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Multi-View Video Compression
— Exploiting Inter-ImageSimilarities—

Advancesin display and cameratechnologyenablenew applicationsfor 3D scenecommunication.

3DTV is amongthemostimportantof theseapplications;it strivesto createarealistic3D depthimpression

of the observed scene[1]. Typically, multiple video camerasareusedto simultaneouslyacquirevarious

viewpoints of the scene.The resultingdataare often referredto as multi-view video. As the potential

degreeof 3D realismimproves with the cameradensityaroundthe scene,a vast amountof multi-view

videodataneedsto bestoredor transmittedfor 3DTV. Multi-view videodatais alsoexpectedto consume

a large portion of the bandwidthavailable in the Internetof the future. This will include point-to-point

communicationaswell asmulticastscenarios.Multimedia distribution via sophisticatedcontentdelivery

networks and �e xible peer-to-peer networks will enablemulti-view-video-on-demandas well as live

broadcasts.

Due to the vast raw bit-rate of multi-view video, ef�cient compressiontechniquesare essentialfor

3D scenecommunication[2]. As the video dataoriginatefrom the samescene,the inherentsimilarities

of the multi-view imagery are exploited for ef�cient compression.Thesesimilarities can be classi�ed

into two types.First, inter-view similarity is observed betweenadjacentcameraviews. Second,temporal

similarity is noticedbetweentemporallysuccessive imagesof eachvideo. Temporalsimilarities can be

exploitedwith motioncompensationtechniquesthatarewell known from single-view videocompression.

Extendingthat idea,disparitycompensationtechniquesmake useof inter-view similaritiesfor multi-view

video compression.

When designing compressionschemesfor multi-view video data, several constraintsshapetheir

architecture.In a communicationscenario,multi-view video representationsshouldbe robustnessagainst

unreliabletransmission.Further, it is desirablethat theserepresentationsare highly �e xible such that

subsetsof the original data can be accessedeasily at various levels of image quality; the level of

user interactivity that can be supportedby a particular multi-view video representationwill be an

important considerationfor on-demandapplications.Finally, the overall trade-off betweenthe quality

of the reconstructedviews andthe bit-rateof its representationwill be of high interestwhenprocessing

the vastamountof data.

In the rest of the paper, we will �rst discussthe importanceof exploiting inter-imagesimilarities in

multi-view videocompression.We thenintroducethebasicapproachesto multi-view videocompression.

One classof algorithmsextendspredictive coding as currently used in video compressionstandards
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to multiple views. Another classof algorithmsusesadaptive subbanddecompositionwithin and across

video sequencesfrom different cameras.We concludethe article by discussingthe relative advantages

and disadvantagesof thesecompressionapproacheswhen facedwith additional constraintsthat often

arisein practicalsystems.

I . MULTI-V IEW V IDEO IMAGERY

Dynamic depth impressionsof natural scenescan be createdwith multi-view video imagery. The

imageryis generatedby multiple video camerasthat capturevariousviewpointsof the scene.The video

cameraarrangementis chosenaccordingto the desired3D scenerepresentation.For example,a linear

cameraarrayis thesimplestarrangementandoffersparallaxin onespatialdimensiononly. Planarcamera

arraysprovide a broaderdepthimpressionbut requirea substantiallylarger numberof cameras.

As themulti-view video imagerycapturesthesamedynamic3D scene,thereexist inherentsimilarities

amongthe images.We classify thesesimilarities into two types.First, inter-view similarity is observed

betweenadjacentcameraviews. Second,temporalsimilarity is noticedbetweentemporallysuccessive

imagesof eachvideo. This classi�cation correspondsto the natural arrangementof multi-view video

imagesinto a Matrix Of Pictures(MOP) [3]. Eachrow holdstemporallysuccessive picturesof oneview,

and eachcolumn consistsof spatially neighboringviews capturedat the sametime instant.In casewe

deviate from linear cameraarrays,all view sequencesarestill arrangedinto the rows of the MOP. Here,

the idea is to distinguishbetweeninter-view similarity and temporalsimilarity only. Therefore,further

sub-classi�cationof inter-view similarities is not intended.
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Fig. 1. Matrix of pictures(MOP) for N = 4 imagesequences,eachcomprisingof K = 4 temporallysuccessive pictures.
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Fig. 1 depictsa matrix of picturesfor N = 4 imagesequences,eachcomprisingof K = 4 temporally

successive pictures.N = 4 views form a group of views (GOV), and K = 4 temporally successive

picturesa temporalgroup of pictures(GOP). For example, the imagesof the �rst view sequenceare

denotedby x1;k , with k = 1; 2; : : : ; K . We chooseMOPswith N K imagesto discussthe compression

ef�ciency of coding schemesthat processN K imagesjointly. Joint compressionaims to exploit all

similarities among theseimages.Later, we will discussthe impact of the MOP size (N ; K ) on the

compressionperformanceandthe trade-off betweenthe sizeN of the groupof views andthe sizeK of

the temporalgroupof pictures.

