis notusefulhere;unlike avideomonitor, low costpaperprinterscannotreturn
to andchangeearlierrows, oncethe paperhasbegunexiting the printer. Thefull quality
decodingfor thetop row of animagemustbe completedbeforeary printing canbegin.
This constraintis alreadysatisfiedwith baselinesequentiaDPEG,in which the image
is processedh blocksof 8x8 pixelsacrosseachrow of blocksstartingfrom the upper
left cornerof the image. However, mary wavelet-basedlgorithmshave much better
distortionvs. rateperformanceshanthe JPEGtechniqueandalsoyield visually better
imagequality.

In [61] theimageis processeth independenstripswith asmallnumberof hori-
zontalrowsandeachstripis compressedsingthe EZW algorithm.While thistechnique
yieldslower memorycompleity, its performancaes significantlypoorerthancompress-
ing thefull image.Thedegradationin performancas mainly dueto the discontinuities
atthe strip boundariesandthe smallercontext availableto the adaptve arithmeticcod-
ing engine. In [19, 21] the wavelettransformis carriedout over the entireimage,but
the coeficientsarereorderedo allow decodingfrom the top to the bottom. Chrysafis
andOrtega[17] introduceda line-by-line waveletcodingschemewnhereboththe trans-
form andthe encoding/decodings limited to working with a minimum setof lines of
waveletcoeficients. Insteadof usinga zerotreestructuretheir methodrelieson context

modelingto achieze goodcompressiomperformance.

We presenta methodfor orderingthe waveletcoeficientinformationin acom-
pressedit streamto allow a decodedmageto be sequentiallydecompressedn addi-
tion, we usea hybrid filtering schemehat usesdifferenthorizontalandverticalfilters,
eachwith differentdepthsof waveletdecomposition\We provide formulasfor comput-

ing thememoryrequirementsiueto the choiceof filters, waveletdecompositiorevels,
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and image coding method. We also incorporatea modified versionof the quadtree-
guidedwavelet encoderin orderto reducethe memoryrequiremenimposedby the

zerotreestructure.

4.1 Memory Requirements

The memoryrequirementsat the decoderare determinedby certainpropertiesof the
wavelettransformandtheimagecoder

Only a small subseif the wavelet coeficientsis requiredin the inversetrans-
formto obtainany givenoutputrow. Thisisillustratedin Figure4.1. Thisprocessanbe
describedn termsof line-by-line printing in the spatialdomainof theimage. We seek
theminimumsetof waveletcoeficientsthatmustberecevedby thedecodeiin orderto
print out a givensinglehorizontalrow in the reconstructedimage. After the printerhas
receved that minimal set,andusedit to print out one particularrow in theimage,we
thenseekthe minimumsetof additionalwaveletcoeficientsthatmustbetransmittedoy
the encodersothatthe following row canbe printed. We alsodeterminehow muchof
thecurrentlystoredsetof coeficientscanbe purgedfrom memory Coeficientsthatcan
be expungedarethosewhich arenot neededo print out a future row which hasnotyet
beenprinted. This processs iteratedfor eachrow until theentireimageof sizeM x N
is printed.

In the caseof waveletbasedcodershreemajorfactorsdeterminethis minimum
setof waveletcoeficients:thelengthof thewaveletfilters, thenumberof decomposition
levelsandthe codingalgorithm.

Thefilter lengthbecomesanimportantfactorin the vertical inversetransform.
To beabletorecoverary singleline oneneedgo receve asmary linesin thefirstlevel of

decompositionn thewaveletdomainastherearetapson thefilter. Someof theselines



32

3
2 'l ———
? 5 rows
\ row k ; I ¢ |
(1 line) Lo rows
" N
IWT IWT

Figure4.1: Ontheleft, the printeris readyto print outrow & of the outputimage.The
middle pictureshows stripsof waveletcoeficientrowsthatarerequiredatthefirst level
of decompositionOn theright arestripsrequiredat the secondevel of decomposition.

arein the vertically lowpassfiltered band,and somearein the highpasdiltered band.

Thusshorterfilters would helpreducethe memoryrequirementsUnfortunatelythe use

of shorterfilters oftenresultsin a decreasén imagequality. Filterscannotbetoo short

becausehatwould leadto lesssmoothnesasobsenedin [3]. Smoothreconstruction
filters aredesiredfor goodvisualimagequality.

As notedabove, someof the lines that feed the filter tapscomefrom the LL
band. In the casewheremorelevels of waveletdecompositioraredone,onehasto do
severallevels of inversewavelettransformsto obtainthe lines usedat the lastlevel of
theinversefiltering. Generallyat eachlevel the samefilters areused thuscontributing
the samenumberof rows at eachlevel that are necessaryor a singlerow at the next
higherlevel (althoughtherows getshorterhorizontallyin thelowerfrequeny subbands
of thedecomposition)Thememoryrequirementanbedeterminedecursvely for each

level giventhe numberof rows atthe next higherlevel.

In additionto the memoryrequirementsnducedby the natureof the wavelet
transform, the order in which the wavelet coeficients are codedalso influencesthe
memoryneeds. Becausezerotree-basedoderstendto sendquantizationinformation

that pertainsto large groupsof coeficientsat onetime, the decoderrecevesand must
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storeinformationaboutmary coeficientsthatarenot neededo reproducehefirst line
of the original image. Methodsthat use context modelingto encodewavelet coefi-
cientswould requirethatthedecodesstorethe coeficientsthatform thecontext. In [46]
Liu andMoulin shaved, usinginformationtheoreticargumentsthatintrascalemodel-
ing (usingcoeficientsfrom the samelevel of waveletdecompositionyesultsin higher
mutualinformationthaninterscalemodeling(exploiting parent-childelationships) Us-
ing only coeficientsfrom the samesubbandn forming the contect cangreatlyreduce
the memoryrequirement.However, their resultsindicatethat usingintrascalemodel-
ing aloneis suboptimal;the gainsin memorycompleity are achieved at the price of

compressiomerformance.

4.2 Bit streamRe-ordering

Bit streanre-orderings asimpleway of reducingthememoryrequiremenof otherwise
memory-complg compressiormethods. It allows the decoderto receve information
aboutcoeficientsin thetop to bottomorderrequiredfor line-by-line printing.
There-orderingof the SPIHT bit streamcanbe thoughtof in termsof our work
in Chapter3. In our low-memoryprinter application,the Rol canbe seenasthe actual
row(s)to beprinted. Bits aresentin anordersuchthatthedecoderecevesasuccession
of “minimal sets”of coeficientscorrespondingo successie printing rows. In orderfor
thedecodeto correctlydeterminevheretheinformationconcerningheregion of inter-
estendsin thebit streamaheadelusuallysmall)is requiredithe encodedescribeshe
thresholdl;, atwhich theencodingof theoriginal algorithm(notre-orderedjerminates
for theregion. The decodeithenevaluatesasit decodesachrow in there-orderedit
stream,whetherthe receved bits correspondo a thresholdof 7;,. Onceit passeshat

thresholdthedecoderdeduceshatthe datacorrespond$o the next row.
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While this methodonly incursa small overheadpenalty it canonly stop cod-
ing eachminimal setof rows whenall correspondingoeficientshave beenrefinedto
the giventhresholdT,,. This limits the achiezablecompressiomatiosto a small setof
codingrates. By transmittingthe coordinatesf the coeficient wherethe codingends
at thresholdT,,, the encodingcanstopat ary arbitrary point in the sorting/refinement
cycles.

Given L levelsof waveletdecompositionusingthe zerotreestructure the mem-

ory requirements

L L
Sa(k) = kN27"+) 3kN27'2' 7t = kN2Th 4 3kN2V ) 27

=1 =1
. . 1 L+1
= kN2 kN2 (14 (] , (4.1)

wheref is the numberof rows neededrom the LL band. S() givesthe numberof
waveletcoeficientsinsteadof the numberof rows. It is moreaccuratghanarow count

astherows gethalvedat eachnew level of decomposition.

4.3 Quadtree-GuidedEncoding

Thequadtree-guidediaveletcompressiotechniquecanachiere asubstantiateduction
in thememoryrequirementbecausd useonly asinglelevel of waveletdecomposition
with encodingrelying on & x k blocks of wavelet coeficientsinsteadof the zerotree
structure.

To make it more suitablefor the printer problem, the zig-zagencodingorder
in the outerbandsis changedo a strictly horizontalorderingfor the runlengthcoding
which is shovn in Figure4.2. The original scanningorderis depictedin Figure 2.6.

(For theimagestested,the modificationof the outerbandscanningorderresultedin a
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LL HL

LH HH

Figure4.2: Modificationof scanningorderof outerbandcoeficientsto horizontalscan-
ning orderto matchtheline-by-line processingrderof alow-costprinterapplication.

3-8%decreasén outerbandratecomparedo the zig-zagordering.) Using this type of

encodingoneonly needdo store
Sqge(k) = 4kN/2, (4.2)

coeficients,wheref is theinitial block size of the quadtreecoding, which is alsothe

numberof rows requiredfrom theLL bandfor thistechnique.

4.4 Hybrid Filtering

More wavelet coeficientsarerequiredto producea single outputrow wheneitherthe

filter lengthincreasespr whenthe numberof decompositiorlevelsincreases.



36

Let ,(I) andry(l) denotethe numberof rows of coeficients requiredfrom
level | of the decompositionn the verticallow andhigh frequeng bandsrespectiely,
to reconstructl row of the outputimage. Let the 0** level denotethe spatialdomain
imageandlet 7, (0) = 1, rg(0) = 0. Thenthe following recursve formulasgive the
valuesof (1) andrg (1) asafunction of the maximumof the low andhighpasdilter

lengthsatlevel I, k;.

ri(l) = [%w + {%J (4.3)
ru(l) = L%J + [%1 (4.4)

Using (4.3) and(4.4) the numberof coeficientsneededo recover 1 line in the spatial

domainis

L
Sp=rr(L)N2 X+ (rp(l) + 2rg (1)) N2, (4.5)
=1

whereL is the maximumnumberof decompositionevels. Thefirst termin (4.5)repre-
sentghelLL band thefirsttermof thesumrepresentthe HL bandswhile thelastterm

of thesumrepresenttheLH andHH bands.

With a singlelevel of filtering with the 2-tapHaarfilters, S; = 2N, thesame

scenariowith the 9-7filtersyields Sy = 9N, a4.5 fold increase.

Filtering in the horizontaldirectionhasno effect on the memoryrequirements,
andthusonecanmaintainin the horizontaldirectionthefull 6 levelsof decomposition
usingthe 9-7 filters. In the vertical direction, we can, for example,perform 2 levels
of decompositionwith the 9-7 filters, and 4 levels of filtering with the Haar filters.
The total numberof levels of decompositiordoesnot have to be the samein the two
directions. Thereexist mary differentpossibilities,eachpresentingts own trade-of

betweerdistortion,rate,andbuffering requirements.
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Table4.1: Thevaluesof r;, andry from (4.3)and(4.4), respectiely, for the 9-7 filters
upto 6 levelsof decomposition.

waveletdecompositiorevel
l=1 [=2 [=3 Il=4 I[I=5 1[1=6

(1) 5 7 8 8 8 8
ru(l) 4 6 7 8 8 8
4.5 Results

In our experimentsve used512 x 512 24-bitcolorimages.To gainabetterunderstand-
ing of memoryrequirementsve comparedifferentcodingalgorithmsandfilter choices
in termsof the percentagef all coeficients, (S()/(MN)) % 100 %, insteadof actual
coeficientcount.

Table4.1shovsthevaluesof r;, andry with 7, (0) = 1 for upto 6 levelsof the
waveletdecompositiorusingthe 9-7 filters. For the Haarfilters thesevaluesare easily
computedbasedon the inversefiltering operationasr.(l + 1) = rg(l + 1) = r1.(1).
In the inversetransform,Haarfilters take one coeficient from boththe low- andhigh-
frequeny bandgo returnonecoeficientatthenext level.

With a single level of filtering with a 2-tapfilter, only 0.39% of the wavelet
coeficient arrayis requiredto producean outputrow (512 pixels). If onereplacegshe
Haarfilters with the 9-7 filters, the memoryneededyronsto 1.7%.

With full 6 levels of decompositiorusing the Haar filters, only 0.57% of the
coeficient arrayis involvedin producinga single outputrow. However, the decrease
in SPIHT performancas very significantwhenHaarfilters are substitutedor the 9-7
biorthogonalfilters. The decreasén SPIHT performancas alsovery significantwhen
thenumberof decompositiorlevelsdropsbelow 4. If 9-7 filters wereusedinsteadwith

6 levels of decomposition3.2% of all coeficientswould be needed.Thesenumbers
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reflectonly the memoryuseinducedby thefilter choice,they do not take into account

furtherconstraintsmposedby theencodingmethod.

Thememoryconstrainimposedoy theencodingnethodshovsthatthezerotree
structurerequireslarger memorystorageof coeficientsthanthe quadtree-guidedod-
ing. With taking only zerotreeghatarerootedin thefirst row of theLL band(k = 1
in (4.1)) and6 levels of decompositiorfor the zerotreestructure the memoryrequire-
mentis 12.5%of all coeficients.A 5 level decompositiorwould reducethis amountto
6.25%.Usingthe quadtree-guidedodingwith 8 x 8 blocksof coeficientsgivesk = 8

in (4.2)andmemoryrequiremenbdf 3.1%.

To obtainthefull pictureoneneeddo considerconstraintsarisingfrom all three
factorstogether The quadtree-guidedodingusesonly 1 level of decompositionEven
using 9-7 filters, one only needsb rows of coeficientsfrom the LL bandto recover a
singleoutputrow. Thatis still lessthanthe8 rowsimposedoy theencodingnethodthus
thememoryrequirements dominatedoy thatfactorandstandsat 3.1%. For a zerotree
basednethodsuchasSPIHTwith 6 levelsof decompositiorthe9-7 filters choicewould
dictater;(6) = 8. Substitutingthatvaluefor £ in (4.1) gives100%of all coeficientsas
memoryrequirement.Replacingthe 9-7 filters with the Haarfilters with same6 levels
imposes,(6) = 1 anda 12.5%memoryrequirement.From Table4.1 it follows that
if a6-level decompositions used,any combinationof 9-7 andHaarfiltering with more
than2 levelsof 9-7 filtering requiresthe full waveletdomainimageto be storedat the

decoder(rz(6) = 8 wouldfollow from ary suchscenario.)

PSNRresultsare obtainedfor the 24-bit color Lenaimagecompressedo 0.24
bpp (i.e. 100 : 1 compressiomatio), for both quadtree-basednd zerotree-basedys-
tems.For zerotree-baseslystemghehorizontalfiltering is maintainecht 6 levelsof de-
compositionusingthe 9-7 filters, asin the SPIHT algorithm. The verticalfiltering also

usesb6 levels of decompositionput anywherefrom 0 to all 6 of thosefiltering rounds
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Table4.2: Comparisorof differentmethodsor memoryrequirementandcompression
performance.

