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ABSTRACT

Stateof the art video compressioralgorithmsuse motion
compensationUsingsuchmethodgivesbetterresultsby in-
creasinghetemporalcorrelationbetweerpixelsfrom con-
secutve frames.Most of the effort in increasinghe perfor
manceof existing algorithmsconcentratesn theimprove-
mentof motionvectorusesandresidualcoding.

In this paperwe proposea motionvectorscomputatiorand
codingschemdor videocompressionvhich combinescon-
strainedblockmatchingandscalablecodingbasednathree-
stepsearch-lik decomposition.

1. INTRODUCTION

Videocodingis animportantchallengan multimediaappli-
cations andpromisingalgorithmshave beenpublishedover
the pastyears. Ermeggent standardssuchas MPEG4 [1]
or H26L [2], useadvancedmotion compensatioto match
pixels betweerframes. The advantageof matchingpixels
betweenframesare numerous put the mostusefull oneis
probablythe ability to track cameraandobjectsmotion,re-
sultingin anincreaseof the decorrelatiortransformperfor
mances.However, thesealgorithmsusea Discret Cosinus
Transform(DCT), andthenintroduceblock artifactsin the
decoded/ideo,especiallyat low bitrates.

To achieve better compressiorthan DCT basedalgo-
rithms, 3D Wavelet coding hasbeenintroduced[3-11] as
thenew temporalandspatialtransform.It providesencour
agingresultscomparedo MPEGby increasinghedecorel-
lation performancen bothtemporalandspatialdimension,

andby removing block artifactsresultingfrom the useof a
DCT transform. Anotheradwantageof the DiscretWavelet
Transform(DWT) in comparisorwith the DCT is its scal-
ability properties.However, the main dravbackof the 3D

DWT is thatit doesnot take motion compensatiolinto 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 implementatiorthatallows usageof motion

compensatioomethods,and canbe optimizedto lower the
memoryrequirement$17], while preservinghe scalability
propertiesof the DWT.

Generally existing stateof the art methodsdon't con-
siderscalabilityin themotionvectorscomputatiorandcod-
ing stepsusefullfor transmissioron avariablebitrateervi-
ronment.They simply transmitthevectorsusingprediction
andentropy coding. Moreover, for eachnew framesto be
coded,thesemethodsneedtwo motion vectorestimations,
onefor theforwarddirectionandtheotherfor thebackward
direction. Sincethey needto befully transmittedn comple-
mentto theresidualinformation,theirsizecanoccug more
than 30% of the global rate. To take thesetwo problems
into account,we proposea vector computationand cod-
ing schemethat generates scalablebitstreamwhich can
be progressiely decodedby graduallyaddingvectorsand
residualinformation.

This papeffirst describeshe Motion Compensatedift-
ing (MCLIft) schemausedin our method.We thenpresent
the computatiorandcodingalgorithmsfor the motionvec-
torswe usedin MCLIift. We thenproposea bitstreamstruc-



turethatallows progressie decodingandvisualization.We
finally presenbur experimentakesults.

2. MOTION COMPENSATED TEMPORAL
TRANSFORM

The proposedvideo coderis basedon a motion compen-
sated3D wavelettransform.We assumehattemporatrans-
form is separablej.e. thatit can be performedindepen-
dentlyfrom spatialtransform.Thetemporaltransformgen-
eratesmary temporalsubbandsaccordingto the decompo-
sitiontree,andeachof themis composeaf severalframes,
onwhichthe 2D spatialtransformwill becarriedout.

2.1. The(2,2) lifting scheme

In this section,we will not considerthe problemof motion
compensatiorfocusinginsteadon the applicationof lifting

schemein video coding. More precisely herewe review
how to uselifting schemen orderto performwavelettrans-
form alongtemporaldimension.

Thelifting schemas anefficientimplementatiorof wavelet

transform. As shown in [18], a wavelet filter bank (both
for analysisandsynthesistanbeimplementedy alifting
scheme.

Basically thelifting schemamplementatiorof wavelet
transformconsistsin dividing the input signalin odd and
evensamplegi.e. samplefrom oddandevenframesin the
caseof temporalanalysisof video),on which linearopera-
tors arerecursvely applied. Let us see,for example,how
thebiorthogonab/3filter canbeimplementedy lifting.

Let I; bethe framenumbert, h; (resp.l;) thett” high
(resp.low) subbandbtainedafterawavelettransformation.
Consideringhebiorthogonab/3 waveletkernelappliedon
thetemporalaxis, we canwrite thisfilter into thefollowing
lifting scheme:

{ hi(@,y) =

DIy1(z,y) _%[I2t(xay) — Iyyi2(z,y)]
lt(flf, y) = 1

Izt(il?,y) + [htfl(xay) + ht(l’, y)]
1)

Thefilter is thenimplementedoy addingto the current
frame samplesthe outputof two linear operatorgboth of
length two) which in turn dependson previous and next
framessamples.A lifting schemads often namedafter the
lengthof theseoperatorssothe 5/3filter is alsoreferredto
as(2,2)lifting schemeThislifting schemas oftenusedfor
temporalanalysisasfor examplein [13,15,19].

