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ABSTRACT

Stateof the art video compressionalgorithmsusemotion
compensation.Usingsuchmethodgivesbetterresultsby in-
creasingthetemporalcorrelationbetweenpixelsfrom con-
secutive frames.Most of theeffort in increasingtheperfor-
manceof existing algorithmsconcentrateson the improve-
mentof motionvectorusesandresidualcoding.
In this paperwe proposea motionvectorscomputationand
codingschemefor videocompressionwhichcombinescon-
strainedblockmatchingandscalablecodingbasedonathree-
stepsearch-likedecomposition.

1. INTRODUCTION

Videocodingis animportantchallengein multimediaappli-
cations,andpromisingalgorithmshavebeenpublishedover
the pastyears. Ermegent standards,suchas MPEG4 [1]
or H26L [2], useadvancedmotion compensationto match
pixelsbetweenframes.Theadvantagesof matchingpixels
betweenframesarenumerous,but the mostusefull one is
probablytheability to trackcameraandobjectsmotion,re-
sultingin anincreaseof thedecorrelationtransformperfor-
mances.However, thesealgorithmsusea DiscretCosinus
Transform(DCT), andthenintroduceblock artifactsin the
decodedvideo,especiallyat low bitrates.

To achieve bettercompressionthan DCT basedalgo-
rithms, 3D Wavelet codinghasbeenintroduced[3–11] as
thenew temporalandspatialtransform.It providesencour-
agingresultscomparedto MPEGby increasingthedecorel-
lation performancein bothtemporalandspatialdimension,

andby removing block artifactsresultingfrom theuseof a
DCT transform.Anotheradvantageof theDiscretWavelet
Transform(DWT) in comparisonwith theDCT is its scal-
ability properties.However, the main drawbackof the 3D
DWT is that it doesnot take motioncompensationinto ac-
count,andthereforecannottake advantageof it. To bypass
this problem, lifting implementationof the 3D DWT has
beendeveloped[5, 9,11–16]. Lifting canbe viewed asan
efficient DWT implementationthatallows usageof motion
compensationmethods,andcanbe optimizedto lower the
memoryrequirements[17], while preservingthescalability
propertiesof theDWT.

Generally, existing stateof the art methodsdon’t con-
siderscalabilityin themotionvectorscomputationandcod-
ing steps,usefullfor transmissiononavariablebitrateenvi-
ronment.They simply transmitthevectorsusingprediction
andentropy coding. Moreover, for eachnew framesto be
coded,thesemethodsneedtwo motion vectorestimations,
onefor theforwarddirectionandtheotherfor thebackward
direction.Sincethey needto befully transmittedin comple-
mentto theresidualinformation,theirsizecanoccupy more
than 30% of the global rate. To take thesetwo problems
into account,we proposea vector computationand cod-
ing schemethat generatesa scalablebitstreamwhich can
be progressively decodedby graduallyaddingvectorsand
residualinformation.

Thispaperfirst describestheMotion CompensatedLift-
ing (MCLift) schemausedin our method.We thenpresent
thecomputationandcodingalgorithmsfor themotionvec-
torswe usedin MCLift. We thenproposeabitstreamstruc-



turethatallowsprogressivedecodingandvisualization.We
finally presentour experimentalresults.

2. MOTION COMPENSATED TEMPORAL
TRANSFORM

The proposedvideo coder is basedon a motion compen-
sated3D wavelettransform.Weassumethattemporaltrans-
form is separable,i.e. that it can be performedindepen-
dentlyfrom spatialtransform.Thetemporaltransformgen-
eratesmany temporalsubbands,accordingto thedecompo-
sition tree,andeachof themis composedof severalframes,
on which the2D spatialtransformwill becarriedout.

2.1. The (2,2) lifting scheme

In this section,we will not considertheproblemof motion
compensation,focusinginsteadon theapplicationof lifting
schemein video coding. More precisely, herewe review
how to uselifting schemein orderto performwavelettrans-
form alongtemporaldimension.

Thelifting schemeisanefficientimplementationof wavelet
transform. As shown in [18], a wavelet filter bank (both
for analysisandsynthesis)canbeimplementedby a lifting
scheme.

