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ABSTRACT

Thispaperfinvestigatesheproblemof assessinthequality of video
transmittedover IP networks. Our goalis to develop a methodol-
ogy thatis bothreasonablyaccurateandsimpleenoughto support
thelarge-scaleleploymentsthattheincreasingiseof videoover IP

arelikely to demand.For thatpurposewe focuson developingan

approachhatis capableof mappingnetwork statisticse.g.,paclet

lossesavailablefrom simplemeasurementso thequality of video
sequencegeconstructedby recevers. A first stepin thatdirection
is a loss-distortionrmodelthat accountgor theimpactof network

lossesonvideoquality, asafunctionof application-specifiparam-
eterssuchasthe video codecandlossrecovery technique coded
bit rate, pacletization, video characteristicsetc. The model, al-

thoughaccurateis poorly suitedto large-scalepn-linemonitoring,
becaus®f its dependencon mary parametershataredifficult to

estimatein real-time. As a result, we introducea “relative qual-
ity” metricthatbypasseshis problemby measuringvideo quality

againsta quality benchmarkthat the network is expectedto pro-

vide. The approacioffers a lightweight video quality monitoring
solutionthatis suitablefor large-scaledeployments. We assesés

feasibility andaccurayg throughextensve simulationsandexperi-

ments.

Categoriesand Subject Descriptors:
C.2.3[ComputerCommunicatiorNetworks]: Network Operations

General Terms: Measurement:xperimentation
Keywords: VideoQuality, Loss,Model

1. INTRODUCTION

With thegreateiavailability of broadbandccessdeliveringvideo
throughlP networks(e.g.,theemeging IPTV service)hasbecome
anincreasinglyattractve solutionto serviceproviders. However,
IP networks cansubjectvideoto a variety of impairmentsbecause
of paclet lossanddelayjitter. Assessingheimpactof thoseim-
pairmentsandthereforethe ability of IP networksto deliver video
of consistengjuality, callsfor tools capableof continuouslymoni-
toringthequality of videotransmittecbver differentnetwork paths.
This paperdescribesa simple approachthat is suitablefor large-
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scale real-timemonitoringof videoquality over IP networks.

The moststraightforvard solutionfor video quality assessment
is to comparahereconstructedideosequencatthereceizer with
theoriginal videosequencatthesendeff8]. Olviously, thisis un-
suitablefor on-line usageasit requiresthe availability of boththe
received andthe original videos. To develop anon-line quality es-
timation schemeywe have to rely on approachethatfirst measure
network losses,andthen usetheseloss measureto generatethe
video quality estimatesccordingto availableloss-distortiormod-
els.

Video quality is jointly affectedby variousnetwork-dependent
andapplication-specififactors.For instancepacletlossesandde-
lay jitter (which alsotranslatesnto lossesin the playbackbuffer)
are the major network-dependenfactors,while video codecand
lossrecovery techniquecodingbit rate,pacletizationschemeand
contentcharacteristicarethemajorapplication-specifi€actorshat
affect video quality andits sensitvity to network errors. Most of
the prior work on loss-distortionmodeling,e.g., [2, 3, 4, 5], fo-
cus on only someof the network or applicationfactors. For in-
stancejn [5], distortionin the decodedramesequencevasmod-
eledasafunctionof thelossrate.In [2], this modelwasfurtherex-
tendedto accommodat¢he effectsof differentlosspatterns.Sim-
ilarly, the modelsdevelopedin [4] aim at directly translatingloss
sequenceito video quality estimates.In contrastto thesepre-
vious works, we develop a model that characterizeshe relation
betweenpaclet lossandvideo distortionasa function of specific
video codecand lossrecovery technique,coding bit rate, pacle-
tization, and contentcharacteristics The proposedoss-distortion
methodis generallyapplicableto ary motion-compensatedideo
compressiorschemeg.g., ary MPEG-x or H.26x codec. In our
study we usetwo differentandpracticallyimportantvideo codecs
— MPEG-2andH.264/A/C — to conductsimulationsand experi-
mentsanddemonstrat¢he effectivenesof our approach.