I I . EXPLOITING SIMILARITIES IN TIME AND AMONG V IEWS

Exploiting similaritiesamongthe multi-view video imagesis the key to ef�cient compression.When

consideringtemporally successive imagesof one view sequence,i.e. one row of the MOP, the same

view-point is capturedat differenttime instances.Usually, the sameobjectsappearin successive images

but possiblyat differentpixel locations.If so, objectsare in motion andpracticalcompressionschemes

utilize motioncompensationtechniquesto exploit this temporalsimilarities.

On the otherhand,spatiallyneighboringviews capturedat the sametime instant,i.e., imagesin one

column of the MOP, show the sameobjectsfrom different view-points. Similar to the previous case,

the sameobjectsappearin neighboringviews but at different pixel locations.Here, the objectsin each

imagearesubjectto parallaxandpracticalcompressionschemesusedisparity compensationtechniques

to exploit theseinter-view similarities.

A. Temporal Similarities

Considertemporally successive imagesof one view sequence,i.e., one row of the MOP. If objects

in the sceneare subjectto motion, the sameobjectsappearin successive imagesbut at different pixel

locations.To exploit thesetemporalsimilarities,sophisticatedmotioncompensationtechniqueshave been

developedin the past.Frequentlyusedare so-calledblock matching techniqueswherea motion vector

establishesa correspondencebetweentwo similar blocks of pixels chosenfrom two successive images

[4]. Practicalcompressionschemessignal this motion vectorsto the decoderas part of the bit-stream.

Variable block sizetechniquesimprove the adaptationof the block motion �eld to the actualshapeof

the object [5]. Lately, so-calledmulti-frame techniqueshave beendeveloped.Classicblock matching

techniquesusea singleprecedingimagewhenchoosinga referencefor the correspondence.Multi-frame

techniques,on theotherhand,permit choosingthe referencefrom severalpreviously transmittedimages;

July 27, 2007 DRAFT



IEEE SIGNAL PROCESSINGMAGAZINE 4

a different imagecould be selectedfor eachblock [6]. Finally, superpositiontechniquesare also used

widely. Here, more than one correspondenceper block of pixels is speci�ed and signaledas part of

the bit-stream[7]. A linear combinationof the blocks resultingfrom multiple correspondencesis used

to better match the temporalsimilarities. A specialexample is the so-calledbidirectionally predicted

picture whereblocks resultingfrom two correspondencesarecombined[8]. Onecorrespondenceusesa

temporallyprecedingreference,theotherusesa temporallysucceedingreference.Thegeneralizedversion

is the so-calledbi-predictivepicture [9]. Here,two correspondencesarechosenfrom an arbitrarysetof

available referenceimages.

B. Inter-View Similarities

Considerspatiallyneighboringviews capturedat the sametime instant,i.e., imagesin onecolumnof

theMOP. Objectsin eachimagearesubjectto parallaxandappearat differentpixel locations.To exploit

this inter-view similarities,disparitycompensationtechniquesareused.

The simplestapproachto disparitycompensationareblock matchingtechniquessimilar to thoseused

for motion compensation[10]. Thesetechniquesoffer the advantageof not requiring knowledgeof the

geometryof theunderlying3D objects.However, if thecamerasaresparselydistributed,theblock-based

translatorydisparitymodel fails to compensateaccurately.

More advancedapproachesto disparitycompensationaredepth-image-basedrenderingalgorithms[11].

They synthesizeanimageasseenfrom a givenview-point by usingthereferencetextureanddepthimage

asinput data.Thesetechniquesoffer theadvantagethat thegivenview-point imageis compensatedmore

accuratelyeven when the camerasare sparselydistributed.However, thesetechniquesrely on accurate

depthimages,which aredif�cult to estimate.

Finally, hybrid techniquesthat combinethe advantagesof both approachesmay also be considered.

For example,if theaccuracy of a depthimageis not suf�cient for accuratedepth-image-basedrendering,

block-basedcompensationtechniquesmay be usedon top for selective re�nement [12].

C. PerformanceBounds

The rate-distortionef�ciency of multi-view video coding is of great interest.For single-view video

coding,theoreticalperformanceboundshave beenestablishedfor motion-compensatedprediction[13] as

well asmotion-compensatedsubbandcoding[14]. Obviously, the simplestapproachto multi-view video

codingis to encodethe individual videosequencesindependently. But for themostef�cient compression

of multi-view video data,the similarities amongthe views must also be taken into account.Therefore,
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the work in [3] proposesa mathematicalmodel that capturesboth inter-view correlationand temporal

correlation.It is basedon the high-ratemodel for motion-compensatedsubbandcodingof video [14].

Themodelcapturestheeffectsof motioncompensationaccuracy anddisparitycompensationaccuracy.

For that, it doesnot considera particularcompensationtechnique.Instead,it assumesperfectcompensa-

tion up to a given motion inaccuracy anddisparity inaccuracy. With that, rate-distortionboundsfor both

perfectandinaccuratecompensationcanbe determined.Moreover, the modelcapturesalsothe encoding

of N views,eachwith K temporallysuccessive picturesandits impacton theoverall codingperformance.

In short,it modelsN K disparityandmotion compensatedpictures.Thesepicturesarethendecorrelated

by the Karhunen-Lo�eve Transform(KLT) for optimal encodingandfor achieving rate-distortionbounds.