Method MemoryRequirement PSNR(dB)
SPIHT original 100% 30.77
SPIHTw/ Haarfiltering 12.5% 29.60
QGE 3.1% 29.52

canbe doneby 9-7 filters; the remainderusethe Haarfilter. In the caseof quadtree
coding,only 1 level of filtering is doneusing9-7 filters. Thetrade-of betweemrmemory
requirementindcompressiorperformanceas shovn in Table4.2. The original SPIHT
algorithmproduceghebestresult,but requiresl00%of the coeficientarrayin decoder
memory With 6 levelsof verticalHaarfiltering andthebit streanmre-orderingal1.1dB
dropin quality is the “penalty” for having to storeonly 12.5%of wavelet coeficients
in decodememory The quadtree-basesthemepn the otherhand,usesonly 3.1% of
buffering, but with 1.2dB dropin PSNR.It is thuscomparablen PSNRto the zerotree
methodwith all 6 levelsof Haarfilters vertically, but it usesmuchlessmemoryandthe

visualquality is morepleasingtoo. (SeeFigure4.3.)

4.6 Summary

In thischaptemwe examinedtherelationshipbetweerdifferentaspect®f animagecom-
pressiortechniqueandits memorycomplexity. Certainapplicationsnaylimit theavail-
ablememoryatthe decodethatthe codingmethodmusttake into account.

We gave formulasfor the numberof coeficientsrequiredby the choiceof wave-
letfilters,thenumberof decompositiotevels,andthecodingmethod.Ourexperimental
resultsindicatedthat memoryrequirements tradedoff for compressiormperformance.

The modifiedquadtree-guidedodingachierzessimilar resultsasthere-orderedSPIHT
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Figure4.3: Comparisorof (a) SPIHT codingusing6 levels of Haarfiltering and (b)
quadtree-guidedncoding.Lenaimageat0.24bpp.
coding methodwith 6 levels of Haarfiltering with improved visual quality, with 75%
lowermemorycompleity. They bothlagover 1 dB behindthe9-7filter implementation
of SPIHTwhich requiresl00%storage.

We alsoshavedthathybrid filtering canreducethe amountof memoryneeded.
Butif it is coupledwith zerotree-styleodingreductioncanonly beachievedwith fewer
than3 levelsof 9-7 filtering.

This chapterin part,is a reprintof the materialasit appearsn: P. Cosman,T.
Frajka,andK. Zeger ImageCompressiorior Memory ConstrainedPrinters. Interna-

tional Confeenceon Image Processingpp 109-113,Vol. 3, Chicago,lL, Oct. 1998.



Chapter 5

Image Coding for Compound Images

We presenttwo variationson a quadtreewavelet-basedcoderdesignedfor improved
performancen compoundmages.We sggmenttheimageto identify blockscontaining
text, whicharethentreatedspecially Onecoderoperategntirelyin thewaveletdomain,
applyingseparateodingparameterso text andnon-text blocks. In thesecondrariation,
the codercombineswavelet-domainprocessingf non-text blockswith spatialdomain
processingf text blocks. Both variationsprovide improved performancever standard

waveletmethodswvhenappliedto compoundmages.

Traditionalimagecodingfocusedon naturalimages. With the latestdevelop-
mentsin communicationgmageshatcontainbothtext, draving, chartsandnaturalim-
agesbecamemoresignificant. Suchimagesare often referredto ascompoundmages
or documentmages.Theimagesusedn our simulationsareshaw in Figure5.1. Text in
animagecanbe far morevisually importantto a humanviewer thanmight be deduced
from summingthe enepgy of the text pixelsthemseles. Distortionin the edgesof text
characterscausedy lossycompressiorof the image,canbe moreannging thanthe
sametypeof distortionin otherareasof theimage.Unfortunatelywavelet-basedmage

coderssuffer from just this deficieny whenusedon compoundmages.They oftenfo-

41
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cusonimproving low frequeng informationwhile allowing highfrequeng edgessuch

asthesharpedgesof text charactersto blur.

Dear Pam,

I was delighted to hear from you last week, Patti and I had a
wonderful time during our week-long zummer vacation, The wea—
ther was excellent, and the food was absolutely exquisite, [
hope that we can repeat this next year and that wou will join
us too,

We came back with a lot of fantastic memories, which we would

like to share with you through some znapshots that we took.

Our favorite is this picture of us aboard the "Top Hat", which I

hawe pasted into this letter using some really neat adwanced dig-

ital imaging technology on my howe computer, bWe will ship the

rest to you on a CD-ROM soon,  Wishing wou the best,

Lowe -

Susan

(@)

DV1 goes places
'r camcorders
only dream of.

1g the world’s smallest
gital camcorder
a digital still camera.

est frontier

but big on features. Its
s it with a superior

(b)

Figure 5.1: Original compoundimages(a) cmpndlgreyscaleimage, (b) camcoder

colorimage.

Zengetal. in [95] proposean adaptve wavelet transformthat usesdifferent

filters in different partsof an image dependingon the entropy characteristicof the

imageregion. In [41] filters aredesignedspecificallyto reducethe blurring andringing

effectsaroundsharpedgesof text. Theirfilter designaimsatlimiting the spatialdomain

undershooandovershooin thesidelobesof thebasisunctions.Thevisually disturbing

sideeffectscanbe avoidedusingfilters with high spatiallocalizationproperty Another

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

imageblocksashaving low or high actvity. In a JPEG-compliantashionblockswith
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highactivity aremorefinely quantizedo improvethecodingof text regionsin animage.

A conceptuallydifferenttechniguerelieson the Mix ed RasterContent(MRC)
ITU standard33] thatrepresentshe imageasthreedifferentlayers:full color contin-
uoustone badkgroundlayer, full-color or limited color foregroundlayer, anda binary
selectorlayer. The selectorlayerdeterminedor eachpixel whetherthatbelongsto the
text area(foreground)or the smoothimage (background).In this framework the im-
agesaresggmentednto foregroundandbackgroundayersprior to coding.[16, 32,22]
presentsuchcodingschemesvith the emphasideingon finding closeto optimal seg-
menters.

Haffneretal. present®jVu ([29]) thatuseghesameMRC context for document
imagesthataretypically of high resolution(300dpi or better). They usea variationof
the JBIG2 bi-level compressioralgorithm(dubbed]B2) to encodethe foregroundmap
using soft patternmatching. The backgroundcodingis donewith the IW44 wavelet
imagecoder[11]. This methodis aiming at encodingthe backgroundmagewithout
wastingbits on pixels that areremoved astext information. It is achieved by aniter-
ative algorithmthat changeghe wavelet coeficientsin successie projections. These
areusedin conjunctionwith the ZP-coder{10] adaptve arithmeticcoderfor improved
compressiorefficiency.

Thefilling in of removedtext informationis investigatedy de Queirozin [23].
ThespatialandDCT domainiterative algorithmstry to fill in thedatain arate-distortion

optimalway.

5.1 TextSegmentation

In this chapterthe codervariationswe describerely on the segmentatiorof imagesnto

text andnon-tect regions. Our focusis on the codingof the segmentedmage,not the
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sgmentationitself. Any block-basedsegmentermay be usedfor this purpose. Our
implementatiorusesarelatively simpleprocedurébasedn decisiontrees.

Trainingimagesaredividedinto 8x 8 blocks.For eachblock, 11 parametergare
computedrom the 64 pixelsin the block. Amongthesearethe row variance,column
variance 3rd and4th momentsandDCT coeficientenegy. The CART (Classification
and ReggressionTrees)algorithm by Breimanet al. [14] is thenusedto constructa
binary decisiontreebasedon the parametersomputedrom thetrainingimages.Each
leaf nodeof thetreerepresentgitheratext or non-text outcome.

At eachstagein growing thetree, CART considersvhich nodeto split next by
consideringevery parameteiat eachof the currentleaf nodes. The node,parameter
andparametedecisionthresholdwhichyield the mostaccuratepartition of thetraining
dataaredeterminedandthatleaf nodeis split. CART grows a largetree,thenemploys
optimalpruningto reduceit to thedesiredsize.

Giventhe8x 8 block size,onebit per64 pixelswould berequiredto describehe
segmentatiormap. This informationis arithmeticallyencodedisinga causakontext of
four neighborblocks;it typically addslessthan0.01bppto the overall compressedit

rate.

5.2 Wavelet-DomainCoding of Text Blocks

Thequadtreavaveletcoderpresentedn Section2.3.4performswell on naturalimages.
As discussedn Chapter4 a modifiedversionof this coderrequiresessmemoryat the
decodethanmary otherwaveletcoders.

We presenta modificationof the above coderto allow separatgparameterso
be usedon text andnon-text blocks. The encodeffirst classifieseach8x 8 imageblock

aseithertext or non-text, andsendghis sggmentatiormapto the decoder A one-level
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waveletdecompositions performedandthecodingis similar to thatin Section2.3.4.

In ourapproachanLL-bandblockis consideredtext” if all four corresponding
spatialblocks were classifiedastext. Becauseof the 1-level wavelet decomposition,
every 8 x 8 blockin theLL bandcorrespondso four 8 x 8 blocksin thespatialdomain.
Four parameterareselectedor eachLL-bandblock dependingonits classificationas

text or non-tet:

e Thewavelettransformfilters. For text blocks,shortfilters suchasHaarfilters are
chosento improve responsedo sharpedges.At the boundariedbetweenext and
non-text blocksthe respectie filters extendbeyond the given block. A possible
solutionis to describesomecoeficientstwiceto provide datafor thefiltersbeyond
the block boundary While this solutionguaranteesmoothertransitionbetween
blocks with differentfilters, it is redundant. Insteadwe proposeto reflectthe
coeficientsto theothersideof theboundariebetweertext andnon-text blocksto
provide theright type of pixelsfor thefilter taps. This is similar to the boundary
effect at the imageedgeswherethe filters expandbeyond the actualimageand

doesnotresultin any redundanyg of theencoding.

e Thequantizeffor thefoot predictionerror. Sincethealgorithmis trying to predict
theentireblock usingthequantizedoot andcoeficientsfrom neighboringblocks,
finer quantizationis usedin text blocksto achieve a betterpredictionfor those

blocks.

e Theblockerrorthreshold A lowerthresholds choserfor text blocksforcingfiner
predictionin thoseblocksasthealgorithmsubdvidesblockswheretheprediction

errorfalls below theloweredthreshold.

e Thequadtreeblock shape.Text blocksare subdvidedinto horizontally oriented
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rectangulasub-blockg8x 4, 4x2 or 2x 1) which werefoundempirically to per

form betterthansquaresub-blockdn text areas.

Theoverall effect of theseselectionss thatmorebits areinvestedn text blocks.
For ary givenratethequality in thetext regionis improvedatthe expenseof thequality

in thenon-tet regions.

5.2.1 Results

Oursimulationresultsshav thattreatingcoeficientscorrespondingo text blocksdiffer-
entlyfrom non-tect blockscanimprove (perceptual)magequality. Figure5.2shavsthe
comparisorbetweerour proposednethod regularquadtreecodingandthe EBCOT al-
gorithmfor a portionof thecmpndlgreyscaleimageat0.24 bpp. Our proposednethod
usingimproved text region coding displayedhereusesHaarfilters in the text regions
with horizontalquadtreeblock shapeandfiner quantization.The PSNRvaluesshovn
arecomputedoverthe entireimage.Our coderproducesharpettext andmoredetailed
backgroundfor the imagethan the othertwo coders. As theseimagesdemonstrate,
PSNRIis notagoodmeasuref imagequality whenit comesto compoundmages.The
overallPSNRin theEBCOT-codedimageis higherbecausén theimagecodedwith our
proposedalgorithmthereis a slight seepagef grayin the white backgroundabove the
photographdueto the predictive natureof the coder While this error contributesto the

MSE, it is visually not degradingto theimage.



a7

us too, Uz too, uz too, us too,
We came back with : e came back with ¢ lle came back with & We came back with &
like to share with like to share with like to share with like to share with

(b)

(d)

Figure5.2: Portionsof thecmpndlimagesa) original, (b) EBCOT codedat 0.24bpp,
26.48dB, (c) Quadtreecodedat 0.24bpp,25.08dB, (d) Quadtreecodedwith improved
text region codingat0.24bpp,25.98dB.

5.3 Combined Wavelet-Domainand Spatial-Domain

Coding

Becauseof the sharptransitionat edgesand small featuresize, text image datacan
benefitfrom processingn the spatialdomainratherthanin the wavelet domain. In
this sectionwe proposean approactwhich combinesvavelet-basedodingof non-text
regionswith spatialdomaincodingof regionscontainingtext. The algorithmoperates
at the pixel level; thatis, eachindividual text pixel is codedin theimagedomain,and

all remainingpixelsarecodedin thewavelettransformdomain.

Algorithm Summary: The imageis first sggmentedinto text and non-text

blocks. The pixels belongingto text blocks are then labeledas either foregroundor
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backgroundnon-text), wherebythe encoderchoosedor eachblock which color—light
or dark— will be calledforeground,andwhich will be calledbackground.Theintensi-
tiesfor theforegroundandbackgrounccolorsarethendeterminedor eachblock. In a
seggmentationmprovementstep,someblockswhich were previously identified astext
blockscanbereclassifiecasnon-text blocks,basedntheir foregroundandbackground
colorsaswell asthoseof theirneighbomlocks. Following this step theblock segmenta-
tion map,the binaryforeground/backgrounchapfor thetext blocks,andthe quantized

foregroundintensityvaluesarearithmeticallyencodecandtransmitted.

At this point, both encoderand decoderpossesknowledge of the text pixel
locationsandcolors. It is thereforgpossibleto “remove” thetext (foreground)pixelsto a
largedegreefrom the originalimage,by interpolatingtheirintensitiesrom neighboring
non-tect pixels. Sucha stephasthe advantageof smoothingthe original image,sothat
it canbe moreefficiently codedby the quadtreevaveletalgorithm. After thetext pixels
have beenremoved by interpolation,the remainingimageis wavelet-transformednd
guadtreecodedasdiscussedn Section5.2. In the following sectionswe describethe

stepsof this algorithmin greaterdetail.

5.3.1 TextBlock Color Classification

Within eachtext block X, thetwo maincolorsareidentifiedwith Lloyd-Max optimiza-
tion ([47]) onatwo-level scalarquantizerIf thetwo maincolorsarecloserto eachother
thansomethresholdtheblockis classifiedasunimodal- a block thatonly containsdif-

ferentshadesof the samecolor - andis assignedo be text or non-text basedon the
foregroundandbackgrounccolorsof the neighboringblocks. Otherwisethe colorsare
designatedseitherforegroundor backgroundpasedon informationaboutthe North

andWestneighborblocks. Threecasesareconsidered:
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e If both the North and West neighborsare non-text blocks, their averagepixel
intensity I is determined.The colorin X which is farthestfrom I is designated

asforeground(text), andthe otherasbackground.

e If boththe North andWestneighborsaretext blocks,the averageof their fore-
groundcolorsis determinedf = (fy + fw)/2. Thecolorin X whichis closest

to f is designatedsforeground,andthe otherasbackground.

¢ If oneof the North andWestneighborss atext block andthe othernon-tet, the
colorin X whichis closestto the foregroundcolor in the neighboringtext block
is designatedsforeground,andthe otherasbackground.However, if the fore-
groundcolorsof the neighboringtext block andof X arefarapart,thecolorin X
whichis fartherfrom the backgroundolor of thenon-text neighboris designated

asforeground.