Although our model proved accuratein translatingloss statis-
tics into video quality estimatesit still requiresevaluatingseveral
applicationparameters.In particular it relieson an accuratees-
timate of the distortion causedby losing certainframesor slices
(independentlydecodableportionsof a frame). While this infor-
mation can be obtainedby conductingoffline simulations[2] or
parsingthe transmittedvideo stream[4], suchan approachs not
scalableespeciallywhenthe network is usedto distributeavariety
of video contentto a large numberof customers.As a result,we
seekto developaquality estimatiortechniquethatdoesnotrely on
the knowledge of specificvideo characteristics Our secondcon-
tribution in this paperis, therefore the proposalof a video quality
metric, relative PSNR (rPSNR),which can be evaluatedwithout
knowledgeof the video characteristicsyet still is capableof cap-
turing video quality variationson a network path.rPSNRis a met-



ric relative to the quality of video transmittedover a benchmark
network paththatdeliversthedesiredperformancguaranteedUs-
ing this metric, video quality canbe estimatedusingonly network
statisticsaandsomebasicconfigurationparametersf the videoap-
plication. Our study demonstrateshat rPSNRis capableof ac-
curatelyestimatingvideo quality acrossa broadrangeof network
conditionsandvariationsin contentcharacteristics.

Theremaindeof this papelis organizedasfollows. In Section2,
we presentheloss-distortiormodelanddiscusshow it captureghe
impactof codecselectioncodingbit rate,pacletization,andvideo
characteristicon video quality. Section3 introducesthe rPSNR
metric and demonstrateds effectivenessin path quality estima-
tion. Finally, Sectiond4 concludeghe paperwith a summaryof our
findings.

2. LOSS-DISTORTION MODELING

In orderto estimatevideo quality, we needto first investigate
the relation betweenpaclet lossesand distortionsin the decoded
video. In the following analysis,we use notationfrom [2], and
measurerideodistortionin termsof theMeanSquareError (MSE).
Considera video sequencavith framesof size N1 x N pixels,
we use f[k] (of size N1 x N2) to denotethe 1-D vectorobtained
by line-scanningframe &, and f[k] to denotethe corresponding
framerestoredby the decoder Thus, the error signalin frame &
is e[k] = f[k] — f[k], which representshe signalimpairmentin
framek causedy pacletlossesThe MSE in framek is definedas

o’[k] = (¢"[k] - e[k])/ (N1 - No). @)

Thetotal distortionfor a videosequencés the MSE averagecdver
all its frames.Thevalueof o2 [k] causedy alosseventis affected
by several network andapplication-dependetitictors. For exam-
ple, the length of a loss burstimpactsthe numberof pixels and
the numberof subsequerframesaffectedby thelossevent,where
the latter alsodependsn the numberof paclets percodedframe.
Corversely theerrorconcealmentechniquegmplo/ed by thede-
coder togetherwith the predictionstrateyy appliedat the encoder
andthe characteristic®f the video contentitself (i.e., the spatial-
temporalcorrelationbetweerdifferentmacroblocks)play arolein
determiningthe correspondinglistortionin the decodedrideo.

2.1 Basicmodel

An importantissuein modelingthe distortionthat a loss event
cancauseo predictively encodedrideo, is the extentto which the
resultingerrorpropagateacrossrames.Specifically sincetempo-
ral predictionintroducesdependenciebetweeradjacenframes,a
singlepacletlossaffectsnotonly theframewith datacarriedin the
missingpaclet, but alsootherframeswith codingdependenciesn
it. Fortunately becausef the explicit or implicit spatialfiltering
appliedat the decoder{which canbe modeledasa low passfilter
[5]), theerrorsignalintroducedby alost paclettendsto decayover
time. If anerrorin framek hasaresultingMSE of o2 [k], thepower
of thepropagatee@rrorin frame(k+-i) canbeapproximateas[2]:

o’k +i] = o”[k] - 7". @

Theattenuatiorfactory (v < 1) accountdor the effect of spatial
filtering, andtherefores dependenbn the power spectrundensity
of the error signalandthe spatialfiltering appliedby the decoder
i.e., variesasa function of the video characteristiceand decoder
processing.

