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RÉSUMÉ :

MOTS CLÉS : Transforméeenondelettesaufil del'eau, codage en ondelettes 3D, contrôle de qualité, compression vidéo.

ABSTRACT: Wavelet codinghasbeenshown to be betterthanDCT coding. This methodoutperformsDCT JPEGcodec and
moreover allows scalability. 2D DWT canbe easilyextended to 3D andthusappliedto videocoding. However 3D subband
coding of videosuffers from two drawbacks.Thefirst oneis thememory complexity requiredfor coding3D blocks.Thesecond
oneis thelackof temporal qualityresultingin temporal blocking artifactssinceDWT is performedontemporal groupsof frames.
In this paperwe proposea new temporal scanbasedwavelet transform methodfor videocodingcombining theadvantagesof
wavelet coding (performance, scalability),with acceptablereduced memoryrequirementsandno additional CPU complexity.
We alsoproposeanefficientqualityallocationprocedureto ensurea constant qualityover time.

KEY WORDS : ScanbasedDWT, 3D subband coding, qualitycontrol, 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 fr om two drawbacks. The first one is the memory complexity
required for coding3D blocks. The secondoneis the lack of temporal quality resulting in
temporal blocking artifacts sinceDWT is performed on temporal groupsof frames. In this
paper we proposea new temporal scanbasedwavelet transform method for videocoding
combining the advantagesof wavelet coding (performance, scalability), with acceptable
reducedmemory requirementsand no additional CPU complexity. We also proposean
efficient quality allocation procedure to ensurea constantquality over time.

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

1. Intr oduction

Qualitycontrolis averyimportantproblemin videocoding.Although3D subband
codingof videoprovidesencouragingresultscomparatively to MPEG[4], its gener-
alizationsuffers from significantmemoryrequirements.Oneway to reducememory
requirementsis to applythetemporalDiscretWaveletTransform(DWT) on3D blocks
comingfrom a temporalsplitting of the sequence.But, this methodintroducestem-
poral blocking artifactswhich result in undesirablejerks. In this paper, we propose
new toolsfor 3D subbandcodecsto avoid thesejerksandguaranteetheoutputframes
aconstantqualityover time.

Initially, 2D scanbasedwavelet transformswerefirst introducedin [8, 9] for on
boardsatellitecompressionandby Ortegaet al. in [10]. In section2, we extendthe
2D scanbasedmethodto videocoding.

We proposea 3D scanbasedDWT methodwhich allows the computationof the
temporalwavelet decompositionof a sequencewith infinite length with finite low
memory requirementsand no extra CPU complexity. Furthermore,the proposed
wavelet transformprovideshigherquality control than3D block basedvideo com-
pressionschemes(avoiding jerks).

In section3, we proposeanefficient model-basedquality controlprocedure.This
bit allocationprocedurecontrolsoutput framesquality over time. This new quality
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control proceduretakes advantageof the model basedrate allocationmethodsde-
scribedin [11, 12]. Finally, section4 presentsexperimentalresultsobtainedwith our
method.

2. 3D videowavelet transform

2.1Principle

Themethodgenerallyusedto reducememoryrequirementsfor largeimagecoding
is to split the imageandthenperformthe transformon tiles suchasJPEGwith 8x8
DCT blocksandJPEG2000[13]. Unfortunately, coefficientsarecomputedfrom pe-
riodical or symmetricalextensionsof thesignal.This resultsin undesirabletemporal
blockingvisualartifacts.For videocoding,thesameblockingartifactsin thetemporal
direction(introducedby temporaltiling) resultin jerks.

In this section,we proposea 3D wavelet transformframework for video coding
that requiresstoring a minimum amountof datawithout any additionalCPU com-
plexity [14]. The framesof the sequenceare acquiredandprocessedon the fly to
generate3D wavelet coefficients. Thesewavelet coefficientsarestoredin memory
until they areencoded.

Definitions of the temporal coherencyand the buffer names

Let usconsidera temporalinterval (setof input frames).We definethesetof its
temporally coherentwaveletcoefficientsasthesetof all coefficients,in all subbands,
obtainedby a filter (or convolution of filters) centeredon oneof the framesof this
temporalinterval. In this paper, we assumethat encodingis allowed only whenwe
havea temporallycoherentsetof waveletcoefficients.Temporalcoherency improves
encoderperformancessinceit allowsoptimalbit allocationfor waveletcoefficientsof
thesametemporalinterval.