At this point, we arenot interestedin boundsfor a particularcodingscheme.Rather, we are interested

in compressionboundsfor multi-view video imagerygiven parameterslike the sizeof the MOP (N ; K )

or the inaccuracy of disparity compensation.At high rates,good coding boundscan be determinedby

optimal transformcodingwith the KLT. This will help us to understandthe fundamentaltrade-offs that

are inherentto multi-view video coding.Box 1 describesthe signalmodel in moredetail.
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Fig. 2. Rate reductiondue to exploiting the similarities amongN K picturesat high image quality. Rate differencesare

calculatedwith a statisticalsignal model relative to intra coding of all imagesat the samequality and are negative as bit-rate

is saved by joint coding.Ratedifferencesaregiven for varioustemporalGOPsizesK andgroupsof views N .

Fig. 2 depictstypical rate reductionsthat can be achieved by exploiting the similarities amongN K

picturesat high imagequality. The ratedifferencesareobtainedwith the mathematicalmodel in [3] and

arecalculatedwith respectto intra codingof all imagesat the samequality. For example,take the group
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of views of size N = 1, meaningthat eachvideo signal is encodedindependently. By increasingthe

temporalGOPsizeK , i.e., jointly encodingK motion-compensatedpictures,thebit-ratedecreaseswhen

comparedto intra codingof the MOP. This observation holdsalso for larger groupsof views N , where

N disparity-compensatedpicturesareencodedjointly. But notethat the relative decreasein bit-rategets

smaller for growing groupsof views N . This result suggestsa possibletrade-off betweenthe size of

the groupof views N andthe sizeof the temporalGOPK , whenconsideringthe bit-ratesavings only.

Using the numericalvaluesin Fig. 2 as an example,jointly encodingof MOPs with N = 8 views and

K = 4 temporalimagesyieldson averagesimilar ratesavingsthanMOPswith N = 2 views andK = 32

temporalimages.But notethatactualquantitative valuesdependstronglyon thetypeof multi-view video

data,in particular, the motion in the scene,the accuracy of disparity compensation,and the noiselevel

in the sequences.

Finally, the accuracy of disparity compensationaffects the overall bit-rate savings signi�cantly. In

practice,neither block matching techniquesnor depth-image-basedrenderingalgorithmscan perform

perfect disparity compensation.Occlusions and varying lighting conditions among the views are

challenging.In casesin which we areable to improve the accuracy of compensation,we will bene�t in

termsof overall bit-ratesavings [3].

I I I . COMPRESSION SCHEMES

The vast amountof multi-view data is a huge challengenot only for capturingand processingbut

alsofor compression.Ef�cient compressionexploits statisticaldependencieswithin the multi-view video

imagery. Usually, practicalschemesaccomplishthis eitherwith predictive codingor with subbandcoding.

In both cases,motion compensationand disparity compensationare employed to make better use of

statisticaldependencies.

Note that predictive coding and subbandcoding have different constraintsfor ef�cient compression.

Predictive coding is accomplishedby processingimagessequentially. Hence,the order in which the

imagesareprocessedis of importance.Moreover, codingdecisionsmadein thebeginningof thesequence

will affect subsequentcodingdecisions.On the otherhand,subbandcodingdoesnot requiresequential

processingof images.All imagesto beencodedaresubjectto a subbanddecompositionwhich is followed

by independentencodingof its coef�cients. Hence,coding decisionsmadeat the secondstagedo not

affect the subbanddecompositionin the �rst stage.

In the following, we considerthesepracticalschemesfor multi-view video compressionand discuss

themin moredetail.
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A. PredictiveCoding

Predictive coding schemesencodemulti-view video imagerysequentially. Two basic typesof coded

picturesarepossible:intra andinter pictures.Intra picturesarecodedindependentlyof any otherimage.

Inter pictures,on the other hand, dependon one or more referencepictures that have beenencoded

previously. By design,an intra picture doesnot exploit the similarities amongthe multi-view images.

But an inter pictureis ableto make useof thesesimilaritiesby choosingoneor morereferencepictures

and generatinga motion and/ordisparity compensatedimagefor ef�cient predictive coding.The basic

ideasof motion-compensatedpredictive codingaresummarizedin Box 2.

Whenchoosingthe encodingorderof images,variousconstraintsshouldbe considered.For example,

high codingef�ciency aswell asgoodtemporalmultiresolutionpropertiesmaybedesirable.Interestingly,

both goalscan be combinedvery well. Similar to a temporalmultiresolutiondecomposition,a coarse

resolutionlayer of temporallydistantimagesis successively re�ned by insertinginter codedpicturesat

half temporaldistance.Notethat theseinter codedpicturesusethecodedimagesof thecoarserresolution

layer as references.This methodof hierarchical encodingoffers not only a temporalmultiresolution

representationbut alsohigh codingef�ciency. For hierarchicalencoding,the bi-predictivepicture [9] is

very useful.It is a specialinter picturethat choosesup to two referencepicturesfor generatinga motion

and/ordisparitycompensatedimage.Its codingef�ciency is superiorto that of the “basic” inter picture

