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RESUME :

MoTs cLES : Transfaméeenondeldtesaufil del'eau, codage en ondelettes 3D, contrdle de qualité, compression vidéo.

ABSTRACT: Waveletcodinghasbeenshowvn to be betterthanDCT coding This methodoutpeforms DCT JPEGcode and
moreover allows scalability 2D DWT canbe easily extended to 3D andthusappliedto video coding However 3D subbad
codirg of videosuffers from two dravbacks. Thefirst oneis thememay compleity requiredfor coding3D blocks. Thesecond
oneis thelack of tempoal quality resultingin tempoal blocking artifactssinceDWT is perfamedontemporagrougs of frames.
In this paperwe proposea new tempaal scanbasedwavelettransfam methodfor video codingcombiring the advartagesof
wavelet codng (performarce, scalability), with acceptableeducel memoryrequiranentsandno additicnal CPU compleity.
We alsoproposeanefficient quality allocationprocedureto ensurea constahquality overtime.

KEY WORDS : ScanbasedWT, 3D subbad coding quality contrd, videocoding
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Abstract - Waveletcodinghasbeenshown to bebetter than DCT coding. This method
outperforms DCT JPEG codecand moreover allows scalability. 2D DWT can be easily
extendedto 3D and thus applied to video coding[1, 2, 3, 4,5, 6, 7]. However 3D subband
coding of video suffers from two drawbacks. The first one is the memory complexity
requiredfor coding 3D blocks. The secondoneis the lack of temporal quality resultingin
temporal blocking artifacts sinceDWT is performed ontemporal groupsof frames. In this
paper we proposea new temporal scanbasedwavelet transform method for video coding
combining the advantagesof wavelet coding (performance, scalability), with acceptable
reducedmemory requirementsand no additional CPU complexity. We also proposean
efficient quality allocation procedureto ensure a constantquality over time.

Keywords: ScanbasedDWT, 3D subband coding, quality control, video coding.

1. Intr oduction

Quality controlis averyimportantproblemin videocoding. Although3D subband
codingof video providesencouragingesultscomparatiely to MPEG [4], its gener
alizationsuffersfrom significantmemoryrequirementsOneway to reducememory
requirementss to applythetemporaDiscretWaveletTransform(DWT) on 3D blocks
comingfrom atemporalsplitting of the sequenceBut, this methodintroducestem-
poral blocking artifactswhich resultin undesirablgerks. In this paper we propose
new toolsfor 3D subbandtodecgo avoid thesgerksandguarante¢he outputframes
aconstanguality overtime.

Initially, 2D scanbasedwavelet transformswerefirst introducedin [8, 9] for on
boardsatellitecompressiorandby Ortegaetal. in [10]. In section2, we extendthe
2D scanbasednethodto videocoding.

We proposea 3D scanbasedDWT methodwhich allows the computationof the
temporalwavelet decompositiorof a sequencewith infinite length with finite low
memory requirementsand no extra CPU complexity. Furthermore,the proposed
wavelet transformprovides higher quality control than 3D block basedvideo com-
pressiorschemegavoiding jerks).

In section3, we proposean efficient model-basedjuality control procedure This
bit allocationprocedurecontrolsoutputframesquality over time. This new quality
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control proceduretakes advantageof the model basedrate allocationmethodsde-
scribedin [11, 12]. Finally, section4 presente&xperimentalresultsobtainedwith our
method.

2. 3D videowavelettransform

2.1Principle

Themethodgenerallyusedto reducememoryrequirementsor largeimagecoding
is to split theimageandthenperformthe transformon tiles suchas JPEGwith 8x8
DCT blocksandJPEG2000[13]. Unfortunately coeficientsarecomputedrom pe-
riodical or symmetricalextensionsof the signal. This resultsin undesirabléemporal
blockingvisualartifacts.For videocoding,the sameblockingartifactsin thetemporal
direction(introducedby temporaltiling) resultin jerks.

