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ABSTRACT

We proposea high-performancenonlinearloop Iter thatreduces
guantizatiomoiseover videoframescomposeaf locally uniform

regions (smooth,high frequeng, texture, etc.) separatedy sin-

gularities.Unlike earlierwork, thedesignediter is notlimited to

blockbasedransformcodersandprovidesarobustsolutionfor in-

traaswell asdifferentiallyencodedrames.Ourformulationbased
onsparsalecompositionallows usto take advantageof thespatial
dependencieimherentin videoframeswhile incorporatingempo-
ral dependenciethroughthe information provided by previously

decodedrames.The proposediter resultsin 10% improvements
in rate (at typical distortions)in combinationwith signi cant vi-

sualquality improvementsgspeciallyaroundsingularities.

1. INTRODUCTION

Loop lters for hybrid video compressiorhave regainedpopular
ity aspartof recenthigh performancerideocompressiostandards
[8, 7]. While they canbedeployedin variousformsto addresdlif-
ferentneedsthe lters of primaryinterestarethosethatareusedo
reducequantizatiomoise/artifictsfrom decodedrames. In such
a capacity the ltered framessere not only asthe nal decoded
outputbut they arealsousedin the predictionloop, allowing the
motioncompensategredictionprocesgo bebasednabetteran-
chor(Figurel).

Traditionally loop lters aredesignedo alleviateblockingar-
tifactsthat appearas discontinuitiesacrosscodedblock bound-
aries. The primary utilized modelis animagehaving smoothly
varying pixel values,andthe designedlters typically consistof
a bankof low-passlters. Usingwell de ned rules,the encoder
decodepairadaptvely choosesnappropriatéow-passlter from
the bank,andobtains Itered frames[8, 7]. Threemainproblems
hampetrthe performancef thesesystems:

1: A smoothimagemodelis not alwaysapplicable.lmagescon-
tainmary singularitiestextures etc. thatarenothandleccorrectly
with thetraditionalapproaches.

2: Thetraditional solutionsare limited to block basedtransform
coderswhichis notapplicablein all scenariosFor example,some
highperformanceoderautilize overlappingransformsn thecom-
pressiorof INTRA frames[7]. While overlappingtransformsare
expectedo provide lessquantizatiorartifacts,they too canbeim-
proved on signi cantly, andit is very bene cial to have a single
Itering solutionthatis applicablein thegenerakase.

3: Traditional ltering solutionsaretypically limitedto 5% im-
provementdn rate(at constandistortion)andtheir visual quality,
especiallyaroundedgesand other singularitiesis poor. Evenin

this eraof high compleity-high performancelgorithms theirin-
clusionin moderncodecss notalwaysa clearcutdecisionfrom a
performancess. complity standpoint.
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Fig. 1. A schematiof a hybrid videocodecutilizing aloop lter.

In thispapemwe proposeanonlineadoop lIter thatis designed
to addresshesdimitations. By utilizing recentadvancesn sparse
signaldecompositionsapproximationanddenoisingwe designa
Iter thatis broadlyapplicable providing robustsolutionsover lo-
cally uniform regionsseparatedy singularities.Our techniques
not limited to block basediransformcodersand offers good per
formancesvenwhenlappedtransformsareused.Furthermorethe
presentediter typically achi?ves 10% or betterimprovements
in rate(attypical distortions)with visualquality superiorto avail-
able methodsespeciallyaroundsingularities. Section2 provides
the main motivationsfor our design. Section3 detailsthe algo-
rithm, followed by Section4 of simulationresultsandconclusion.

2. MOTIVATION

The nonlinear lter proposedn this work exploits a sparseim-
agemodelusinga possiblyovercompletesetof lineartransforms.
At the highestlevel our mainideais similar to thatof established
denoisingtechniquegseefor e.g.,[3, 1]). We would like to eval-
uatean orthonormalineartransformover the decodedrameand



establisradenoisingulein termsof theindividualtransformcoef-

cients. Oncedenoisingis carriedout, aninversetransformgives
usthe denoisedsignal. We canthenrepeatthis operationfor a set
of orthonormaltransformswith eachyieldingadenoisecestimate,
and nally combinetheseestimatesnto anoverall estimatg2, 5].

