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ABSTRACT

Motion-compensatedtemporal�ltering implementedusinglifting
is aneffectiveandef�cient temporaldecompositiontool thatfacil-
itatesvideo compressioncompetitive with the currentstandards.
As recentlyshown, however, in orderthata lifting-basedmotion-
compensateddiscretewavelettransformindeedimplementthein-
tended�ltering alongmotion trajectories,motion transformation
mustbe invertible andmotion compositionbetweenframesmust
bewell-de�ned. A departurefrom theseconditionsresultsin the
applicationof sub-optimalsubbanddecomposition�lters which,
in turn, degradescodingperformance,even if prediction-stepen-
ergy is minimized during motion estimation. In this paper, we
studythe impactof motion �eld invertibility error on the coding
performanceof anMCTF/DWT videocoder. Weproposetwo new
motion �eld inversionmethodsandcomparethemto previously
reportedinversiontechniques.Wealsocomparecodingresultsfor
all inversionalgorithmswith thoseof codingbasedon triangular
meshesthatareinherentlyinvertible. Our resultsshow thata sig-
ni�cant improvementin codingperformanceis possiblewith more
accuratemotion�eld inversion.

1. INTRODUCTION

Lifting implementationsof thediscretewavelet transform(DWT)
have beenusedextensively by the imageand video processing
community;they allow fastandmemory-ef�cient implementation
of thetransversal(standard)wavelet�ltering [1]. Recently, lifting
hasbeenincorporatedinto motion-compensatedtemporal�ltering
(MCTF) in 3D-DWT videocoders[2, 3]. It is well-known thatper-
fect reconstructionis an inherentpropertyof the lifting structure,
even if the input samplesundergo non-linearoperations,suchas
motioncompensation[4, 3]. However, in orderfor a lifting struc-
tureto exactly implementtheoriginal transversalwavelet�ltering,
motion transformationmustbe invertible (HaarDWT) or motion
compositionmustbewell-de�ned (higher-orderDWTs) [5].

In general,implementationof onestageof MCTF requiresone
forwardandonebackwardmotion �eld referencedat eachframe
(the exceptionbeingthe HaarDWT, whereonly half of the mo-
tion �elds areneeded).However, independently-estimatedmotion
�elds betweentwo subsequentframes,onemappingframe2k + 1
to frame2k andthe othermappingframe2k to 2k + 1, arenot,
in general,inversesof eachother, which canleadto decreasein
the codingperformance.From the early daysof 3D-DWT cod-
ing, methodsweresoughtto computea forwardmotion�eld from
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the transmittedbackward �eld (or vice versa),in an attemptto
reducethe amountof motion informationto be transmitted.For
themostpopularmotionmodelbasedontranslatingblocks,it was
soondiscoveredthatits usein MCTF introducestheappearanceof
theso-called“disconnected”pixels[6] thatoccurin areasnotcon-
forming to the rigid translationalmotion model(e.g.,expansion,
contraction,rotation),andin occluded/newly-exposedareas.This,
in turn, leadsto ambiguityin selectingthebackwardmotion�eld
requiredfor theupdatelifting step.As a solutionto this problem,
ad-hocmethods[7] aswell asmorerecentdistortion-model-based
techniques[8, 9] wereproposed,suggestingvariouswaysof �nd-
ing theoptimal“update”step(i.e.,deriving inversemotionfrom a
given motion �eld). While thesemethodssearchfor the optimal
update(for a given prediction)in termsof the reconstructioner-
ror, noneof theminvestigatesphysicalpropertiesandrelationsbe-
tweenmotion�elds involvedin bothpredictionandupdatesteps.

In parallel to theseefforts, deformable-meshmotion models
have beenproposedfor MCTF/DWT video coding [3]. Unlike
thetraditionalblock-matching,which assumesrigid translationof
eachblock, mesh-basedmodelspermit theuseof af�ne mapping
(triangularmesh)andbilineartransformation(quadrilateraltopol-
ogy). Sincedeformable-meshmotion modelsare invertible and
sincemotion compositionis well-de�ned (both underconditions
of preservingmeshconnectivity), MCTF basedon thesemodels
resultsin exact temporalsubbanddecomposition;the invertibility
of mesh-basedmotion doesn't allow for existenceof the afore-
mentioned“disconnected”pixels. Also, the compositionof mo-
tion �elds estimatedat differentlevelsof temporaldecomposition
permitsa compactrepresentationof motion �elds, regardlessof
thetemporalsupportof a particularDWT used.On thedownside,
meshmodelssuffer from strongregularizationrequiredto preserve
meshconnectivity resultingin excessively smoothmotion �elds
and, thus, reducedperformancein occlusionareas.Also, mesh-
basedmotionestimation,typically implementedthroughiterative
hierarchicalhexagonalre�nement [10], is computationallyvery
complex (typically more than tenfold comparedto block match-
ing). Recently, more ef�cient methodsfor the useof triangular
mesheswithout incurring thehigh computationalcostof hexago-
nal re�nementwereproposed[11].