(predictive picture),which choosesonly onereferencepicture for compensation.
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Fig. 3. Hierarchicalencodingof a matrix of pictures(MOP) with bi-predictive pictures.(a) MOP with N = 4 imagesequences,

eachcomprisingof K = 4 temporallysuccessive pictures.(b) Ratedifferencefor the multi-view video Ballroomat an average

imagequality of 40 dB PSNRachieved by exploiting the similaritieswithin eachMOP of size (N ; K ).
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Fig. 3(a) depictsa possiblehierarchicalencodingof a MOP with N = 4 image sequences,each

comprisingof K = 4 temporallysuccessive pictures.EachMOP is encodedwith one intra picture and

N K � 1 bi-predictive pictures.First, eachMOP is decomposedin view directionat the �rst time instant

only. That is, the sequenceshave view decompositionsat every K -th time instant.The intra pictureI0 in

eachMOP representsthe lowestview resolution.The next view resolutionlevel is attainedby including

the bi-predictive pictureB01. The highestview resolutionis achieved with the bi-predictive picturesB02.

Second,the reconstructedN view imagesat every K -th time instant are now usedas referencefor

multiresolutiondecompositionswith bi-predictive picturesin temporaldirection.The decompositionin

view direction at every K -th time instant representsalreadythe lowest temporalresolutionlevel. The

next temporalresolutionlevel is attainedby including thebi-predictive picturesB1. Thehighesttemporal

resolutionis achieved with the bi-predictive picturesB2. Thus,hierarchicalencodingof eachMOP with

bi-predictive picturesgeneratesa representationwith multiple resolutionsin time andview direction[15].

Multi-view videocodingis currentlyinvestigatedby theJoint VideoTeam(JVT). TheJVT is developing

a Joint Multiview Video Model (JMVM) [16] which is basedon the video coding standardITU-T

RecommendationH.264 – ISO/IEC 14496-10AVC [17]. The current JMVM proposesillumination

change-adaptive motion compensationand predictionstructureswith hierarchicalbi-predictive pictures.

The JMVM usesthe block-basedcoding techniquesof H.264/AVC to exploit both temporalsimilarities

andview similarities.The codingstructureis investigatedin [18], [19]. The standardcodecH.264/AVC

is a hybrid video codecand incorporatesan intra-framecodecand a motion-compensatedinter-frame

predictor. Whenencodingimagesequences,sophisticatedcodercontrol techniqueschoosefrom multiple

intra- andinter-picturemodesto optimizerate-distortionef�ciency. An importantparameteris thenumber

of previously decodedpictures stored in the referenceframe buffer. Both, rate-distortionef�ciency

and computationalcomplexity grow with the number of stored referencepictures. Fig. 3(b) shows

experimentalresultsobtainedwith hierarchicalbi-predictive picturesfor the multi-view video Ballroom.

It depictsachievable rate differencesto intra coding by exploiting the similarities within eachMOP of

size (N ; K ). The ratedifferenceis measuredat an averageimagequality of 40 dB PSNRrelative to the

intra codingrateof 1.4 bit per pixel per camera.

In summary, predictive codingschemesaretechnologicallywell advancedandoffer goodimagequality

at low bit-rates,in particularwith the advent of the lateststandardH.264/AVC. Though,suchschemes

are burdenedby the inherentconstraintof sequentialcoding.Recall that coding decisionsmadein the

beginning of the sequencewill affect subsequentcodingdecisions.This affectsoverall codingef�ciency

andproducesmulti-view video representationsof limited �e xibility.
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B. SubbandCoding

All imagesto be encodedby a subbandcodingschemearesubjectto a subbanddecompositionwhich

is followedby quantizationandentropy-codingof its coef�cients. Suchschemesdo not requiresequential

processingof imagesand,hence,offer more�e xible multi-view video representations.Like in predictive

coding, the subbanddecompositionmakes useof similarities amongthe multi-view video images.As

similaritiesareexploited by motion anddisparitycompensation,adaptive subbanddecompositionsareof

interest[20]–[22].
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Fig. 4. Motion and disparity adaptive subbandcoding. The multi-view video is representedby a motion and disparity

compensatedsubbanddecomposition.The resulting view-temporal subbandsare encodedand multiplexed with motion and

disparityside information into onebit-stream.

A typical motionanddisparityadaptive subbandcodingschemeis shown in Fig. 4. N K imagesof the

multi-view video dataaretransformedinto N K subbandimagesby a motion anddisparitycompensated

subbanddecomposition.Only onesubbandimage,the so-calledlow-bandimage,accumulatesthe major

energy of all imagesin the MOP. The remainingN K � 1 subbandimages,so-calledhigh-bandimages,

carry only minor energy componentsthat could not be concentratedinto the low-band image. The

decompositionis followed by spatial encodingof the view-temporalsubbandcoef�cients. The output

bit-streamof theencoderincludesboth thecompressedrepresentationof thesubbandcoef�cients aswell

as the motion and the disparity information. The correspondingdecodersimply inverts the processing

stepsof the encoder.