However, trying to carryoverthis simplerecipe whichis designed
for additive, i.i.d. noiseremoval, to quantizatiomoisereduction
from decompresseddeoframespresentsnary signi cantissues.

1: As notedextensiely in the literature, quantizationnoise has
signi cantly differentpropertiedrom additive, independent..i.d.
noise. Onemustbe muchlesscavalier in choosingdenoisingpa-
rametersandespeciallybe cautiousagainstusingmethodghatare
too dependendnthei.i.d. noisemodel. For example,if oneis us-
ing coefcient thresholdingdeasthenonecannotusemuchof the
sophisticatedhresholdselectionliteraturesincethesetechniques
arevery sensitve to deviationsfrom thei.i.d. noisemodel.

2: High performancevideo codecsutilize a multitude of frame
typesthatarenot amenablédo establishediteratureon still image
denoisingand artifact removal (seefor e.g.,[4, 6] and extensie
referencegherein). Especiallydifferentially compressedrames
posechallengessincethey canbe coarselyquantizedandunless
oneis careful,onemay repeatedlylter theinformationfrom the
anchor

3: While accomplishinghedenoisingrule solelyin thecoefcient
domainwherethe datais expectedto be sparsehasprovento be
agoodideain still images,in video thereis potentiallylucrative
sideinformationavailableby consultingpreviously decompressed
frames.For example,usingmotiontrajectoriesmultiple obsena-
tions of the sametransformcoefcient canbe obtainedfrom tem-
porally correlatedframes. Thesecan be usedin alleviating the
noiseincurredby the currentcoefcient. Standardformulations
cannotaccommodatehis extra informationin a straightforvard
fashion.

The lter derivedin thiswork makesspecialallotmentto these
issuedy formulatingthetransformdomaindenoisingulein terms
of anexpectatiorthataccountdor all of theavailableinformation.
Consideratioris given to compressiorparameters/mode® en-
sureover ltering is keptto a minimum anda re nementstepis
proposedhatimprovesthe expectationcalculation. The endre-
sultis arohbust, high performancelter thatcanreplacetraditional
systemswith signi cant improvementsn both objective andsub-
jective quality metrics.

2.1. Notation

Letx denoteheN 1 vectorcontainingtheoriginal videoframe
pixels. Lety bethevectorcontainingthedecompressegersionof
x. In orderto facilitate easeof notationassumeall sideinforma-
tion (previously decodedrames motionvectors,etc.) andcoding
parameterareencapsulateth a high dimensionavariable
Supposewe are given a setof orthonormaltransformsH 1,
H2, :::;Hwm thatareexpectedto provide sparsedecompositions
of X. Assumeeachtransformis arrangednto anN N matrix.
Thesetof transformscanbe generatedy awavelettransformand
its spatialtranslationspr anovercompleteeomple wavelettrans-
form,oraP P DCTanditsP? 1 spatialtranslationsetc.

3. MAIN ALGORITHM
Letusconcentratenthei™ transformthatproduceshetransform
coefcients di = H;y onthedecompressefiameandthe coef-
cientsc; = H;x ontheoriginal frame. Givend; and , ourtask
is to form an estimate¢; of ¢; that minimizesthe meansquared

errorbetweerthesetwo vectors.Oncethis estimates formedwe
will affect®; = H,; & to form thei™ estimateof x, andthen
usethe®; to determinghe nal overall estimateR with the aid of
amaskfunction (discussedbelon) andour earlierwork that nds
theoptimal estimatecombination[5]. Ouralgorithmbecomes

1) =y,setT
2)fori=1;:::;M
di = Hiy,
¢ = denoising _rule(d;; ;T),
Ri=H; ¢

(4) ® = mask(z;y)
(5) If moreiterationsaredesired,
=R, T =T=2,90to(2)
whereT is athresholdasdiscussedbelow.