In thispaper, we investigateblock-basedandmesh-basedmo-
tion estimation,andfor block motionmodelswe analyzevarious
motion inversiontechniquesin the context of MCTF/DWT. We
proposetwo new motion �eld inversionmethods,one basedon
nearest-neighborinterpolationandonethat usesspline-basedap-
proximation. Both methodsare applicableto arbitrarily-derived
vector �elds (not necessarilyblock-based)of arbitrary precision
(not necessarilyfull-pixel). We show encouragingexperimental
resultsfor block-basedmotionmodel.
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Fig. 1. Motion estimationfor MCTF: a)unidirectional;b) bidirec-
tional.

2. UNIDIRECTIONAL VS. BIDIRECTIONAL MOTION
ESTIMATION

In contrasttostandardbackward-predictivemotionestimationused
for Pframesin hybridcoding(wherecurrentframeis alwaysahead
andpredictedfrom “previous” referenceframe),theuseof longer
�lters in MCTF (e.g.,5/3 insteadof Haar)leadsto two alternatives
in thewaymotionestimationis performed:unidirectional or bidi-
rectional [12]. In the unidirectionalcase(Fig. 1(a)), just like in
predictive coding,motion vectorsarealwayspointingbackwards
(i.e., the tail of the motion vector is always at pixel position in
the currentframe,while vectorarrowheadsarepossiblyoff full-
pixel grid in the“earlier” referenceframe).Thispermitsthedirect
useof readilyavailablestandardmotionestimationalgorithms.In
thebidirectionalcase,theestimatedmotion�elds alwaysoriginate
at the framesalignedwith the high temporalsubband(typically,
odd frames),andalternatein pointing backward andforward, as
shown in Fig. 1(b). At the �rst glance,neithermethodseemsad-
vantageousover theothersincebothminimizetheoverall predic-
tion error, althoughde�ned somewhat differently (backward pre-
dictionversusacombinationof backwardandforwardprediction).
However, amorecarefulanalysisof MCTF employing �lters with
longer temporalsupportrevealsa signi�cant differencebetween
them.For example,consider5/3 �lters implementedusinglifting;
while thebidirectionalmotionestimationminimizestheenergy in
the high subband(sum of the forward and backward prediction
errors),the unidirectionalapproachdoesnot. This is so because
althoughone half of motion vectorsusedin the predictionstep
is directly computed(by minimizing the backward predictioner-
ror), theotherhalf usedfor predictionmustbederived(indirectly
calculated)by someform of inversionthat, in general,doesnot
minimizetheforwardpredictionerror.

3. MOTION FIELD INVERSION

It hasbeenshown recently[5] that invertibility of motion plays
a signi�cant role in both lifting andtransversalimplementations
of MCTF. In a transversal implementation,motion needsto be
invertible for Haar�lters (obey compositionpropertyfor higher-
order�lters) in orderto assuretheperfectreconstructionproperty.
Although in lifting, perfectreconstructionis guaranteedregard-
lessof motion compensationperformed,the motion transforma-
tion mustbe invertible (obey composition)in orderto implement
theintendedtransversal�lters (i.e.,Haar, 5/3). If theseconditions
arenotsatis�ed,lifting implementsasuboptimaltemporalwavelet
decomposition.

In orderto implementthepredictionandupdatestepsof motion-
compensatedtemporalDWT, bothbackwardandforwardmotion

�elds betweenframe-pairsareneeded.Thesimplestapproachis to
estimatebothmotion�elds independently(i.e., from frame2k + 1
to frame2k, andfrom frame2k to frame2k + 1). Althoughop-
timal in termsof the total predictionerror, this methodrequires
that both vector �elds be transmitted.The other, not very obvi-
ous, disadvantageof this approachis that the two �elds are not
necessarilycloseto beingmutualinverses,whichmight resultin a
reducedcodingperformancewhensuchindependently-estimated
motion�elds areusedfor theMCTF.

