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ABSTRACT

The mainfocusof researchn sterecimagecodinghasbeendis-
parity estimation(DE), a techniqueusedto reducecodingrateby
taking advantageof the redundang in a stereocimagepair. Sig-
nificantly lesseffort hasbeenput into the coding of the residual
image. In this paperwe proposea nev methodfor the codingof
residualimagesthat takesinto accountthe propertiesof residual
images.Particularattentionis paidto the effectsof occlusionand
thecorrelationpropertieof residuaimageshatresultfrom block-
baseddisparity estimation. The embeddedprogressie natureof
ourcoderallows oneto stopdecodingatary time. We demonstrate
thatit is possibleto achieve goodresultswith a computationally
simplemethod.

1. INTRODUCTION

Humandepthperceptions in partbasedon the differencein the
imagesthe left and right eyes sendto the brain. By presenting
the appropriatémageof a stereopair to the left andright eyes,
the viewer perceves scenesn 3 dimensionsinsteadof as a 2-
dimensionalmage.Suchbinocularvisualinformationis usefulin
mary fields, suchastele-presencstyle video conferencingtele-
medicine remotesensingandcomputewision.
Theseapplicationsrequirethe storageor transmissiorof the
steregpair. Sincetheimagesseenwith theleft andright eye differ
only in smallareastechniqueghattry to exploit the dependenc
canyield betterresultsthanindependentodingof theimagepair.
Most successfutechniquesely on disparitycompensatioto
achieve good performance.Disparity compensatiofis similar to
thewell known motioncompensatiofor videocompression[1][2]
[3][4] emplo disparitycompensatioin the spatialdomain,while
[5] usesthe wavelet domain. Disparity compensatiorcan be a
computationallycomplex processin [6] awavelettransformbased
methodis usedthatdoesnot rely on disparitycompensation.
Mary of theabove worksusediscretecosinetransform(DCT)
basedcoding of the imageswhich usesa rate allocationmethod
to divide the available bandwidthbetweenthe two images. Em-
beddedtodingtechniquedasedn thewavelettransform[7] pro-
vide improved performancdor still imageswhencomparedvith
DCT-basedmethods.A progressie sterecimagecodingscheme
is proposedn [8] thatachievesgoodperformanceavithout having
to userateallocation.
With disparitycompensatiomneimageis usedasareference
image,andthe otheris predictedusingthe referencamage. The
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Fig. 1. Originalleft imageof the (a) Room(b) Aquastereopairs.

gainover independentodingcomesfrom compressinghe resid-
ualimagethatis obtainedasthe differenceof the originalandpre-
dictedimage. Little attentionhasbeenpaidto the coding of the
residualimage. Moellenhof etal. [9] looked at the propertiesof
disparity compensatedesidualimagesand proposedsomeDCT
andwavelettechniquedor theirimprovedencoding.

In this paperwe proposea progressie codingtechniquefor
thecompressiomf steredmages.Theemphasi®f ourwork is on
the codingof theresidualimage. Theseimagesexhibit properties
differentfrom naturalimages. Our coding techniquesnale use
of thesedifferences.We proposeto usetransformsthattake into
accounthosedifferencesaswell astheblock-basedatureof dis-
parity estimation.In ourcodemwetreatoccludecdblocksdifferently
from blocksthat arewell estimatedwith the DE process.Multi-
Grid Embedding(MGE) by Lan and Tewfik [10] is usedasthe
imagecoderfor its flexibility. All theseyield to somesignificant
improvementsver othermethodsn the codingof stereamages.

The outline of the paperis asfollows. Section2 gives an
overview of sterecimagecoding. Our contritution is in Section
3 with experimentakesultsprovidedin Sectior4.

2. STEREO IMAGE CODING

Stereoscopi@magepairsrepreseng view of thesamescendrom

two slightly differentpositions.Whentheimagesarepresentedo

the respectie eye the humanobserer percevesthe depthin the
sceneasin 3 dimensions.Onecanobtainstereopairs by taking
pictureswith two cameraghat are placedin parallel 2-3 inches
apart. The left imageof the stereopairsusedin this work canbe
seenin Figurel.