After the foregroundand backgroundcolors have beendesignatedeachpixel
in block X is assignedo either foregroundor background. To avoid distorting the
text, only pixels with intensitywithin a giventhresholdfrom the foregroundcolor are

assignedo theforeground;therestaretreatedasbackground.

5.3.2 Map and Foreground Color Coding

The block-level text sggmentatiormapis transmittedasdescribedn Section5.1. The
foreground/backgrounanap for eachtext block is then arithmetically codedwith a
causalcontect of neighboringpixels. Only pixels within text blocks are coded. The
foregroundcolor for a text block X is codedin a predictive codingfashionfrom the
foregroundvaluesof the North andWestneighborsexploiting the factthatforeground

valuesusuallydo not changesignificantlybetweemeighboringolocks.
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5.3.3 Inter polation and Residual Coding of Text Pixels

We now describethe procedurefor remaoving text pixels from the image,in orderto
allow moreefficient wavelet-baseaodingof the backgroundpixels. The stepsof this
procedureareillustratedin Figure5.3for only aone-dimensionatrosssectionalongthe
non-tet to text transition. The originalimageis shavn in profile A, with abackground
areaontheleft andtext ontheright. In profile B, thetext pixel valueshare beerreplaced
by the block foregroundcolor andin profile C they arereplacedby valuesinterpolated
from neighboringbackgroundpixels. Theimagecorrespondingo profile C could be
encodedy thewaveletquadtreecoder andcombinedoy thedecodemith thetext pixel
valuessentfrom profile B to reconstructheimage. This reconstructedmagewould be
anapproximatiorof profile B. Thesharptext edgeghusobtainedcancausaheedgeof
smalltext character$o appeajagged,however. Insteadwe includeseveraladditional

stepsto allow theresidualerrorto be correctedreducingary jaggedappearance.

ProfileD shavstheresidual or differencebetweertheoriginalimageandblock
foregroundcolor in text areas. This residualis addedto profile C to yield profile E,

whichis thenencodedy thewaveletquadtreecoder

At thedecoderalossyversionof E is reconstructedasshowvn in profile F. The
decoderalsorecevesthe locationsof text pixels and the quantizedforegroundcolor
for eachblock, which it usesto produceprofile G. Giventhe text pixel locations,the
decoderinterpolatesthe valuesof text pixels from neighboringbackgroundpixels to
obtainprofile H, which is anapproximatiorof theencoders profile C. Theresiduall is
reconstructe@sthe differencebetweerprofilesF andH. By addingthis residuatlto G,

thedecodelgenerateshe outputimageprofile J.

Thesignificanceof addingtheresiduako thebackgroundmageliesin theability

of themethodto losslesslyencodehe compoundmage.Without this stepthe decoded
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Encoder Side Decoder Side
Imagery Text Imagery Text
A F
‘
B G
C H
!\\ =
D I

Figure5.3: Procedurdor removing text pixelsfrom theimageto be wavelet-encoded.
Seedescriptionn Section5.3.2.

imagewould always be lossy no matterhow high the codingrateis. The foreground
color for eachblock is representetby a singlevaluewhich inevitably distortssomeof
theintensitiesn thatblock. Sincethe descriptionof the segmentatiorandthe codingof
theforegroundcolorsis losslesspnly the backgroundmagecanimprove whenalarger
bit budgetis available. Adding theresidualgo the backgroundjuaranteeghatat high

enoughcodingratetheir valuescanberecovered.
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(b)

Figure5.4: Comparisorof the backgroundn thetext portion of the camcoder image
(a) with binarytext coding,(b) with ternarytext coding.

5.3.4 Ternary Coding of Text Blocks

The proceduredescribedhusfar performswell, but furtherimprovementis possible.
In mary compoundmages,especiallythe onesobtainedasa resultof scanningdocu-
ments the transitionfrom foregroundto backgrounctolor is not sharp;therearesome
intermediatelevels presentaswell. The discontinuitiesin the backgroundmagein-

troducedby addingthe residualcan be reducedby more finely quantizingthe fore-

ground/backgrounchap. Specifically insteadof computinga binary map,we compute
aternarymap-i.e., by addinga third “transition” level betweerforegroundandback-
ground. This resultsin smallerresidualpeaksat the edgesof text. The encoderdeter

minestheforeground/transition/backgroundapfor eachtext blockin theimageusing
a 3-level Lloyd-Max quantizer This mapis transmittedusingarithmeticcodingwith a

ternaryalphabet.The encodeitransmitsa block’s predictve quantizedoregroundand
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Figure5.5: Comparisorof the foregroundin the text portion of the camcoder image
(a) with binarytext coding,(b) with ternarytext coding.

intermediatecolor asbefore.As with unimodalblocksin the binary case the algorithm

only usesaternarydescriptionof atext blockif threedistinctive levelscanbeidentified

in ablock. Allowing binary andunimodalblocksalsoimprove the codingratefor the

arithmeticcoder

The residualpeaksare smallerthanin the binary case,however. This canbe

seenfor thetext portionof the camcoder imagein Figure5.4. Theforegroundquality

is alsoimprovedasshown in Figure5.5. Having a smootheiimageallows the wavelet

transformto concentratenostof theenegy in thelowerfrequeng bandsandtheimage

canbecodedwith lessdistortionatthe samerate.
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5.3.5 Results

In Figure5.6 we compareresultsof our combinedquadtreavaveletandspatialdomain
codingapproachor color imageswith the color versionsof SPIHT andEBCOT. The
original color imagewas sampledat 100 dpi from a print source. Theresultsare pre-
sentedat a 100 : 1 compressiomatio. We usedthe ternaryversionof our combined
wavelet/spatial-domaimpproach. In the imagecompressedby our algorithm, text is
significantlysharperandclearerthanin the SPIHT andEBCOT images.Separateod-
ing of text andimagedatanot only betterpresered the text, but the spatialdomain
codingprovedto be moreefficient aswell, leaving morebandwidthto codetheimage
data. Note thatthe backgrouncedgesaroundthe letters*JVC” appearsharpethanthe
sameareasn the SPIHT andEBCOT images.In this casethe improvedvisualimage
quality is reflectedby animprovementin PSNRaswell, with againof 0.95 dB overthe

SPIHT encodedmage,and4.93 dB overthe EBCOT encodedmage.

5.4 Summary

In this work we proposedwo differentalgorithmsfor the compressiorof document
images. One methodworks entirely in the waveletdomainand aims at encodingthe
text portionsof the image more accuratelyat the expenseof the non-text areas. We
introducedan effective methodfor changingfilters within an imageat ary arbitrary
point.

Theothertechniqugprocessetext pixelsin thespatialdomainwhile background
pixelsarewavelettransformedandcodedin thefrequeny domain.To improve wavelet
codingefficiengy, the backgroundmageis smoothedo fill in the gapswherethe text
pixels have beenremoved beforetransform. For the foregroundmap we usedboth a

binaryandaternaryencoding.Theternarycodingis especiallyeffective whenthe doc-
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umentimageis aresultof scanningvheretransitionbetweertext andnon-text blocksis
moregradual.To enabldosslesgeconstructiorat high ratestheforegroundrepresenta-
tion erroris superimposedn thebackgroundmage.

Boththesdechniquesutperformedtate-of-the-anvavelet-basedmagecoding
methodsin termsof image quality both in the text and the non-text portionsof the
images.

This chaptey in part, is a reprint of the materialasit appearsn P. Cosman,
T. Frajka, D. Schilling, andK. Zeger. Memory efficient quadtreewavelet coding for
compoundimages. 33rd Asilomar Confeenceon Signals, Systemsand Computes,

pp1173-1177Vol. 2, Pacific Grove, CA, Oct. 1999.
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Figure5.6: Portionof the colorimagecamcoder, reproducecderein blackandwhite
(a) Original image,100dpi, (b) SPIHT at0.24bpp,27.07dB, (c) EBCOT at0.24bpp,
23.09dB, (d) Combinedwavelet/spatiatodingapproach.24bpp,28.02dB.



Chapter 6

Image Coding Subjectto Channel

Constraints

In this chaptemwe proposea new pacletizationschemebasedon the MultiGrid Embed-
ding (MGE) coding. In zerotreebasedpacletizationmethods paclets containone or
morezerotrees Any lossof datawipesout the entirecorrespondingpatiallocationin
theimage.Usingour proposednethod the effect of the pacletlossis not concentrated

onagivenspatiallocationbut spreadover differentlocationsandfrequencies.

With the increasednterestin multimediacommunicationgransmissiorof im-
ageshasbecomeafactof life. Imagecompressiomisedo focusonoptimizingtheimage
datafor storageon mediathat,for themostpart,actasnoiselesghannelsModerncom-
municationsystemsexperiencea wide variety of channelconditionsfrom individual bit
errorsto pacletlosses.In block basedcoderssuchasJPEG the effect of the errorcan
belimited to the givenblock. Stateof the art codersusewavelettransformandperform
globalcodingof coeficients. Thesecoderscanexperiencecatastrophidailuresin case

of bit errorsor pacletlosses.

In orderto maximizecompressiorfficiency, waveletbasedoderssuchasezZw
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or SPIHT rely on stateinformationandencodingdecisionsconveyedby a singlebit. In
suchcasesary errorcanleadto abreakdevn atthedecoderin apacletnetwork, alost
paclet causesompletdossof synchronizatioratthereceving end,renderingall future

pacletsuselesgor decoding.

Onecoulduseunequalmountsof Forward Error Control (FEC) codingto pro-
tectthe imagedataand combinethat with pacletizationasdonein [54]. The amount
of protectiondependn the noisinessof the channel. In the caseof the Internet,the
noisecharacteristicsnay changevery rapidly evenduring the transferof animage. A
pre-determinegbrotectionschemeamnay not work asthe channelchangesor if it is tai-
loredto the maximumexpectederrorit mayreducethe sourcecodingratetoo severely,
An alternateapproachs to make the imagecodermorerobustto prevent catastrophic
failures.RogersandCosmar{67] proposea pacletizationschemgPacketizedZerotree
Wavelet (PZW)) that groupsindividual zerotreesnto pacletsby changingthe SPIHT
encodingorder Insteadof sendingthe informationaboutall zerotreesn the order of
magnitude they collect descriptionscorrespondingo eachzerotreeseparately Thus
ary paclet losswill only have an effect on the spatiallocationsof the imagethat the
givenzerotreesorrespondo. Sherwood andZeger[74] usea macroscopianultistage
compressiommethodto enhancehe robustnessf the pacletizedcoder The imageis
encodedn stageswheretheinputto the next stageis theresidualof the originalimage
with theoutputof the currentstage Eachstageis codedindependensf the othersmak-
ing it possibleto decodduturestagesvenwheninformationin paststagess corrupted.
Eachstagecanbe assignea differentlevel of error protection.In their work, only two
stagesareused,with thefirst stageimagedatabeingprotectedoy FEC andthe second

stagesentwithout additionalerror protection.
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a b

Figure6.1: (a) The zerotreestructurein the waveletdomainand(b) the corresponding
spatiallocationin theimage.

6.1 SpreadSpatial Location Packetization

In a zerotreebasedcoder coeficientsin the samezerotreecorrespondo the samespa-
tial locationin theimageasis shavn in Figure6.1. Whenpacletsareformedof sev-
eral zerotreesthe loss of sucha paclet resultsin the loss of informationat the given
spatiallocations,a blank spoton the image. This propertyis the consequencef the
zerotreestructure the codingof higherfrequeny coeficientsat the samespatialloca-
tion dependson the coding of lower frequeng coeficients at the samelocation. The
descriptionof eachzerotreehasto be keptin the samepaclet to make the pacletsin-
dependentlydecodable Otherwisethe lossof the paclet containingthe descriptionof
the lower frequeng coeficientsrendersthe receved descriptionof higherfrequeng
coeficientsonthe samezerotreauseless.

MGE is aflexible alternatve to the zerotreestructure.Without the zerotreede-
pendencethe codingcanproceedn almostary arbitraryorder In the original MGE
algorithm,the quadtredadentificationprocesdor the significantcoeficientsstartswith

thefull waveletdomainimage.The codingdependenciesnly exist within the quadtree
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structure.Thus,by choosingheappropriatenitial block sizefor thequadtreedentifica-
tion processgifferentspatiallocationscanbe codedseparatelyWith an! level wavelet
decomposition2* x 2* sizednon-overlappingregionsof theimagecanbeindependently
codedby using2*~! x 2¢~! sizedblocksat thefirst level, 2¢-2 x 2¥=2 sizedblocksat
thesecondevel and2¥~! x 28~ sizedblocksat the* level astheinitial blocksfor the
significancecheck. On one hand,this changewill decreaseompressiorefficiency as
mary blocksthatwould normally be codedafter a singlesignificancecheckat a given
bit planewill have to be individually compared.On the otherhand,this changemakes
it possibleto codedifferentspatiallocationsandfrequeng contentdndependently

We defineacollectionof waveletcoeficientblocksrandonzemtreethatsatisfies

thefollowing properties:

e Eachrandomzerotreecontainsoneblock from eachfrequeng bandof theappro-
priatesize (28! x 2¥~! onlevel [, for [ = 1... L) thatcorrespondso the same

spatialdomainsize.

e Eachblockrepresentsa differentspatiallocationof theimageto spreadary pos-

sibleinformationlossover differentpartsof theimage.
e Theintersectiorof any two randomzerotreess theemptyset.
e Theunionof all randomzerotreexoversthefull waveletdomainimage.

Figure 6.2 shavs a randomzerotreeandthe effect of a lossof sucha treeon
the spatialdomaindata. Eachaffectedspatiallocationis missinga differentfrequeng
componenmmakingthevisuallosslessnoticeable (Thedifferentshade®f grey signify
thediffering contributionsof differentfrequeng bandso theoverallimagequality with
darker beingmoresignificant.)

In additionto the trade-of betweenflexibility and compressiomperformance,
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a b

Figure6.2: (a)A randomzeotreein the waveletdomainand(b) the correspondingpa-
tial locationsin theimage.

onealsoneedgo considerthe effect of block size on the descriptionlengthof random
zerotreesThedescriptionengthclearlydepend®nthetargetcodingrate. Smallinitial

block sizesyield shortdescriptionsthat allow flexible paclet formation, but degrade
compressiomperformance. Large initial block sizeshowever may generateso much
informationfor eachrandomzerotreghatit becomesmpossiblgofit all theinformation
into the payloadof a single paclet. This violatesthe constraintthat eachpaclet be

independentlylecodable.

For the samereasonthe adaptve arithmeticcodermustgatherits distribution
estimatesndependentlfor eachpaclet. By not beingableto useinformationlearned

atotherlocationsin the codingprocessts compressiorefficiency decreases.

The coding proceedsn two phases. The first phaseis a “dry run” whenthe
encodercollectsthe rateinformationfor eachrandomzerotreefor the giventarget bit
rate. The secondphaseis the actualpaclet formation. The encodertries to packary
paclet asfully aspossible,even allowing the sum of the ratesto exceedthe paclet

size by somemamin if without addingthe last randomzerotreethe paclet is under
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Table6.1: Comparisorof the proposednethodandthe PZW algorithm ([67]) for the
LenaandPeppesimagesat a bit rateof 0.209 bpp.