The main contritutions of this work is the de ned denoising
rule, the maskfunction, and their integration with the combine
function.

3.1. DenoisingRule

Similar to establisheddenoisingliteraturewe would like to for-
mulatethe estimateusingcoordinate-wis@perationsn transform
domain.Hencewe would lik e to form the estimatet; (j) of ¢ (j)

usingdi(j) and ,forj = 1;:::;N. Sinced;(j) is acompres-
sioncorruptedversionof ¢; (j ) we canwrite
c(j)=di(j)+q() 1)

for somecomplicatederrortermg; (j ) incurreddueto compres-
sion. As elaboratedn [6], unlike the additive i.i.d. noisecase,n
compressiorscenarioghe correlationbetweenrd; (j ) andg; (j ) is
in generahotzeroandis unfortunatelyery dif cult to determine.
We thusadoptthe robustestimatethatis min-maxoptimalfor the
worstcasecross-correlatiobetweend; (j ) andg (j ), whereopti-
mality is in the senseof meansquarecerror. This estimatds
6()= @0) conditionl @
0; otherwise,
andletting E [: : :] denoteexpectation pnecanformulatecondition
1 asthecase

__Elig() d()i%]  Elia()i%] : 3)

Simplifying this expressiorresultsin thedenoisingule

&) = di(j); Ele()il di()i IEG)N]] )
0; otherwise.

We next discussthe calculationof the expectationE[ci(j)j] to
fully de ne this rule. We notethatwhile it is possibleto usethe
calculatedexpectatiordirectly astheestimateor €; (j ), utilizing it
inside Equation(4) typically providesa morerobustsolutiondue
to unavoidabledeviationsfrom modelingassumptions.

3.1.1. ExpectationCalculation

The expectationcalculationwe proposeis basedon generatinga
setS; (j ) of samplevaluesfor the coefcient c; (j ), andobtaining
anexpectatiorover thisset.Leth;; bethei™ row of H i, i.e.,the
basisfunctionwhichwhenappliedto x generates; (j ).

In orderto accommodatdifferentially encodedrameshav-
ing SKIP macroblocksor regionsin y that areidenticalto pre-
viously ltered frames,we rst checkif the spatial supportof
hi; is completelywithin sucha region. If this is the casewe
setE[ci(j)j] = di(j) sothatthe coefcient doesnot undego
further Itering. This stepis notnecessaryor INTRA frames.

Assuminglocally uniform statistics,we can populateS; (j )
with reasonablelementsy shifting hi; ina+=  k neighbor
hoodaroundits defaultspatiallocationandobtaining(2k + 1)? co-
ef cients thatarethe scalamproductsof the shiftedbasisfunctions



with . For very smallvaluesof k, thesecoefcients areexpected
to bedistributedsimilarto ¢; (j ) andbe heavily correlatedwith it.

Wethusobtain(2k+ 1)? elementgor S; (j ). (Withk 0, obsere

thatS; (j ) containsatleastoneelement).However, sincetheseel-

ementsareall corruptedwith quantizatiomoise,we applya hard-
thresholdinghonlinearityusingathresholdo preprocesthembe-
fore inclusionto S;(j ). This thresholdis modulatedaroundthe

givenT basedbnthecompressioparametersf themacroblocks
thath;; overlaps.PleaseseeSection3.5for furtherdetails.While

we have notdoneso, notethatfurtherpreprocessingf S; (j ) may
allow oneto constructmorerohustestimates.

If the currentframeis a differentially codedframefor which
motioninformationis availablefor all the pixelsin the supportof
hi; , we canobtainmatchingcoefcients from previously decoded
and ltered framesandaddthemto S;(j ).