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

In atypical video sequencethereis movementdueto both
camerapanningand zooming, and objects’ displacement
and deformation. Then, if we performwavelet transform
alongthe temporaldimensionwithout taking into account

this movementwe endup to applingthistransformto asig-
nal characterizethy mary sudderchangesThis meanghat
we will obtaina high frequeng bandwith significanten-
ergy, andalow frequeng bandwith mary artifactsasresult
of temporallow-pasdiltering on moving objects.Then,we
have alow codinggainand,moreover, temporalscalability
is compromisedasthe visual quality of the low temporal
subbandcould be not satishctory In orderto overcome
theseproblems,motion compensations introducedin the
temporalanalysisstage asdescribedn [15] and[19].

The basicideais to carry out the temporaltransform
along motion direction. To betterexplain this concept,let
us startwith the simple caseof constantuniform motion
(this happens.g.with acamergpanningon a staticscene).
Let (Az, Ay) betheglobalmotionvector This meanghat
an object (or, rather a pixel) thatis in position (z,y) in
the framet will bein position(z + TAz,y + TAy) in
theframet + T'. Then,if we wantto performthe wavelet
transformalongmotiondirection— or, in otherwords,if we
wantto performmotion compensatedvavelet transform—
we have to “follow the pixel” in its motion from a frame
to another This is possibleaswe know its positionin each
frame.Soin theequationd wemustreplaceall thenext and
previousframes’pixelswith thoseatthe correctlocations:

hi(z,y) = Tarya(z,y) — $[Li(z — Az,y — Ay)
—Dpo(x + Az, y + Ay)]
Ly(z,y) + Hhe1(x — Az, y — Ay)
+hi(z + Az,y + Ay)]

(2

Now it is not difficult to generalizetheseformulasto
genericmotion. At this purposewe usebackwardandfor-
ward estimatedMiotion Vector Fields (MVFs). We define
BWy(z,y) (respectiely FW;(z,y)) asthe (estimatedpo-
sition that the pixel (z,y) in the frame ¢ occupiesin the
framet — 1 (respectiely ¢t + 1). Thenin the caseof con-
stantuniform motionwe have:

BWi(z,y) = (= — Az,y — Ay)
FWi(z,y) = (= + Az,y+ Ay)

lt(xay) =

®3)

In the generalcase,we canthenmodify equationl as
follows:

hi(z,y) = IDyy1(z,y) — 22 (BWagy1(z,y))
— Loy (FWary1(2,9))]
Li(z,y) =  In(z,y) + 3lhi—1 (BWa(z,y))

+hi(FWai(2,y))]
4)
Theresultingmotioncompensate(R,2) lifting scheme,
for aone-level decompositionis representeéh Fig.1.

If motion estimationis accurate motion compensated
wavelettransformwill generatea high frequeng bandwith

1We areneglectingwhathappensiearframes boundaries.



low enepgy, asit take into accountonly objects’luminance
and/orcolor variationandnot their movementor deforma-
tion, andalow frequeng bandin which objects’positionis

preciseandtheir shapeis clear So,thanksto motioncom-

pensationwe areableto preserebothhigh codinggainand
scalability

X X X X X X
2k-3 2k-2 2k-1 2k  2k+1 2k+2

Fig. 1. lllustration of (2,2) Motion CompensatedLifting
Scheme

3. MOTION VECTORS

Motion vectorsestimationis an importantstepin a video
coding algorithm, asit conditionsthe performanceof the
temporaldecorrelationandthenthequality of thecompres-
sion.

3.1. Exhaustive search

We considerlock-basednotion estimationtechniquesso
we introducehere somenotationfor block handling. Let
B®) be a block of size? (n x n) in the framet, centred
onpixel p = (z,,y,). We considerevenvaluesfor n. Set
By = {=n/2,....n/2=1}% B (z,y) = Li(zp+2,yp+
y) V(z,y) € Bg.

To computeour motion vectors,we first needa good
metricbetweerblocks,d(Bj, B>). TheusualMeanSquare
Error (MSE) criterion providesgoodresultsaslong asthe
meanintensityin bothframesis the same.But in realvideo
shots,intensitymay vary betweentwo consecutie frames,
andthereforeMSE criterioncanproduceinaccuratanotion
estimations. To overcomethis problem,we usethe Zero-
meanNormalized Sum of SquaredDifferences(ZNSSD)
criterion,whichis robustto affine intensitytransformations
while remainingeasyto compute. For two given blocks

23quareblocksarenot necessaryThey areusedherejust for sale of
simplicity.

