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Abstract

Guaranteein@ certainlevel of quality for multimediastream-
ing applicationsis quite well understoodn termsof network

QoS,but it is muchmoretenuousn termsof perceptuatjuality
asperceved by the user In this paper we classifyvideo qual-
ity measuremergchemesndreview existing approachewith

a focuson non-intrusve quality metrics,which do not require
accesgo thereferencevideo. In particular we evaluatethree
differentno-referencélockinessnetricsandcompareheirper

formance.
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1. Intr oduction

The developmentof powerful compressioralgorithmsandthe
rapid growth of network resourceshave facilitatedthe wide-
spreaddistribution of video and multimediain digital form.
Keepingthe bandwidthand storagerequirementgo a mini-
mum while maintaininggood visual quality hasbeenthe pri-
ority in thedesignof new digital videosystemsandguarantee-
ing acertainlevel of quality is animportantconcerrfor content
providers.

Variationsin quality aredueto lossycompressiomswell as
transmissiorerrors,which bothleadto artifactsin thereceved
material. Theamountandvisibility of thesedistortionsstrongly
dependon the actualvideocontent.The accurataneasurement
of quality aspercevedby the userhasbecomeoneof thegreat
challenges.

Naturally the benchmarKor ary kind of video quality as-
sessmerdiresubjectve experimentsywhereanumberof people
areasled to watchtestclips andto ratetheir quality. Several
proceduredor suchexperimentshave beenformalizedin ITU-
R RecommendatioBT.SOO[E], which suggeststandardiew-
ing conditions,criteria for the selectionof obseners andtest
material, assessmenproceduresand data analysismethods.
The problemwith subjectve experimentsis thatthey they are
time-consuminghenceexpensve and often impractical. Fur-
thermorefor mary applicationge.g.onlinequality monitoring
andcontrol) subjectve experimentsannotbe usedat all.

Giventhesdimitations,engineerdiave turnedto simpleer
ror measuresuchasmeansquarecerror(MSE) or peaksignal-
to-noiseratio (PSNR), suggestinghat they would be equally
valid. However, thesesimple measure®peratesolely on the
basisof pixel-wise differencesand ngglect the imact of video

contentandviewing conditionson the actualvisibility of arti-
facts. Therefore their predictionsoften do not agreewell with
perceved quality.

Another way to perform objectve measurementef data
transmissioris looking atbit errorrate(BER), pacletlossratio
(PLR) andothernetwork-relatedparametersEstablishingand
maintaininga certainlevel of network quality of service(QoS)
for differentapplicationsis a very actve researchareaat the
momeni{ﬂ,@], but againthe measurementsndprotocolsused
thereareobliviousto the actualcontentbeingtransmittedover
the network andhave no directrelationto the video quality as
percevedby theuser

2. Video Quality Metrics

The shortcomingsof thesemethodsled to the study of more
adwancedperceptuabjuality metricsin recentyears.An up-to-
datereview of suchmetricscanbe foundin [[L7]. In principle,
two differentapproachesanbedistinguished:

Approachesasedon modelsof the humanvisual system
are the mostgeneraland potentially most accurateones[@].
Examplesof suchmetricsaredescribedn [ff, f,[L6] amongoth-
ers. However, the humanvisual systemis extremely comple,
andmary of its propertiesare not well understoodventoday
Besidesjmplementingthesemodelsis computationallyexpen-
sive dueto their compleity.

Ontheotherhand metricsneednotnecessarilyely ongen-
eralmodelsof thehumarnvisualsystemthey canexploit apriori
knowledgeaboutthe compressiomndtransmissiormethodsas
well asthe pertinenttypesof artifactsusingad-hoctechniques
or simplespecializedsision models.Examplef suchspecial-
izedmetricsinclude[f], 4. While suchmetricsarenotasver-
satile,they normally performwell in a given applicationarea.
Their main adwantagelies in the factthatthey often permita
computationallymoreefficientimplementation.

