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ABSTRACT

Thispaperpresentsnathematicalrameworksontemporalpredic-
tive processingn theMPEGvideocompressiostandard Firstly, a
codinggainis derivedbasedntraditionalpredictiontheories.The
optimumorderingof threedifferentpicturetypes(l,P,B-pictures)
is clarified accordingto image sourcecharacteristics.Secondly
anovel frameworkon the targetbit assignmentis presentedvith

someexperimentabackgrounds.The solutionconsistsof simple
formulae,but bringsdrasticSNR gainsto the conventionalTM5

algorithm.

1. INTRODUCTION

Bidirectional predictionis one of the factors characterizinghe

MPEG video compressiorstandard1, 2]. Coding efficiencyis

highly improvedfor somemagesequencewhenthebidirectional

predictionis utilized in an adequatemanner However,known

theoriesonly indicatethatinterpolativepredictionleadsto lower

predictionerrorsthanextrapolativeprediction3], andtotalbalance
of the predictionmode arrangemenhasbeenneverconsidered.
The picture orderinghasbeenempirically definedin the MPEG

standaravithout sufficienttheoreticabackgrounds.

Ratecontrolalgorithmshavebeenintroducecheuristicallydue
to lack of theoreticalsupports. Testmodel 5 (TM5) developed
for the MPEG2 standard4] providesan efficientalgorithmwith
threesteps:targetbit assignmen(stepl), feedbackcontrol (step
2) andmodulation(step3). A lot of papershavebeenpublished
toimprovetheratecontrolbehavior However theyarededicated
to the issuesrelatedto step2 and step 3 parts[5]-[9], andthe
step1 part hasnot beeninvestigatedenough. Thereis a paper
discussingoit assignmenissueq10], butits solutionseemso be
too complicatedor practicaluse.

This paperpresentswo mathematicaframeworksfor these
problems. In Section2, a coding gain is provided basedon
orthodox predictiontheories. A parameterreflecting persistent
tendencyof interframecorrelationss introduced andtheoptimum
pictureorderingis indicated.In Section3, animprovedalgorithm
for targetbit assignments proposedby exploiting experimental
rate distortion functions. The solutionis a TM5 extensionbut
providesdrasticSNR gains.
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Figurel: A GOPstructurein the MPEG standard

2. A CODING GAIN FRAMEWORK INDICATING
OPTIMUM PICTURE ORDERING

2.1. Periodic Picture Ordering in the MPEG Standard

The MPEG standardhas three picture types from the view-
pointof theirtemporalprocessingintra-codedpicture(l-picture),
predictive-codegicture(P-picturelandbidirectionallypredictive-
codedpicture (B-picture). A group of pictures(GOP) is then
definedasshownin Figurel. We canrepresenthis GOPstructure
by
BM—lI(BM—lp)L—l (l)

whereM is a distancebetweert‘core pictures” (I/P-pictures)and
L is the numberof core picturesin the GOR N = LM is then
equalto the total numberof picturesin the GOP (i.e. aninterval
between-pictures).

2.2. Derivation of a Coding Gain
We assumdollowing relationships:
e Ratedistortionfunctionis givenby

0'5 = 2272”42, (2

wheres? is aninput sourcevariancep§ is a quantization
errorvariance,R is allocatedbits ande? is a quantization

performancdactor[11].

e Closed-looppredictionguarantees?, = o3, for each
t-picture(t=1,P,B), Whereo—f,, meansareconstructiorerror
variance.

e Predictionerrorvariancesaregivenby

2- (1 — cor(M)) . a'i 3
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Figure2: Codinggainsfor input sourceswith typical correlation
continuity (w=0.5).

for P-picture,and

(:—;-1- %-co’r(M)—co’r(j)—co’r(M—j)) ~ai 4

for B-picture wherej isadistancdromthepastcorepicture
andcor(k) represents correlationbetweenk-frameapart
pictures.