Whenchoosinganadaptive transformfor multi-view videosubbandcoding,variousconstraintsshould

be considered.For example,given the unquantizedsubbandcoef�cients of the forward transform,the

inverseadaptive transformat the decodershouldbe able to reconstructthe input imageryperfectly. In
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addition,goodview-temporalmultiresolutionpropertiesaredesirable.Both goalscanbe combinedvery

well with so-calledmotion and disparity compensatedlifted wavelets[23], [24]. Waveletsimplemented

with the lifting architectureare reversible,even if the operationsin the lifting stepsare non-linearlike

motion and disparity compensation.Moreover, multiresolutionrepresentationsare easily obtainedwith

wavelet transforms.Similar to predictive coding wherepredictive and bi-predictive picturesexploit the

similarities amongthe images,two basictypesof motion-compensatedlifted waveletsare popular. The

basicadaptive wavelet is the motion-compensatedlifted Haar wavelet wherehigh-bandsare generated

from one motion-compensatedimageonly. The advancedadaptive wavelet is the motion-compensated

lifted 5/3 wavelet wherehigh-bandsare generatedby a linear combinationof two motion-compensated

images.Betterenergy concentrationis achievedwith theadaptive5/3wavelet,which is alsomorecomplex

thantheadaptive Haarwavelet.Box 3 outlinesthebasicconceptsof motion-compensatedlifted wavelets.
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Fig. 5. Hierarchicalsubbanddecompositionof a matrix of pictures(MOP). (a) MOP with N = 4 image sequences,each

comprisingof K = 4 temporallysuccessive pictures.(b) Ratedifferencefor themulti-view videoBallroomat anaverageimage

quality of 40 dB PSNRachieved by exploiting the similaritieswithin eachMOP of size (N ; K ).

Fig. 5(a) shows a possibleview-temporalmultiresolutiondecompositionof a MOP with N = 4 image

sequences,eachcomprisingof K = 4 temporallysuccessive pictures.EachMOP is encodedwith one

low-bandpictureandN K � 1 high-bandpictures.First, a 2-level multiresolutiondecompositionof each

view sequencein temporaldirectionis accomplishedwith motion-compensatedwavelets.The �rst frame

of eachview is representedby thetemporallow-bandL2
t , theremainingframesof eachview by temporal
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high-bandsH1
t . Second,a 2-level multiresolutiondecompositionof the temporallow-bandsL2

t in view

direction is accomplishedwith disparity-compensatedwavelets.After the decompositionof N temporal

low-bands,we obtain the MOP low-band L2
t L2

v and the remainingN � 1 view high-bandsH1
v . This

decompositionusesonly the disparity informationamongthe views at the �rst time instantin the MOP.

Fig. 5(b) givesexperimentalresultsfor themulti-view videoBallroomobtainedwith anadaptive subband

decompositionusinglifted wavelets.Theresultsarebasedon a versionof theJoint ScalableVideoModel

(JSVM) [25] which supportsadaptive lifted wavelets.Theplot depictsachievableratedifferencesto intra

coding by exploiting the similarities within eachMOP of size (N ; K ). Note that the rate differenceis

measuredat anaverageimagequality of 40 dB PSNRrelative to the intra codingrateof 1.4 bit perpixel

per camera.

In summary, subbandcoding schemesoffer more �e xible representationsfor multi-view imagery.

For static light �elds, this hasbeendemonstratedin [26], wheredisparity-compensatedwaveletshave

been investigated. Further examplesfor multi-view wavelet video coding are given in [27]. Though,

decompositionsresulting from motion and disparity compensatedlifted waveletsusually suffer from a

compensationmismatchin predictandupdatestep,especiallyfor multi-connectedmotion anddisparity

�elds. This compensationmismatchalterspropertiesthat areofferedby the correspondingnon-adaptive

wavelettransforms.For example,thenon-adaptive lifted Haarwavelet is strictly orthonormal,whereasthe

motion-compensatedlifted Haarwavelet losesthe propertyof orthonormalityif multi-connectedmotion

�elds arecompensated[28].

The developmentof view-temporal subbanddecompositionsthat maintain their orthogonalitywith

arbitrary motion and disparity compensationis still a challengingresearchproblem.First attemptsat

a solution have beenreportedrecently for unidirectionalmotion compensation[28], sub-pelaccurate

motion compensation[29], [30], andbidirectionalmotion compensation[31]. (Box 4).

IV. COMPRESSION WITH ADDITIONAL CONSTRAINTS

Compressionenginesareusuallypartof informationor communicationsystemsthat imposeadditional

constraintson the compressionschemeitself. Basic constraintsare delay and memory requirements.

Interactive applicationslike free-viewpoint video [2] imposerandomaccessrequirementswhich permit

accessto individual imagesequencesin the compressedmulti-view video representation.On the other

hand, communicationsystemsrequire compressedrepresentationsto be robust to transmissionerrors

and might bene�t from rate scalability. In the following, we revisit above compressionschemeswhile

consideringpracticalsystemconstraints.
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A. Delay and MemoryConstraints

Delay is causedby the wait time that elapseswhena codingschemecollectsadditionalimagesfrom

thesourcewhich arerequiredfor encoding.Sequentialencodingwith predictive schemespermits�e xible

encodingorders.This wait time can be reducedto zero with forward prediction only. For that case,

bi-directional prediction in temporaldirection cannotbe usedand, hence,lower coding ef�ciency is

observed. Higher coding gains can be achieved by permitting delay. Delay constraintsare different for

subbandcodingschemes.In general,all imagesof a MOP have to be consideredto determinethe low-

bandimageof the subbanddecomposition.Hence,the minimum delayfor a MOP of size (N ; K ) is the

wait time necessaryto collect additionalK � 1 temporallysuccessive images.