PSNR(dB)
Image  Algorithm noloss 1%loss 10%loss 20 % loss
Lena PZW 32.19 31.33 26.29 24.63
Thiswork 31.90 30.91 26.24 23.70
Peppers PZW 31.75 30.85 26.38 23.31
Thiswork  32.09 30.99 26.09 23.49

filled. Thussomerandomzerotreeswill have morerate assignedo themthanin the
non-pacletizedcoding,while otherswill have alowerratedescription.Theassignment
of waveletcoeficientsto randomzerotreess determinedat random,but ensuringthat
the propertiesof the randomzerotreesare satisfied. The packingis carriedout in this
orderwhichis known bothto the encoderanddecoderandis usedfor all images.The
overheadnformationis limited to the sequenc@umberof the startingrandomzerotree
andthe numberof randomzerotreesn the paclet. Sincethe LL-bandinformationhas
the mostsignificanteffect on the imagequality, the packingalgorithmavoids placing

randomzerotreesvith neighboringLL-bandblocksin the samepaclet.

6.2 Experimental results

To demonstratéheperformancef theproposedchemeveusedthe512x 512 greyscale
Lena Baboon andPeppesimages.Theimageswveretransformedvith a4-level wavelet
transformusingthe 9-7 filters. Therandomzerotreeassignmentsveregeneratedn ad-
vanceandusedfor all testimages. Therearea total of 256 randomzerotreescorre-
spondingto ablock sizeof 2 x 2 in theLL band.A pacletsizeof 384 bitswaschosen.

In thechanneimodel,lostpacletsdonotarrive atthedecoderjt mustbeableto perform
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independentlecodingon eachpaclet.

ThePSNRresultsfor theLenaandPeppesimagesareshovn in Table6.1. The
PSNR valueswere obtainedusing the averageMSE of 10,000independentuns for
eachlossscenario.The performancef our methodis comparablégo that of the PZW
algorithmover the differentloss scenarios.lt is a well known factthat PSNRvalues
are sometimegpoor indicatorsof the underlyingimagequality. While the above two
methodsyield similar PSNRresultsthe correspondingmagequality is quite different.
The amountof informationlostin both methodss aboutthe same(asmeasuredy the
PSNR),but its distributionis differentin theimage.

Figures6.3and6.4 show thevisualcomparisorbetweera zerotreestyle pacle-
tizationapproacHhlike PZW) andthe proposednethodfor paclketlossratesof 1%, 10%
and20% for the Lenaand Baboonimages. The pacletslossscenariowasforcing the
loss of typically the samelLL-band blocksin both pacletizationschemes.As canbe
seenthe imagesgeneratedvith the proposednethoddoesnot exhibit regionsthatare
completelywiped out dueto the paclet loss, ratherdispersehe lossthroughdifferent
frequencie®f differentspatialblocksresultingin avisually lessdisturbingimage.

The robust pacletizationmethodsacrificesthe progressiity of the underlying
coder While within the paclet the codingis progressie, ary further progressie re-
freshingis tied to the receptionof the next paclet. Furthermorecertainportionsof the
imageimprove in an uneven fashionasopposedo the gradualuniform improvement

associatedavith progressie imagecoders.

6.3 Summary

We presentech pacletization schemethat spreadgshe information within the paclet

amongfrequengy bandsandspatiallocationsto avoid completelossof imageinforma-
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Figure6.3: Comparisorof proposednethod(left column)andzerotreestyle pacletiza-
tion (right column)for the Lenaimageat 0.208 bpp, (a)-(b) 1% loss,(c)-(d) 10% loss,
(e)-(f) 20% loss.
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Figure6.4: Comparisorof proposednethod(left column)andzerotreestyle pacletiza-
tion (right column)for the Baboonimageat 0.4 bpp, (a)-(b) 1% loss,(c)-(d) 10% loss,
(e)-(f) 20% loss.
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tion at ary given spatialblock. Our experimentalresultsindicatethat this proposed
methodproducesetterquality imagesover noisy channelghan previously published
techniques.

The coderis flexible in the codingof the informationdueto the MGE structure
thatis notlimited by the zerotredanterbanddependencies he coderlosesprogressiity
atthe expenseof morerobustperformancen paclet erasurechannels.

This chapterin part,is areprintof the materialasit appearsn T. FrajkaandK.
Zeger. RolustPacket ImageTransmissiorby Wavelet Coeficient Dispersementinter-
nationalConfeenceon Acoustics Speeh and SignalProcessingpp 1745-1748\Vol. 3,
SaltLake City, UT, May 2001. Thedissertatiorauthorwasthe primary investigatorof

this paper



Chapter 7

Residuallmage Coding for Stereo

Image Compression

Onemainfocusof researclin steredmagecodinghasbeendisparityestimationatech-
niqueusedto reducethe codingrate by taking advantageof theredundang in a stereo
imagepair. Significantlylesseffort hasbeenputinto the codingof theresidualimage.
Theseimagesdisplay characteristicshat are differentfrom that of naturalimages.In
this chaptemwe proposea newv methodfor the codingof residualimagesthattakesinto
accountthe propertiesof residualimages. Particularattentionis paid to the effects of
occlusionandthe correlationpropertiesof residualimageshatresultfrom block-based
disparityestimation.The embeddedprogresste natureof our coderallows oneto stop
decodingat any time. We demonstraté¢hatit is possibleto achieve goodresultswith a

computationallysimplemethod.

67
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7.1 Intr oduction

Humandepthperceptionin partrelies on the differencein the imageswhich the left
andright eyessendto the brain. By presentinghe appropriatémageof a steregpair to
the left andright eyes,the viewer percevesscenesn threedimensiongnsteadof asa
2-dimensionalmage. Suchbinocularvisual informationis usefulin mary fields, such
astelepresencstyle video conferencingtelemedicineyemotesensing.and computer
vision.

Theseapplicationsrequirethe storageor transmissiorof the stereopair. Since
theimagesseenwith theleft andright eye differ only in smallareastechniqueghattry
to exploit the dependeng canyield betterperformanceahanindependentodingof the
imagepair.

Most successfutechniquesely on disparitycompensatiomo achieve goodper
formance. Disparity compensationis similar to motion compensatiorfor video com-
pression. It canbe carriedout in the spatialdomain[35, 39, 40, 45, 84] , or in the
transformdomain[36]. Disparitycompensatioganbea computationalljcomplec pro-
cess.In [66] awavelettransformbasednethods usedfor steredmagecodingthatdoes
not rely on disparity compensationWhile this techniqueis more simple, it sacrifices

compressiomperformancedor reduceccomplexity.

Many of the above works use discretecosinetransform(DCT) basedcoding
of theimageswhich usesarateallocationmethodto divide the availablebandwidthbe-
tweenthetwo images.For eachtargetbit rateanew optimizationhasto be performedo
find the optimal balance Embeddedodingtechniquedasedon thewavelettransform
[72,68] provideimprovedperformancédor still imagesvhencomparedvith DCT-based
methods An embeddedit streamcanbetruncatedatarny pointto obtainthebestrecon-

structionfor the givenbit rate. An embeddedterecimagecodingschemes proposed
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in [12] thatachiezesgoodperformanceavithout having to userateallocation.

With disparity compensationpneimageis usedasa referencemage,andthe
otheris predictedusingthe referenceamage. The gainover independentodingcomes
from compressinghe residualimagethatis obtainedasthe differenceof the original
andpredictedmage.Little attentionhasbeenpaidto the codingof the residualimage.
Moellenhof andMaier [53] examinedthe propertiesof disparitycompensatedesidual
imagesandproposedsomeDCT andwavelettechniquedor theirimprovedencoding.

In this chapteywe proposea progressie codingtechniquefor the compression
of stereoimages. The emphasisof our work is on the coding of the residualimage.
Theseimagesexhibit propertiedifferentfrom naturalimages.Our codingtechniques
make useof thesedifferencesWe show thatthe correlationacrosshblock boundariesn
theresidualimageis diminished suggestinghatthe codingof theseblocksindividually
might be preferable.We proposeto usetransformsthattake into accountthe correla-
tion propertiesof the residualimageaswell asthe block-basecdhatureof the disparity
estimatorusedin our coder Occludedblocksare often difficult to estimate. Residu-
als of occludedblocksthereforearedifferentfrom blocksthatarewell matchedoy the
disparityestimation(DE) process.In our techniquewe treatthesetwo typesof blocks
differently The imagetransformwe proposeusesa DCT on the blocksthat are well
matchedby DE, and usesHaarfiltering on the occludedblocks, resultingin a mixed
imagetransform. MultiGrid Embedding43] is usedasthe embeddedmagecoder It
providessimilar performanceo that of zerotree-basetéchniqueswith increasedlex-
ibility . While the component®f our proposednethodarelow compleity, they yield
somesignificantimprovementover othermethodsn the codingof stereamages.

Theoutline of the chapteris asfollows. Section7.2 givesanoverview of stereo
imagecoding. Our contributionis in Section7.3,with experimentakesultsprovidedin

Section7.4. Finally, the conclusionis givenin Section7.5.
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Figure7.1: Original imagesof the (a) and(b) Room (c) and(d) Aqua and(e) and(f)
Outdooss steregpairs.
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Figure7.2: Stereccamerasystem.
7.2 Stereolmage Coding

Stereoscopitmagepairsrepresenaview of thesamescendrom two slightly different
positions. When the imagesare presentedo the respectre eye the humanobsenrer
percevesthedepthin thesceneasin 3 dimensionsOnecanobtainsteregairsby taking
pictureswith two camerashatareplacedn parallel2to 3inchesapart.Figure7.1shows
theoriginalimagesof threedifferentsteregpairs. The syntheticRoomimagerepresents
suchapplicationsasvideogamesor virtual reality, while thetwo naturalscenegprovide
differentdistancescenariosvhich exhibit differentdisparity properties. The left and
right imagesof the Roompair differ mainly in the left edgeof the left imagewherea
pieceof thewall is visible thatcannotbe foundin theright image. Certainareasof the
floor tile aredifferently coveredby the coneandball in theseimages.In the Aquapair
thedifferencesccurattheleft andright edgesof theimagesaswell asaroundtherock
in themiddle. Becausef thelargerdistancebetweerthe objectsandthe camereof the

Outdoors pair, they exhibit the smallestdifferencesmostlyaroundtheimageedges.

Becausef thedifferentperspectie, thesamepointin theobjectwill bemapped
to differentcoordinatesn theleft andright imagesasshavn in Figure7.2. Let (z;, y;)

and(z,, y.) denotehecoordinate®f anobjectpointin theleft andrightimagesrespec-
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tively. Thedisparityis thedifferencebetweerthesecoordinatesd = (z; — x,, y; — yy)-
If thecamerasreplacedin parallel,theny; — y,. = 0, andthedisparityis limited to the
horizontaldirection. Let b denotethe separatiorbetweerthe two camerasf thefocal
length,and Z the depthof the object(or the distanceof the objectfrom the camerals
shavnin Figure7.2. If all of theseparameterareknown, onecancomputethedisparity

of eachobjectas[2, 93]

_b

d
=

(7.1)

This equationagreeswith the intuition that objectscloserto the camerawill exhibit

largerdisparitythanobjectsfartheraway.

In orderto exploit the dependengbetweertheleft andrightimagesmostcom-
pressiorschemesiseaconditionalcoderstructureasdepictedn Figure7.3. Oneimage
of the pair senesasareferencamage, ;. s, andthe other 1,4, is predictedfrom the
referencemage.Theencodedescribeso thedecodethereferencamage theresidual
image(i.e. thedifferenceof the predictedmageandits estimate) /4 ¢, andthedispar
ity vectorsusedto obtaintheestimatamage.At thedecodethereconstructedeference
image, /. 7, andthe decodedlisparityvectorfield areusedby the disparitycompensa-
tion procesdo arrive at the estimatefpred of the predictedimage. The reconstructed
predictedmage,fpred, is obtainedby addingthe reconstructediifferenceimage,fdz- Ffs
to fpmd. Most earliermethodauseda DCT-basedencodingor boththereferencemage
andtheresidualimage. Recently progressie, waveletbasedechniqueshave beenin-
troduced12, 57] to replacethe DCT-basedencoding,andPerkins[60] shavedthatin

generakthe conditionalcoderstructureis sub-optimain the rate-distortiorsense.

If the parametersn (7.1) areknown aheadof time then,in principle, for each
pixel onecouldcomputethedisparityandusethatin the prediction.Unfortunatelythese

parameterareseldomavailableatthetime of theencoding.Usingdisparityestimation,
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one could try to obtain approximatevaluesfor eachpixel of the image. Sincethis
processwould be quite comple if performedfor eachpixel individually, it is usually
carriedout for groupsof pixels instead. One suchgroupingis the useof £ x [ non-

overlappingblocks.

The searchfor the matchingblock is carriedout in a limited searchwindow.
Giventhe referencamage,the optimal matchcould be any £ x [ block of the image.
This exhaustve searchis computationallycomplex. Fromthe parallelcameraaxis as-
sumption,onecanrestrictthe searcho horizontaldisplacementsnly. (A smallvertical
displacementanalsobe allowedto compensatéor the inaccurag of practicalcamera
systems.Fromthecamerasetupit is clearthatthedisparityfor objectsin theleft image
with respecto theright imageis positive andvice versa.This obsenationhelpsfurther

limit the scopeof thesearch.

Othertechniquesaimedat reducingthe computationalost of full searchDE
includedynamicprogramming35], hierarchicaDE [45], andadaptve directional lim-

ited searchalgorithmg[39].

Let D denotea distortion measurebetweenimage blocks andlet I[i, 7', j, j']
denotea (i' — i) x (j' — j) block with upperleft coordinateq(i, j) and lower right
coordinateg?’, j'). Thenthe disparity estimatefor a block with upperleft coordinates

(1, 7), assumingnly horizontaldisplacements definedas

dij(w) = argmin D(Iprealt, i + k, 5,7 + 1], L[t + i+ k+d, 5,5 +1]).  (7.2)

d<w

wherew is thedisparitywindow sizewithin which the searchs performed.

The quantity d;; (w) is the horizontalamountby which a & x I block in one

imagehasto be shiftedin orderto mostcloselymatchin similarity agivenk x [ block
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Figure7.3: Stereamagecodingsystembasedn a conditionalcoderstructure.Theleft
sideof thedashedine is theencodemrndtheright sideis thedecoder

in anotherimage. The two mostoften usedsimilarity measuresn block matchingare
the maximumabsolutedifferenceandthe mean-squaredrror Usingthe mean-squared

error, (7.2)becomes

i+k j+!

dij(w) = argmin ¥ Y " (Lrea(m, n) — Leg(m + d, n))” (7.3)

AW i n=j

wherel(m, n) is the pixel intensityvalueat coordinate(m, n).

The disparity estimationprocessvorks well for blocksthatare presentn both
images.However, occlusionmay resultif certainimageinformationis presenonly in
oneof theimages.Occlusioncanhapperfor two mainreasonsfinite viewing areaand
depthdiscontinuity Finite viewing areaoccurson theleft sideof theleft imageandthe
right side of the right imagewhereeacheye canseeobjectsthatthe othereye cannot.
Depthdiscontinuityis dueto overlappingobjectsin theimage;certainportionscanbe

hiddenfrom oneeye on which the othereye hasdirectsight.
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Anothercauseof mismatchis photometricvariations. This phenomenois due
to the variation of the reflectedlight that reacheghe left andright lenses. A simple,

globalsolutionto this problemis histogrammodification,asproposedn [24].