Basically, thelifting schemeimplementationof wavelet
transformconsistsin dividing the input signal in odd and
evensamples(i.e. samplesfrom oddandevenframesin the
caseof temporalanalysisof video),on which linearopera-
tors arerecursively applied. Let us see,for example,how
thebiorthogonal5/3 filter canbeimplementedby lifting.

Let ��� bethe framenumber� , ��� (resp. �	� ) the � ��
 high
(resp.low) subbandobtainedafterawavelettransformation.
Consideringthebiorthogonal5/3 waveletkernelappliedon
thetemporalaxis,we canwrite this filter into thefollowing
lifting scheme:� �
���������
��� �����������������
� � ��"! �#�����������
�$�%���&���'�(�����&�
�*)�	�+�����&�,�-� �#�����������
�/. �0 ! ���*12���������
��.3�
���������
�*)

(1)
Thefilter is thenimplementedby addingto thecurrent

framesamplesthe outputof two linear operators(both of
length two) which in turn dependson previous and next
framessamples.A lifting schemeis oftennamedafter the
lengthof theseoperators,sothe5/3 filter is alsoreferredto
as(2,2)lifting scheme.This lifting schemeis oftenusedfor
temporalanalysisasfor examplein [13,15,19].

2.2. Motion Compensation in (2,2) lifting scheme

In a typical videosequence,thereis movementdueto both
camerapanningand zooming, and objects’ displacement
and deformation. Then, if we perform wavelet transform
alongthe temporaldimensionwithout taking into account

thismovement,weendupto applingthis transformto asig-
nalcharacterizedby many suddenchanges.Thismeansthat
we will obtaina high frequency bandwith significanten-
ergy, andalow frequency bandwith many artifactsasresult
of temporallow-passfiltering on moving objects.Then,we
have a low codinggainand,moreover, temporalscalability
is compromised,asthe visual quality of the low temporal
subbandcould be not satisfactory. In order to overcome
theseproblems,motion compensationis introducedin the
temporalanalysisstage,asdescribedin [15] and[19].

The basic idea is to carry out the temporaltransform
alongmotion direction. To betterexplain this concept,let
us start with the simple caseof constantuniform motion
(this happense.g.with a camerapanningon a staticscene).
Let �546���+47�
� betheglobalmotionvector. This meansthat
an object (or, rather, a pixel) that is in position �����&�
� in
the frame � will be in position ���8.:9;47�����<.=9>46�
� 1 in
the frame �?.@9 . Then,if we want to performthe wavelet
transformalongmotiondirection– or, in otherwords,if we
want to performmotion compensatedwavelet transform–
we have to “follo w the pixel” in its motion from a frame
to another. This is possibleaswe know its positionin each
frame.Soin theequations1 wemustreplaceall thenext and
previousframes’pixelswith thoseat thecorrectlocations:ABBC BBD � � �����&�,�E� � �&����� �����&�
�$�

�� ! � ��� ���F�G47�����<�%46�
��H� �&���'� ���<.346�����I.347�
�J)� � �������
��� � �&� �������
��. �0 ! � �*1'� ���F�%46�����<�%46�
�.K� � ���<.347�����I.L46�
�*)
(2)

Now it is not difficult to generalizetheseformulasto
genericmotion. At this purpose,we usebackwardandfor-
ward estimatedMotion VectorFields (MVFs). We defineM6N ���������
� (respectively O N ���������
� ) asthe(estimated)po-
sition that the pixel �������
� in the frame � occupiesin the
frame ���QP (respectively �$.RP ). Thenin the caseof con-
stantuniformmotionwe have:� M<N ���������
��� ���F�G46���&�6�G46�,�O N ���������
�-� ���<.346���&�S.346�,� (3)

In the generalcase,we canthenmodify equation1 as
follows:ABBC BBD � � �������
��� � ������� �������
�$�

�� ! � �&� � M<N �&����� �������
����H� ������� �5O N �&����� �����&�
���*)� � �����&�,�E� � ��� �����&�,��. �0 ! � �*12� � M<N �&� �������
���.K�
����O N �&�������&�
���*)
(4)

Theresultingmotioncompensated(2,2) lifting scheme,
for a one-level decomposition,is representedin Fig.1.