Memory requirementsspecify the size of the memory that is necessaryto facilitate encodingor

decoding.For predictive schemes,the size of the multi-frame referencebuffer determinesthe memory

requirement.At least one referenceimage needsto be in memory for predictive coding. And large

referenceframe buffers are likely to improve compressionef�ciency. Memory requirementsare also

different for subbandcoding schemes.In general,subbanddecompositionsrequire all input images

associatedwith a MOP to reside in the memory of the encoder. Therefore,the memory requirement

increaseswith the sizeof the MOP and,hence,the desiredcompressionef�ciency.

B. RandomAccess

Applicationslike interactive light �eld streaming[32] or free-viewpointvideo[2] imposerandomaccess

requirementson multi-view imagery. Randomaccessrefersto the accessibilityof individual imagesor

image sequencesin compressedrepresentations.For predictive coding schemes,accessto individual

imagesdependshighly on actual prediction dependencies.Note that sequentialencodingrequiresall

intermediatereferencepicturesto bedecodedin order. Hence,hierarchicalencodingordersfacilitatemore

�e xible accessto individual imagesthan linear encodingorders.For subbandcoding schemes,random

accessis facilitatedby multi-resolutionsubbanddecompositions,Again,hierarchicalrepresentationsallow

�e xible accessto individual images.Moreover, subbandschemesoffer theopportunityto tradeoff between

the burdenof accessand the quality of retrieved images.

C. Flexible Representationsand Robustness

Practical 3DTV systemsrequire multi-view video representationsto be robust against unreliable

transmission.Scalablerepresentationsallow �e xible adaptationsto network andchannelconditions.For
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example,view scalabilityandtemporalscalabilityfacilitatetransmissionof subsetsof the original multi-

view videodata.This is achievedby usinghierarchicalencodingstructuresfor bothpredictiveandsubband

codingschemes.Quality scalability facilitatestransmissionof multi-view video at variousimagequality

levels. For ef�cient predictive coding, referencepicturesat encoderanddecoderhave to matchexactly.

If decodingat variousquality levels is desired,the encoderhas to encodeall desiredquality levels to

matchexactly the necessaryreferencepictures.Subbandcodingschemes,on the otherhand,processthe

quantizationnoisedifferently andallow for ef�cient quality scalability.

Finally, decodersfor robust representationsshould minimize the impact of transmissionerrors on

the reconstructedmulti-view video. Note that predictive encodersoperatein a closed-loopfashion.The

total quantizationerror energy acrossintra picture and displacedframe differencesequalsthat in the

correspondingreconstructedpictures. In caseof transmissionerrors, decodedreferenceframesdiffer

from the optimizedreferenceframesat the encoderanderrorspropagate from frameto frame,resulting

in an often very large ampli�cation of the transmissionerror energy. On the otherhand,subbandcoders

operatein an open-loopfashion.In particular, energy conservation holdsfor orthogonaltransformssuch

that the total quantizationerrorenergy in thecoef�cient domainequalsthat in the imagedomain.In case

of transmissionerrors,thesamerelationholds.Hence,theerrorenergy is preservedratherthanampli�ed

by the decoder, as is the casefor predictive decoders.

V. FUTURE CHALLENGES

Both predictive coding schemesand subbandcoding schemeshave the potential to exploit the inter-

imagesimilaritiesof multi-view video.Predictive codingschemesaretechnologicallywell advancedand

offer goodimagequality at low bit-rates.Though,suchschemesareburdenedby the inherentconstraint

of sequentialcoding. Subbandcoding approachesprovide desirableproperties for the compressed

representation.But thesetechniquesarenot at the samelevel of maturity aspredictive codingschemes.

The vast amountof data that comeswith multi-view video rendershighly structuredrepresentations

more desirable.Additional constraintson adaptive subbanddecompositionsmay be necessary. It is a

future challengeto make subbandcodingcompetitive with predictive schemes,while maintainingall the

desirablepropertiesthat comewith suchdecompositions.

ACKNOWLEDGMENTS

This work hasbeensupportedby the Max PlanckCenterfor Visual Computingand Communication

at StanfordUniversity.

July 27, 2007 DRAFT



IEEE SIGNAL PROCESSINGMAGAZINE 14

APPENDIX I

BOX 1: STATISTICAL SIGNAL MODEL FOR

MULTI-V IEW V IDEO

The model generatesN K disparity and motion

compensatedpicturesf si ; i = 1; 2; : : : ; N K g from

onerootpicturev in two steps.First, theroot image

sequencef ck ; k = 1; 2; : : : ; K g with K motion-

compensatedpictures is generatedfrom the root

image v . For this, the root picture is shifted by

displacementerror vectors � 1k and distortedby

additive residualvideo noisenk . Second,N view

sequenceswith N K disparityandmotion compen-

satedpicturesare generatedfrom the root image

sequence.Here, the pictures of the root image

sequenceareshiftedby disparityerror vectors � 1� ,

� = 2; 3; : : : ; N , anddistortedby additive residual

multi-view noise zi , i = 1; 2; : : : ; N K . Note that

the �rst picture of the root imagesequenceis the

referenceimage.The remainingK � 1 picturesare

motion compensatedwith respectto the reference

imageup to the speci�ed displacementerror. The

conceptof referenceis also usedfor the N view

sequences.N � 1 view sequencesare disparity

compensatedwith respect to the referenceview

sequence,i.e., the �rst view sequence,up to the

speci�eddisparityerror. Thecompletesignalmodel

is depicted in Fig. 6. Note that all K temporal

picturesof the � -th view are shifted by the same

disparity error vector � 1� . We assumethat the

positionof eachcamerais constantin time. Hence,

we observe the samedisparityerror vectorat each

time instant.
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Fig. 6. Signalmodelfor N imagesequenceseachcomprising