At the price of increaseccompleity, several methodswereintroducedthat try
to improve DE for both occlusionandphotometricvariations:subspacerojection[8],
sequentiabrthogonakubspaceipdating[70], andoverlappedlock DE [91].

For ary positve numberw, definethedisparityvectorfield (DVF) of anX x Y

imageto bethematrix of integers

{dij(w)}

where) <i < X —1,0<j <Y —1,and: andj aredivisible by & andl, respectrely.
The reconstructegbredictedimagedependson the quality of the reconstructed

referencémage, . 7, thedisparityvectorfield, andthereconstructedifferencemage,

I4i;s. Theimagepredictedfrom the reconstructedeferencémageusingthe DVF can

bewritten as

Ipred = Ipred + Idiff

wherel,,.q dependon I,.; and{d;;(w)}.
Thengiventhe compressedeferencdmage,fmf, of size X x Y, thepredicted

imageestimates

Dea = {Tuesli + di(w), i+ dig(w) + k.5, +1]

0<i<X—1, 0<j<Y -1k}
andthedisparity estimationdistortionis definedas

~ - N ~ - 2
Dpred({dij(w)}a Iref) = HIpred - IpredH2 = Z (Ipred(ma n) - Ipred(ma n)) .

m,n
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Thetotal rateis thesumof theratesof codingthereferencemage thedisparity

vectorfield, andtheresidualimage,namely

Ry = Ryey + Rayy + Raigy-

Thedistortionis definedasthe averageof the distortionsof thetwo images:

DT = (Dref+Dpred)/2

= (IHres = LreglI” + [ Iprea = Tpreal ") /2-

The overall rate-distortionperformancedependson the rate allocationbetweenk,.,
Rayy, andRg;yy.

In practice,without the DVF no real stereoeffect canbe achieved. It is often
assumedhat the minimum codingrateis at least R4,y andthat the DVF is encoded
first, leaving the rate allocationto the referenceanddifferenceimagesfor the remain-
ing availablerate. The mostwidely usedtechniquefor the encodingof the DVF is
DPCM followedby entrogy coding[97, 40, 35, 57,7, 53]. Entropy codingaloneis em-
ployedin [12, 36], andfixedlengthcodingin [70].TzovarasandStrintzis[85] proposed
arate-distortiorframework for theencodingof thedisparityvectorfield, allowing some
distortionin thetransmissiorof the displacementectors.

OncetheDVF is transmittedtheresidualandthereferencemagesareencoded.
Many proposedechniquesiseDCT-basedblock coding methodsfor the encodingof
both images. They alsorequirea bit allocationmechanismto determinethe coding
rate of eachimage. (This bit allocationis carriedout in additionto the bit allocation
betweerthe DCT-transformedlocksof eachimage.)For eachtargetbit rate,a separate
optimizationis usedto determinethe appropriatebit allocation. Woo and Ortega[90]

performablockwisedependenbptimizationinsteadof independenbptimizationfor the
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Figure7.4: (a) Estimateof left imagewith right imageasreferenceand(b) estimateof
therightimagewith left imageasreference.

referenceandresidualimagesto improve the codingperformance.
Embeddedmagecoderscan be terminatedat ary bit rate and still yield their
bestreconstructiorat that ratewithout a priori optimization. Zerotree-stylgechniques
suchasthe EmbeddedZerotreeWavelet (EZW, [72]) by Shapiro,or SetPartitioning
in HierarchicalTrees(SPIHT, [68]) by SaidandPearlmaroffer excellentcompression
performancdor still images.Thesezerotreetechniquesare extendedto stereoimages
[12] by BoulgourisandStrintzis. Thebit planecodingis performedon boththeresidual
andreferencemageatthesametime, guaranteeinghatthe mostsignificantinformation

for bothimagess sentbeforethe lesssignificantinformation.

7.3 Residuallmage Coding

Thegoalof this chaptelis to make stereamagecodingmoreefficient by improving the
codingof theresidualimage. The DE we choseis rathersimple, but evenwith sucha

simpledisparityestimatoyour proposeccodingtechniquehasvery goodperformance.
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7.3.1 Image Coding Method

Embeddedodingyieldsgoodperformanceoupledwith simplicity of codingdueto not
having to performary bit allocationprocedure MultiGrid EmbeddingMGE) by Lan
and Tewfik [43] usesa quadtreestructureinsteadof the zerotreef EZW or SPIHT. It
usesthe samebit planecoding, startingfrom the mostsignificantbits of the transform
domainimagedown to the leastsignificant. For eachbit plane,the quadtreestructure
is usedto identify the significantcoeficients,i.e., thosewhosemostsignificantbit is
found on thatbit plane. The “sorting” passidentifiesthe coeficientsthat becomesig-
nificanton the currentbit plane,while the “refinement”passrefinesthosecoeficients
thathave previously becomesignificant. Their resultsdemonstratethatthis technique
outperformghezerotree-baseahethodsonimageswith significanthigh frequeng con-
tent. As residualimagescontainedgesandotherhigh frequeng information,MGE is a
naturalcandidatdor their encoding.

The way we useMGE for sterecimagecompressions similar to thatin [12].
For eachbit plane,first the sortingandrefinementpassare executedfor the reference
imageandthenfor the residualimage. The highestmagnitudecoeficient is usually

smallerfor theresidualimagethanfor thereferencamage.

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 obsenation on the directionof the displacemenin Section7.2) that
methodcouldrun out of imagepixelsatthe edgeof theimagewhereit would alsohave
difficulty finding the correspondindplockin thereferenceamage.If, however, we allow

the searchto continuein the otherdirection,it mayfind blockssimilar to the oneto be
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estimated.This canbe seenin Figure7.4, wherethe estimateof the left imageon the
left edgeclearly displayssomeocclusionerror, while the right edgeof theright image
looksalmostidenticalto the original.

The residualimageof thoseblocksthat are occludedbecausef depthdiscon-
tinuity display differentcharacteristicérom the otherpartsof theimage. As notedin
[52], the occludedblocksare more correlated.We proposeto detectsuchblocks,and

codethemdifferentlyfrom therestof theresiduaimageblocksfor improvedefficiency.

7.3.3 Image Transform

Moellenhof andMaier’s analysig52] indicateshatresidualimagesshow significantly
differentcharacteristicilom naturalimages .Residuaimagesmnainly containedgesand
otherhighfrequeng information. Thecorrelationbetweemeighboringpixelsis smaller
aswell. This suggestshattransformshatwork well for naturalimagesmay not be as
effective for residualimages.

In wavelettransformcoding,oneof the mostwidely usedfiltersis the 9-7 filter
by Antonini etal. [3]. It is preferredfor its regularity andsmoothingproperties.With
theimagepixelslesscorrelatedn residualimages shorterfilters canbettercapturethe
local changes.For this reasonwe proposethe useof Haarfilters. These2-tap filters
take the average(lowpass)anddifference(highpasspf two neighboringpixels. As our
experimentakesultsshow, the useof Haarfilters improvesperformance.

DE usesk x k sizeblocksto find the bestestimatedor the image. Thereis
no reasono expectneighboringblocksto exhibit similar residualproperties.For one
block,thealgorithmcanfind arelatively goodmatch,while its neighborcouldbeharder
to predictfrom thereferencamage.

Moellenhof’s resultsindicatethatthe pixels of theresidualimagearelesscor-

relatedthanthoseof the original image. But they do not reveal muchaboutthe local
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Table7.1: Comparisorof 1-pixel horizontalcorrelationfor pixelsin a givencolumnof
an8 x 8 block of therightimageof the RoomandAquastereamagepairs.

Columnnumberwithin 8 x 8 block
1 2 3 4 5 6 7 8
Roomoriginal 0.93 0.94 096 0.96 0.97 095 094 0.94
Roomresidual 0.27 0.38 0.41 0.45 044 0.31 0.33 0.03
Aquaoriginal 090 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,namelyacrossghe k x k block boundariesWe investigatel -pixel
correlationon a morelocal scalein both horizontalandvertical directions. Insteadof
gatheringthesestatisticsfor the whole image,we only look at the correlationbetween
all pixelsin then'™ column/rav andits immediateneighborin the (n + 1) columnor
row of all £ x k blocksfor the caseof horizontalor vertical correlation,respectiely.
Note thatthe correlationbetweerthe k™ and (k + 1)** columns/ravs givesthe corre-
lation just acrossthe boundarybetweentwo neighboringblocks. Table7.1 shavs the
1-pixel correlationin the horizontaldirectionfor the right imageandits residualusing
blocksof size8 x 8. (Thetrendsaresimilar for vertical correlationandfor theleft im-
ageaswell.) It canbe seenin Table7.1thatthe 1-pixel correlationdropssignificantly
attheblock boundary(columng) in theresidualimage,supportingour assumptiorthat

differentblocksexhibit differentpropertiesn theresidualimage.

Basedon this obsenation, we focuson block-basedransformsthat canbetter
capturethe differencesdetweerthe blocksthana globaltransform,suchasthe wavelet
transform,thatsweepsacrosshe block boundariesThe DCT in practiceis performed
onk x k blocks.Its performanceés diminishedby the JPEGencodingnethod.However,
if theDCT coeficientsareregroupednto awaveletdecompositiorstyle subbandstruc-

ture asproposedn [92], andare encodedusingan embeddedoder the performance
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approacheshat of wavelet basedmethods. (This methodis referredto as Embedded

ZerotreeDCT (EZDCT).)

Noneof the proposedmagetransformssofar take into accounthe effect of oc-
clusion.For anoccludedblock, thebestmatchcanstill beavery distortedone.In those
casesnot usingthe estimatefor the givenblock at all could be the beststrateyy. This
is similar to codingan| (intra coded)block in the H.263video compressioralgorithm.
For eachblock, theestimatorshoulddecideif the bestmatchis goodenough.If not,the
givenblockis left intact. This processreatesa mixedresidualimage,with someparts
having mostly edgesand high frequeng information,andother partsblocksfrom the
originalimage.For residualblocksthatcontainsignificanthigh frequeng information,
a uniform bandpartitioning (suchaswith DCT) works betterthan octave-bandsignal
decompositior{se€[83]), while octare-banddecompositiornis desirablan blocksof the

originalimage.

Note thatthe Haartransformonly usestwo neighboringpixelsto computethe
low andhigh frequeng coeficients,thenmovesonto the next pair. If the block sizek
is even,thenstartingat the left edgeof the block, the Haartransformcanbe performed
without having to include pixels from outsidethe block for the computationof Haar
waveletcoeficientsfor all pixelsin the block. Furthermorethis canbe repeatedip to
|log, k| levels without affecting coeficients from outsidethe £ x & block. Herewe
proposeo usea mixedimagetransform.Thistransformconsistf a Haartransformof
threelevelsfor occludedlocksandDCT for otherswith theDCT coeficientsregrouped

into thewaveletsubbandso line up with the Haartransformedcoeficients.
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7.4 Experimental Results

In our simulationswe usedthe 256 x 256 Roomsteredmagepair, andtheY component
of the color stereoimage pairs Aqua (360 x 288) and Outdooss (640 x 480) shavn
in Figure7.1. The referenceamagewastransformedusingthe 9-7 filters. For DE, a
simpleschemevasusedwith a 64-pixel horizontalsearchwindow. Occlusiondetection
consistedf looking for blockswherethe estimationerrorwasabove a giventhreshold.
We presentour resultsboth visually andin termsof PeakSignal-to-NoiseRa-
tio (PSNR).For stereocimages,the PSNRis computedusingthe averageof the mean

squarecerror (MSE) of thereconstructedeft andright images,

2552

PSNR =101 .
SNIL = 101081 7 rep Mg, /2

Firstwe compardifferentmethoddor the codingof thedisparityestimatedeft
imagefor the Roomand Aquapairs. The referencamageis the JPEGcoded(quality
factor75) right image. (This is chosenin orderto be ableto comparethe resultswith
previously publishedwork [91].) Thebit ratefiguresincludethe codingof thedisparity
vectorfield. In the caseof the mixed transform,for eachblock an extra bit is encoded
usingcontext basedarithmeticcodingto signalif thatblock is consideredsoccluded.
(Inthecaseof independentodingthereis no needto encodeary disparityinformation.)
The PSNRis computedusingthe MSE for theleft imagealone. The JPEG-stylecoder
in our comparisorusesquantizatiortablesfrom the MPEG predictedframecoder

Figure7.5 comparesndependentoding,JPEG-stylecoding,overlappedblock
disparity compensatiofOBDC) [91], and mixed transformcoding. Mix ed transform
codingsignificantly outperformsboth independenand JPEG-stylecodingwith a gain
of about3 dB over the JPEG-styleencoding. It also performsaswell or betterthan

OBDC codingwhich usesa computationallymorecomplex disparityestimator
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Figure7.5: Comparisorof independentoding,JPEG-stylecoding,OBDC, andmixed
transformcoding for the left imageresidual(with referenceémage JPEG-codedvith
quality factor75) for (a) the Roomand(b) the Aquaimages.
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Figure7.6: Comparisorof 9-7 wavelet transform,Haartransform,EZDCT-style, and
mixedtransformcodingfor theleft imageof the Roomsteregpair.

Figure7.6 shavs the effect of differentcodingtechnique®f the residualimage
andcomparegheir performance As canbe seenthe 9-7 waveletfilters performpoor
eston theresidualimage,followed by Haarfiltering, EZDCT-style coding,and mixed
transformcoding. The differencesangefrom 0.5 dB up to 1 dB for differentbit rates
betweerthe pairsin theabove ranking.

A similar comparisoris givenfor the Outdoois imagepair in Figure7.7. These
imagescontainfewer occludedareasandthe naturalimagesarealsoharderto predict
usingsucha simpledisparityestimator Using our mixedtransformstill producesupto

0.2 dB improvementover wavelet coding of the residualimage. While the resultsfor
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Figure 7.7: Comparisonof independentoding, JPEG-styleimage coding, wavelet
transform,andmixedtransformcodingfor theleft imageof the Outdoors steregpair.

thesetwo imagesmprove the performancef DCT-basedechniqueshey still fall short
of the performancef individual waveletcodingof theseimagesby about0.2 dB.

Figure 7.8 demonstrateshe effectivenessof the mixed transform. Occlusion
in the left imageoccursaroundits left edge. Figure 7.8(a)shows the original image,
Fig. 7.8(b) shows the resultcompressedisingthe Haartransform,and Fig. 7.8(c) the
outcomeafterusingthe mixedtransform.Thewall areais moreuniformin Figure7.8(c)
because¢he mixedcoderbetterpreseredthe occludedblock.

Forimageghatdonotcontainsignificantoccludednformation,theperformance
of the mixedtransformcoderis almostidenticalto thatof the EZDCT-style coder

Next we compareour proposedmethodandthe resultsfrom [12] for the Room
pair. Goodresidualimageperformancealonedoesnot guaranteeverall good perfor
mancewhenthe entirestereamageis concernedn anembeddedodingscenarioRe-
callthatthedecodeuseghecompressedeferencemageto recreateheestimatdor the
predictedmage.If the codingof theresidualimagetakesaway bits from the codingof
thereferencamage,the overall resultmay not be asgoodasthe codingof theresidual
imagewould suggest.