B§p> andB,gq) the ZNSSDformulais givenby:

INSSD(B® B =

B® —— 12
Semen; |(BE @,9) — BP) - (B (2,3) - B{?)|
N [Z(w,y)ez&g (B (z,y) — B®)?2.

— q1/2
Y eyen; B (z,y) — B{Y)?
(5)
whereoverlining standsor the meanvalueof a block.
For a givenblock Bt(p) in framet, we look for the best
corresponding)lockBt(if") in framet + 1 with amaximal
alloweddistanceof d, by minimizing the ZNSSDcriterion:

v' = min [ZNSSD (Bt(p), B®Y V’)] (6)
whereW = {—d,...,d} x {—d,...,d} is the allowed
searchwindow for block matching.

Thisexhaustve searctprovidesav* vectorwhichguar
anteesthe bestperformancedor the subsequentemporal
analysis.The estimatedF'WW; is:

FWi@) =q+v"  VqeBy (7)

where

By =

o {zp—m/2,...,2p + m/2 -1}

X {yp_m/2379p+m/2—1} (8)

andm < n. Form = n, we have theusualnon-overlapped
block-matchingriterion, while if we setB;' = p we com-
puteadifferentmotionvectorfor eachpixel. Theadvantage
of overlappedlock-matchingm < n) with respecto non-
overlappedblock-matchings that, at the costof a slightly
increasedomputationaburdenweachieveasmoothefless
sensitve to noise)MVF.

3.2. Constrained Motion Vectors

In orderto allow thereceverto correctlydecodethe video
sequenceye needto sendthe two motionvectorfields for
eachframe. This sideinformationcangrow upto constitute
a remarkableshareof the total bit-rate. Here we have a
resourceallocationproblem: we canuseour bit budgetto
encodegheMVFs, butwe canalsotry to havealessaccurate
descriptionof them, usingthe sparechits to betterencode
theWT coeficients. This problemcallsfor anoptimalrate-
distortion solution, but it seemsquite difficult to take into
accountMVF encodingandresidualencodingat the same
time, asthe secondermdepend®onthefirst one.

So we look for somesuboptimalsolution. A promis-
ing oneis what we call ConstrainedViotion Vectors. We
imposea constrainon MVFs that, on one hand,allows us
to consistentlyreducetherateneededor MVF’'s encoding,



but, on the otherhand,preventsusto achieve the bestmo-
tion estimation.Theimposedconstraintis very simple: we
wantthe backward MVF to bethe oppositeof the forward
one.Thenwe searcHor adisplacementector, whichunder
this constrainminimizesa quantity dependingon both the
forward andthe backwarderror. In this work we chosethe
sumof them:

v = min [d (B, BP,") +d (B, BEM)| ©)
Whered(By, Bs) is a suitablemetric, asthe ZNSSD pro-
posedn theprevioussection.Theadwantageof constrained
searchs thatwe obtainsymmetricaMVF, sowe cansend
justevery secondMVF, usingthe sparedit budgetto better
encodevaveletcoeficients.

Ontheotherhand,constrainedearchdoesnot allow us
to getthe bestmotion estimation,exceptfor somespecific
motion configuration,asthe constantmotion (i.e. zeroac-
celeration)case.In orderto betterunderstandhe trade-of
betweenaccurateMVF descriptionand improved wavelet
coeficientencodingsomeexperimentsvereperformed.

In the first one we comparedthe codecperformances
whenthe MVF whereestimatedvith theunconstraine@nd
with the constrainedsearch.The experimentswere carried
out on the sequencéForeman”, with a block size of 16
pixel andanoverlapof four. Theresultsareshovn in figure
2. Notethatthe constrainedsearchmethodrequiresabout
half the rate for MVF with respectto the unconstrained
method. Anyway, in this figure we did not take into ac-
counttherateneededor MVF encodingaswe wantjustto
understandhow muchthe worsemotion estimationaffects
motion compensateavavelet transform. The graphshavs
thatthelossis quite small,asthe MSE increasevariesfrom
1% t0 9%

In orderto performawholecomparisorbetweerthetwo
methods,n figure 3 we consideredalsothe costof MVFs
encodinglassessely computingtheir entrogy). Moreover,
the performance®f the codecwithout motion compensa-
tion were alsoadded. The graphshaws that the proposed
methodis the bestat low and mediumratesandis roughly
equialentto unconstrainedearchmethodat high rates. If
motion compensations not carriedout, performancesre
competitve only atvery low rates,whereit is betterto use
the meagrebit budgetto encodeWT coeficientratherthan
the MVFs.

