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ABSTRACT
Weproposeahigh-performance,nonlinear, loop�lter thatreduces
quantizationnoiseovervideoframescomposedof locally uniform
regions(smooth,high frequency, texture, etc.) separatedby sin-
gularities.Unlike earlierwork, thedesigned�lter is not limited to
blockbasedtransformcodersandprovidesarobustsolutionfor in-
traaswell asdifferentiallyencodedframes.Ourformulationbased
onsparsedecompositionsallowsusto takeadvantageof thespatial
dependenciesinherentin videoframeswhile incorporatingtempo-
ral dependenciesthroughthe informationprovidedby previously
decodedframes.Theproposed�lter resultsin 10%improvements
in rate(at typical distortions)in combinationwith signi�cant vi-
sualquality improvements,especiallyaroundsingularities.

1. INTRODUCTION
Loop �lters for hybrid videocompressionhave regainedpopular-
ity aspartof recenthighperformancevideocompressionstandards
[8, 7]. While they canbedeployedin variousformsto addressdif-
ferentneeds,the�lters of primaryinterestarethosethatareusedto
reducequantizationnoise/artifactsfrom decodedframes.In such
a capacity, the �ltered framesserve not only asthe �nal decoded
outputbut they arealsousedin the predictionloop, allowing the
motioncompensatedpredictionprocessto bebasedonabetteran-
chor(Figure1).

Traditionally, loop�lters aredesignedto alleviateblockingar-
tifacts that appearas discontinuitiesacrosscodedblock bound-
aries. The primary utilized model is an imagehaving smoothly
varying pixel values,andthe designed�lters typically consistof
a bankof low-pass�lters. Usingwell de�ned rules,theencoder-
decoderpairadaptivelychoosesanappropriatelow-pass�lter from
thebank,andobtains�ltered frames[8, 7]. Threemainproblems
hampertheperformanceof thesesystems:

1: A smoothimagemodelis not alwaysapplicable.Imagescon-
tainmany singularities,textures,etc.,thatarenothandledcorrectly
with thetraditionalapproaches.

2: The traditionalsolutionsare limited to block basedtransform
coderswhich is notapplicablein all scenarios.For example,some
highperformancecodersutilizeoverlappingtransformsin thecom-
pressionof INTRA frames[7]. While overlappingtransformsare
expectedto provide lessquantizationartifacts,they toocanbeim-
proved on signi�cantly, andit is very bene�cial to have a single
�ltering solutionthatis applicablein thegeneralcase.

3: Traditional�ltering solutionsaretypically limited to � 5% im-
provementsin rate(at constantdistortion)andtheir visualquality,
especiallyaroundedgesandothersingularitiesis poor. Even in

thiseraof highcomplexity-high performancealgorithms,their in-
clusionin moderncodecsis notalwaysaclear-cutdecisionfrom a
performancevs. complexity standpoint.
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Fig. 1. A schematicof ahybrid videocodecutilizing a loop �lter .
In thispaperweproposeanonlinearloop�lter thatis designed

to addresstheselimitations.By utilizing recentadvancesin sparse
signaldecompositions,approximation,anddenoisingwe designa
�lter thatis broadlyapplicable,providing robustsolutionsover lo-
cally uniform regionsseparatedby singularities.Our techniqueis
not limited to block basedtransformcodersandoffers goodper-
formanceevenwhenlappedtransformsareused.Furthermore,the
presented�lter typically achieves� 10% or betterimprovements
in rate(at typical distortions)with visualquality superiorto avail-
ablemethods,especiallyaroundsingularities.Section2 provides
the main motivationsfor our design. Section3 detailsthe algo-
rithm, followedby Section4 of simulationresultsandconclusion.