As an alternative to the independentmotion �eld estimation,
we cancomputeonly oneof the �elds (i.e., backward) andesti-
matetheother(forward)�eld by somesortof inversion.We have
earlierreportedontwo simplemethodsof motioninversion[13]: a
“collinear-extension”motioninverseanda“neighbor-frame-copy”
motion inverse. The former techniqueassumescollinearity be-
tweentheforwardandbackwardmotionvectorsoriginatingat the
sameframe[14], whichcorrespondsto theassumptionof constant-
velocitymotionover threeframes.Thelattermethodusesthemo-
tion �eld of a neighboringframewith the sign changedandhas
two subclasses:one wheremotion is estimatedin the unidirec-
tional fashionandtheotherwith bidirectionallyestimatedmotion,
asdescribedabove. All threeinversionmethodsareillustratedin
Figs. 2(a)-(c). Solid lines representmotion vectorsthat are di-
rectlyestimatedfrom input framesusingpredictionerrorcriterion,
while dashedlines show vectorsthat areobtainedthroughinver-
sion. Similarly, the open arrowheadsrepresentmotion vectors
usedin the predictionstepandclosedarrowheadsdenotevectors
thatareusedfor theupdatestep.It shouldbeclearfromtheseplots,
thatoutof thesethreemethodsonly theonethatusesbidirectional
motionestimationperformsoptimally in termsof minimizing the
high-subbandenergy.

The above techniquescomputea very coarseinversemotion
�eld. The properinversionshouldproject,throughmotion com-
pensation,all grid points from the referenceimageto the plane
of thetarget image,andthenchangethesignof eachmotionvec-
tor. However, the projectedgrid is irregular and someform of
irregular-to-regulardatainterpolationisneeded[15]. Thisisshown
in Fig. 2(d), which is constructedfor quarter-pixel motion preci-
sionandillustratesthefactthatbasedon theknowledgeof motion
componentsat irregulargrid points(black)weneedto recovermo-
tion at theregulargrid points(hashed).

3.1. Nearest-neighbor motion inversion

For all motion vectorsde�ned on an irregular grid in the target
frame,wecomputethevectors(processingonemotioncoordinate
at a time) at regular grid locationsusingthe nearest-neighborin-
terpolation(Fig. 3(a)). First, eachirregular location is mapped
to the nearestpixel and the associatedmotion vector is copied
there(pixel becomes“occupied”). Then, all “unoccupied”pix-
elsarescannedsuccessively andassignedthemotionvectorfrom
the nearest“occupied” pixel. The procedureis repeateduntil all
pixelsbecome“occupied”.Detailsof this procedurecanbefound
in a recenttechnicalreport[16].

3.2. Spline-based motion inversion

As the nearest-neighborinterpolationis known to have poor per-
formance,we have alsoappliedan advancedirregular-to-regular
interpolationmethodbasedon spline approximation[15] illus-
tratedin Fig. 3(b). Althoughbasedon cubicsplines,this method
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Fig. 2. (a) “Colinear-extension” motion inversion; (b) “neighbor-frame-copy” motion inversionfor unidirectionalmotion estimation;
(c) “neighbor-frame-copy” motion inversionfor bidirectionalmotion estimation;and(d) irregular-to-regular motion-�eld interpolation:
interpolationof motionvectorsat regularpositions(hashed)basedon theknowledgeof vectorsat irregularpositions(black).

is not aninterpolationmethodsinceit usesa prior termrelatedto
thecurvatureof thecomputedsurfacefor eachmotioncomponent.
Due to this prior, the resultingmotion-componentsurfaceneeds
not passthroughtheoriginal datapointsinducedby motioncom-
pensatedprojection. Similarly to the nearest-neighbor, we apply
thismethodtwice: oncefor thex andoncefor they componentof
motionvectors.

3.3. Inversion error

In orderto measurethemotion�eld inversionquality objectively,
wedevelopedthefollowing invertibility error:

� d =
∑

x

|db(x) + ~df (x + d
b(x)) |

wheredb = [df
x; df

y ]T andd
f = [db

x; db
y]T arebackwardandfor-

ward motion vectors,respectively, while ~d denotesinterpolation
(in ourcasebilinear)of x andy componentsof d atnon-gridposi-
tions. Clearly, this errormeasuresthesumof departuresof points
in frame2k + 1 wheneachof themis projectedontoframe2k us-
ing thebackwardmotion�eld andthenbackprojectedontoframe
2k + 1 using the (interpolated)forward motion �eld. A pair of
motion �elds beingperfectinversesof eachotherwould resultin
zeroerror� d.

2k+12k

(a)
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Fig. 3. Interpolationusedin motion �eld inversion: (a) nearest
neighbor, (b) spline.Solid linesareusedfor estimatedanddashed
linesfor invertedmotionvectors.

4. EXPERIMENTAL RESULTS

Resultsprovidedin this sectionareobtainedusingCIF resolution
Foreman andCoastguard sequencesat 30 fps. The block-based
motion estimationis implementedusingexhaustive-searchblock
matchingat full spatialresolutionwith searchrangeof ± 8 pixels
perframewith 1=8-pixel accuracy andusingbicubicinterpolation
of theoriginal frames.We usedblock sizeof 16× 16 pixels,and
themean-squarederrordistortionmetric.