3.3. Proposed Scalable Coding Scheme

3.3.1. Motion Vectors Scalability

ExistingMotion Compensatetifting scheme§15,19] suf-
fer from their lack of scalabilityin motion vectorsrepre-
sentation. Our methodintroducesscalability property in
motion vectorsby iteratively refining their estimationand
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thereforeallowing aprogressiedecodingpf thecodedstream.
We first presenour methodon a practicalexample,before
extendingit to thegenerakase.
For a givenblock (7, j), we considera searchwindow of
size 15 for our motion vectorsestimationwith pixel accu-
ragy. The criteria presentedn previous partis appliedon
all the positionsin the searchwindow definedabove, and
error valuesarestoredin a 2 dimensiontable7;; ;, where
T, (z,y) givesthe error value for motion vector (z,y).
Let (X;,;,Y; ;) bethebestmotionvectorgivenby thelow-
esterrorvaluein thetablefor theconsideredlock. Theaim
of our methodis to decomposthis vectorsothatit canbe
progressiely decodedWe baseour decompositiormethod
onthe3 StepsSearch3SS)algorithmpresentedn [20].
The 3SSalgorithmusesaniterative procesdo progres-
sively refinethe motion vector In afirst step,it seeksthe
bestmotionvectoramongnine generalvectorswhich both
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coordinatesy; ;(1) andY; ;(1) canindependantlyake their
valuein the set{—4,0,4} (seeFig.4a). Oncethefirst ap-

proximationis found, the methodconsistsof refining the

vectorsby seekinga new estimationaroundthe selected
position, againamongnine possibilities,but with a closer
searcharea. EachcoordinateX; ;(2) andY; ;(2) cannow

take valuein theset{—2, 0, 2} (seeFig.4b). Thefinal step
is thendoneby refining a lasttime the motion vectorwith

a pixel accuray searchareaaroundthe selectedposition.
X;,;(3) andY; ;(3) takestheir valuein the set{-1,0,1}

(seeFig.4c). Thetotal motionvector(X; ;,Y; ;) is thende-
ducedusingthe Eq.10.

3
Xij,Yig) =Y (X (k)) (10)

k=1

This methodof decompositiorintroducesmoredecom-
position pathsthanthe numberof possiblemotion vectors.
In our case we seethereare9? distinctdecompositiongor
only 152 available motion vectors. This resultsin a multi-
ple pathspossibility for a givenvector For exmple, Fig.5
representthe4 possibledecompositiongseeEq.11)for the
motionvector(5, 5).

casea (4,4) +(0,2) + (1,-1)

caseb : (4,4)+(2,0)+ (-1,1) (1)
casec : (4,4)+(2,2)+(-1,-1)

cased : (4,4)+(0,0) + (1,1)

In the first iteration, only one motion vector is allowed
(4,4), while in step2, four differentdecompsitiongrepos-
sible (0,2), (2,0), (2,2), (0,0), resultingin four distinct
decompositiorpaths. The third stepis determinedby the
previous one. To selectonedecompositioramongthe dif-
ferentonesavailable, we chooseat eachstepthe paththat
givesthelowestcriteriaerrorvalue.

A closerlook to the decompositioralgorithmshows us
thatin the k*" step, motion vector coordinatesare in the
set(— 2,0, 2 ). We canthenwrite Eq.10into the form of

7 7
4 4
0 0
a b
0 4 7 0 4 7
7 7
4 4
0 0

c d

Fig. 5. Exampleof the multiple decompositionproblem
Eq.12,with mvdy ;(k) andmod; ; (k) in {-1,0,1}.

3
(Xi,Yij) = Z((mudﬁj(k),mvd{j(k))*zﬁk) (12)
k=1

For a given decompositionstep k£, we can constructtwo

bitplanesP, (k) and P, (k) filled with the mvd; ;(k) and
mud; ; (k) valuesof all the blocks (i, j). Thosebitplanes
arethencodedusinga context-basedcoder The context is

estimatedusinginformation aroundthe currentbit to code
for spatialcorrelation,andwith previousframeinformation
for temporalcorrelation.

4. CONCLUSIONSAND FUTURE WORK

In thiswork, anew approactwaspresentedo estimateand
encodemotionvectorfieldsin videocompression.

The naw techniqueof motion estimation,called Con-
strainedMotion Vectors,allows good estimationwith re-
spectto the usualunconstrainegearchanda reducedrate
requirement,endingup with better overall performances.
Variationsof thistechniqueareunderinvestigationjn which
the constrainedsearchminimizes the maximum of back-
wardandbackwarderrors,insteadof theirsumasin (9).

Theproposednethodof MVF encodingntroducescal-
ability in motion vectorsrepresentationThis propertycan
be exploited in orderto improve the scalability of 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 canprogressiely refinethis
information in successie layers. This structureallows a
betterresourceallocation betweendifferentlayers, as we
areno longerobligedto sendmotioninformationall atthe



samdime, andthenwe canexpectbetterperformancethan
schemesghat do not have MVF scalability especiallyfor
first layers.
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