2. MOTIVATION
The nonlinear�lter proposedin this work exploits a sparseim-
agemodelusinga possiblyovercompletesetof lineartransforms.
At thehighestlevel our main ideais similar to thatof established
denoisingtechniques(seefor e.g.,[3, 1]). We would like to eval-
uateanorthonormallinear transformover thedecodedframeand



establishadenoisingrulein termsof theindividualtransformcoef-
�cients. Oncedenoisingis carriedout,aninversetransformgives
usthedenoisedsignal.We canthenrepeatthis operationfor a set
of orthonormaltransformswith eachyieldingadenoisedestimate,
and�nally combinetheseestimatesinto anoverall estimate[2, 5].
However, trying to carryoverthissimplerecipe,whichis designed
for additive, i.i.d. noiseremoval, to quantizationnoisereduction
from decompressedvideoframespresentsmany signi�cant issues.

1: As notedextensively in the literature,quantizationnoisehas
signi�cantly differentpropertiesfrom additive, independent,i.i.d.
noise.Onemustbemuchlesscavalier in choosingdenoisingpa-
rametersandespeciallybecautiousagainstusingmethodsthatare
too dependenton thei.i.d. noisemodel.For example,if oneis us-
ing coef�cient thresholdingideas,thenonecannotusemuchof the
sophisticatedthresholdselectionliteraturesincethesetechniques
areverysensitive to deviationsfrom thei.i.d. noisemodel.

2: High performancevideo codecsutilize a multitude of frame
typesthatarenot amenableto establishedliteratureon still image
denoisingandartifact removal (seefor e.g., [4, 6] andextensive
referencestherein). Especiallydifferentially compressedframes
posechallengessincethey canbe coarselyquantized,andunless
oneis careful,onemayrepeatedly�lter the informationfrom the
anchor.

3: While accomplishingthedenoisingrulesolelyin thecoef�cient
domainwherethe datais expectedto be sparsehasproven to be
a goodideain still images,in video thereis potentiallylucrative
sideinformationavailableby consultingpreviouslydecompressed
frames.For example,usingmotiontrajectories,multiple observa-
tionsof thesametransformcoef�cient canbeobtainedfrom tem-
porally correlatedframes. Thesecan be usedin alleviating the
noiseincurredby the currentcoef�cient. Standardformulations
cannotaccommodatethis extra information in a straightforward
fashion.

The�lter derivedin thiswork makesspecialallotmentto these
issuesby formulatingthetransformdomaindenoisingrulein terms
of anexpectationthataccountsfor all of theavailableinformation.
Considerationis given to compressionparameters/modesto en-
sureover�ltering is kept to a minimum anda re�nement stepis
proposedthat improvesthe expectationcalculation. The endre-
sult is a robust,highperformance�lter thatcanreplacetraditional
systemswith signi�cant improvementsin bothobjective andsub-
jectivequalitymetrics.
2.1. Notation
Let x denotetheN � 1 vectorcontainingtheoriginalvideoframe
pixels.Let y bethevectorcontainingthedecompressedversionof
x. In orderto facilitateeaseof notationassumeall sideinforma-
tion (previously decodedframes,motionvectors,etc.)andcoding
parametersareencapsulatedin ahighdimensionalvariable	 .

Supposewe are given a set of orthonormaltransformsH 1 ,
H 2 , : : : ; H M thatareexpectedto provide sparsedecompositions
of x. Assumeeachtransformis arrangedinto anN � N matrix.
Thesetof transformscanbegeneratedby awavelettransformand
its spatialtranslations,or anovercompletecomplex wavelettrans-
form, or aP � P DCT andits P 2 � 1 spatialtranslations,etc.