Thesetof buffersusedto performthe temporalwavelet transformwill be called
filtering buffers. Thesebuffersalternatelyproducelow andhigh frequency temporal
waveletcoefficients.In thesameway, wecallsynchronizationbuffersthesetof buffers
usedto storeoutputcoefficientsbeforetheir encoding.

2.2Temporal scanbasedvideoDWT and delay

Let us considerthe caseof a 3D wavelet transformwhich canbe split into a 2D
DWT on eachframeandan additional1D DWT in the time direction[15]. In this
paper, wefocusonanefficient implementationof thetemporalwavelettransformand
proposea methodindependentof thechoiceof thespatialwavelettransform.

Eachtime a frameis received,we performits 2D wavelet transformandsendit
into our scanbasedtemporalwavelet transformsystem. We considersymmetrical
filters with odd lengthsincethey arethe mostwidely usedin stateof the art image
compressionalgorithms[13, 16]. Let

����������	
bethemaximumlengthof thelow-

passandhigh-passfilters. Thatis,
�
����
��� . Bordereffectswill bereducedthanksto

asymmetricalextensioncenteredon thefirst data[17].
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SinglestageDWT

Let usconsiderfirst asinglestageof thewavelettransform.Receiving the
����	����

2D transformedframeallows thecomputationof thefirst low-frequency coefficients.
Indeed, the filtering buffer is symmetricallyfilled up after receiving the

����	����
transformedframeto avoid sideeffects. Then,we alternatelyobtainhigh andlow-
frequency coefficients. Therefore,we have to wait

�����
framesto get one low-

frequency andonehigh-frequency temporalframes. SeeFig. 1 for the schemeof a
singlestageof thetemporalwavelettransformin thecaseof a5-tapfilter.

Input frame Temporal filtering buffer

Time

Temporal synchronization buffers

HF

LF

Figure1: Onelevel temporalscanbasedwaveletdecomposition.

Multi-stage DWT

Let usconsidernow thegeneralschemeof an � -level temporalwaveletdecompo-
sition. For simplicity, we focuson theusualdyadicdecompositionwithout additional
high-frequency subbanddecomposition.Let usassumethatdecompositionlevelsare
indexedfrom � to � , wherelevel � correspondsto thecoefficientsproducedby the �����
waveletdecomposition(level  is thesequenceof all 2D wavelettransformedframes).

Let us computethe delayfor a two-level wavelet decomposition.The first stage
hasto compute!
"$# low-frequency temporalframesto get coefficientsin all sub-
bandsof the secondlevel. Sincelow-frequency coefficientsare computedprior to
high-frequency ones,thefirst stagehasalsocomputed!�"%� high-frequency temporal
frames.But, these&'!(")#�*+",&-!."���*0/,#�!1"�2 outputframescanonly becomputed
afterthedelayof ! framesto initialize thefiltering buffer of thefirst stage.Thus,we
haveto wait 23!4"52 framesto getcoefficientsin all subbandsof thelastdecomposition
level.
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To computethedelayfor an 6 -level temporalwaveletdecomposition,we define798
asthenumberof framesrequiredat theinput of the : ��; filtering buffer to gettem-

porallycoherentcoefficientsin all subbands.Theprocessingof thefirst setof 3D sub-
bandsof waveletcoefficientswill bepossibleafter < � 7 � frameshavebeenreceived.
Repeatingthepreviousschemeiteratively, wefind that

7 8=� 7 8?> � �,@ 7 8?> �BA 	�C+�)� .
Thatis,

7 8D��� 7 8?> � �E� A 	 for : � 6 A 	3FGFH	 and
7JI �,�K�E�

. Solvingtheseequations,
wefind thatthenumberof input framesrequiredat level : beforethefirst waveletco-
efficientsareavailablefor processingis

7 8=�$� I 
 8 @'���1�L	MC A �(�L	 . Therefore,for
an 6 -level temporalwaveletdecomposition,thenumberof input framesneededto get
asetof temporallycoherentcoefficientsin all subbandsis

< �$� I 
+� @-���1��	�C A �1�L	 (1)

Thus,thenumberof framesneededfor thesynchronizationof themulti-stagede-
compositionincreasesexponentiallywith thenumberof decompositionlevels.Fig. 2
shows theschemeof a three-level waveletdecompositionfor

�N�PO
. Eachframein

thefigurerepresentsanimageof 2D waveletcoefficients.Darkframesin thesynchro-
nizationbuffersarethesetof coefficientswhichwill beprocessedtogether(quantized
andencoded)assoonaswehavecoefficientsin all temporalfrequency bands.Thisset
of coefficientsis temporallycoherent.At thebeginningof thesequence,we have to
wait < input frames.Then,setsof temporallycoherentcoefficientswill beavailable
each

� I
input frames.