In this section,we proposea 3D wavelet transformframeawork for video coding
that requiresstoring a minimum amountof datawithout ary additional CPU com-
plexity [14]. The framesof the sequenceare acquiredand processean the fly to
generate3D wavelet coeficients. Thesewavelet coeficients are storedin memory
until they areencoded.

Definitions of the temporal coherencyand the buffer names

Let us considera temporalintenal (setof input frames). We definethe setof its
tempoglly coheentwaveletcoeficientsasthe setof all coeficients,in all subbands,
obtainedby a filter (or convolution of filters) centeredon one of the framesof this
temporalinterval. In this paper we assumehat encodingis allowed only whenwe
have atemporallycoherensetof waveletcoeficients. Temporalcohereng improves
encodeperformancesinceit allows optimalbit allocationfor waveletcoeficientsof
thesametemporalinterval.

The setof buffersusedto performthe temporalwavelettransformwill be called
filtering buffers. Thesebuffersalternatelyproducelow andhigh frequeng temporal
waveletcoeficients.In thesameway, we call syndironizationbuffersthe setof buffers
usedto storeoutputcoeficientsbeforetheir encoding.

2.2 Temporal scanbasedvideo DWT and delay

Let us considerthe caseof a 3D wavelettransformwhich canbe split into a 2D
DWT on eachframeandan additional1D DWT in the time direction[15]. In this
paperwe focuson anefficientimplementatiorof the temporalwavelettransformand
proposea methodindependentf the choiceof the spatialwavelettransform.

Eachtime a frameis receved, we performits 2D wavelet transformand sendit
into our scanbasedtemporalwavelet transformsystem. We considersymmetrical
filters with odd lengthsincethey arethe mostwidely usedin stateof the artimage
compressioralgorithms[13, 16]. Let L = 25 + 1 bethemaximumlengthof thelow-
passandhigh-pasdilters. Thatis, S = % Bordereffectswill bereducedhanksto
asymmetricalextensioncenteredn thefirst data[17].
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SinglestageDWT

Let usconsideffirst asinglestageof thewavelettransform.Receving the S + 15¢
2D transformedrameallows the computatiorof the first low-frequeng coeficients.
Indeed, the filtering buffer is symmetricallyfilled up after recevving the S + 15
transformedrameto avoid side effects. Then,we alternatelyobtain high and low-
frequeng coeficients. Therefore,we have to wait S + 2 framesto get one low-
frequeny andone high-frequeng temporalframes. SeeFig. 1 for the schemeof a
singlestageof thetemporalwavelettransformin the caseof a 5-tapfilter.

<

Time

LF

HF

Input frame Temporal filtering buffer

Temporal synchronization buffers

Figurel: Onelevel temporalscanbasedvaveletdecomposition.

Multi-stage DWT

Letusconsidemow thegeneraschemeof an NV -level temporalwaveletdecompo-
sition. For simplicity, we focuson the usualdyadicdecompositiowithout additional
high-frequeng subbandlecompositionLet usassumehatdecompositioevelsare
indexedfrom 1 to N, wherelevel j correspondso thecoeficientsproducedy the j**
waveletdecompositiorflevel 0 is thesequencef all 2D wavelettransformedrames).