If motion estimationis accurate,motion compensated
wavelettransformwill generateahigh frequency bandwith

1Weareneglectingwhathappensnearframe’s boundaries.



low energy, asit take into accountonly objects’luminance
and/orcolor variationandnot their movementor deforma-
tion, anda low frequency bandin whichobjects’positionis
preciseandtheir shapeis clear. So,thanksto motioncom-
pensation,weareableto preservebothhighcodinggainand
scalability.
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Fig. 1. Illustration of (2,2) Motion CompensatedLifting
Scheme

3. MOTION VECTORS

Motion vectorsestimationis an importantstepin a video
coding algorithm, as it conditionsthe performanceof the
temporaldecorrelation,andthenthequalityof thecompres-
sion.

3.1. Exhaustive search

We considerblock-basedmotionestimationtechniques,so
we introduceheresomenotationfor block handling. LetMUTWV(X� be a block of size 2 ��Y@Z%Y�� in the frame � , centred
on pixel [@�\���
],�&�^]_� . We considerevenvaluesfor Y . Set`bac �Rd(�eY�f�g
�#h#hih+��Y�f�g��jP�k � , MFTWVlX� �������
���=�������
]2.m�����^]n.�
�no?�����&�
�bp `qac .

To computeour motion vectors,we first needa good
metricbetweenblocks, r"� M �^� M �^� . TheusualMeanSquare
Error (MSE) criterion providesgoodresultsaslong asthe
meanintensityin bothframesis thesame.But in realvideo
shots,intensitymayvary betweentwo consecutive frames,
andthereforeMSEcriterioncanproduceinaccuratemotion
estimations.To overcomethis problem,we usethe Zero-
meanNormalizedSum of SquaredDifferences(ZNSSD)
criterion,which is robustto affine intensitytransformations
while remainingeasyto compute. For two given blocks

2Squareblocksarenot necessary. They areusedherejust for sake of
simplicity.

M TsVlX� and
M TWt�X� theZNSSDformulais givenby:u2v>w
w,x � MUTWV(X� � MUTst�X� �-�y Tsz�{ |#X*}_~,��8� � MUTWV(X� �����&�
�?� MUTWV(X� �?��� MUTWt�X� �������
�$� MUTst�X� �*� �� � y Tsz_{ |�X*}_~,�� � M TWVlX� �������
�$� M TsVlX� � �l�y Tsz�{ |#X*}_~,�� � M TWt�X� �����&�,�?� M TWt�X� � � � �����

(5)
whereoverliningstandsfor themeanvalueof ablock.

For a givenblock
MUTsVlX� in frame � , we look for thebest

correspondingblock
MUTWV �2� X����� in frame ��.�P with amaximal

alloweddistanceof r , by minimizing theZNSSDcriterion:�$� ���m���� }(� � u2v>w
w,x��iM TWV(X� � M TWV �2� X�����/� � (6)

where
N ��d(�Hr��ih#h#h#�&r�k�Z�d(�Hr��ih#hih��&r�k is the allowed

searchwindow for blockmatching.
Thisexhaustivesearchprovidesa � � vectorwhichguar-

anteesthe bestperformancesfor the subsequenttemporal
analysis.TheestimatedO N � is:

O N �+�5�'�����U. � � o2��p `b�V (7)

where ` �V � di�
]>����f�g
�#hih#h��&�,]H.���f�g>�3P_kZ di� ] ����f�g
�#h#hih���� ] .G��f�g>��P�k (8)

and ���@Y . For � ��Y , we have theusualnon-overlapped
block-matchingcriterion,while if we set

` �V ��[ we com-
puteadifferentmotionvectorfor eachpixel. Theadvantage
of overlappedblock-matching( �¢¡�Y ) with respectto non-
overlappedblock-matchingis that,at the costof a slightly
increasedcomputationalburden,weachieveasmoother(less
sensitive to noise)MVF.

3.2. Constrained Motion Vectors

In orderto allow thereceiver to correctlydecodethevideo
sequence,we needto sendthetwo motionvectorfieldsfor
eachframe.Thissideinformationcangrow upto constitute
a remarkableshareof the total bit-rate. Here we have a
resourceallocationproblem: we canuseour bit budgetto
encodetheMVFs,but wecanalsotry to havealessaccurate
descriptionof them,usingthe sparedbits to betterencode
theWT coefficients.Thisproblemcallsfor anoptimalrate-
distortionsolution,but it seemsquite difficult to take into
accountMVF encodingandresidualencodingat the same
time,asthesecondtermdependson thefirst one.