After Si (j ) is constructedn this fashion performinganaver
ageof its elementsjieldsE[ci(j)j ] -

3.2. The Combine Function

Oncethe estimateR; areobtainedwe cansimply averagethese
denoisedstimateso form anoverall estimate However, asshovn
in [5], doingweightedaveragingusingperpixel optimalweightsis
moreadwantageous(While thework in [5] considers.i.d. noise,
the derivationis crosscorrelationrobustasneedecherewhenthe
derivedweightssumto one).In our experimentsve have usedthe
“signi cant-only” weightedaveragingmethodderivedin [5] with
weightsconstrainedo sumto one.

3.3. Mask Function

With macroblockbasedodeconeencountersnary casesvherea
differentially codedframehasSKIP macroblockgincludingmac-
roblocksfor which therearemotionvectorsbut notransmittedco-
ef cients). This resultsin situationswherethereare side-by-side
macroblockghat have previously Itered databut with anappar
entdiscontinuityalongtheir boundarieglueto block motion dif-
ferences.Theloop lter mustclearly alleviate this arti cial dis-
continuitywithoutover ltering insideeachmacroblock.

While the initial checkperformedin Section3.1.1 provides
somemeansof reducingover ltering in suchcaseswe de ne a
mask function that determineshe pixels which should not un-
dego ltering. The maskfunctionis appliedat the end,oncethe
combine functionhasgeneratedts estimate In short,if the mask
for apixelis setto 1 the nal Itered valueis copiedfrom theout-
put of the combine function, otherwisethe nal ltered valueis
setto thevalueprovidedby y.

Themaskfunctionis determinedasfollows. For intra frames
the maskfunctionis 1 on all pixels. Otherwise the compression
modesaroundeachmacroblockboundaryis usedto determinea
rectangulasstampover the boundaryon which the maskfunction
will bel. Thisrectangulastampis of thicknes<2! , extendingfor
| pixelson bothsidesof the boundary PleaseseeSection3.5 for
furtherdetailson the determinatiorof the maskfunction.

3.4. Re ned Estimates

The expectationcalculationof Section3.1.linitially uses =y
to determinethe setsS; (j ) andthe expectation.Oncewe have an
estimater of x thatis betterthany, we cantry to obtainare ned
estimateby setting = 2R andreducingthe basethresholdT . We
have obsened that affecting an extra re nementiterationin this
fashionimproves performanceand our simulationsin Section4
utilize onesuchiteration.

3.5. Details
For completenessve list somespeci ¢ valuesand conditionals
usedin generatingheresultsof this paper Theinitial basethresh-
old T is setto half the quantizerstepsizeasdeterminedrom the
codecguantizatiorparametef QP ” or othersimilar value.

Inimplementinghedecisiorrulesbelowv wedistinguishamong
six differentmacroblock(MB) typesthat are similar acrossvari-
ouscodecs.INTRAQ: are MBs encodedn the intra mode, PQ:
aredifferentially codedMBs with at leasttwo nonzerotransmit-
ted coefcients, PQM: aredifferentially codedMBs having only
one nonzerotransmittedcoefcient but with a large motion dif-
ferencewith respectto a horizontal or vertical neighbor PQ1:
are differentially codedMBs having only one nonzerotransmit-
ted coefcient anda small (honzero)motion difference, SKIPM:
aredifferentiallycodedViBs having notransmitteccoefcients but
with alargemotiondifference SKIP: aredifferentiallycodedMBs
having no transmittedcoefcients anda small motion difference,
OTHER: all otherMBs.

Thecoefcient basedhresholdsaredeterminedasfollows:

if hij overlapsanINTRAQ oraPQoraPQMMB
thethresholdremainsT ,

elseif hj; overlapsaPQ1MB
thethresholdbecomes=8T,

elseif h;; overlapsa SKIPM or aSKIP MB,
thethresholdboecomed=2T,

else
hij passesheinitial checkandE[ci(j)j] = di(j).