Let us computethe delayfor a two-level wavelet decomposition.The first stage
hasto computeS + 2 low-frequeng temporalframesto get coeficientsin all sub-
bandsof the secondlevel. Sincelow-frequeng coeficients are computedprior to
high-frequeng ones thefirst stagehasalsocomputedS + 1 high-frequeng temporal
frames.But, these(S + 2) + (S + 1) = 25 + 3 outputframescanonly be computed
afterthedelayof S framesto initialize thefiltering buffer of thefirst stage.Thus,we
haveto wait 3.5 + 3 framesto getcoeficientsin all subbandsf thelastdecomposition
level.
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To computethe delayfor an N-level temporalwaveletdecompositionwe define
d; asthe numberof framesrequiredat theinput of the j*” filtering buffer to gettem-
porally coherentoeficientsin all subbandsTheprocessingf thefirst setof 3D sub-
bandsof waveletcoeficientswill bepossibleafter D = d; frameshave beerreceved.
Repeatinghe previousschemateratively, we find thatd; = d;1 + (dj41 — 1) + S.
Thatis,d; = 2d;;1+S—1for j = N—1.1anddy = S+2. Solvingtheseequations,
we find thatthe numberof input framesrequiredatlevel j beforethefirst waveletco-
efficientsareavailablefor processings d; = 2V=7 (25 + 1) — S + 1. Thereforefor
an N-leveltemporalWwaveletdecompositionthenumberof inputframesneededo get
asetof temporallycoherentoeficientsin all subbandss

D=2N"128+1)-S+1 (1)

Thus,the numberof framesneededor the synchronizatiorof the multi-stagede-
compositionncreasegxponentiallywith the numberof decompositiorevels. Fig. 2
shaws the schemeof a three-level wavelet decompositiorfor L = 5. Eachframein
thefigurerepresentanimageof 2D waveletcoeficients. Dark framesin the synchro-
nizationbuffersarethe setof coeficientswhichwill be processetbgetherquantized
andencodedpssoonaswe have coeficientsin all temporafrequeng bands.Thisset
of coeficientsis temporallycoherent.At the beginning of the sequencewe have to
wait D input frames.Then,setsof temporallycoherentoeficientswill beavailable
each2? inputframes.

LF3 $

Y

Input frame

Figure2: Three-level temporalscanbasedvaveletdecompositiorfor 5-tapfilters.
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2.3Memory requirements

The memoryrequirementis given by the sumof the numberof framesin the N
filtering buffers and the numberof framesin the synchronizatiorbuffers. Namely
(25 4+ 1) N framesfor the filtering buffersand2 + Ej.vzz (d; — 1) framesfor the
synchronizatiorbuffers. Thereforethe memoryrequiremenof this methodis only

M = framesize x 271 (2S +1) + (N —1) S+ N +1] 2

for an N-level temporalwavelet transform. Table 1 and Table 2 shov delaysand
memoryrequirementgor the 9/7 and5/3 filter banks.Dependingon the application,
the bestcompromisehasto be foundbetweerfilter lengthandthe numberof decom-
positionsto determinethe bestfrequeng analysiswith respecto memoryor delay
constraints. The CPU complexity of our temporalscanbasedDWT is exactly the
sameasto performthe usuallD DWT in the temporaldirectionknowing the entire
sequence.

| Number of levels | 9/7DWT [ 5/3DWT ]

1 6 frames | 4frames
2 15frames| 9frames
3 33frames| 19frames

Table1: Numberof input framesneededo get the first setof temporallycoherent
waveletcoeficients.

| Number of levels | 9/7DWT [ 5/3DWT |

1 11frames| 7 frames
2 25frames| 15frames
3 48 frames| 28frames

Table2: Memoryrequiremenbf the scanbasedDWT system.

3. Model basedtemporal quality control

Thebit allocationfor thesuccessie setsof temporallycoherentoeficientscanbe
performedwith respecto eitherrateor quality constraintsin this sectionwe propose
a new temporalquality control procedureto ensureconstantquality over time. The
quality measuras basedon the meansquarecerror (MSE) betweenthe compressed
signalandthe original one.