5

5

5

1

1

3

8

Input frame

HF1

HF2

HF3

LF1

LF2

LF3

Figure2: Three-level temporalscanbasedwaveletdecompositionfor
O
-tapfilters.
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2.3Memory requirements

The memoryrequirementis givenby the sumof the numberof framesin the 6
filtering buffers and the numberof framesin the synchronizationbuffers. Namely,@'���(��	MC 6 framesfor the filtering buffers and

�Q��R I8?S � @ 7T8 A 	�C framesfor the
synchronizationbuffers.Therefore,thememoryrequirementof this methodis onlyUV�$WYXTZJ[]\T^`_ba3\dc$eG� I 
�� @����(��	�Cf�,@ 6 A 	�Cg�1� 6 ��	ih

(2)

for an 6 -level temporalwavelet transform. Table 1 and Table 2 show delaysand
memoryrequirementsfor the9/7 and5/3 filter banks.Dependingon theapplication,
thebestcompromisehasto befoundbetweenfilter lengthandthenumberof decom-
positionsto determinethe bestfrequency analysiswith respectto memoryor delay
constraints. The CPU complexity of our temporalscanbasedDWT is exactly the
sameasto performthe usual1D DWT in the temporaldirectionknowing the entire
sequence.

Number of levels 9/7 DWT 5/3 DWT
1 6 frames 4 frames
2 15 frames 9 frames
3 33 frames 19 frames

Table1: Numberof input framesneededto get the first setof temporallycoherent
waveletcoefficients.

Number of levels 9/7 DWT 5/3 DWT

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

Table2: Memoryrequirementof thescanbasedDWT system.

3. Model basedtemporal quality control

Thebit allocationfor thesuccessivesetsof temporallycoherentcoefficientscanbe
performedwith respectto eitherrateor qualityconstraints.In thissection,wepropose
a new temporalquality control procedureto ensureconstantquality over time. The
quality measureis basedon themeansquarederror (MSE) betweenthecompressed
signalandtheoriginal one.

3.1Principle of MSE allocation

Thepurposeof MSEallocationis to determinetheoptimalquantizersin eachsub-
bandwhich minimize the total bitratefor a givenoutputMSE. The9/7 biorthogonal
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filter bankis nearlyorthogonal.Therefore,themeansquarederrorbetweentheorig-
inal imageand the decodedonecan be computedby a weightedsum of the mean
squaredquantizationerrorsof eachsubband.We have

Uj�lknmpo �Hq o � �$rls3tu v S �xw
v-yzv'{ �|~} (3)

with � �l� thenumberof 3D subbands,

{ �| } themeansquaredquantizationerror for
subband

_
and � y vp� theweightsusedto take accountof thenon-orthogonalityof the

filter bank[18]. Theweights w
v

areoptionalandcanbeusedfor frequency selection
or distortionmeasuresother thanMSE. The outputbitratecanbe expressedas the
following weightedsum:

�dm?o �Hq o � �,rlsJtu v S � Z
v � v

(4)

with
� v

the outputbitratefor subband
_

and
Z v

the weight of subband
_

in the total
bitrate(

Z v
is theratioof thesizeof subband

_
dividedby thesizeof thesequence).

Thesubbandquantizersarescalarquantizerswith optimizeddeadzonesize[12].
They aredefinedby thesizeof their zeroquantizationbin

a
andthesizeof theother

quantizationbins � . Therefore,the solutionof our constrainedproblemis obtained
thanksto Lagrangianoperatorsby minimizing thefollowing criterion:

�.� rlsJtu v S � Z
v � v @�a v � � v C+�)�f@ rls3tu v S � w

v y v { �|f} @-a v � � v C A <Q� C (5)

where <Q� denotesthe target outputMSE andboth � � v�� and � { �| } � dependon the
quantizationstepsandthedeadzonesizes.Themodelsusedfor thebitrateanddistor-
tion functionsaredescribedin thenext subsection.