3. MAIN ALGORITHM
Let usconcentrateonthei th transformthatproducesthetransform
coef�cients di = H i y on thedecompressedframeandthecoef�-
cientsci = H i x on theoriginal frame. Givendi and	 , our task
is to form an estimateĉi of ci that minimizesthe meansquared

errorbetweenthesetwo vectors.Oncethis estimateis formedwe
will affect x̂ i = H � 1

i ĉi to form the i th estimateof x, andthen
usethex̂ i to determinethe�nal overall estimatêx with theaid of
a maskfunction(discussedbelow) andour earlierwork that �nds
theoptimalestimatecombination[5]. Ouralgorithmbecomes

(1) � = y, setT
(2) for i = 1; : : : ; M

di = H i y,
ĉi = denoising r ul e(di ; � ; T ),
x̂ i = H � 1

i ĉi

(3) z = combine(x̂1 ; : : : ; x̂M )
(4) x̂ = mask(z; y)
(5) If moreiterationsaredesired,

� = x̂, T = T=2, goto(2)

whereT is a thresholdasdiscussedbelow.
The main contributionsof 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-
mulatetheestimateusingcoordinate-wiseoperationsin transform
domain.Hencewe would like to form theestimatêci (j ) of ci (j )
usingdi (j ) and	 , for j = 1; : : : ; N . Sincedi (j ) is a compres-
sioncorruptedversionof ci (j ) wecanwrite

ci (j ) = di (j ) + qi (j ) (1)
for somecomplicatederror term qi (j ) incurreddueto compres-
sion. As elaboratedin [6], unlike theadditive i.i.d. noisecase,in
compressionscenariosthecorrelationbetweendi (j ) andqi (j ) is
in generalnotzeroandis unfortunatelyverydif�cult to determine.
We thusadopttherobustestimatethat is min-maxoptimalfor the
worstcasecross-correlationbetweendi (j ) andqi (j ), whereopti-
mality is in thesenseof meansquarederror. Thisestimateis

ĉi (j ) =

�
di (j ); condition1
0; otherwise, (2)

andlettingE [: : :] denoteexpectation,onecanformulatecondition
1 asthecase

E [jci (j ) � di (j )j2 j	] � E [jci (j )j2 j	] : (3)
Simplifying thisexpressionresultsin thedenoisingrule

ĉi (j ) =

�
di (j ); jE [ci (j )j	] � di (j )j � jE [ci (j )j	] j
0; otherwise. (4)

We next discussthe calculationof the expectationE [ci (j )j	] to
fully de�ne this rule. We notethat while it is possibleto usethe
calculatedexpectationdirectlyastheestimatefor ĉi (j ), utilizing it
insideEquation(4) typically providesa morerobustsolutiondue
to unavoidabledeviationsfrom modelingassumptions.
3.1.1. ExpectationCalculation
The expectationcalculationwe proposeis basedon generatinga
setSi (j ) of samplevaluesfor thecoef�cient ci (j ), andobtaining
anexpectationover thisset.Let h i;j bethei th row of H i , i.e., the
basisfunctionwhichwhenappliedto x generatesci (j ).

In order to accommodatedifferentially encodedframeshav-
ing SKIP macroblocksor regions in y that are identical to pre-
viously �ltered frames,we �rst check if the spatial supportof
hi;j is completelywithin sucha region. If this is the casewe
setE [ci (j )j	] = di (j ) so that the coef�cient doesnot undergo
further�ltering. Thisstepis notnecessaryfor INTRA frames.

Assuminglocally uniform statistics,we can populateSi (j )
with reasonableelementsby shifting h i;j in a + = � k neighbor-
hoodaroundits defaultspatiallocationandobtaining(2k+ 1)2 co-
ef�cients thatarethescalarproductsof theshiftedbasisfunctions



with � . For very smallvaluesof k, thesecoef�cients areexpected
to bedistributedsimilar to ci (j ) andbeheavily correlatedwith it.
Wethusobtain(2k+ 1)2 elementsfor Si (j ). (With k � 0, observe
thatSi (j ) containsat leastoneelement).However, sincetheseel-
ementsareall corruptedwith quantizationnoise,weapplyahard-
thresholdingnonlinearityusinga thresholdto preprocessthembe-
fore inclusion to Si (j ). This thresholdis modulatedaroundthe
givenT basedon thecompressionparametersof themacroblocks
thathi;j overlaps.PleaseseeSection3.5for furtherdetails.While
wehavenotdoneso,notethatfurtherpreprocessingof Si (j ) may
allow oneto constructmorerobustestimates.