So we look for somesuboptimalsolution. A promis-
ing one is what we call ConstrainedMotion Vectors. We
imposea constrainon MVFs that, on onehand,allows us
to consistentlyreducetherateneededfor MVF’s encoding,



but, on theotherhand,preventsus to achieve thebestmo-
tion estimation.Theimposedconstraintis very simple:we
want thebackwardMVF to be theoppositeof the forward
one.Thenwesearchfor adisplacementvector, whichunder
this constrainminimizesa quantitydependingon both the
forwardandthebackwarderror. In this work we chosethe
sumof them:� � ���m���� }(� � r � MUTWV(X� � MUTsV 1�� X�*12� � .Lr � MUTsVlX� � MFTWV �'� X����� � � (9)

Where r"� M � � M � � is a suitablemetric, asthe
u2v>w
w,x

pro-
posedin theprevioussection.Theadvantageof constrained
searchis thatwe obtainsymmetricalMVF, sowe cansend
justeverysecondMVF, usingthesparedbit budgetto better
encodewaveletcoefficients.

Ontheotherhand,constrainedsearchdoesnot allow us
to get the bestmotion estimation,exceptfor somespecific
motion configuration,asthe constantmotion (i.e. zeroac-
celeration)case.In orderto betterunderstandthetrade-off
betweenaccurateMVF descriptionand improved wavelet
coefficientencoding,someexperimentswereperformed.

In the first one we comparedthe codecperformances
whentheMVF whereestimatedwith theunconstrainedand
with theconstrainedsearch.Theexperimentswerecarried
out on the sequence“Foreman”,with a block size of 16
pixel andanoverlapof four. Theresultsareshown in figure
2. Note that the constrainedsearchmethodrequiresabout
half the rate for MVF with respectto the unconstrained
method. Anyway, in this figure we did not take into ac-
counttherateneededfor MVF encoding,aswewantjust to
understandhow muchthe worsemotion estimationaffects
motion compensatedwavelet transform. The graphshows
thatthelossis quitesmall,astheMSE increasevariesfromP^£ to ¤¥£

In ordertoperformawholecomparisonbetweenthetwo
methods,in figure3 we consideredalsothe costof MVFs
encoding(assessedby computingtheirentropy). Moreover,
the performancesof the codecwithout motion compensa-
tion werealsoadded. The graphshows that the proposed
methodis thebestat low andmediumratesandis roughly
equivalentto unconstrainedsearchmethodat high rates.If
motion compensationis not carriedout, performancesare
competitive only at very low rates,whereit is betterto use
themeagrebit budgetto encodeWT coefficient ratherthan
theMVFs.

3.3. Proposed Scalable Coding Scheme

3.3.1. MotionVectorsScalability

ExistingMotion CompensatedLifting schemes[15,19] suf-
fer from their lack of scalability in motion vectorsrepre-
sentation. Our methodintroducesscalability property in
motion vectorsby iteratively refining their estimationand
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thereforeallowingaprogressivedecodingof thecodedstream.
We first presentour methodon a practicalexample,before
extendingit to thegeneralcase.
For a given block ��¦+�¨§¥� , we considera searchwindow of
size Pª© for our motionvectorsestimation,with pixel accu-
racy. The criteria presentedin previous part is appliedon
all the positionsin the searchwindow definedabove, and
error valuesarestoredin a g dimensiontable 9 Ts«�{ ¬&X where9 Ts«�{ ¬&X �������
� gives the error value for motion vector �������
� .
Let ��­ «�{ ¬ ��® «�{ ¬ � bethebestmotionvectorgivenby thelow-
esterrorvaluein thetablefor theconsideredblock. Theaim
of our methodis to decomposethis vectorso that it canbe
progressively decoded.We baseourdecompositionmethod
on the ¯ StepsSearch(3SS)algorithmpresentedin [20].