3.2Rateand distortion models

Threedifferentmethodscanbeusedto modeltherateanddistortionfunctions
� v

and

{ �|f} :� Thefirst one- usedin JPEG2000[13] - consistsin pre-quantizingthewavelet
coefficientswith a small quantizationstepandencodetheir bitplanesuntil the
rateor distortionconstraint(dependingon the application)is verified. In this
case,thequantizationstepof eachwaveletcoefficient canonly bea productof
thepre-determinedquantizationsteptimesanintegerpowerof two. Thedistor-
tion andbitratefunctionsareexactbut they arecomputedduring theencoding
process.� Thesecondmethodusesasymptoticmodelsfor both thedistortionandthebi-
trate.As theasymptoticrateanddistortionfunctionsaresimple,theminimum
of therateor distortionallocationcriterioncanbecomputedanalytically. This
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methodis thereforethe simplestoneto get the quantizationstepsto apply in
eachsubband.However, theasymptoticassumptionis only truefor highbitrate
subbands.� Thethird methodusesnon-asymptotictheoreticalmodelsfor bothrateanddis-
tortion [11, 12]. Therateandthedistortiondependon thequantizationstepbut
alsoon the probabilitydensityfunctionof the waveletcoefficients. Assuming
thattheprobabilitydensitymodelis accurate,thismethodprovidesoptimalrate
distortionperformances.

In each3D subband,the probability densityfunction is unimodalwith zero mean.
Thus,the wavelet coefficientscanbe approximatedwith generalizedGaussians[17,
19]. Therefore,we have � @���C���Z�\ 
�� �'�J� � (6)

with � ����0� ���G������ ��� � ����  and
Z1� � �� ��� � ����  . We alsoassumethatwaveletcoefficientsare

independentandidenticallydistributed(i.i.d.) in eachsubband.
Let ¡0¢ @�[1C betheprobabilityof thequantizationlevel

[
.

¡�¢ @�[1C0�¤£¦¥§ > � ¨d� ©¥§ > � � ¨d� 
��   © � @��YC 7 � (7)

for
[«ª��¬

and ¡�¢ @-¬3C0�¤£ > ¥§
 ¥§ � @��YC 7 � (8)

Then,we canapproximatethe bitrateby the entropy of the outputquantization
levels:

�¤� A >f­u¨ S 
 ­ ¡0¢ @�[(C�®G¯3° � ¡�¢ @�[1C (9)

According to [20], the bestdecodingvalue for the quantizationlevel
[

is the

centroidof its quantizationbin ±� ¨ �²^`_'³J´0@�[(CiF�µ ¥§T¶¸· ¹l· º¥§ ¶�»¼· ¹l· ½J¾�¿Gº � q � �  �À �Á�Â � ¨   for
[Ãª�Ä¬

and±�zÅn��¬ .
Then,themeansquaredquantizationerroris givenby{ �| �¤£ > ¥§
 ¥ § � � � @��YC 7 ����� >f­u¨ S � £¦¥§ > ¨Æ©¥§ > � ¨n
+�   © @�� A ±� ¨ C � � @��YC 7 �fF (10)

For generalizedGaussians,wecanshow thatthebitratedependsonly ontheshape
parameterÇ andthe ratios È� and

©� . We have
�É�Ê�Q@ Ç � È� � ©� C [12]. We canalso

show thatthequantizationdistortioncanbewrittenas

{ �| � { � < @ Ç � È� � ©� C wherethe
function < dependsonly on Ç andtheratios È� and

©� [12].
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Therefore,(5) becomes

�1� rlsJtu v S � Z
v �Q@ Ç v � a

v{ v � �
v{ v C~���~@ rlsJtu v S � w

v y v { �v < @ Ç v � a
v{ v � �

v{ v C A <x� C (11)

Ë ÌË Í
Ë ÎË Ï Ð
ÏÎ
ÍÌ
Ñ Ð

Ë Ò Ë Í Ë Ó Ë Î Ë Ô Ë Ï Ë Ñ Ð

Õ ÖH× Ø-Ù

Ú ÛÜ ÝÞß

àHá âGãäàæå�ç è é àHá âGãäàHå�ç è ê à¼á âëãìàHå�ç è í à¼á âGãìàGå�ç
Figure3: Curvesof î~ï�ðñfò versusó.ïJðñ+ò for differentshapeparametersô of thegener-
alizedGaussiandistribution.