of a groupof K temporallysuccessive pictures.
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With additionalassumptionsas statedin [3], the power spectraldensitymatrix of N K motion and

disparitycompensatedpicturesis

� ss(! ) = �( ! ) 
 � cc (! ) + � zz (! ); (1)

where �( ! ) is the N � N characteristicmatrix of N � 1 disparity errors, � cc (! ) the K � K power

spectraldensity matrix of the root image sequence[14], and � zz (! ) the N K � N K power spectral

densitymatrix of the residualmulti-view noise.
 denotesthe Kronecker productand ! is the vectorof

spatialfrequenciesin horizontalandvertical direction.

The key parametersof the model specify displacementerror and disparity error distributions as well

asresidualvideo noiseandresidualmulti-view noise.The variancesof displacementerror anddisparity

errorcapturemotioninaccuracy anddisparityinaccuracy, respectively. For example,very accuratemotion

compensationis modeledby a very small displacementerror variance.The residualvideo noisecaptures

signalcomponentsthatcannotberemovedevenby very accuratemotioncompensation,e.g.,detailvisible

in oneframe,but not in the other. The residualmulti-view noisecapturessignalcomponentsthat cannot

be removed by very accuratedisparity compensationbetweenviews, e.g.,cameranoise.Furtherdetails

on the modelaregiven in [3].

APPENDIX I I

BOX 2: MOTION-COMPENSATED PREDICTIVE CODING

Motion-compensatedpredictivecodingof imagesequencesis accomplishedwith intraandinterpictures

as depictedin Fig. 7. (a) The input imagex k is independentlyencodedinto the intra picture Ik . The

intra decoderis usedto independentlyreconstructthe image x̂k . (b) The input imagex k is predicted

by the motion-compensated(MC) referenceimage x̂ r . The predictionerror, alsocalleddisplacedframe

difference(DFD), is encodedandconstitutesin combinationwith themotioninformationtheinter picture

Pk . The inter-picturedecoderreversesthis processbut requiresthesamereferenceimagex̂ r to bepresent

at thedecoderside.If thereferencepicturediffersat encoderanddecoderside,e.g.dueto network errors,

thedecoderis not ableto reconstructthesameimagex̂k thattheencoderhasencoded.Notethatreference

picturescanbe either reconstructedintra picturesor other reconstructedinter pictures.

Fig. 7(b) shows the “basic” inter picture(predictive picture)which choosesonly onereferencepicture

for compensation.More advancedarebi-predictive picturesthatusea linearcombinationof two motion-

compensatedreferencepictures.Bidirectionally motion-compensatedprediction is a specialcaseof bi-

predictive picturesandis widely employed in standardslike MPEG-1,MPEG-2,andH.263.The general

conceptof bi-predictive pictures[9] hasbeenimplementedwith the standardH.264/AVC [17].
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(a)

(b)
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Decoder

- x̂k
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s

MC

?�

s

MC

?+
xk s - i+ - DFD

Encoder
- sPk- DFD

Decoder
- i+ - x̂k

Fig. 7. Motion-compensatedpredictive codingwith (a) intra picturesand(b) inter pictures.

Inter pictureshave beenstudiedextensively andtheoreticalperformanceboundshave beenestablished.

A high-ratemodelfor predictive picturesis presentedin [13]. This work hasbeenextendedto accommo-

datefractional-pelaccuracy [33], multihypothesisprediction[34], andcomplementaryhypotheses[35].

APPENDIX I I I

BOX 3: MOTION-COMPENSATED L IFTED WAVELETS

Motion-compensatedlifted waveletsbene�t from thefact thatany wavelet implementedwith thelifting

architectureis reversibleand,hence,biorthogonal[36]. Thelifting architecturehasladderstructurewhere

predictandupdatestepsmodify even andodd samplesof the signalto generatelow-bandandhigh-band

samples,respectively. The operationsperformedin the lifting stepsdo not affect the biorthogonalityof

the wavelet,hence,non-linearoperationslike motion compensationcanbe introducedto designmotion-

adaptive lifted wavelets.
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p
2r
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?�

1
2

6
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rx2� +1 r - g+ - h �

1p
2

(a)

l̂ � r -
1p
2 g+ - x̂2�

� 1
2

6

MCU

r

r

MCP

?
ĥ �

r -

p
2

g+ - x̂2� +1
(b)

Fig. 8. Haartransformwith motion-compensatedlifting steps.(a) The encoderusesthe forward transform,(b) the decoderthe

backward transform.
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Fig. 8 shows the motion-compensatedlifted Haar wavelet with (a) analysisand (b) synthesis[23],

[24]. In the analysis,even imagesof a sequencex 2� aremotion compensatedin the predictstep(MCP)

to generatetemporalhigh-bandimagesh � from odd imagesx2� +1 . Temporallow-bandimagesl � are

derived from even imagesby adding the motion-compensatedupdate(MCU) of the scaledhigh-band

imagesh � . The synthesissimply reversesthe sequenceof lifting stepsthat are usedin the analysis.

