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Abstract

Guaranteeinga certainlevel of quality for multimediastream-
ing applicationsis quite well understoodin termsof network
QoS,but it is muchmoretenuousin termsof perceptualquality
asperceivedby theuser. In this paper, we classifyvideoqual-
ity measurementschemesandreview existing approacheswith
a focuson non-intrusive quality metrics,which do not require
accessto the referencevideo. In particular, we evaluatethree
differentno-referenceblockinessmetricsandcomparetheirper-
formance.
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1. Intr oduction
The developmentof powerful compressionalgorithmsandthe
rapid growth of network resourceshave facilitated the wide-
spreaddistribution of video and multimedia in digital form.
Keepingthe bandwidthand storagerequirementsto a mini-
mum while maintaininggoodvisual quality hasbeenthe pri-
ority in thedesignof new digital videosystems,andguarantee-
ing acertainlevel of quality is animportantconcernfor content
providers.

Variationsin qualityaredueto lossycompressionaswell as
transmissionerrors,which bothleadto artifactsin thereceived
material.Theamountandvisibility of thesedistortionsstrongly
dependon theactualvideocontent.Theaccuratemeasurement
of quality asperceivedby theuserhasbecomeoneof thegreat
challenges.

Naturally, thebenchmarkfor any kind of videoquality as-
sessmentaresubjectiveexperiments,whereanumberof people
areasked to watchtestclips andto ratetheir quality. Several
proceduresfor suchexperimentshave beenformalizedin ITU-
R RecommendationBT.500[2], whichsuggestsstandardview-
ing conditions,criteria for the selectionof observers and test
material, assessmentprocedures,and data analysismethods.
The problemwith subjective experimentsis that they they are
time-consuming,henceexpensive andoften impractical. Fur-
thermore,for many applications(e.g.onlinequalitymonitoring
andcontrol)subjectiveexperimentscannotbeusedatall.

Giventheselimitations,engineershaveturnedto simpleer-
ror measuressuchasmeansquarederror(MSE)or peaksignal-
to-noiseratio (PSNR),suggestingthat they would be equally
valid. However, thesesimple measuresoperatesolely on the
basisof pixel-wisedifferencesandneglect the imact of video

contentandviewing conditionson the actualvisibility of arti-
facts.Therefore,their predictionsoftendo not agreewell with
perceivedquality.

Another way to perform objective measurementsof data
transmissionis lookingatbit errorrate(BER),packet lossratio
(PLR) andothernetwork-relatedparameters.Establishingand
maintaininga certainlevel of network quality of service(QoS)
for different applicationsis a very active researchareaat the
moment[5,12], but again themeasurementsandprotocolsused
thereareobliviousto theactualcontentbeingtransmittedover
thenetwork andhave no direct relationto thevideoquality as
perceivedby theuser.

2. VideoQuality Metrics
The shortcomingsof thesemethodsled to the study of more
advancedperceptualquality metricsin recentyears.An up-to-
datereview of suchmetricscanbefound in [17]. In principle,
two differentapproachescanbedistinguished:

Approachesbasedon modelsof the humanvisual system
are the mostgeneralandpotentiallymostaccurateones[15].
Examplesof suchmetricsaredescribedin [4,9,16] amongoth-
ers. However, thehumanvisual systemis extremelycomplex,
andmany of its propertiesarenot well understoodeven today.
Besides,implementingthesemodelsis computationallyexpen-
sivedueto their complexity.

Ontheotherhand,metricsneednotnecessarilyrely ongen-
eralmodelsof thehumanvisualsystem;they canexploit apriori
knowledgeaboutthecompressionandtransmissionmethodsas
well asthepertinenttypesof artifactsusingad-hoctechniques
or simplespecializedvisionmodels.Examplesof suchspecial-
izedmetricsinclude[8,14]. While suchmetricsarenot asver-
satile,they normally performwell in a given applicationarea.
Their main advantagelies in the fact that they often permit a
computationallymoreefficient implementation.

Several of these video quality metrics were compared
against subjective ratings for a well-defined set of test se-
quencesin an ambitiousperformanceevaluation undertaken
by the Video Quality ExpertsGroup (VQEG). The work and
findings of VQEG are describedin [7] and in the group's fi-
nal report [11] in more detail. Consult VQEG's web site
http:/ /www.crc.ca/vqeg/ for anoverview of its current
activities.

2.1. Out-of-Servicevs. In-ServiceMetrics

The emphasisof most metrics today is out-of-servicetesting
(seeFigure 2), wherethe full referencevideo is available to
the metrics. This is quite a severe restrictionon the kind of
applicationssuchametriccanbeusedfor, however.

http://www.crc.ca/vqeg/
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Figure1: Non-intrusive/no-reference(left) andintrusive/reduced-reference(right) in-servicetestingsetup.
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Figure2: Out-of-servicetestingof asystem.

In-servicemetrics,which aredesignedto monitorandcon-
trol systemswhile they arein operation,aremuchmorepower-
ful. They canbeusedto carryout measurementsat practically
any point of the transmissionchain. This is a particularlyim-
portantissuein multimediastreamingapplications.The setup
canbe intrusive or not, dependingon the objective of the test
andthe natureof the testingmethodology;Figure1 illustrates
bothcases.Thecorrespondingmetricsareoften referredto as
reduced-referenceandno-referencemetrics,respectively.

The fact that the full referencevideo is usuallynot avail-
ablefor comparisonmakesanaccurateassessmentmuchmore
difficult for in-servicemetrics. Therefore,the algorithmsare
generallybasedon somea priori knowledgeabout the scene
content,thecompressionmethodand/ortheexpectedartifacts.
Severalmethodshave beenproposedrecently[1,19]. Most of
themaimat identifyingcertainfeaturesin asceneandassessing
their distortion. They alsotake into accountknowledgeof the
compressionmethodandthecorrespondingartifacts(adetailed
overview of typicalvideocompressionartifactsandtheircauses
canbefoundin [22]).