3.3Optimal quantization for MSE control

Let õ be any multi-variablefunction and öY÷ its ø�ù�ú variableanddefine ûMüû`ýMþ as

the derivative of õ with respectto its ø ù�ú variable. To find the minimum of ÿ , we
differentiateit with respectto ��� , ��� and � . Thisprovidesthethreefollowingequations:

� � �	�� ö�
 � ô ��
 ���� � 
 ���� ����� ��� ����� � 
� � ó� ö�
 � ô ��
 ���� � 
 ���� ��� � � ï���� � ò� � �	�� ö�� � ô�� 
 ���� � 
 ���� ����� ��� � � � � 
� � ó� ö�� � ô�� 
 ���� � 
 ���� ��� � � ï!���#" ò$&%(') �+*�, � �-��� � 
� ó
� ô ��
 � �� � 
 � �� � �/. ó10 � � ï!���32 ò

Thus,thequantizersparameters4�� �!
 � ��5 wearelookingfor mustverify thefollow-
ing systemof � 687 9&: � � equationsand � 6;7 9&: � � unknowns:
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<�=< � §?> Ç
v � È }� } � © }� }�@<�A< � § > Ç
v � È }� } � © }� } @ � <�=< ��B > Ç

v � È }� } � © }� }�@<�A< � B > Ç
v � È }� } � © }� } @ @�	�C�Z�C

<�=< � § > Ç
v � È }� } � © }� } @<�A< � § > Ç
v � È }� } � © }� } @ � A Z v� w

v y v { �v @p	�C � C
rlsJtu v S �Qw

v-yzv'{ �v <EDgÇ v � a
v{ v � �

v{ v�F � < � @p	�C#G C

H IKJ
H L
J
L
IKJ
IKL

H M J M

N OQP R+S TVU WYX[Z+\

] ^_ `ab

cVd e+fKc[g-h i j cVd e+fkcQgYh i l cVd e+fkcQgYh i m cVd enfkcQgYh
Figure4: Curvesof î for differentshapeparametersô of the generalizedGaussian
distribution.

Thesolutionof Eq. ( ��o � ) providestheoptimal relationbetween��� and ��� for the
MSE allocationprocedure.Let us define p#q3r the function suchthat s rñ r � p#q3ræï ð rñ r òverifiesEq. ( ��o � ). Thefunction p#q#r is computednumericallyandsavedfor different
generalizedGaussianparameters(seeFig. 5).

Insertingthissolutioninto Eq. ( ��o(" ) and( ��o32 ), we get

î�q#r � ���� � � � û�tû�ý�u v ô�� 
 p#q#r v ð rñ rxw 
 ð rñ rxwû�yû�ý�u v ô ��
 p q r v ð rñ r w 
 ð rñ r w � . � ���� �-��� � 
� ï���z � ò
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{{k| }
~~V| }
��V| }
���| }
}

� � � � � � � ~ � ~ � �� �Q� �+� �V� �Y���+�

�� �

�V� �+�k�Q�Y� � � �V� �+�k�Q�Y� � � �V� �n�k�Q�Y� � � �V� �n�k�Q�Y�
Figure5: Curvesof theoptimal È © ratio (solutionof Eq. (

	�C3Z
).

rlsJtu v S �Qw
v y v { �v <EDgÇ v � ³ � } D �

v{¸v�F � �
v{¸v�F � <Q� @p	�� � C

In orderto simplify thenotations,let usintroducethefunction   suchthat

  � } D �
v{ v�F � <�=< � B > Ç

v � ³ � } > © }� } @ � © }� } @<�A< ��B > Ç
v � ³ � } > © }� } @ � © }� } @ (15)

Thus,Eq. (
	��3Z

) becomes

  � } D �
v{ v�F � A Z v� w

v y v { �v (16)

Therefore,the quantizationsteps � v canbe found by solving the following two
equations:

© }� } �   
��� } > A ¡ }¢�£ } � §} @ @�	¥¤TZ�C
rlsJtu v S �xw

v�yYv-{ �v < > Ç
v � ³ � } >   
��� } > A ¡ }¢�¦ } £ } � §} @	@ �   
+�� } > A ¡ }¢�¦ } £ } � §} @§@ � < � @p	�¤ � C

NotethatEq. (
	¥¤ � ) dependsonly on

�
. Thus,solving(

	�¤ � ) providestheoptimal�
. Oncethe optimal

�
is known, we cansolve the setof equations(

	�¤9Z
) to get the

optimalquantizationsteps��� v�� .
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Unfortunately, thereis no analyticalformula for   
�� . To clearup this difficulty,
weplot theparametriccurve ¨ < @ ©� C�©   @ ©� C«ª for Ç fixed(Fig. 3). Wededucefrom (