Basedon theseequationsan optimumbit allocationproblem

is formulatedasfollows: minimizing the averagereconstruction
errorvariance

M-—1
1 .
ol = I [6£,1+(L_1)'63,P+L' E GT,B(J)Z] (5)
i=1
ontheconstantateconstraint
Rr+(L—-—1)-Rp+L(M —1)-Rp = const. (6)

In Eq. (6, R: representsllocatecdbitsto ¢-picture.
By applyingthe Lagrangemultiplier methoda codinggain of
the GOPstructureis definedby

1
Gipp = — =T (7)
P(M) Tt - [52] ¥
whereP(M) andB(M) are
P(M) = 2-(1- cor(M))
(3 1
B(M) = Z (5 + > ccor(M) — cor(j) — cor(M — ])) s
Ji=1

®)

respectively
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Figure3: Codinggainsfor input sourceswith highly continuous
correlationqw=0.125).

2.3. Comparison of Coding Gains
We introduceaninput sourcemodelof which cor (k) is givenby

w

cor(k) = p*, 9

wherep is a correlationcoefficientbetweemneighboringpictures
andw is a weightingfactor Whenw = 1, thisis a traditional
AR(1) model. The objectiveof w is to reflectpersistentendency
of interframecorrelationsyhichis suggestetly simulationresults
usingrealimagesequencesTypical valuesof w arearound0.25
~ 0.5. It sometimedakesvery small values(< 0.125)in such
a caseof Mobile & Calendar This meansthat correlationstill
remainsbetweerdistantpictures.

Applying Eq. (9) to Eqg. (7), coding gainsare calculatedfor
various picture ordering patterns. Figure 2 showsan example
of p = 0.95 and w=0.50. This is correspondingto the case
of ordinaryimage sequences Figure 3 depictsanotherexample
(w=0.125)correspondingo imagesourceswvith highly continuous
correlations.Thesefigurespoint out that

¢ Adequateinsertionof B-picturesbrings SNR gainsto the
M =1 case(no B-picture),

e M = 2 or 3wil bethe bestchoicefor usualimage
sequencesand

e M > 3 remainsuseful for highly correlatedimage se-
guences.

Codingsimulationsare carriedout usingsix ITU-R standard
pictures. Theresultsare almostconsistentvith theoreticalkevalu-
ationsabove.For example Mobile & Calendarsequencesyhich
havevery high correlationsone another(w is very small), shows
thatlargerM valuesbringshigherSNR gains. The otherordinary
sequencesyhich havehigherw values,haveapeakat M = 2
or3.
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Figure4: Comparionof SNRvaluesperframe

3. OPTIMUM TARGET BIT ASSIGNMENT

3.1. A Motivation

A disadvantagef the previousframeworkis fragility of its bit
assignmenapplications(Rs sometimedakesa negativevalue).
Wethenrepresentheratedistortionfunctionby

logR = a-logQ +b (10

insteadof Eq. (2), where( is a quantizationstepsizeanda and
b are constants. This equationis derivedbasedon experimental
resultsusing real image sequencegor the developmenbof rate
controlalgorithm[12, 13]. Thisis equivalento

Q-R* =X (11)

whereX and« areconstantsiependingon imagesourcecharac-
teristics. The complexitymeasureén TM5 is correspondingdo the
caseof a=1.

3.2. Bit Assignment Formulation

Basedn theratedistortionfunctionin Eg.(11), anothemoptimum
bit allocationproblemis formulatedas follows: minimizing the
averagef the m-th orderquantizatiorstepsizes

Nr-Qr + Np-Qp + N5 - Qp

12
N;i+ Np+ NB (12)
onthesamebit rateconstraint

N]R1+NPRP+NBRB = const, (13)

where N, is the numberof remaining¢-picturesin a GOR In
this framework,we assumethat minimization of the m-th order
quantizatiorstepsizesresultsin SNR maximization.