3.1 Principle of MSE allocation

Thepurposeof MSE allocationis to determinghe optimalquantizersn eachsub-
bandwhich minimize the total bitratefor a givenoutputMSE. The 9/7 biorthogonal
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filter bankis nearlyorthogonal. Therefore the meansquarecerror betweerthe orig-
inal image and the decodedone can be computedby a weightedsum of the mean
squaredjuantizatiorerrorsof eachsubbandWe have

#SB
MSEoutput = Z Ai'/riUZQi (3)
i=1

with #SB the numberof 3D subbandsaéi the meansquarecdquantizationerrorfor

subband and{m;} the weightsusedto take accountof the non-orthogonalityof the
filter bank[18]. TheweightsA; areoptionalandcanbe usedfor frequeng selection
or distortion measure®therthan MSE. The output bitrate can be expressedasthe
following weightedsum:

#SB
Routput = Z aiRi (4)
i=1

with R; the outputbitrate for subband; anda; the weight of subband in the total
bitrate(a; is theratio of the sizeof subband dividedby the sizeof thesequence).

The subbandjuantizersare scalarquantizerswith optimizeddeadzonesize[12].
They aredefinedby the sizeof their zeroquantizatiorbin z andthe sizeof the other
quantizationbins q. Therefore the solutionof our constrainedproblemis obtained
thanksto Lagrangiaroperatordy minimizing the following criterion:

#SB #SB
T =Y aiRi(ziq:) + M D Aimio}y, (2i,¢:) — Dr) (5)
=1 =1

where D7 denoteshe target outputMSE andboth { R;} and {07, } dependon the
quantizatiorstepsandthe deadzoneizes.The modelsusedfor the bitrateanddistor
tion functionsaredescribedn the next subsection.

3.2Rate and distortion models

Threedifferentmethodscanbe usedto modelthe rateanddistortionfunctionsR;
ande? :
Qi

e Thefirst one- usedin JPEG200(13] - consistsn pre-quantizinghe wavelet
coeficientswith a small quantizationstepandencodetheir bitplanesuntil the
rate or distortion constraint(dependingon the application)is verified. In this
case the quantizatiorstepof eachwaveletcoeficient canonly be a productof
the pre-determineduantizatiorsteptimesanintegerpower of two. Thedistor
tion andbitratefunctionsareexactbut they arecomputedduring the encoding
process.

e The secondmethodusesasymptoticmodelsfor boththe distortionandthe bi-
trate. As the asymptoticrateanddistortionfunctionsaresimple,the minimum
of therateor distortionallocationcriterion canbe computedanalytically This
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methodis thereforethe simplestoneto getthe quantizationstepsto apply in
eachsubbandHowever, theasymptoticassumptioris only truefor high bitrate
subbands.

e Thethird methodusesnon-asymptotitheoreticaimodelsfor bothrateanddis-
tortion[11, 12]. Therateandthedistortiondependnthe quantizatiorstepbut
alsoon the probability densityfunction of the wavelet coeficients. Assuming
thattheprobabilitydensitymodelis accuratethis methodprovidesoptimalrate
distortionperformances.

In each3D subbandthe probability densityfunction is unimodalwith zero mean.
Thus,the wavelet coeficientscanbe approximatedvith generalizedsaussian$l?,
19]. Thereforewe have

p(z) = ae” *I° (6)

with b = % EJ(%/%% anda = % We alsoassumehatwaveletcoeficientsare

independenandidenticallydistributed(i.i.d.) in eachsubband.
Let Pr(m) bethe probability of the quantizatiorievel m.

5+|mlq
Pr(m) = [ o P ™
form # 0 and
+3
Pr0) = [ plo)ds (8)

2

Then, we canapproximatethe bitrate by the entropy of the outputquantization
levels:

+oo
R=- Z Pr(m) log, Pr(m) 9)
According to [20], the bestdecodingvalue for the quantizationlevel m is the

ff-'—(llmllq b zp(z)dz
centroidof its quantizationbin &, = sign(m).~2> Bt form # 0 and
.fl'() =0.