	¥¤TZ
)

thatthisparametriccurveis equivalentto thecurve ¨ < @   
�� @ A ¡ }¢�¦ } £ } � §} C?C�© A ¡ }¢�¦ } £ } � §} ª .
Therefore,theproposedMSEallocationprocedureis thefollowing:

1. Lambdais given. For each3D subband
_
, compute

®Q¬~@ ¡ }¢�¦l}Y£M} � §} C.�«®+¬~@ A   C
andreadthecorrespondingnormalizedmeansquarederror < v from thecurves
shown in Fig. 3.

2. Compute ­ R rlsJtv S � w
v�yzv'{ �v < v A < � ­ . If it is lower thana giventhreshold,the

constraint(
	�¤ � ) is verifiedandthecurrent

�
is optimal.Else,compute1 anew

�
andgo backto step1.

3. For each3D subband
_
, compute

®Q¬f@ ¡ }¢�¦l}-£�} � §} C0��®+¬~@ A   C with theoptimal
�

and

read
© }� } from thecurvesshown in Fig. 4. � v is theoptimalquantizationstepfor

subband
_
.

4. For each3D subband
_
, readtheoptimaldeadzonesizefrom thecurvesshown

in Fig. 5.
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Figure6: PSNRvariationsfor the3D scanbasedtemporalDWT (continuous)andthe
3D temporaltiling approach(dashed)onthe89first luminanceframesof thesequence
Akiyo at80kbps(25 fps). 9/7DWT with two levelsof decomposition;bitratecontrol
for groupsof 16 frames.

1Any method(suchasfor exampledichotomy)canbeused.
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4. Experimental results

¯n°
¯+±
¯n²
³V´
³n³
³n°
³+±
³n²

µ ´ µ ¯nµ ³nµ¶¸·º¹

»¼½¾¿ÀÁÂ

Figure 7: PSNRof eachGroup of height Frames(GOF) for the proposedquality
controlprocedure(continuous)andabitratecontrolprocedure(dashed).Thesequence
is Foremanat 890kbps(30 fps) in bothcases.

To show theefficiency of our 3D scanbasedwavelettransformmethodin remov-
ing thetemporalblockingartifacts(jerks),we have first extendedEBWIC [11] to 3D
data. The quantizationandbit allocationprocedureshave beenchangedto take ac-
countof thedeadzoneoptimizationproposedin thispaper. Thequantizedwaveletco-
efficientshavebeenencodedusingEBCOT’sbit planecontext-basedarithmeticcoder
[21]. We have first encodeda sequencewith the proposed3D scanbasedtemporal
wavelet transformanda bitrateregulationfor thetemporallycoherentcoefficientsof
eachgroupof 16 frames.Then,we have encodedthesamesequencewith the tiling
approach,wherethe temporalwavelet coefficientsandtheir encodingareperformed
on independenttemporalblocksof 16 frames.Fig. 6 shows a globalPSNRimprove-
mentof mean0.11dB with our approach.Furthermore,we have reducedthe PSNR
variancefrom 0.13 to 0.06. The peaksof the tiling approachfit with the artifacts
producedat temporaltiles borders(jerks). Regardingthevisualquality, theproposed
methodis alsobettersincetheannoying jerksarecanceled.

Then,we have replacedthe bitrateregulationby our new MSE allocationproce-
dure.Fig. 7 shows thatthequality of successivegroupsof 8 framesis well controled.
The PSNRvariationsare lessthan1 dB with our methodwhile they wereup to 9
dB with a bitratecontrol procedure.The global sequencePSNRis 32.7dB in both
cases.Therefore,our methodprovidesthe sameglobal ratedistortionperformances
but ensuresconstantqualityoutputframes.This resultsin bettervisualquality.
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5. Conclusion

We have proposeda methodfor efficient quality control in videocodingapplica-
tions. This methodcombinestheadvantagesof waveletcoding(performance,scala-
bility) with minimummemoryrequirementsandnoadditionalCPUcomplexity. Com-
paredto temporaltiling approachesoften usedto reducememoryrequirements,our
methodavoids the jerks coming from temporaltiles. Furthermore,the new model
basedqualitycontrolprocedureprovideshighperformancePSNRcontrolof thevideo
outputframes.
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