ApplyingtheLagrangemultiplier methodthesolutionis given
by

R

Ry = ™ [}
L NN (32) T 4N, (ZE) T
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Figure5: Comparisorof generatedits perframe

Rp = (14)

—~ =

XB) 1+7'r,}n,a
Xp

Np + Np

&

N5+ Np (X2) e

Thissolutionpresentsargetit assignmenstrategyto eachpicture,
which don’t sufferfrom the the fragility problemoccurredin the
previousframework.In addition,

1 1 1
Ql,opt : QP,opt : QB,opt == XI matl :XP matl . XB metl
(15
is suggestedon the optimum quantizationstep sizes. These
equationssupportthe fact of utilizing different stepsizesto each
pictures.

3.3. Relationshipto TM5

Tametbit assignmenalgorithmin TM5 (calledstepl) is connected
to theproposedormulationby setting

1 1
_ _ X1>m+1 _ (X])m+1
a =1 Kp = (_XP , Kp = X5 (16)

where Kp and Kg are called universalconstantsvhoserecom-
mendedvaluesare 1.0 and 1.4, respectively{4]. In otherwords,
the proposedstrategymeans‘adaptivere-assignmenof Kp and
K g accordingio imagesourcecharacteristics.”

3.4. Experiments

As an auxiliary experiment,optimization of two parametersn
ande, is investigated.Theresultsshowthatee = 1.2 ~ 1.3 and
1/(m+1) = 0.6 ~ 1.2 leadto thehighestSNRvalues.
Takingthesevaluesinto accountMPEG2codingsimulations
arecarriedout. Figure4 demonstratean SNR comparisorresult
betweerthe proposedalgorithmandTM5 for Mobile & Calendar
Figure5 showsthecorrespondingesultof theirgeneratedbit rates
per frame. Thesefigures indicate that the proposedalgorithm
brings about higher SNR gainsthan TM5 mainly by assigning



Tablel: Summaryof thepresentedormulations

1st (Codinggain) 2nd (Targetbit assignment)
R-Dfunction | o2 = 2272Ho2 Q-R* =X
o2 +(L—-1)-02,+L(M=-1) 02 Nr- O™ +Np-O" +Np-O™
Costfunction mr T ( ) o p ( ) o g 1-Q] +Np-Qp +Np-Qp
LM Ny + Np + Np
Constraint R;+(L—1)Rp+ L(M —-1)Rg = LM-R N;R;+ NpRp+ NgRp = R
1
Codinggain Grpp = =T (not given in an explicit form)
5 . [BOD 3T
P(M)IM - [ M—l]
. ) L-1 M-1 R
Bitallocation | Ry = R — LM log, P(M) — ETY; log, B(M) Ry = pe = pe =
1+ Np (X_II’) ma 4 Np (X_zla)—1+ma
L(M—-1)+1 M-1 R
Rp = R+ ———————log, P(M) — log, B(M) Rp = —
2LM 2M Np + Ng (;_g) TFma
L-1 M+1 R
Rp = R — mlogzP(M)+ log, B(M) Rp = e
NB+NP (%)1+ma
(fragile for practical use) (including TM5)

more bits to I/P-pictures. This bit assignmenttrategyis not

almighty and causesannoyingdistortionsin B-picturesfor some
imagesequences-However it shouldbenoticedthatthe proposed
algorithmdothis adaptivelyandautomaticallyaccordingo image

sourcecharacteristicavith the help of theoreticalbackgrounds.

Otherimagesequenceare alsoefficiently compressedmprove-
mentsby 0.40dB in TableTennisandby 0.38dB in FlowerGarden
areachievedfor example.

4. CONCLUSIONS

Thispapermresentswo mathematicalrameworkdor thetemporal
predictionstrategyin the MPEG video compressiorstandard.Ta-

ble 1 summarizesnainformulationspresentedn this manuscript.
They convinceus of effectivenesf the bidirectionalprediction
and makeway to developMPEG compressiorcapability to the

full extent.
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