The3SSalgorithmusesaniterative processto progres-
sively refinethe motion vector. In a first step,it seeksthe
bestmotionvectoramongninegeneralvectorswhich both
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coordinates­ «�{ ¬ �°P^� and ® «�{ ¬ �°Pª� canindependantlytaketheir
valuein the set dl�e±���²
�&±
k (seeFig.4a). Oncethe first ap-
proximationis found, the methodconsistsof refining the
vectorsby seekinga new estimationaroundthe selected
position,againamongnine possibilities,but with a closer
searcharea. Eachcoordinate­ «�{ ¬ �¨g_� and ® «�{ ¬ �5gl� cannow
take valuein theset dl�³g
�&²���g¥k (seeFig.4b). Thefinal step
is thendoneby refining a last time the motion vectorwith
a pixel accuracy searchareaaroundthe selectedposition.­ «�{ ¬ �5¯l� and ® «�{ ¬ ��¯(� takes their value in the set d(�SP_�&²��#P_k
(seeFig.4c).Thetotalmotionvector ��­ «�{ ¬ ��® «�{ ¬ � is thende-
ducedusingtheEq.10.

��­ «�{ ¬ �&® «�{ ¬ �-� ´µ¶�· � ��­ «�{ ¬ �5¸����&® «�{ ¬ �5¸
�&� (10)

Thismethodof decompositionintroducesmoredecom-
positionpathsthanthenumberof possiblemotionvectors.
In our case,we seethereare ¤ ´ distinctdecompositionsfor
only P^© � availablemotion vectors.This resultsin a multi-
ple pathspossibility for a given vector. For exmple,Fig.5
representsthe ± possibledecompositions(seeEq.11)for the
motionvector �¨©,�+©_� .ABBC BBD casea ¹º��±��&±(�'.���²
�+g_�'.��°Pl�#�SPª�

caseb ¹º��±��&±(�'.��5g,��²l�'.��°�SPl�#Pª�
casec ¹º��±��&±(�'.��5g,�+g_�'.��°�SPl�#�SPª�
cased ¹º��±��&±(�'.���²
��²l�'.��°Pl�#Pª� (11)

In the first iteration, only one motion vector is allowed��±���±(� , while in stepg , four differentdecompsitionsarepos-
sible �5²
�+g_� , �5g
�&²(� , �5g
��g_� , �5²
��²l� , resultingin four distinct
decompositionpaths. The third stepis determinedby the
previousone. To selectonedecompositionamongthe dif-
ferentonesavailable,we chooseat eachstepthe paththat
givesthelowestcriteriaerrorvalue.

A closerlook to thedecompositionalgorithmshows us
that in the k ��
 step,motion vector coordinatesare in the
set �°�R»�+¼ ��²
�e»�+¼ � . We canthenwrite Eq.10into theform of
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Eq.12,with �8½(r z«�{ ¬ �5¸
� and �8½(r |«�{ ¬ �5¸
� in dl�SPl�&²��#P�k .
��­ «�{ ¬ ��® «�{ ¬ �-� ´µ¶�· � �����j½¥r z«�{ ¬ �¨¸
���&�j½¥r |«�{ ¬ �¨¸
����¾�¿g ¶ � (12)

For a given decompositionstep ¸ , we can constructtwo
bitplanes À z �¨¸
� and À | �5¸�� filled with the �j½¥r z«�{ ¬ �¨¸
� and�8½(r |«�{ ¬ �5¸
� valuesof all the blocks ��¦+�¨§¥� . Thosebitplanes
arethencodedusinga context-basedcoder. Thecontext is
estimatedusinginformationaroundthe currentbit to code
for spatialcorrelation,andwith previousframeinformation
for temporalcorrelation.

4. CONCLUSIONS AND FUTURE WORK

In thiswork, anew approachwaspresented,to estimateand
encodemotionvectorfieldsin videocompression.

The new techniqueof motion estimation,called Con-
strainedMotion Vectors,allows good estimationwith re-
spectto the usualunconstrainedsearchanda reducedrate
requirement,endingup with betteroverall performances.
Variationsof thistechniqueareunderinvestigation,in which
the constrainedsearchminimizes the maximumof back-
wardandbackwarderrors,insteadof theirsumasin (9).

Theproposedmethodof MVF encodingintroducesscal-
ability in motionvectorsrepresentation.This propertycan
be exploited in order to improve the scalabilityof the en-
codedvideo stream. In fact, we are currently studyinga
new layeredbitstreamstructure,in which, thanksto this
property, we can have, right from the baselayer, a rough
descriptionof MVFs, andwe canprogressively refinethis
information in successive layers. This structureallows a
better resourceallocationbetweendifferent layers,as we
areno longerobligedto sendmotion informationall at the



sametime,andthenwecanexpectbetterperformancesthan
schemesthat do not have MVF scalability, especiallyfor
first layers.
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