Figure 7.9 demonstratethis comparison.In this case theleft imageis chosen

asthereferencamage.In the comparison;Boulgouris2” refersto new results[13] by
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c

Figure 7.8: Occludedareaof the left image of the Roomstereopair: (a) original,
(b) compressewith theHaartransformat0.15 bpp,and(c) compressewith themixed
transform0.15 bpp.
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Figure7.9: Comparisorof proposednethodwith the EmbeddedbtereaCodingscheme
from Boulgourisandits improvedversionfor thefull Roomstereopair.

Boulgourisand Strintzis, obtainedby an improved versionof the original Embedded
StereoCoder It useshalf-pixel accurag for disparity estimationand a compressed
referenceimageto estimatethe predictedimage. Our proposedmethodoutperforms
thisimprovedalgorithmaswell by 0.70 to 2.3 dB.

The original Roomstereocimagepair andits mixed transformcompresseder-
sionat 0.5 bppis presentedn Figure7.10. At this rate, thereis little noticeabledis-
tortion betweenthe original andthe compressetmages.To fully evaluatethe effect of

compressioton steregoerceptionpnewould needa stereoviewer to fusethesemages.

7.5 Summary

This work focusedon the codingof the residualimagein a sterecimagecompression
scenario.Our methodspecificallyaddressethe issueof the imagetransformandthe
handlingof the occludedblocksin the residualimage. We shoved that by individu-
ally codingthe blocksof the residualimagecorrespondingo the DE processwe can
take adwantageof the correlationpropertiesof residualimages. Occlusionis handled
by foregoing estimationfor thoseblockswhosepredictionis very distorted. Using an

embeddeencodingschemesnableghe encodingto be stoppedat any givenratewith-
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Figure7.10: (a) and(b) Theoriginal Roomimagepair and(c) and(d) mixedtransform
compressedersionof theRoomimageat 0.5 bpp.
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outhaving to performbit allocation.While theencodings computationallysimple,our
simulationsshov improvementsover previously publishedresults.

In future researchthis work canbe extendedto investigatingthe propertiesof
residuaimageghatresultfrom moresophisticatedE techniquesndapplyingsomeof
theproposednethoddo improve their coding,especiallyfor the caseof naturalimages.

This chaptey in part, is a reprint of the materialasit appearsn T. Frajkaand
K. Zeger. ResidualmageCodingfor SteredmageCompressionOptical Engineering
42(1):182-189,Jan. 2003. The dissertatiorauthorwasthe primary investigatorof this

paper



Chapter 8

Disparity Estimation Window Size

Disparity estimationplaysacrucialrole in mary stereamagecompressiortiechniques.
To reducecomputationatompleity most,methoddimit the estimatiorsearchareato a
limited window. The performancef the disparityestimationdependson the choiceof
thelimited searchwindow. Mosttechniquesisea predeterminedaluefor the window
size which is not optimal over a wide rangeof images. We shav how the choice of
thewindow sizeaffectsthe performancef the steredamagecompressiomlgorithmand
proposea methodto obtaina bettersearchwindow size.Our simulationresultsindicate
animprovementf upto 1.81 dB overrigid window sizeselectiorandwith performance

very closeto the optimalselection.

8.1 Intr oduction

Disparity estimationaimsat finding the displacemenof an objectbetweerthe left and
rightimages.Unlike in motion estimationthe displacemenbetweerthetwo imagess
restrictedto a well defineddirectionfor all partsof theimage. Block matchingbased

methodswere usedin [2, 93] andfurther reductionof compleity was achiezed with

89
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hierarchicamatchingn [71, 96,97] andby matchingusingselectve sampledecimation
in [40]. To improve the matchingperformanceof thesetechniquespthersproposed
morecomplex algorithmsfor disparityestimation suchasthe useof overlappedlocks
[91], thecombinatiorof block matchingwith subspacerojection[8, 70], rate-distortion
optimization[84], dynamicprogramming[35], and generalizedblock matching[69].

An overview of disparityestimationis givenin Section7.2.

To find the bestmatchfor arny given block onewould needto searchover all
blocksof the correspondingmagepair. To reducethe compleity of this operationthe
matchingis generallylimited to a smallerwindow. In previous worksthis window size
was somepredeterminedfixed value. Becauseof the natureof the true disparityin
images,sucha predeterminedaluedoesnot tendto work well acrossa wide rangeof

images.

In this chapterwe proposean efficient methodfor determiningan estimatefor
thewindow sizeto beusedwith disparityestimation.This estimatas independentf the
actualdisparity estimationtechniqueusedandit reflectsthe underlyingcharacteristics
of the stereoimage pair. We also shav how the choice of window size affects the
codingrate of the disparityvectorfield for both fixed rate andvariablerate encoding.
Our simulationresultsshowv thata propersearchwindow sizefor disparity estimation

canimprove codingefficiency by upto 1.81dB overusingsomepredeterminedalue.

Theeffect of the searchwindow sizeis analyzedn Section8.2. Our methodfor
window size estimationbasedon examiningthe correlationbetweenthe shiftedimage
pairsis givenin Section8.3. Simulationresultsfollow in Section8.4 andwe conclude

with Section8.5.
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8.2 Disparity Window Size

Most disparityestimationalgorithmsusea predeterminedfixed maximumsearchwin-

dow size, w. For example,the following window sizesor rangesof window sizes
were used: 15 in [90], 63 in [9, 7], {-8,...,48} in [70], {-30,...,30} in [97],

{-63,...,63} in [39, 40], and somefixed unspecifiedvalueswere usedin [84, 35,

12,36]. Many of thesechoicesreflectthatdisparityestimationwas modeledafter mo-
tion estimation. As notedabove, the disparityof eachobjectis inverselyproportionalto

its distancefrom the camera.A predeterminediixed window size may not work well

for arny image.

The bestdisparityestimatds afunction of thewindow sizeasgivenin (7.3). It

is non-decreasinm w, sincesearchingveralargerareacanonly improvethedisplace-
mentestimatej.e. if w; < wy thenJij(wl) < J,-j(wQ) for all blocksin theimage.Then,

thedisparityestimationdistortionis non-increasingn w, i.e.

Dpred({dij(w2)}a fref) S pred({Jij(wl)}: jref) lf wy S wa,

sincesearchindor the bestmatchover alargerareacanonly improve the outcome.

TheDVF needdo betransmittedo thedecodeffor thereconstructiorof thepre-
dictedimage.Thetransmissiomate, Ry, ¢, is a non-decreasinfunction of the disparity
searchwindow size,w. It is mostobviousin the caseof fixed lengthencodingwhere
log, w bits areusedto transmita disparityvalue.

If the window size is smallerthan the true disparity of certainobjectsin an
image thedisparityestimationprocesannotprovide the bestprediction,andtherate-
distortion performancecan be improved by increasingw. On the other hand,if the
window sizeis significantlylarger thanthe disparity of the objectsin the image,their

encodingnaynotbethemostefficient. Evenwith DPCM codingfollowedby arithmetic
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codingfor theDVF, toolargeawindow sizeandthustoo largeapotentialmaximalvalue

would dilute the probability modelandthusyield a sub-optimalkodingrate.

In [31] theauthorsshavedthatusingadaptve arithmeticcoding,thedescription

length, R, of asourceof alphabesizen, is

(8.1)
H Ci!

wherek is the numberof alphabetsymbolsthatoccurin the streamto be compressed,
¢; Is the numberof occurrence®f symboli, andt is the total lengthof the stream.In
thecaseof DVF coding,t equalsghe numberof disparityvectorsandk is the numberof
distinctdisplacemenvalues.If only arithmeticcodingis used,thenn = w, andif it is

coupledwith DPCM coding,thenn = 2w + 1.

Let d;,,, denotethe maximumtrue disparity of ary objectin the imageand
Rayy(d,..) the descriptionlengthusingan ideal disparity estimator If onechooses

disparitywindow sizelargerthand;, .., thenthechangen ratefrom (8.1)is

max’

ARy = Ras(w) — Raps(dyes)

max
t—1

kl
(ny +1)/ ] !
i=1

Il
<)

= log, Zt

(8.2)

|
—

(n* + l)/zlf[l ¢!

(3

Il
)

wheren* andn,, arethenumberof possiblanputsymbolsto thearithmeticcodingusing

window sizesof d;, ., andw, respectiely; k' > k, i.e. the new disparityvaluesfound

by increasinghe window sizefrom d;, . to w areaddedaftertheinitial £ foundusing

awindow sizeof d;,,.; ¢; andc, representhe occurrencef the samesymbol,obtained

usinga searchwindow sizeof d* _ andw, respectiely. Fork < ¢ < k', ¢; = 0 and

max
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for some; < k, ¢, canbecomezero. For suchcasesve adoptthe usualcorventionthat
0!'=11in(8.2).

Note,if ¥’ = k, theincreasdn disparitywindow size doesnot affect the DVF
andonecanjust transmitd,,., to the decoderandonly incur a small overheadoenalty
for choosingtoo large a disparitywindow size. Unfortunately becausef photometric
variationsandocclusion thedisparityestimationprocesoftenfindsfalsematdesfor a
block beyondthetruedisparityof the object.

Sincew > d* ., letw=d* _+ A, andn, = n* + A,. To showv thattherate

mazx’ max

doesnot increasewith increasingwindow size,it sufficesto show thatthe argumentof

thelogarithmin (8.2) is greaterthan1.

We have
t—1 .
zl;[()(nw +1) Bl L A, +i A, t
S = [ (1 ®3)
ﬁ(n*+z) Pl n* 41 n*+t—1
1=0
and
k
H Ci! k' c 1
i=1 . it
= =1 T (8.4)
ci! i=1
e
1
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/ _ ) /
Cma:c,w - ma‘X’L!Ci<CQ “T

Thus(8.3)and(8.5) imply that

t—1 k' t—1 k

H(nw-l—z')/l;[lc;! [T(ny +9)

Ci!

i=0 =0 i=1
t—1 k T ot-1 k! (8.6)
[T(n*+4)/ ] ¢! [T(n*+2) [T !
i=0 i=1 i=0 i=1
A Crnins + 1 Diio;>ef (€i=61)
> 1+ —"7—) ( i ) . (8.7)
n*+t—1 Crnaz,w

In practice,the changesn the occurrencecountarearoundoneor two andthe

numberof all changess typically lessthanoneor two percenif all disparityvectors.

Thefirsttermontheright handsideof (8.7)is alwaysgreatethan1. Thesecond
termis approximatelyoneif arithmeticcodingis usedwithout DPCM, or whenDPCM
andarithmeticcodingareused,but all the displacementectorsfound usingthe larger

window sizecreatenew differencevalues.

For DPCM followedby arithmeticcoding,the ratio (c;,;, . + 1)/¢;,02,, CaNbe
lessthan1 if the new displacementvaluescreatedifferenceghat existed for window

sized*. In thatcasethelowerboundin (8.7)is notusefulin boundingtheratioin (8.6).

For this casewe evaluatedhe actualvalueof thisratio for 23 testimagesn the
following experiment.For eachstereamagepair, first the optimalwindow sized* was
estimatedusingexhaustve searchdisparityestimatiorwith awindow sizeequalto half
theimagesize. Thend* waschoserasthe largestdisplacementaluethatwasusedfor
atleast1% of all blocks. Giventhe valuesof d*, theratio in (8.6) wascomputedusing
w=d"+1,w=d"+5 w=d* + 10, w = d* + 50, andw = d* + 100. For all images

andfor all window sizechoicestheratiowasobsenedto alwaysbelargerthanl. While
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this obsenationis not alwaysguaranteedor practicalpurposesve assume

t—1

Z];[O(nw +1i)/ Z]]i[ll oAl

t—1 k 21

IT(n +3)/ [ c! -

1=0

for both DPCM/arithmeticcoding and plain arithmeticcoding of the disparity vector

field.

Thechoiceof theoptimalwindow sizeis imagedependentSinced;,, .. iS gener
ally unavailableatthetime theimagesarecompressedf is necessaryo be ableto find
a good maximumin real time without having to performan exhaustve search.Using
predeterminedjxedvaluesdoesnotwork well overawide rangeof imagesasis shovn
in Tables8.1and8.2. Theseresultswereobtainedfor the following threeimages:the
256 x 256 syntheticRoomstereamagepair, andthe 640 x 480 Outdoois andCloseup
imagepairs(Figure8.1). The disparityestimationandthe encodingarethe sameasin
[26], wherethe DVF wasencodedusing DPCM followed by adaptve arithmeticcod-
ing. The optimalwindow sizewasdeterminedisinganexhaustve searchlt is optimal
giventhe encodingmechanisnmandthe target bit rate. The choiceof a predetermined
window sizeof 64 displacementalueswas motivatedby previous resultsin the liter-

atureusingthatvalue. The peaksignal-to-noiseratio (PSNR)for the predictedimage

alone(Table8.1)is definedas

2552
PSNR = 10log, (8.8)
pred
andfor the stereamagepair (Table8.2) as
2552

(Dres + Dyrea) 2
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The notation PSN R(z) in the tablesrefersto the PSNRobtainedusing a maximum

window sizez in thedisparityestimationprocess.

Theseresultsindicatethat usingthe optimal window sizeis alwaysbetterthan
usinga predetermineane. In the caseof the CloseupandRoomimagestheimprove-
mentrangeshetween).31 dB and1.76 dB for the predictedimagealone,and0.09 dB
and(0.95 dB for the stereamagepair. Note thatwith the Roomstereaopair, the optimal
window sizeis smallerthanthe predeterminedalue,while with the Closeupmageit is

larger.

8.3 Determining Disparity Window Size

Conductinga full searchover all possibledisparitysearchwindow sizevaluesis atime
consumingprocess.lt is alsoanalyticallydifficult sincethe disparityandthe resulting
distortionareimagedependentEven quick searchmethodsare difficult to implement
becausé¢hedistortionata giventargetrateis notamonotoneconcae, or corvex func-
tion of the disparitywindow size,asrevealedin Figure8.2.

Herewe proposea heuristicapproactthatyieldsgoodresultsfor mary different
steredmagepairs.

In [93] the authorsusecorrelationmeasurementbetweenthe shifted left and
right imagesof the stereopair to determinea global disparityvector The maximumof
the correlationis assumedt the “average”disparity of theimage. While usingjust a
singlevaluefor theentireimageis notthe optimal stratey, it still givesanindicationof
thetypical disparityvaluesto befoundin theimagepair.