If thecurrentframeis a differentiallycodedframefor which
motioninformationis availablefor all thepixels in thesupportof
hi;j , wecanobtainmatchingcoef�cients from previouslydecoded
and�ltered framesandaddthemto Si (j ).

After Si (j ) is constructedin this fashion,performinganaver-
ageof its elementsyieldsE [ci (j )j	] .

3.2. The CombineFunction

Oncetheestimateŝx i areobtained,we cansimply averagethese
denoisedestimatesto form anoverallestimate.However, asshown
in [5], doingweightedaveragingusingperpixel optimalweightsis
moreadvantageous.(While thework in [5] considersi.i.d. noise,
thederivation is crosscorrelationrobustasneededherewhenthe
derivedweightssumto one).In ourexperimentswehaveusedthe
“signi�cant-only” weightedaveragingmethodderived in [5] with
weightsconstrainedto sumto one.

3.3. Mask Function

With macroblockbasedcodecsoneencountersmany caseswherea
differentiallycodedframehasSKIPmacroblocks(includingmac-
roblocksfor which therearemotionvectorsbut no transmittedco-
ef�cients). This resultsin situationswherethereareside-by-side
macroblocksthathave previously �ltered databut with anappar-
ent discontinuityalongtheir boundariesdueto block motion dif-
ferences.The loop �lter mustclearly alleviate this arti�cial dis-
continuitywithoutover�ltering insideeachmacroblock.

While the initial checkperformedin Section3.1.1 provides
somemeansof reducingover�ltering in suchcases,we de�ne a
mask function that determinesthe pixels which shouldnot un-
dergo �ltering. Themaskfunction is appliedat theend,oncethe
combine functionhasgeneratedits estimate.In short,if themask
for apixel is setto 1 the�nal �ltered valueis copiedfrom theout-
put of the combine function,otherwisethe �nal �ltered valueis
setto thevalueprovidedby y.

Themaskfunctionis determinedasfollows. For intra frames
the maskfunction is 1 on all pixels. Otherwise,the compression
modesaroundeachmacroblockboundaryis usedto determinea
rectangularstampover theboundaryon which themaskfunction
will be1. This rectangularstampis of thickness2I , extendingfor
I pixelson bothsidesof theboundary. PleaseseeSection3.5 for
furtherdetailson thedeterminationof themaskfunction.

3.4. Re�ned Estimates

The expectationcalculationof Section3.1.1initially uses� = y
to determinethesetsSi (j ) andtheexpectation.Oncewe have an
estimatêx of x that is betterthany, we cantry to obtaina re�ned
estimateby setting� = x̂ andreducingthebasethresholdT . We
have observed that affecting an extra re�nement iteration in this
fashionimproves performanceand our simulationsin Section4
utilize onesuchiteration.

3.5. Details
For completenesswe list somespeci�c valuesand conditionals
usedin generatingtheresultsof thispaper. Theinitial basethresh-
old T is setto half thequantizerstepsizeasdeterminedfrom the
codecquantizationparameter“QP ” or othersimilar value.

In implementingthedecisionrulesbelow wedistinguishamong
six differentmacroblock(MB) typesthat aresimilar acrossvari-
ouscodecs. INTRAQ: areMBs encodedin the intra mode,PQ:
aredifferentially codedMBs with at leasttwo nonzerotransmit-
ted coef�cients, PQM: aredifferentially codedMBs having only
one nonzerotransmittedcoef�cient but with a large motion dif-
ferencewith respectto a horizontal or vertical neighbor, PQ1:
aredifferentially codedMBs having only onenonzerotransmit-
ted coef�cient anda small (nonzero)motion difference,SKIPM:
aredifferentiallycodedMBs having notransmittedcoef�cients but
with alargemotiondifference,SKIP:aredifferentiallycodedMBs
having no transmittedcoef�cients anda smallmotiondifference,
OTHER:all otherMBs.