We comparedthe variousinversionmethodsto the modi�ed
meshstructuredevelopedby usearlier[17]. In themesh-basedap-
proach,node-pointmotionvectorswereestimatedusinghierarchi-
cal hexagonalre�nement algorithm initialized with zero-motion
�eld. Thesearchrangeandmotionprecisionwerekept thesame
for all con�gurations.

Table1 shows the PSNRperformancefor both sequencesat
theaveragebit-rateof 500kbps,with motionbit-ratenot included
in theoverall bit budget. This allows us to analyzethequality of
subbanddecompositionof differentmethodswithout the biasin-
troducedby differentmotion overheads.In this experiment,we
have usedan implementationof the JPEG2000imagecompres-
sion standardto intra-codethe subbandsobtainedafter a single
decompositionlevel of themotion-compensated5-3 lifting trans-
form. We canseethat virtually any methodof motion inversion
outperformstwo independentlyestimatedmotion�elds. Thissug-
geststhat, unlike in hybrid codingschemes,minimizationof the
predictionerror isn't the only signi�cant criterion that needsto
beusedfor theestimationof suitablemotionoperator. To thecon-
trary, it suggeststhattheoverallcodingperformancealsoimproves
whenforwardandbackwardmotion�elds are“well matched”,i.e.,
closerto being inversesof eachanother. Along with the coding
gains,wealsoshow theinvertibility error� d, introducedearlier. It
is clearthatthereexistsa strongcorrelationbetweenthis measure
andthecodingperformance.Notethattheforwardmotion�eld is
identicalfor all block-basedmotionmodels.

In Table2,weshow thePSNRperformancefor bothsequences
at the averagerateof 1000kbps(motion rateincluded). We use
thesamecoderasin thepreviousexperimentbut with threetem-
poraldecompositionlevelsof themotion-compensated5-3 lifting
transform. The motion was losslesslyencodedand the average
overheadfor motion informationin our experimentsrangedfrom
22:1% to 29:3%, dependingon themotionmodelused.The �rst
row (“5-3 Jnt”) shows PSNRperformancefor two independently-
estimatedbut jointly-codedmotion�elds [13]. Thenext � ve rows
show thePSNRobtainedthroughdifferentandprogressively more
sophisticatedtechniquesof motion inversion. The last row gives
PSNRfor themodi�ed triangular-meshmotion�eld [17].



Table 1. PSNRperformance[dB] at 500 kbps (motion ratenot
included)

Con�guration Coastguard Foreman

PSNR � d/pixel PSNR � d/pixel

5-3-Ind 31.07dB 0.27 34.33dB 0.61

5-3-Prv-Uni (+0.03) 0.24 (+0.03) 0.53

5-3-Col (+0.04) 0.22 (+0.05) 0.50

5-3-Prv-Bi (+0.04) 0.20 (+0.06) 0.45

5-3-NN (+0.07) 0.08 (+0.09) 0.19

5-3-Spline (+0.13) 0.04 (+0.12) 0.11

5-3-ModMsh (+0.17) 0 (+0.14) 0

We noticethe increasein PSNRfor moreaccurateinversions
of block-basedmotion�elds. Still, themeshoutperformsthebest
resultsobtainedthroughinversionby an averageof 0.3dB.How-
ever, thecodinggainof codercon�gurationsutilizing meshcomes
at thepriceof signi�cantly highercomputationalcostof iterative
hexagonalre�nementmotionestimation.

Table 2. PSNRperformance[dB] at1000kbps

Con�guration Coastguard Foreman

5-3-Jnt 32.42dB 36.71dB

5-3-Prv-Uni (+1.19) (+0.73)

5-3-Col (+1.23) (+0.72)

5-3-Prv-Bi (+1.28) (+0.78)

5-3-NN (+1.37) (+0.84)

5-3-Spline (+1.52) (+1.03)

5-3-ModMsh (+1.81) (+1.36)

5. CONCLUSIONS

We have compareddifferentstrategiesfor motioninversionin the
context of waveletvideocoding.Weshowedthatmotioninversion
improvescodingperformancewhencomparedto independentes-
timation,evenbeforetakinginto accountlargermotionbit-ratein
thecaseof two independentlyestimatedmotion �elds. This sug-
geststhat,unlike in thepredictive codingof hybrid schemes,pre-
dictionerrormeasureshouldnotbeusedastheexclusivecriterion
for estimatingmotion�elds neededfor MCTF.

We introduceda quantitative measureof “invertibility” that
quanti�es the departurefrom invertibility of a motion �eld pair.
We establisheda �rm correlationbetweenthis invertibility error
and coding performance. As expected,two advancedinversion
methodsproposedhereoutperformpreviously usedtrivial inver-
sionmethods.
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