We usea similar stratgy basedon the correlationcoeficient betweentwo im-

ages:
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Table 8.1: Effect of disparitywindow size choiceon predictedimagePSNRalone. L
or R indicateswhetherthe left or right imagewas predictedusingthe uncompressed
versionof the otherimage. The rateis the sum of the rate of the DVF (codedusing
DPCM andarithmeticcoding)andthe differencemage.

image LorR rate  wy PSNR(64) PSNR(wep)

(bpp) (dB) (dB)
Room L 0.1 10 30.51 31.53
Room R 0.1 10 32.39 32.70
Closeup L 0.2 171 24.03 25.49
Closeup R 0.2 262 23.95 25.71
Outdoors L 0.2 434 21.74 21.82
Outdoors R 0.2 386 21.77 21.85

Table 8.2: Effect of disparity window size choiceon overall imagequality. L or R
indicateswhethertheleft or right imagewaspredictedusingthe compressedersionof
the otherimage. Therateis the sumof the rate of the DVF (codedusingDPCM and
arithmeticcoding),the differenceémage,andthereferencamage.

image LorR rate wy PSNR(64) PSNR(wept)

(bpp) (dB) (dB)
Room L 0.2 10 27.45 27.93
Room R 0.2 10 27.93 28.02
Closeup L 0.4 177 29.48 30.33
Closeup R 0.4 273 29.27 30.22
Outdoos L 0.4 91 23.18 23.20
Outdoors R 0.4 97 23.16 23.17
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Figure8.1: Original imagesof the (a)-(b) Room (c)-(d) Closeup and(e)-(f) Outdooss
stereopairs.
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Figure8.2: Distortion Dy asa function of maximumwindow sizew for the Closeup
stereamagepair atanoverall bit rateof 0.4 bpp.

COU(Il, ]2)

C(, L) =
0nor,

wherel; andl, areimagesgivenby theirintensityvaluesandCou(.) is the covariance
(the expectationsare taken over the sampledistribution of the images).As oneimage
is shiftedwith respecto the other columnsat the leadingendof the shifting move out
of theimageandcolumnson thetrailing endneedto befilled. We proposeto fill those
usinga mirroring of the columnsat the trailing end. This is a naturalextensionof the
disparity estimationprocess.In disparity estimation,onetriesto find matchingblocks
along the samehorizontaldirection for eachblock. However, at the far edgeof the

matching thatdirectionpointsoutsidetheimageatwhich pointtheestimatiorwill look

for matchesn thereversedirection.

This is a computationallycomplex processsincethe correlationis determined
for eachdisparity value. We perform the correlationcomputationon a subsampled
versionof the imagesinstead. For computationakimplicity, the subsamplings car

ried out asa successiorof averaging. Using imagessubsampledy 8 in eachdirec-
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tion reducesthe computationakostby a factorof 64. Let Cg(d) denotethe correla-
tion value for shift d whenthe imagessubsampledy 8 in eachdirection are used.
Oncethesecorrelationvaluesare obtained,the algorithm finds the maximumyvalue,
Cs.mex = max, Cs(d). Let d denotethe valueafterwhich the correlationdropsbelov
Cs maz/2, thatis Cs(d) > Cs maz/2, but Cs(d + 1) < Cg mae/2. Thewindow sizeis
chosemsw¢ = 8d, the displacementorrespondingdo d in the full resolutionimage.
The particularchoiceof the factorof 1/2 asthe cutoff valuewasmotivatedby experi-
mentsthatindicatedgoodapproximatiorof the optimaldisparitywindow sizegiventhe
DVF encodingmethodandthetargetrate.

This resultsin alessaccuratesstimateof the window sizeasit is quantizedto

thesubsamplindactor but it allows a fastercomputation.

8.4 Simulation Results

We testedour proposedmethodover a large setof testimages. The PSNRis com-
puted as definedin (8.8) and (8.9). Tables8.3 and 8.4 shav the resultsusing the
correlationbasedestimationfor maximumwindow size. Two different scenariosof
pre-determinedvindow sizesareshonvn aswell. The correlationbasedapproximation
works very well, especiallywhencomparedwith pre-determinedvindow sizes. Nei-
therof the pre-determinedaluesshow a clearadvantageover the otherpre-determined
value,indicatingthatonefixed choicedoesnot work for all images.Our proposedech-
niqueyields the bestperformanceon mostimages,outperformingthe fixed choice of
64 in 82% of all all casesandthe fixed choiceof 200in 78% of all cases.Our results
trail the bestachiezable resultgiven by exhaustie searchfor the given DVF coding
techniqueby arangeof 0.02 dB to 1.01 dB.

Whencomparedvith a schemewith a predetermineavindow sizethis method
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increasesompleity dueto the correlationcomputation.This increasds far lessthan
performingafull searchdisparitycompensatioandencodingof the DVF andtheresid-

ualimageto find thetrue optimumvalue.

8.5 Summary

We presented techniquethat estimateghe optimal choicefor the disparityestimation
searchwindow size. It canbe combinedwith ary particulardisparity estimationalgo-
rithm. The performancemprovementdueto anadaptve choiceof searchwindow is up
to 1.81 dB. While it leadsto someincreasen computationcompleity, our proposed
methodis still computationallyesscomplex thantrying to find theoptimalwindow size
usinganexhaustve search.

This chaptey in part, hasbeensubmittedfor publicationas: T. FrajkaandK.
Zeger. Disparity EstimationWindow Size. Optical Engineering Dec. 2002. The dis-

sertationauthorwasthe primaryinvestigatorof this paper
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Table8.3: Comparisorof predeterminedyptimal,andapproximatedlisparitywindow
size choiceson the predictedright imagequality at 0.2 bpp usingthe left imageasa
referencamage. Therateis the sumof the rate of the DVF (codedusingDPCM and
arithmeticcoding)andthedifferencemage.

PSNR PSNR PSNR PSNR

Image Size Wopt W (Wept) (we) (64) (200)

(dB) (dB) (dB) (dB)
Toys 212 x 134 12 32 30.14 29.36 28.98 28.79
Fruit 512 x 512 503 32 34.67 34.26 34.04 33.66
Whgaden 250 x 250 29 24 25.98 25.89 25.70 25.46
Cart 250 x 250 69 64 30.94 30.88 30.88 30.35
Parts 512 x 512 456 264 35.40 33.91 33.43 33.68
Rubik 512 x 512 4 40 42.44 41.89 41.86 41.77
Arch 512 x 512 4 24 42.55 41.39 40.35 40.53
Room 256 x 256 10 16 35.73 35.68 35.59 35.15
Closeup 640 x 480 262 128 25.71 25.53 23.95 25.49
Outdooss 640 x 480 386 120 21.85 21.80 21.77 21.81
Oldbridge 320 x 192 317 24 25.55 25.48 25.40 25.27
Ball 512 x 512 510 24 43.53 41.99 41.39 41.49
Book1r 250 x 250 6 40 34.46 33.32 32.96 32.55
Plants 512 x 400 112 120 30.29 30.27 25.78 30.14
Cart-alt 250 x 250 o7 40 32.20 32.10 32.05 31.66
Bottle 320 x 240 17 48 27.53 27.24 27.09 26.65
Apple 512 x 512 504 192 26.09 25.39 25.49 25.39
Manege 720 x 288 31 72 26.77 26.50 26.54 26.07
Book 512 x 512 4 88 37.45 35.50 35.67 35.18
Agqua 360 x 288 251 72 26.04 25.52 25.47 25.88
Sphee 256 x 256 252 80 33.17 32.61 30.17 32.97
Tunel 720 x 288 509 48 27.31 25.58 25.64 26.46
Fjord 233 x 256 4 120 28.60 28.35 27.93 28.54
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Table8.4: Comparisorof predeterminedpptimal,andapproximatedlisparitywindow
size choiceson overall image quality at 0.4 bpp using the left image as a reference
image. Therateis the sumof the rateof the DVF (codedusingDPCM andarithmetic
coding),the differenceimage,andthereferencemage.

PSNR PSNR PSNR PSNR

Image Size Wopt W (Wept) (we) (64) (200)

(dB) (dB) (dB) (dB)
Toys 212 x 134 12 32 33.76 33.14 32.77 32.77
Fruit 512 x 512 5 32 38.19 37.92 37.77 37.99
Whgaden 250 x 250 33 24 28.08 28.02 27.96 27.90
Cart 250 x 250 70 64 30.11 35.10 35.10 34.76
Parts 512 x 512 456 264 39.62 39.01 38.92 38.95
Rubik 512 x 512 5 40 46.89 46.66 46.64 46.54
Arch 512 x 512 4 24 45.16 44.75 44.71 44.70
Room 256 x 256 11 16 33.54 33.52 33.46 33.28
Closeup 640 x 480 273 128 30.22 30.18 29.27 30.13
Outdooss 640 x 480 97 120 23.17 23.17 23.16 23.16
Oldbridge 320 x 192 11 24 26.80 26.76 26.70 26.64
Ball 512 x 512 506 24 45.34 44.99 44.81 44.73
Book1r 250 x 250 ) 40 37.85 37.24 37.07 36.82
Plants 512 x 400 109 120 33.87 33.84 32.03 33.77
Cart-alt 250 x 250 25 40 36.40 36.32 36.21 36.05
Bottle 320 x 240 18 48 26.26 26.18 26.12 25.95
Apple 512 x 512 504 192 27.54 27.22 27.30 27.23
Maneye 720 x 288 31 72 28.18 28.09 28.11 27.97
Book 512 x 512 4 88 42.34 41.33 41.44 41.08
Agqua 360 x 288 266 72 26.02 25.80 25.78 25.95
Sphee 256 x 256 243 80 32.99 32.81 31.98 32.93
Tunel 720 x 288 510 48 28.85 28.13 28.13 28.48
Fjord 233 x 256 4 120 30.16 29.80 29.68 29.86
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Chapter 9

Downsampling DependentUpsampling

of Images

Downsamplinganimageresultsin the lossof imageinformationthat cannotbe recov-
eredwith upsampling We demonstratéhattheparticularcombinatiorof downsampling
andupsamplingnethodsusedcansignificantlyimpactthe reconstructedimagequality,
andthenwe proposeatechniqueo identify patternsassociateavith differentdownsam-
pling methodsn orderto selectthe appropriataupsamplingmechanismThetechnique

is low compleity andachieveshigh accurag overawide rangeof images.

9.1 Intr oduction

Digital imagerycanbeviewedon variousdifferentdisplaysizes,dependingntheelec-
tronic device beingused(e.g. computermonitor, laptop computerscreen,PDA, cell
phoneetc.). Similarly, digital camera®ffer awide rangeof imageresolutionsyielding

imagesof variousdifferentsizes.

The choiceof display sizeis typically determinedby someconstrainton the

105



106

device, suchasits size,price,quality, etc. Oftensmalldisplaysizesareusedon devices
with limited amountsof on-boardmemory If alarge amountof memoryis available,
afull resolutionimagecanbe storedandlocally subsampledor viewing on the given
screensize. However, if the on-boardmemoryis tightly limited, this may not be a
feasibleoption. In sucha case,typically the device could either storethe appropriate

resolutionimageor only someportionsof the original.

A lower resolutionimage can be obtainedby manipulatingthe imagein the
spatialdomain.A comparisorof someof theseechnique$or imageresamplings given
in [58]. Whentransmittedover limited bandwidthcommunicatiorchannelsimagesare
oftencompressetb consere resources.

Image compressioralgorithmsneedto allow flexibility in choosinga decom-
pressiorresolution.This propertyis called“spatialscalability”. With spatialscalability
different devices can decodedifferent resolutionversionsof the sameimage without
having to encodethe sameimageto several differentdecodingresolutions. Both the
original JPEGstandarcandthe morerecentstandard JPEG2000, have built-in modes
for spatialscalability

Oncea lower resolutionimageis decodeda display device typically doesnot
have accesgo thefull resolutionimagearny more.If theuserwantsto resendheimage
to adifferentrecever whosedevice is capableof displayingtheimageat a higherreso-
lution, theimageneedgo be upsampledt thereceverto make full useof thedisplay’s
capabilities.

A challengingtaskin imageupsamplings to bestpresere the sharpnessf the
edgesn theimage.Traditionalspline-basednethodqd30, 38, 86] resultin sharperedge
reconstructiorwhencomparedwith linearfiltering approachesYangand Truong[94]
proposednterpolatedi/ th bandfilters for imagesizecorversionandachieve someim-

provedimagequality. Edge-directednethoddl, 34] seekto identify edgesatasubpixel
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level in the downsampledmageand avoid their smoothingin the resizingoperation.
Atkins etal. gave two methodd4, 5] thataimedto locally find anappropriatdilter for

the scalingof eachpixel. Both methodsrequiretrainingfor the classifierandthe selec-
tion of eachfilter's parametershut they differ in the particularclassificationtechnique

used.

All of theaboretechniquegprocessanimagein thespatialdomain.A transform
domainapproachwastaken by Changet al [15]. Their solutionis basedon the evo-
lution of the local minimaandmaximain the differentfrequeng bandsof the wavelet
transformedmage. Theselocal extremacorrespondindo edgesin the spatialdomain
areusedto estimatethe high frequeng coeficientsthatarelostin the downsampling

process.

DugadandAhuja [25] introducedan imageresizingmethodusingthe Discrete
CosineTransform(DCT) that shaved improved image quality when comparedwith
bilinearspatialdomaininterpolation.They alsofoundthatthis methodperformswell on
imagesthatweredownsampledusingbilinearinterpolation.MukherjeeandMitra [55]
presentedh modificationof this techniquebasedon subbandDCT [37] and extended

DugadandAhuja’s methodto colorimages.

In this paper we confirm that the performanceof the upsamplingprocessde-
pendson the particularupsamplingmethodas well as on the downsamplingmethod
usedto obtainthelower resolutionimage.We proposea methodthatestimateshetype
of downsamplingnethodusedby looking for “signatures’of differenttechniquesn the
downsampledmage.Usingthistype-estimateve choosea specificupsamplingnethod
thatresultsin improvedimagequality. In mary casesthedifferentupsamplingnethods
resultin seeminglysimilar images,but theseimagesmay differ by 1 — 8.5 dB when
comparedwith the original image. The differencesusuallyoccurin the reconstruction

of theimageedgeswhich canbe visually significantif the upsampledmageis subject
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to furtherimageprocessingr edgedetection-basennageanalysis.
Section9.2 demonstrateshe importanceof usingthe appropriateupsampling
methodfor a given downsampledmage. Section9.3 describesour proposedmethod.

Simulationresultsareshavn in Section 9.4 andwe concludein Section9.5.

9.2 SubsamplingDependentUpsampling

Subsamplingollowedby upsamplings aninherentlylossyprocesssothattheresulting
imagewill differ from the original. The informationlost in downsamplingcannotin
generalbe fully recovered. With a correctchoiceof an upsamplingmethod,one can
avoid introducingfurtherdistortioninto thereconstructiorprocess.

In orderto demonstratehat differentcombinationsof downsamplingand up-
samplingtechniquegield differentresultswe usedthe following experiment.A setof
testimagesweredownsampledo onefourth of their original size(i.e. eachdimension
wasdividedin half) andthenresampledo the original resolution. Thefollowing three

methodswereusedfor subsampling:

¢ bilinear: Thesubsampledalueis theaverageof thefour correspondingntensity

values.

e DCT: Foreach8 x 8 blockin theoriginalimage,aDCT is performed.Usingonly
thetop left 4 x 4 block of DCT coeficientsin each8 x 8 block,a4 x 4 inverse

DCT is performed(see[25] for moredetails).

e wavelet A singlelevel wavelettransformis performedusing9-7 filters [3]. The

appropriatelyscaledLL bandgivesthe subsamplednage.