To maintainreversibility, operationsin the lifting stepsneednot to be invertible. This is advantageous

as motion compensationis generallynot invertible due to unconnectedand multi-connectedpixels. But

note that the non-adaptive lifted Haar wavelet is strictly orthonormal,whereasthe motion-compensated

versionlosesthis propertyif unconnectedandmulti-connectedpixels arecompensated.

Motion-compensatedlifted waveletshave beeninvestigatedfor subbandcoding of video. Theoretical

performanceboundshave beenderivedfor additive motion[7], [14] aswell asfor complementarymotion-

compensatedsignals[37].

APPENDIX IV

BOX 4: MOTION-COMPENSATED ORTHOGONAL TRANSFORMS

Motion-compensatedorthogonaltransforms(MCOT) maintainstrictorthogonalitywith arbitrarymotion

compensation.For thefollowing discussion,we choosea unidirectionallymotion-compensatedorthogonal

transformasdepictedin Fig. 9(a).
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Fig. 9. Unidirectionallymotion-compensatedorthogonaltransform.(a) Theencoderusestheforwardtransform,(b) thedecoder

the backward transform.EachincrementaltransformT� , � = 1; 2; � � � ; k, is orthogonal,i.e., T� T T
� = I .

Let x1 andx2 be two vectorsrepresentingconsecutive picturesof an imagesequence.The transform

T mapsthesevectorsaccordingto
0

@
y1

y2

1

A = T

0

@
x1

x2

1

A (2)
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into two vectors y1 and y2 which representthe temporal low-band and the temporal high-band,

respectively. The transformT is factoredinto a sequenceof k incrementaltransformsT� suchthat

T = TkTk� 1 � � � T� � � � T2T1; (3)

whereeachincrementaltransformT� is orthogonalby itself, i.e.,T� TT
� = I holdsfor all � = 1; 2; � � � ; k.

This guaranteesthat the transformT is alsoorthogonal.

The incrementaltransformT� is nearlyan identity matrix. The diagonalelementsequalto 1 represent

the untouchedpixels in step� . If onepixel in x2 is unidirectionallymotion compensatedin step� , the

incrementaltransformT� hastwo diagonalelementsthatarenot equalto 1. Thesetwo diagonalelements

andtheir correspondingtwo off-diagonalelementsareequalto the four elementsof a 2D rotationmatrix.

Thesetwo diagonalelementsalso indicate the two pixels that are connectedby the associatedmotion

vectorandaresubjectto linear operations.

Further, if unidirectional motion compensationis not suitable for a pixel or block in x 2, the

correspondingincrementaltransformin step � is set to T� = I , where I denotesthe identity matrix.

This is called the intra modefor a pixel or block in picture x 2. Note that a pixel or block in picture

x2 is modi�ed by at most one incrementaltransform.Therefore,the type of incrementaltransformcan

be chosenfreely in eachstep� to matchthe motion of the affectedpixels in x 2 without destroying the

propertyof orthonormality.

The unidirectionallymotion-compensatedincrementaltransformis just one example.Thereare also

doublemotion-compensated[30] andbidirectionallymotion-compensatedtransforms[31]. Eachtype of

incrementaltransformhasits own energy concentrationconstraintwhich ef�ciently removes energy in

high-bandpixels while consideringmotion compensation.

Any combinationof thesetransformscanbe usedfor dyadicdecompositionswhile maintainingstrict

orthonormality. Whenusedfor multi-view video in view direction,motion compensationis replacedby

disparitycompensationwhile maintainingtheprinciplesof the transform.Hence,adaptive view-temporal

subbanddecompositionsthat arestrictly orthogonalcanbe generatedfrom multi-view video data.

Finally, adaptive orthogonaltransformsdo not suffer from compensationmismatchin predict and

updatestepthatcanbeobservedwith block-compensatedlifted wavelets.For example,Fig. 10 compares

decodedframesof themulti-view videoBreakdancers. Thecomplex motionof thedancercausesthelifted

5/3 waveletto produceannoying noiseartifactsthatarenot observedwith thebidirectionallycompensated

orthogonaltransform.Note that both schemesusethe sameblock motion/disparity�eld as well as the

sameview-temporaldecompositionstructureasdepictedin Fig. 5(a).
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(a) (b)

Fig. 10. Decodedpicturesof themulti-view videoBreakdancers. Thesubbandcodingschemeuses(a) themotionanddisparity

compensatedlifted 5/3 wavelet or (b) the bidirectionallymotion anddisparitycompensatedorthogonaltransform.In both cases,

the same8 � 8 block motion/disparity�eld is used.View-temporalsubbandsareencodedwith JPEG2000.
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