Then,themeansquaredjuantizatiorerroris givenby

+3 Too rZtmg

= [ a2y [T @ s pads (10)
-3 m=1" 5+(m—1)q

For generalizedsaussiansye canshaw thatthebitratedepend®nly ontheshape
parameterx andtheratios 2 and 2. We have R = R(a, Z, Z) [12]. We canalso
show thatthe quantizatiordistortioncanbewritten aSO'é =0?D(a, £, %) wherethe
function D depend®nly on«a andtheratiosZ and Z [12].
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Therefore(5) becomes

#SB _— #SB _—
J=Y aiR(ai, =, )+ MY Aimio; D(ey, =, =) — D 11
— a; (a’l: O'i, ai) + (i:1 iT;0; (ala a_ia Ui) T) ( )

In(-h)

In(D)

alpha =1/4 —— alpha=1/3 ——alpha=1/2 =—alpha=1

Figure3: Curvesof h(Z1) versusD(Z) for differentshapeparameters of thegener
alizedGaussiardistribution.

3.3Optimal quantization for MSE control

Let f be ary multi-variablefunction and z;, its k** variableand define% as

the derivative of f with respectto its k** variable. To find the minimum of J, we
differentiatat with respecto z;, ¢; and. Thisprovidesthethreefollowing equations:

OR 2% 50D Zi Qi
ALl IR () NP N anall (PN U I 12
a; 61’2 (aza O'z" o; + iTi0; 6.71'2 A, O'i, o; ( a)
OR % Qi oD Zi Qi
O (ai,a—z,a—:) +)\Ai77i‘7i26—x3 (Oéi, 0—:, U_Z) =0 (12b)
#SB o o
Z A,T{',U?D (Oéi, _Za &) - DT =0 (120)
P g; 0O;

Thus,thequantizerparametergz;, ¢; } we arelooking for mustverify thefollow-
ing systemof 2 x #SB + 1 equationsand2 x #SB + 1 unknonns:
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In(-h)

n

9D (. 2 4 8D 2i gi
Oz (a“ oi’ ,) Ox3 (a“ ai’ai)
R (o z @)  OR (o oz
azg L o;) o; 6z3 3 g;’ 0;
oD . 2 G
IS (a“(n’ i) a;
R S}
OR (. 2i G /\Aiﬂ'iai
Bz i 550 o5
Zi 4
17T10'1D QG —, — DT
g; 0;

(13a)

(13b)

(13¢)

/

In(a/sigma)

alpha =1/4 ——alpha=1/3 ——alpha=1/2 =——alpha=1

Figure4: Curvesof h for differentshapeparameters: of the generalizedsaussian

distribution.

The solutionof Eq. (13a) providesthe optimalrelationbetweenz; andg; for the

MSE allocationprocedure. Let us defineg,, the functionsuchthat 2 = g,, ()
verifiesEq. (13a). Thefunctiong,, is computechumerlcallyandsa/edfor different

generalizedsaussiarparameter¢seeFig. 5).

oD qi
23 (aza Ga; <g’i )

Insertingthis solutioninto Eq. (13b) and(13c), we get

OR qi
23 (aza Ga; <Ji )

(14a)
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zlq

v

In(q/sigma)

alpha=1/4 ——alpha=1/3 ——alpha=1/2 ===alpha=1

Figure5: Curvesof theoptimal § ratio (solutionof Eq. (13a).

#SB

> AmioiD (aiagai (&> ,ﬂ> = Dr (14b)
=1 gi/ Ti

In orderto simplify the notationsJet usintroducethefunction 4 suchthat

aD

o (8 = £ Lo (8).2) -

g; o OR qi qi
¢ B3 (aiagai (0-_1) ) 0'_1)

Thus,Eqg. (14a) becomes

qi a;
hai (;) = _)\Aiﬂ'iaz (16)

Therefore,the quantizationstepsg; canbe found by solving the following two
equations:

.= ha! (— A::o?) (17a)