Becausef thedifferentperspectie, the samepointin theob-
jectwill be mappedto differentcoordinatesn the left andright
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Fig. 2. Steredmageencoder

images.Let (z;,y:) and(z,, yr) denotethe coordinate®f anob-
jectpointin theleft andrightimagesrespectiely. Thedisparityis
thedifferencebetweerthesecoordinatesd = (z; — zr, y1 — yr ).
If the camerasare placedin parallel,y; — y» = 0, andthe dis-
parity is limited to the horizontaldirection. Oneimageof the pair
senesasareferencémage,l,.s, andtheotherIy,.q is disparity
estimatedvith respecto thereferenceémage.A block diagramof
theencodelis shavn in Figure2.

Thedisparityof eachobjectin theimagedependn the dis-
tancebetweertheobjectandthecamerdenses(See[11] for more
details). The disparity estimationprocesstries to determinethe
displacemenfor eachimagepixel. Sincethis processvould be
quite complex if donefor eachpixel individually, it is carriedout
for k x k blocksinstead Block sizesof k = 8 or k = 16 providea
goodtrade-of betweeraccurag of theestimatiorandtheentropy
necessaryo encodehedisparityvector d, for eachblock.

The searchfor the matchingblock is carriedout in a lim-
ited searchwindow. Giventhereferencamagethe optimalmatch
couldbeary k x k blockof thisimage.This exhaustve searchs
computationalljcomplex. Fromthe parallelcameraaxisassump-
tion one canrestrictthe searchto horizontaldisplacementsnly.
Fromthe cameraset-upit is clearthatthe disparityfor objectsin
theleft imagewith respecto the right imageis positive andvice
versa.This obserationhelpsfurtherlimit the scopeof thesearch.

This estimationprocessavorkswell for blocksthatarepresent
in bothimages. However, occlusionmay resultif certainimage
informationis only presentn one of the images. Occlusioncan
happenfor two main reasonsfinite viewing areaand depthdis-
continuity Finite viewing areaoccurson the left side of the left
imageandthe right side of the right imagewherethe respectie
eye canseeobjectsthatthe othereye cannot.Depthdiscontinuity
is dueto overlappingobjectsin theimage;certainportionscanbe
coveredfrom oneeye onwhichthe othereye hasdirectsight.

The disparity vectorsare usuallylosslesslytransmittedusing
differentialpulsecodemodulationDPCM)followedby arithmetic
coding[12].

Giventhedisparityestimateof theimage,theresiduall,.; is
formedby subtractinghe estimatefrom theoriginal. Thisresidual
andthereferencémagearethenencoded.Marny proposedech-
niguesuseDCT-basedblock codingmethodsfor the encodingof
bothimages.They alsorequireabit allocationmechanisio de-
terminethecodingrateof eachimage(this bit allocationis carried
outin additionto thebit allocationbetweerthe DCT-transformed
blocks of eachimage). For eachtamget bit rate, a separateopti-
mizationis usedto determinethe appropriatebit allocation.

Embeddedmagecoderscanbe terminatedat ary bitrateand
still yield thebestreconstructioro thatratewithouta priori opti-

mization. Zerotree-styléechniquesuchasSetPartitioningin Hi-
erarchicallrees(SPIHT([7]) by SaidandPearlmaroffer excellent
compressiomperformancéor still images.This zerotregechnique
is extendedto stereamages8] by Boulgourisetal. The bitplane
codingis performedon both the residualand referencamageat
the sametime guaranteeinghat the mostsignificantinformation
for bothimagess sentbeforethelesssignificantinformation.

Thedecodingf steredmagess rathersimple.Boththeresid-
ual andreferencaémagearereconstructedJsingthe DE informa-
tion andthereconstructedeferencémagethedecodercanrecover
theotherimageof the stereopair.

3. RESIDUAL IMAGE CODING

Thegoalof ourresearchvasto malke stereamagecodingmoreef-
ficientby improving the codingof theresidualimage.The DE we
choseis rathersimple, but even with sucha simpledisparityesti-
matorour proposedodingtechniquehasvery goodperformance.

3.1. Image Coding Method

Embeddedodingyieldsgoodperformanceoupledwith simplic-
ity of codingdueto nothaving to performary bit allocationproce-
dure. MGE [10] usesa quadtreestructureinsteadof the zerotrees
of SPIHT. It emplg/s the samebitplanecoding, startingfrom the
mostsignificantbits of the transformdomainimagedown to the
leastsignificant. For eachbitplane,the quadtreestructureis used
to identify thesignificantcoeficients;coeficientswhosemostsig-
nificantbit is foundonthatbitplane.Thesortingpasddentifiesthe
coeficientsthat becomesignificanton the currentbitplane,while
therefinemenpassrefinesthosecoeficientsthathave previously
becomesignificant.