Several of thesevideo quality metrics were compared
against subjectve ratings for a well-defined set of test se-
guencesin an ambitious performanceevaluation undertalen
by the Video Quality ExpertsGroup (VQEG). The work and
findings of VQEG are describedn [[4] andin the groups fi-

nal report in_more detail. Consult VQEG's web site
ttp:/  /www.crc.ca/vgeqg/ for anoverview of its current
actwities.

2.1. Out-of-Servicevs. In-Service Metrics

The emphasisof most metricstoday is out-of-servicetesting
(seeFigure E), wherethe full referencevideo is available to
the metrics. This is quite a severe restrictionon the kind of
applicationssucha metriccanbe usedfor, however.


http://www.crc.ca/vqeg/
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Figure2: Out-of-serviceestingof a system.

In-servicemetrics,which aredesignedo monitorandcon-
trol systemswhile they arein operationaremuchmorepower-
ful. They canbeusedto carry out measurementat practically
ary point of the transmissiorchain. This is a particularlyim-
portantissuein multimediastreamingapplications.The setup
canbe intrusive or not, dependingon the objective of the test
andthe natureof the testing methodology;FigureEI illustrates
both cases.The correspondingnetricsare oftenreferredto as
reduced-referencandno-referencenetrics,respectiely.

The factthat the full referencevideo is usually not avail-
ablefor comparisormakesan accurateassessmemhuchmore
difficult for in-servicemetrics. Therefore,the algorithmsare
generallybasedon somea priori knowledge aboutthe scene
content,the compressioimethodand/orthe expectedartifacts.
Several methodshave beenproposedecently[ﬂ,@]. Most of
themaim atidentifying certainfeaturesn asceneandassessing
their distortion. They alsotake into accountknowledgeof the
compressiomethodandthe correspondingrtifacts(a detailed
overview of typicalvideocompressiomrtifactsandtheir causes
canbefoundin @]).

3. BlockinessMetrics

Oneof themostcommonartifactsin compressedideois block-
iness.Blockinessmanifeststself asthe appearancef a block
structurein the video. It is causedby block-basedcoding
schemesuchasH.261,H.263,MPEG-1,MPEG-2andMPEG-
4,whichcomputeheDCT onevery 8£ 8 blockin theimageand
guantizeeachblock's coeficientsseparately

A numberof blockinessmetricshave beenproposec{ﬂ, ﬂ

, but thesetechniquesequireaccesgo the referencémage
or video. We have implementedhreeno-referencélockiness
metricsrecentlyproposedn theliterature:

3.1. VlachosMetric

Vlachos[E] usesan algorithmbasedon the cross-correlation
of subsampledmages. The samplingstructureis chosensuch
thatevery sub-imagecontainsonespecificpixel from each8£ 8
block. Four sub-imagesare constructedrom the four corner
pixels of eachblock. Four more sub-imagesare constructed
from four neighboringpixels in the top left corner of each
block. Finally, the cross-correlationemongthe former four

sub-imagesrenormalizedby the cross-correlationamongthe
latterfour sub-imageso yield a measuref blockiness.

3.2. Wang-Bovik-EvansMetric

Wang,Bovik andEvans[E] modelthe blocky imageasanon-
blocky imageinterferedwith a pureblocky signal. They apply
1-D FFTsto horizontalandvertical differencesignalsor rows
andcolumnsin theimageto estimateheaveragehorizontaland
verticalpower spectraPeaksn thesespectradueto 8£ 8 block
structuresareidentified by their locationsin the spectra. The
power spectraof theunderlyingnon-block/ imagesareapprox-
imated by median-filteringthesecurves. The overall blocki-
nessmeasuras thencomputedasthe differencebetweerthese
power spectraat the locationsof the peaks.The integrationof
visualmaskingeffectsis briefly describedaswell.