#SB
> Amio? D (aia (W) (~3atz)) hal (~satkar)) = Dr (70
i=1

NotethatEg. (17b) depend®nly on A. Thus,solving (17b) providesthe optimal
A. Oncethe optimal X is known, we cansolve the setof equationg17a) to getthe
optimalquantizatiorsteps{g; }.
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Unfortunately thereis no analyticalformulafor h=1. To clearup this difficulty,

we plot theparametricurve [D(Z); h(2)] for a fixed(Fig. 3). We deducerom (17a)
thatthis parametricurve is equivalentto thecurve [D(h =1 (— A i) — A i)
Thereforethe proposedVSE allocationprocedurds thefollowing: ' '

PSNR variations (dB)

08
0,6

04

0,2

-0,6

-0.8

-1,2

1. Lambdais given. For each3D subbandi, computeln(;x%—) = In(—h)

andreadthe correspondingnormalizedmeansquarederror D; from the curves
shavnin Fig. 3.

. Compute| Ef:slB A;mo?D; — Dr|. If it is lower thana giventhreshold the
constraint(17b) is verifiedandthecurrent\ is optimal. Else,computé anew A
andgo backto stepl.

3. Foreach3D subband, computén(5x*—) = In(—h) with theoptimal A and

readZ* from the curvesshavniin Fig. 4. g; is the optimal quantizatiorstepfor
subband.

4. For each3D subband, readthe optimal deadzoneizefrom the curvesshovn

in Fig. 5.

L

A

frame

Figure6: PSNRvariationsfor the 3D scanbasedemporalDWT (continuouskhndthe
3D temporatiling approact{dashedpnthe89first luminanceframesof thesequence
Akiyo at80kbps(25fps). 9/7 DWT with two levelsof decompositionbitratecontrol
for groupsof 16 frames.

1Any method(suchasfor exampledichotomy)canbe used.
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4. Experimental results
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Figure 7: PSNRof eachGroup of height Frames(GOF) for the proposedquality
controlprocedurgcontinuousindabitratecontrolprocedurddashed) Thesequence
is Foremanat 890kbps(30fps) in bothcases.

To shaw the efficiency of our 3D scanbasedvavelettransformmethodin remov-
ing thetemporalblocking artifacts(jerks), we have first extendedEBWIC [11] to 3D
data. The quantizationandbit allocationprocedurehave beenchangedo take ac-
countof thedeadzon@ptimizationproposedn this paper The quantizedvaveletco-
efficientshave beenencodedisingEBCOT s bit planecontext-basedarithmeticcoder
[21]. We have first encodeda sequencavith the proposed3D scanbasedtemporal
wavelettransformanda bitrateregulationfor the temporallycoherentcoeficientsof
eachgroupof 16 frames. Then,we have encodedhe samesequencavith thetiling
approachwherethe temporalwavelet coeficientsandtheir encodingare performed
onindependentemporalblocksof 16 frames.Fig. 6 shavs a globalPSNRimprove-
mentof mean0.11dB with our approach.Furthermorewe have reducedhe PSNR
variancefrom 0.13to 0.06. The peaksof the tiling approachfit with the artifacts
producedat temporaltiles borders(jerks). Regardingthe visual quality, the proposed
methodis alsobettersincethe annging jerksarecanceled.

Then,we have replacedhe bitrateregulationby our nev MSE allocationproce-
dure.Fig. 7 shavsthatthe quality of successie groupsof 8 framesis well controled.
The PSNRvariationsare lessthan 1 dB with our methodwhile they wereup to 9
dB with a bitrate control procedure.The global sequencé®’SNRis 32.7dB in both
cases.Therefore,our methodprovidesthe sameglobal rate distortion performances
but ensuresonstantjuality outputframes.This resultsin bettervisualquality.
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5. Conclusion

We have proposeda methodfor efficient quality controlin video codingapplica-
tions. This methodcombineshe advantage®f waveletcoding (performancescala-
bility) with minimummemoryrequirementsandno additionalCPUcompleity. Com-
paredto temporaltiling approachesften usedto reducememoryrequirementspur
methodavoids the jerks coming from temporaltiles. Furthermore the new model
basedjuality controlprocedurgrovideshigh performancdSNRcontrolof thevideo
outputframes.
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