Similarly theupsamplingnethodsn the experimentarethe following:
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e bilinear: Theupsamplingnsertszerosbetweenrevery two samplesf the down-

sampledmageandperformsa bilinearinterpolation.

e DCT: Theimageis processeith 4 x 4 blocks,performingthe DCT on eachblock.
The4 x 4 DCT blocksarethenplacedin the upperleft cornerof an8 x 8 block

of all zerosandtheinverseDCT is performedonthe8 x 8 blocks(see[25]).

e wavelet Theimageto beupsampleds taken (with appropriatescaling)to bethe
LL bandof a singlelevel wavelettransformwith all high frequeng bandssetto

zeroandtheinversewavelettransformis performedusing9-7 filters.

Thetablesin Appendix9.6 indicatethatthe particularsubsampling-upsampling
combinationcanhave a significantquantitatve effect on the PSNRof thereconstructed
image.Dependingontheimageandthecombinationsthedifferencebetweertheworse
andbestcanbeupto 8.5 dB! It is alsoclearthatbilinearinterpolation-basedpsampling
is never optimal. DCT-basedupsamplings preferredfor imagesthatresultfrom DCT-
basedor bilinear subsampling Waveletupsamplingoerformsbestfor imagesobtained
with wavelet-basedlowvnsampling.This particularcombinationachievedthe bestover-
all PSNRfor 84% of the testimages. The PSNRresultsareimportantin applications
wheretheimageis furthersubjectedo someimageprocessingr if it is usedfor differ-
entialcoding.

For humanobseners, the visual imagequality is important. Figure 9.1 shavs
a comparisorbetweenthe reconstructed_enaimages. The downsamplingmethodis
thesamgwavelet-based)andthedifferenceas in theupsamplingwavelet-basedersus
DCT-based Eventhoughwavelet-basedipsamplingesultsin animagethatis 5.06 dB
betterthanthe DCT-basedmage thedifferencesarevisually very small.

Figure9.2 shavs wherethetwo imagesdiffer. It wasobtainedby rescalingthe

differenceamagebetweenmageqa) and(b) in Figure9.1. Pixelsthataremediumgray
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(b)

Figure 9.1: Reconstructed_ena image with wavelet-baseddownsamplingand (a)
wavelet-basedipsampling35.25dB), (b) DCT-basedupsampling30.19dB).
indicatewherethe two imagesareidentical;darker andlighter pixels shov wherethey
differ. Thedifferenceccuraroundtheedgeswhile thesmoothareasarereconstructed
thesame.While the shifting of the edgetransitionss visually notvery noticeablesuch

changesepresena significantcontributionto the PSNR.

9.3 ProposedAlgorithm

The different subsamplingechniquesyield slightly differentimagesat lower resolu-
tion. Most of the differencesconcentrateroundthe edgeregionsof theseimages.All

threetechniquesliscussedherecanbethoughtof asafiltering followed by decimation.
Figure9.3shawvsthefilteredstepedge(0 to 1 and1 to 0 transitions)profilesbeforedec-
imationfor the bilinear, DCT, andwaveletmethods.In the bilinearandwaveletcases,
thefiltersaregiven.In theDCT casethefilter responsevascompiledfrom thesubsam-
pled versionof two stepedgeshat are shifted onepositionwith respecto eachothet

(Notethatin the DCT casethe responselsoslightly variesdependingon the location
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Figure9.2: Therescaledifferenceof imagesFig. 9.1 (a) and(b). Mediumgraylevels
indicatewherethe two areidentical. The differencesare the dark and bright colored
areas.

of theedgewithin theboundarie®f the8 x 8 blocks.)

Thesefiguresindicatethatthe edgeresponsef the bilinearandDCT casesare
similar in slope,beingcloseto a smoothlinear transition. The wavelet responserails
below thelinearslopein the caseof therising edge while it goesabove thelinearslope

in the caseof thefalling edge.

In thedownsampledmageonly half of theseedgepointsarepresentDepending
on the locationof anedgein theimage,it is representedby eitherthe odd or the even

samplesf thesetransitions.

In our proposednethodwe useblocksformedfrom theseoddandevensamples
as“signatures”of the downsamplingmethodto beidentified. In the caseof a vertical
edge,identicalrows of the sampledorm the block, while for horizontaledgeghe sam-
plesareplacedin the columns. To avoid falsematcheshe numberof theseidentical

columnsor rows shouldbe greaterthanone. However, very few reallife imageshave
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Figure9.3: Edgeresponsef the bilinear, DCT, andwavelet“filtering” for (a) arising
stepedge,(b) a falling stepedge. Thesecurvesindicatethe edgeprofiles. The values
areonly givenatthe pixel locations.

long verticalor horizontalstepedges.Thusin practicalcaseghe blocksshouldbe kept
relatively smallin orderto find reliable matches.We foundthata block sizeof 4 x 4

present@ goodtrade-of betweerthesetwo constraintsThebilinearandDCT patterns
form one collection of signatureqTable 9.1), and the wavelet patternsform another

collection(Table9.2).

For eachimageto be upsampledthe algorithmcomputeghe correlationcoefi-
cientbetweerblocksof theimageandthe signaturegatternsof thebilinear/DCTcollec-
tion andthoseof the waveletcollection. The correlationcoeficient betweerblocks By

andB, is
COU(Bl, BQ)

C(Bl, BQ) ==
O'B1 0'32
whereCou(.) is the covariance(the expectationsaretaken over the sampledistribution

of the blocks).
For eachblock, the highestcorrelationis choserfor the givencollection. After

the correlationvalueshave beencomputedfor an image, the techniguecomparegshe

numberof blockswherethe correlationcoeficientis above a giventhresholdfor each



Table9.1: 4 x 4 patterncollectionfor thebilinear/DCTFbasedcase.
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P nOORrRPRPROOOCOmROOR P

R nOOoOrRPFROOOO MR OOR R

1 1 59 -13 .06
1 1 59 -13 .06
0 1 59 -13 .06
0 1 59 -13 .06
1 0 0 4 1.13
.5 0 0 4 1.3
0 0 0 4 113
0 0 0 4 113
0 1 1 1 1

0 59 59 .59 .59
1 -13 -13 -13 -13
1 .06 .06 .06 .06
0 0 0 0 0

0 0 0 0 0

.5 4 4 4 4

1 1.13 1.13 1.13 1.13

Table9.2: 4 x 4 patterncollectionfor thewavelet-basedase.

1 1 00 1
1 1 00 1
1 1 0 O 0
1 1 0 O 0
1 5 0 0 1
1 5 0 0 5
1 500 0
1 500 0
0 011 0
0 011 0
0 0 11 1
0 0 11 1
0 0 51 0
0 0 51 0
0 0 51 5
0 0 51 1
97 106 .19 .01
97 106 .19 .01
97 106 .19 .01
97 1.06 .19 .01
99 8 -06 .02
99 8 -06 .02
99 8 -06 .02
99 8 -06 .02
0O .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 the downsamplingtechniques declaredo be

the onewith the highernumberof suchblocks.

9.4 Simulation Results

Our proposednethodwastestedusing47 testimages.Theimagesvaryin sizeandcon-
tent. They includenaturalindoorsandoutdooramagesgclose-upheadmagessynthetic
images satellitepictures videoscenesandtextureimages.

In orderto evaluatetheaccurag of ourtechniquegachimagewasdownsampled
by afactorof four usingall threemethodsandthe correlation-basethatchingtechnique
wasappliedto eachoutcome. To speedup the computation the correlationwas only
computedfor blocks wherethe variancewas above a given thresholdindicating the
possiblepresencef anedge.ln theseexperimentsamatchis declaredor ablock (i.e.
it is includedin the countfor the given patterncollection)if the correlationexceeds
.992. This choicewas motivatedby our experimentsand also ensureghat only very
strongmatchesareselected.

Table9.4in Appendix9.7 lists thecountsfor eachimageandeachoutcomewith
the countsof the bilinear/DCT collection listed first and the wavelet collection listed
secondForthebilinearandDCT casesagoodidentificationis givenif thefirst number
is greater For the wavelet case,the secondnumbershouldbe greater In the caseof
atie, the decisionis for the waveletmethod. The bold imagenameindicatesthe case
whereall threecasedave beensuccessfullydentified.

As canbeseenin thattable,thenumberof matchesatthislevel of fidelity varies
greatly For someimagesit is in the thousandgmostly syntheticimagesthat contain
moreclearstepedgepatterns)vhile for othersno matchcanbefoundatall.

The particularpatternchoicesyieldedan overall accurag of 66% for correctly
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identifying all threedownsamplingmethods.The waveletmethodwascorrectlyfound
in 70% of all casesthe bilinearin 89%, andfor the caseof DCT, the methodhadan

accurag percentagef 91%.

9.5 Summary

In this chapterwe shaved that the image quality after upsamplingdependson both
the downsamplingmethodusedto getthe lower resolutionimageandthe upsampling
technique. We introduceda correlation-basedechniquefor the identification of the
subsamplingnethod. Using a simple edgepattern,our methodwasableto accurately
identify the downsamplingmethodin 66% of the imagesusedfor all threedowvnsam-
pling techniques.

In futureresearchmorevariedpatternscanbeusedaswell asinvestigatingother
differencesn the edgeregionsof the downsampledmagesfor improvedaccurag.

This chapter in full, hasbeensubmittedfor publicationas: T. FrajkaandK.
Zeger DownsamplingDependentUpsamplingof Images. Signal Processing:Image
CommunicationApr. 2003. Thedissertatiorauthorwasthe primaryinvestigatorof this

paper
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Appendix

9.6 Resultsof different upsampling and downsampling
combinations
Table 9.3: PSNR (dB) comparisonof different downsampling-upsamplingombina-

tions. Therows representhe downsamplingmethod,andthe columnsthe upsampling
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




Table9.3: Continued

Image Method Bilinear DCT  Wavelet
Bilinear 25.413 25.173 24.178
Barbara DCT 24955 25.657 24.272
Wavelet 23.721 23.899 25.849
Bilinear 27.427 28.369 26.256
Bead 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
Camen 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
Pentegon DCT 29.682 32.344 28.889
Wavelet 27.644 28.652 32.871
Bilinear 31.242 33.213 31.008
Peppes 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 2433  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 34535 35.461 33.478
Wavelet 32.683 33.233 35.963
Bilinear 24.793 24.922 23.924
Tajmahal DCT 24411 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
Test8¢g 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 41976 37.029
Wavelet 35.065 36.93 42.465
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9.7 Table of simulation results

Table 9.4: Match countcomparisonfor the testimages. The columnsrepresenthe
downsamplingmethod. The first numberin eachcolumnis the countof matchedor

the bilinear/DCT patterncollection. The secondnumberis the countfor the wavelet
collection. Correct“estimation”is madefor DCT andbilinear casesf the first number
is larger, andvice versafor the waveletcase.

DCT Wavelet Bilinear

Aerial 712 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 3/2 214 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
Gray21l 1695/162 0/2636 1963/0




Table9.4: Continued
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DCT Wavelet

Bilinear

House?2 139/83 110/137

Lake 116/107 137/121
Landsat 6/5 2/6
Lax 15/12 16/17
Lena 99/13 72/15
Linespr 113/87 115/146
Man 28/22 29/37
Meter 504/237 329/297
Moon 0/0 0/0
Pentagon 6/3 3/3
Peppers 67/41 47/51
Plane 97/43 81/105
Plants 469/163 167/390
Reschart 321/278 379/404
Ruler 0/1 0/0
Splash 325/251 394/218
Sthelens 712 a/7
Strav 1/0 0/0
Swimmer 36/8 30/4
Tajmahal 19/8 2/9
Tank 9/17 2713
Test8g 12/8 6/35
Test8r 12/0 3/24
Tiffany 4/2 4/6
Warplane 5/3 3/7
Wgrain 82/81 65/45

Woman2 22/2 12/11

138/45
121/125
8/1
18/6
86/28
140/97
41/26
430/325
0/0
8/2
76/44
105/47
462/115
399/265
8/0
314/268
6/1
1/1
39/7
34/1
13/5
48/1
31/1
6/4
8/4
79/67
13/13
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Chapter 10

Conclusion

In this dissertationsereraldifferentimagecodingscenariosverepresentedThesecov-
ereda variety of imagesourcesandapplications.The simulationresultsindicatedthat
our proposedmethodscan achieve betterperformancehanjust “off-the-shelf tradi-

tionalimagecompressionechniques.

A stateof theartimagecodermustbeflexible enougho beableto handlemary
differenttypesof imagesanduses. As shavn in this work, the addedflexibility that
allows improvementfor a particularconstraintoftenleadsto someperformancealegra-
dationfor traditionalcompressionBalancingthesetwo criteriawill remainachallenge
in still imagecoding. Unlike the original JPEGstandard JPEG2000is designedo
offer a variety of optionsfor flexible coding[80, 64]. Part 1 of the standardcaimedat
providing a minimal coderof goodperformancen mostcommonimageswith reason-
ablecompleity. Many of the topicscoveredin this thesiswere addedto the standard
aslaterextensiondor increasedunctionality, amongwhich wereexpendedrol coding
in Part 2 andcompoundmagecodingin Part 6. A possiblefuture extensionwill deal
with the codingof 3D imagesin Part 10. Not all implementation®f the standardwill

containtheseextensionsput they provide a commoninterfaceinsteadof having mary
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competingformats,to avoid the chaoticsituationthat exists with the mary video file
formatson the Internettoday

Many of the problemsin still image coding and video compressiorare well
studied.Oneareafor significantfutureresearctpossibilitiesis stereoscopiwideo cod-
ing. Unlike traditionalvideo coding, stereoscopiwideo compressiofacks mary sig-
nificant currentapplications. Potentialapplicationscould include remotesensingand
suneillance,remotelyoperatedvehicles,stereomovies, andgames.Someof the pro-
posedtechniquesn the literaturetry to fit stereovideo codinginto existing standards
[76, 98,62, 63], namelythe temporalscalabilityprofile of MPEG-2or MPEG-4,while
othersintroduceanon-standardompatibleapproacti75, 59]. MPEG-4containgorovi-
sionsfor object-basedodingwhich canbe extendedto stereoscopiand3D sequences
aswell [77].

In stereosequencesedundang exists betweentemporallyand spatially adja-
centframes. Efficient algorithmsare neededo perform (possiblyjoint) motion and
disparitycompensatioim realtime compressiorscenarios.

While the coding of the residualimagesof block-basedlisparity estimationis
well researchedqwe shaved a possibletechniquein Chapter7), that of the residual
imagegesultingfrom object-basedisparityestimations moreor lessanopenproblem.

An extensionof the compressiomnf stereoscopisequences multi-view image
sequenceoding[28, 75]. In this casethesequencearetakenfrom multiple camerdo-
cations.Their compressioris very similar to thatof stereasequenceslhesesequences
canbeusedfor thegeneratiorof intermediateviews by interpolatingthe views captured
by the cameras.For real time applicationsfastalgorithmsneedto be developedwith
accurateapproximationqualities. One applicationof multi-view imagecodingis for
sensomnetworks.

In Chapter9 we shaved a techniquethat did not rely on a referencamageto
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determinecertain propertiesof a givenimage. Having a referenceimageis helpful
when comparingthe performanceof animagemanipulationtechnique.Unfortunately
thatis not alwayspossibleto obtain. No-referencer blind quality assessmemhethods
have beenproposedn [88, 49| for JPEGcompressedmages.A morecomprehensie
guality assessmeratpproachs takenin [44]. The extensionof theseworksto different

codingmechanismandvideo codingis aninterestingareafor future work.
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