3.3. Wu-Yuen Metric

Wu and Yuen [E] measurethe horizontaland vertical differ-

encesbetweenthe columnsandrows at all 8£ 8 block bound-
aries. Weightsfor taking into accountperceptualuminance-
and texture-maskingeffects are derived from the meansand
standarddeviations of the blocks adjacentto eachboundary
Theresultingmeasurés normalizedby anaverageof the same
measuresomputedat non-boundargolumnsandrows.

3.4. Experiments and Discussion

To verify and comparetheseblockinessmetrics,testclips de-
scribedin [[L§] wereused. The testscenesaretaken from the
VQEG set[[L1] and are 8 seconddong with a frame rate of
25 Hz. They were de-interlacedcand subsampledo a resolu-
tion of 36CE 288 pixels perframefor progressie displayon a
computerscreen.The Microsoft MPEG-4codec(version2) at
1 Mb/s andthe SorensorVideo codec(version2.11)at 2 Mb/s
wereusedto createthetestsequencesSampleframesfrom the
"racecar”clip areshovn in Figuref.

The resultsproducedby our implementationof the three
abave-mentionedlockinessmetricsareshavn in Figure. We
have runthealgorithmsalsoonthe uncompressedip for com-
parisonpurposesPerceptuallythetestsequencstartsoutprac-
tically devoid of blockingartifacts;blocksstartappearingabout
halfway through peakingsoonafteranddecreasinglightly to-
wardstheend. Theuncompressedip exhibits noblockinessat
all. Theevolution overtime predictedby theblockinessmetrics
thuscorrespondsguitewell to percevedblockiness.

On the other hand, two of the three algorithmsrate the
blockinesgproduceddy the Sorensorcodecsignificantly lower
thanthe MPEG-4codecwhile visually theoppositeis true. An
explanationfor this is that the extremeblocking artifactspro-
ducedby the Sorensorcodecremove mary of theintensitydif-
ferencesatblock boundariesvhichthealgorithmsrely on. Fur



thermore,it addsmary blocksof size 16£ 16, while the algo-
rithmsaretunedfor 8£ 8 blocks. Thesharpdropsatframenum-
bers125,150and175for this sequencaredueto thekeyframe
interval of 1 secondandaninspectionof theseframesreveals
thatthey really exhibit no blockingartifacts.

Vlachos'metricshavstheleastdistinctionbetweertheun-
compresse@ndthe compressedequencesHowever, it must
be notedthatwe choseto implementthe cross-correlations a
differentmanner which may be responsibldor this belon-par
predictionperformance.

One commondrawback of all threeblockinessmetricsis
thattheexactlocationof blockboundariesnustbeknown. Spa-
tial shifts of the block structurewith respecto the origin are
assumedo be zero,which may not alwaysbe the case. Like-
wise, blocks not alignedwith the 8£ 8 grid will not be recog-
nized. Furthermorenoneof the metricsareexplicitly targeted
atvideo,asthey proceseachframeseparatelyThus,theeffect
of motionon block visibility in videois nottakeninto account.

4. Conclusions

Perceptuatjuality measuremerttasbecomea very active area
of research. Full-referenceout-of-servicemetrics are rather
well established;current efforts focus on reduced-and no-
referencemetrics, which are requiredfor in-servicemeasure-
ment,monitoringandcontrol. While mostexisting video qual-
ity metricsstill focuson television productionand broadcast,
somearebeginningto targetmultimediaapplicationswhichare
muchlessconstrainedThealgorithmsandmetricsreviewedin
this paperrepresenimportantstepsowardscomprehensie no-
referencevideoquality metrics.
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(a) Uncompressed

(b) Microsoft MPEG-4codec

(c) SorensorVideocodec

Figure3: Framefrom "racecar”testclip.
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(b) Wang-Bwik-Evansmetric[13]
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(c) Wu-Yuenmetric[20]

Figure4: Comparisorof blockinesametrics.