Theway we useMGE for stereamagecompressiolis similar
to [8]. For eachbitplanefirst the sortingandrefinemenfpassare
executedfor the referencéamageandthenfor theresidualimage.
Thehighestmagnitudecoeficientis usuallysmallerfor theresid-
ual imagethanfor the referencémage. The residualimagecon-
tainsmostly high frequeng information. MGE was chosernover
SPIHTbecausdé canencodeheaboe scenariosnoreefficiently.

3.2. Occlusion

As notedin Section2 therearetwo kindsof occlusionthatmayoc-
curin DE. A finite viewing areacanbe overcomein certaincases.
In the caseof blocksneartheimageedgewherea onedirectional
searclcouldrun out of imagepixelsif we allow thesearctto con-
tinuein theotherdirection,it mayfind blockssimilarto theoneto
be estimated.

Theresiduabf thoseblocksthatareoccludedecausef depth
discontinuitydisplaysdifferentcharacteristiccom the otherparts
of theimage.As notedin [9], theoccludedblocksaremorecorre-
lated. We proposeo detectsuchblocks,andcodethemdifferently
from therestof theresidualimageblocksfor improvedefficiency.

3.3. Image Transform

Moellenhof’s analysig9] shavsthatresiduaimagesshaw signif-
icantly differentcharacteristicrom naturalimages.They mainly
containedgesandotherhigh frequeng information. The correla-
tion betweemeighboringpixelsis smalleraswell. This suggests
that transformsthat work well for naturalimagesmay not be as
usefulfor residualimages.
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Fig. 3. Comparisonof independentoding, JPEG-stylecoding, OBDC, and mixed transformcodingfor the left imageresidual(with
referencemageJPEG-codeavith quality factor75) for (a) the Room,(b) the Aquaimages.

1 2 3 4 5 6 7 8
RO [ 0.93 0.94 096 096 0.97 0.95 0.94 0.94
RR| 0.27 0.38 041 045 044 0.31 0.33 0.03
AO | 0.90 089 0.89 0.89 0.88 0.88 0.87 0.89
AR | 0.24 0.25 0.22 0.23 0.25 0.23 0.26 0.12

Table 1. 1-pixel correlation for columns of 8 x 8 blocks
for RO=Roomoriginal, RR=Roomresidual,AO=Aquaoriginal,
AR=Aquaresidual horizontaldirection,rightimages.

In wavelettransformcodingoneof themostwidely usedilters
isthe9 — 7 filter by Daubechie§l3]. It is preferredor its regular
ity andsmoothingoroperties With theimagepixelslesscorrelated
in residualimagesye proposdheuseof Haarfilters. These2-tap
filters take the averageanddifferenceof two neighboringpixels.

DE usesk x k sizeblocksto find the bestestimatedor the
image. Thereis noreasorto expectneighboringblocksto exhibit
similar residualproperties For oneblock the algorithmcanfind a
relatively goodmatchwhile its neighborcouldbeharderto predict
from thereferencemage.

Moellenhof’sresultsonly indicatethatthe pixelsof theresid-
ualimagearelesscorrelatedhanthatof theoriginalimage.These
resultsdo not reveal much aboutthe local correlationof pixels,
namelyacrosghek x k block boundariesWe proposeto look at
1-pixel correlatioronamorelocal scalein bothhorizontalandver-
tical direction. Insteadof gatheringthesestatisticsfor the whole
image,we only look at the correlationbetweenall pixelsin the
n* andits immediateneighborin the (n + 1)** columnor row
of all & x k blocksfor the caseof horizontalor vertical corre-
lation, respectiely. Notethatthe correlationbetweerthe £** and
(k+1)** columns/ravs givesthecorrelatiorjustacrosghebound-
ary betweentwo neighboringblocks. The 1-pixel correlationsn
the horizontaldirection are shavn in Table 1 for the Roomand
Aquaimages.(Vertical correlationsshav similar trends.)For the
original imagesthe 1-pixel correlationis aboutthe samefor each
positionin a block, while for residualimagesit dropsoff signifi-
cantlyattheblock boundary(column8). Thisfurthersupportsour
assumptiorthatdifferentblocksexhibit differentpropertiesn the
residualimage.