Thecoef�cient basedthresholdsaredeterminedasfollows:

if hi;j overlapsanINTRAQ or aPQor aPQMMB
thethresholdremainsT ,

elseif hi;j overlapsaPQ1MB
thethresholdbecomes7=8T ,

elseif hi;j overlapsaSKIPM or aSKIPMB,
thethresholdbecomes1=2T ,

else
hi;j passestheinitial checkandE [ci (j )j	] = di (j ).

AssumingB � B macroblocks,theconditionalusedfor deter-
mining I in thereportedsimulationsis givenby:

if aboundaryis next to anINTRAQ or aPQor aPQMMB,
I = B =2,

elseif aboundaryis next to aPQ1or aSKIPM or aSKIPMB,
I = B =4,

else
I = 0.

4. SIMULA TION RESULTS AND CONCLUSION

Figures2 and3 show rate-distortionandvisualquality resultson
QCIF sequencesusingan h.264type codecthat utilizes a lapped
transformon INTRA frames(the baselinerate-distortionof the
codecis comparableto thecorrespondingbaselinefor h.264).The
“Baseline” resultsdo not utilize a loop �lter . The “Loop” results
useabankof low pass�lters similar to [8, 7] with thecompression
modeof theblocksdeterminingthe�lters appliedto blockbound-
aries.The“ProposedLoop” resultscontaintheproposedwork. In
orderto curbprocessingcomplexity thedenoisingtransformscon-
sistof a 4 � 4 DCT andits translations,k = 0, andno previously
decodedframeinformationis utilized. Onere�nementiterationis
carriedout. No quantizerconstraintshave beenenforced.Theim-
plementationis all-integer, usingfasttransformsandfastovercom-
pletetransforms.Thecomputationalcomplexity of thealgorithm
is about20% of the decodercomplexity. 400 framesof foreman
and450framesof carhavebeenencodedin theIPP... pattern.

As canbeseenfrom the�gures, theproposedloop�lter deliv-
ersconsistentimprovementsin the10% rangeandofferssubstan-
tial visual quality improvements.The �lter effectsareespecially
pronouncedaroundsharpedges.In particular, asthecarsequence
illustrates,texture and edgeinformation is preserved while arti-
factsaresuppressed.Theshown visualqualityresultsareat� 100
kbpsfor foremanand� 300kbpsfor car(theloop �ltered results



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

Due to our limited experiencewith the referenceh264soft-
warewe werenot ableto obtainthe necessarydatastructuresto
facilitateour decisionrules. We thusencodedforemanandcar in
INTRA mode(h264- JM9.5),andappliedtheproposedalgorithm
asapostprocessing�lter . Theresultsareillustratedin Table1.

Our resultsdo not utilize theproposedframework fully since
we have not addedthesideinformationfrom previously decoded
frames,andourconstructionof thesetsSi (j ) andtheirpreprocess-
ing areat themostbasiclevel. We expectour resultsto improve
with theincorporationof moresophisticatedprocessing.
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Fig. 2. Rate-DistortionresultsonForemanandCar.
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Foreman- 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. Improvementsin PSNRon foremanandcarusingh264
andtheproposedwork with all framesencodedasINTRA. `h264”
(JM9.5) usesdefault encodingparameters.“h264*” resultsare
with theloop �lter disabled.Proposed�lter operatesontheoutput
of h264*.

(a)Foreman- Car: Baseline(no loop),Y:35.58dB- Y:35.55dB

(b) With loop �lter (bankof low pass�lters), Y:35.73dB- Y:35.70dB

(c) With proposedloop �lter , Y:35.87dB- Y:35.97dB.

Fig. 3. VisualQualityResultsonDifferentiallyCodedPFrames.