AssumingB B macroblockstheconditionalusedfor deter
mining| in thereportedsimulationss givenby:

if aboundaryis next to anINTRAQ oraPQoraPQM MB,

| = B=2,

elseif aboundaryis next to aPQZlor a SKIPM or a SKIP MB,
| = B4,

else
I =0.

4. SIMULATION RESULTS AND CONCLUSION

Figures2 and3 show rate-distortiorandvisual quality resultson
QCIF sequencessingan h.264type codecthat utilizes a lapped
transformon INTRA frames(the baselinerate-distortionof the
codeds comparabléo thecorrespondindpaselindor h.264).The
“Baseline”resultsdo not utilize aloop lter. The“Loop” results
useabankof low passlters similarto[8, 7] with thecompression
modeof theblocksdetermininghe lters appliedto block bound-
aries.The“Proposed_oop” resultscontainthe proposedvork. In
orderto curbprocessingompleity thedenoisingransformson-
sistofa4 4 DCT andits translationsk = 0, andno previously
decodedrameinformationis utilized. Onere nementiterationis
carriedout. No quantizerconstrainthave beenenforced.Theim-
plementatioris all-integer, usingfasttransformsaandfastovercom-
pletetransforms.The computationatomplexity of the algorithm
is about20% of the decodercompleity. 400 framesof foreman
and450 framesof carhave beenencodedn theIPPR.. pattern.

As canbeseenfrom the gures, theproposedoop Iter deliv-
ersconsistentmprovementsn the 10% rangeandoffers substan-
tial visual quality improvements.The Iter effectsareespecially
pronouncedhroundsharpedges.n particular asthe carsequence
illustrates, texture and edgeinformationis presered while arti-
factsaresuppressedlheshowvn visualqualityresultsareat 100
kbpsfor foremanand 300 kbpsfor car(theloop Itered results



are at slightly reducedrate). The resultsare typical on a much
largersequencelatabase.

Due to our limited experiencewith the referenceh264 soft-
ware we were not ableto obtainthe necessarglatastructuresto
facilitateour decisionrules. We thusencodedoremanandcarin
INTRA mode(h264- JM9.5),andappliedthe proposedalgorithm
asapostprocessindter . Theresultsareillustratedin Tablel.

Our resultsdo not utilize the proposedramework fully since
we have not addedthe sideinformationfrom previously decoded
frames andourconstructiorof thesetsS; (j ) andtheirpreprocess-
ing areat the mostbasiclevel. We expectour resultsto improve
with theincorporationof moresophisticateghrocessing.
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Fig. 2. Rate-Distortiorresultson ForemanandCar.
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Foremanr QP [ 20 24 28] 32| 36|

[h264*(dB) [ 42.94 [ 39.57 | 36.55] 33.49 [ 30.70 |
h264 -10| +01| +05| +.15| +.25
Proposed +14 | +29| +43| +51| +.52

[ Car-QP [ 20] 24] 28] 32] 36]

[h264*(dB) [ 43.48] 40.17 | 37.00] 33.75 [ 30.81 |
h264 -01| +.07| +09| +.18| +.26
Proposed +23| +35| +42| +46| +.46

Table 1. Improvementsn PSNRon foremanandcar usingh264
andtheproposedvork with all framesencodedsINTRA. "h264”
(JM9.5) usesdefault encodingparameters.“h264*” resultsare
with theloop lter disabled.Proposediter operate®ntheoutput
of h264*.

(a) Foreman Car: Baseling(noloop), Y:35.58dB- Y:35.55dB

(b) With loop lter (bankof low passlters), Y:35.73dB- Y:35.70dB

(c) With proposedoop lter, Y:35.87dB- Y:35.97dB.
Fig. 3. VisualQuality Resultson Differentially CodedP Frames.