Basednthis obserationwe focuson block-basedransforms

that could bettercapturethe differenceshetweenthe blocksthan
a global transform, such as the wavelet transform, that sweeps
acrossthe block boundaries. DCT in practiceis performedon
k x k blocks. Its performancas diminishedby the JPEGencod-
ing method.However, if the DCT coeficientsareregroupedinto
a wavelet decompositiorstyle subbandstructureas proposedn
[14], andareencodedisinganembeddedoder the performance
approachethatof waveletbasednethodgthis methodis referred
to asEmbeddederotreeDCT (EZDCT)).

None of the proposedmagetransformsso far take into ac-
counttheeffectof occlusion.For anoccludedlockthebestmatch
canstill be a very distortedone. In thosecasesot usingthe es-
timate for the given block at all could be the beststratgyy. For
eachblock the estimatorshoulddecideif the bestmatchis good
enough. If not, the given block is left intact. This processcre-
atesa mixedresidualimage,with somepartshaving mostlyedges
and high frequeng information, and other partsblocksfrom the
original image. For residualblocksthat containsignificanthigh
frequeng informationa uniform bandpartitioning (suchaswith
DCT) works betterthan octave-bandsignal decompositionsee
[15]), while octave-banddecompositioris desirablein blocks of
theoriginalimage.

NotethattheHaartransformonly useswo neighboringpixels
to computethelow andhighfrequeng coeficients,thenmoveson
to thenext pair. If &, theblocksizeis even,startingattheleft edge
of the block, the Haartransformcan be performedwithout hav-
ing to includepixelsfrom outsidethe block for the computatiorof
Haarwaveletcoeficientsfor all pixelsin the block. Furthermore,
this canberepeatedipto |log, k| levelswithoutaffecting coefi-
cientsfrom outsidethe k£ x k block. We proposeto usea mixed
imagetransform. This transformconsistsof a Haartransformof
3 levelsfor occludedblocksanda DCT for otherswith the DCT
coeficients regroupedinto the wavelet subbandgo line up with
the Haartransformectoeficients.

4. EXPERIMENTAL RESULTS

In our simulationswe usedthe 256 x 256 Roomand288 x 360
Aquastereoimagepairsshavn in Figurel. Thereferencemage
wastransformedisingthe9 — 7 filters. For DE a simplescheme



wasusedwith a 64 pixel horizontalsearchwindow. Occlusionde-
tectionconsistedf looking for blockswherethe estimationerror
wasabove agiventhreshold.

For stereoimagesthe PeakSignal-to-NoiseRatio (PSNR)is
computedusingthe averageof the meansquarecerror of the re-
constructedeft andrightimages,

2

PSNR = 1010g10 m.

Firstwe shav thecomparisorf differentmethodgor thecod-
ing of the disparity estimatedeft image. Thereferencemageis
theuncodedight image.Thebitratefiguresincludethe codingof
the disparityvectorfield. In the caseof the mixed transform,for
eachblock an extra bit is encodedo signalif thatblock is con-
sideredasoccluded. (Clearly, in the caseof independentoding
thereis no needto encodeary disparityinformation.) The PSNR
is computedusingthe MSE for the left imagealone. The JPEG-
style coderin our comparisonusesquantizationtablesfrom the
MPEG predictedramecoder

Figures3 comparesndependenwvavelet coding, JPEG-style
coding,overlappedlockdisparitycompensatiofOBDC)[4], and
mixed transformcoding. Mixed transformcoding significantly
outperformsothindependenand JPEG-stylecodingwith a gain
of about3 dB over the JPEG-styleencoding. It alsoperformsas
well or betterthan OBDC coding which usesa computationally
morecomple disparityestimator

Next we compareour proposednethodsandthe resultsfrom
[8]. Goodresidualimageperformancealonedoesnot guarantee
overall good performancewhen the entire stereoimageis con-
cernedin an embeddeatodingscenario.Recallthatthe decoder
usesthe compressedeferencamageto recreatethe estimatefor
the otherimage. If the codingof the residualimagetakes away
bits from the codingof the referencémagethe overall resultmay
notbeasgoodasthe codingof theresidualimagewould suggest.

Figure 4 demonstratethis comparison.In this casethe left
imageis choserasthereferencémage.In thecomparison;Boul-
gouris2'refersto new results(recevedfrom theauthors)btained
by animproved versionof the original EmbeddedStereoCoder
It usesamoresophisticatedlisparityestimatorandbetterwavelet
filters. Our proposednethodoutperformshisimprovedalgorithm
aswell by 0.70 — 1 dB.
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Fig. 4. Comparisonof proposedmethodwith the Embedded
StereoCodingschemdrom Boulgourisandits improved version
for thefull stereqgpair.
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