3. BlockinessMetrics
Oneof themostcommonartifactsin compressedvideois block-
iness.Blockinessmanifestsitself astheappearanceof a block
structurein the video. It is causedby block-basedcoding
schemessuchasH.261,H.263,MPEG-1,MPEG-2andMPEG-
4,whichcomputetheDCTonevery8£ 8blockin theimageand
quantizeeachblock's coefficientsseparately.

A numberof blockinessmetricshave beenproposed[3,6,
21], but thesetechniquesrequireaccessto thereferenceimage
or video. We have implementedthreeno-referenceblockiness
metricsrecentlyproposedin theliterature:

3.1. VlachosMetric

Vlachos[10] usesan algorithmbasedon the cross-correlation
of subsampledimages.The samplingstructureis chosensuch
thateverysub-imagecontainsonespecificpixel from each8£ 8
block. Four sub-imagesareconstructedfrom 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-correlationsamongthe former four

sub-imagesarenormalizedby thecross-correlationsamongthe
latterfour sub-imagesto yield ameasureof blockiness.

3.2. Wang-Bovik-EvansMetric

Wang,Bovik andEvans[13] modeltheblocky imageasa non-
blocky imageinterferedwith a pureblocky signal. They apply
1-D FFTsto horizontalandvertical differencesignalsor rows
andcolumnsin theimageto estimatetheaveragehorizontaland
verticalpowerspectra.Peaksin thesespectradueto 8£ 8 block
structuresare identified by their locationsin the spectra.The
powerspectraof theunderlyingnon-blocky imagesareapprox-
imatedby median-filteringthesecurves. The overall blocki-
nessmeasureis thencomputedasthedifferencebetweenthese
power spectraat the locationsof thepeaks.The integrationof
visualmaskingeffectsis briefly describedaswell.

3.3. Wu-YuenMetric

Wu andYuen [20] measurethe horizontalandvertical differ-
encesbetweenthe columnsandrows at all 8£ 8 block bound-
aries. Weightsfor taking into accountperceptualluminance-
and texture-maskingeffects are derived from the meansand
standarddeviations of the blocks adjacentto eachboundary.
Theresultingmeasureis normalizedby anaverageof thesame
measurescomputedatnon-boundarycolumnsandrows.

3.4. Experimentsand Discussion

To verify andcomparetheseblockinessmetrics,testclips de-
scribedin [18] wereused. The testscenesaretaken from the
VQEG set [11] and are 8 secondslong with a frame rate of
25 Hz. They werede-interlacedandsubsampledto a resolu-
tion of 360£ 288pixelsper framefor progressive displayon a
computerscreen.TheMicrosoft MPEG-4codec(version2) at
1 Mb/s andtheSorensonVideocodec(version2.11)at 2 Mb/s
wereusedto createthetestsequences.Sampleframesfrom the
”racecar”clip areshown in Figure3.

The resultsproducedby our implementationof the three
above-mentionedblockinessmetricsareshown in Figure4. We
haverunthealgorithmsalsoontheuncompressedclip for com-
parisonpurposes.Perceptually, thetestsequencestartsoutprac-
tically devoid of blockingartifacts;blocksstartappearingabout
halfway through,peakingsoonafteranddecreasingslightly to-
wardstheend.Theuncompressedclip exhibitsnoblockinessat
all. Theevolutionover timepredictedby theblockinessmetrics
thuscorrespondsquitewell to perceivedblockiness.

On the other hand, two of the three algorithmsrate the
blockinessproducedby theSorensoncodecsignificantly lower
thantheMPEG-4codec,while visually theoppositeis true.An
explanationfor this is that the extremeblocking artifactspro-
ducedby theSorensoncodecremovemany of theintensitydif-
ferencesatblockboundarieswhich thealgorithmsrely on. Fur-



thermore,it addsmany blocksof size16£ 16, while the algo-
rithmsaretunedfor 8£ 8 blocks.Thesharpdropsatframenum-
bers125,150and175for thissequencearedueto thekeyframe
interval of 1 second,andan inspectionof theseframesreveals
thatthey reallyexhibit noblockingartifacts.

Vlachos'metricshowstheleastdistinctionbetweentheun-
compressedandthe compressedsequences.However, it must
benotedthatwe choseto implementthecross-correlationsin a
differentmanner, which mayberesponsiblefor this below-par
predictionperformance.

One commondrawbackof all threeblockinessmetricsis
thattheexactlocationof blockboundariesmustbeknown. Spa-
tial shifts of the block structurewith respectto the origin are
assumedto be zero,which may not alwaysbe the case.Like-
wise, blocksnot alignedwith the 8£ 8 grid will not be recog-
nized. Furthermore,noneof themetricsareexplicitly targeted
atvideo,asthey processeachframeseparately. Thus,theeffect
of motiononblockvisibility in videois not takeninto account.

4. Conclusions
Perceptualquality measurementhasbecomea 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 videoqual-
ity metricsstill focuson television productionandbroadcast,
somearebeginningto targetmultimediaapplications,whichare
muchlessconstrained.Thealgorithmsandmetricsreviewedin
thispaperrepresentimportantstepstowardscomprehensiveno-
referencevideoqualitymetrics.
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Figure3: Framefrom ”racecar”testclip.
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(a)Vlachosmetric[10]
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(b) Wang-Bovik-Evansmetric[13]
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(c) Wu-Yuenmetric[20]

Figure4: Comparisonof blockinessmetrics.