To limit error propagationperiodicintra codingis oftenusedin
video compression.As a result, errorsin one frame only prop-
agateuntil correspondingnacroblocks(or entire frame) are re-

freshedby intra coding. For instance|f (I' — 1) framesarepre-
dictively coded(P-frame$) betweentwo consecutie intra-coded
frames(I-frames),the total distortioncauseddy lossesin framek

isD = Zf;ol o[k + ], wherez is the numberof framesfrom

wheretheoriginallossoccurs(framek) to the next I-frame.

We first modelthe averagedistortioncausedy losingoneslice?
in aframe. We assumehat the initial distortioncausedy a lost
sliceis a constant,a?g, andthat the locationz of the framewith
thelostsliceis uniformly distributedin [0, 7' — 1]. Onaveragethe
total distortioncausedy losingasinglesliceis then

T-1 . T+1
Dy = 2 i 1_i — Y ( — .
1 ZE:O o5 ( T) T(1— )2 0s = Q-0g,
3

whereq is afunctionof v andT’, andaccountdgor the total prop-
agationeffect of the error signal. The valuesof « and D, canbe
estimatedfor individual slice lossesby simulatingthe lossesand
measuringhe MSE in thedecodedrames,asdemonstrateth [2].
However, sincewe are mainly interestedn the averagedistortion
over the entirevideo sequencénsteadof the distortionin individ-
ualframeswe will usetheaveragevaluesof botha and D, in our
modeling.

Whenlosingn (n > 1) consecutie pacletsin a single loss
event, f(n) sliceswill beaffected.Here f(n) is the mappingfrom
the numberof lost pacletsto the numberof lost slices,which is
specificto theimplementatiorof the codecandlossrecovery tech-
nique. Given f(n), we canthenmodelthe resultingdistortionas
proportionato thedistortioncausedy anindividualsliceloss,i.e.,

D,, = f(n)D;. 4)

As studiedin [2, 6], this additve modelmayslightly underestimate
thedistortionin the caseof burstylosses.However, it greatlysim-
plifies thefinal model. More important,aswe shaw later, this sim-
plification is key in enablingusto develop a video quality metric
independenof individual video characteristics.

We definem asthe numberof pacletstransmittecbetweertwo
consecutie lossevents,or lossdistance Let P,, denotethe proba-
bility of having n consecutie pacletslostin alossevent,and P,
denotethe probability of having two consecutie losseventssepa-
ratedby m paclets. We assumeéhateachframeis transmittedusing
L paclets,andthatn andm areindependentThus,the expected
MSE of thereconstructe#ideois givenby

S _ZaPDn [
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Or equivalently,

D = P.f(n)LD;, (6)

whereP. is the probability thata lossevent (of ary length)occurs

within thevideostream.P. and f (n) capturethecharacteristicef

thelossprocesseerby thevideostream(f(n) is alsoafunctionof
pacletizationandlossrecovery atthedecoder)while L and D, are
specificto thecodecandvideocontent.Forinstance L is typically
largerwhenvideois encodedat a higherbit rate,and D, is itself
dependenon a andoZ, asshavn in Eq. (3).

1To simplify the analysis herewe do not considerbi-directionally
predictedrames(B-frames).However, sinceB-framesarenotused
ascodingreferencdor otherframesiit is straightforvardto extend
our modelto accommodatéssesn B-frames.

2Recall that a slice is an independentlydecodableportion of a
frame.
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Figure 1: Averagedistortioncausedy a singlelosseventwith dif-
ferentlengths:Foreman QCIF with s = 1, L = 2 (left); Foreman
CIFwith s = 1, L = 8 (right).

2.2 Theimpact of codecselection

Althoughmostvideocompressiostandardsupportictureseg-
mentationin theform of slices,differentcodecsypically reactdif-
ferently in the face of slice losses. As a comparisonwe study
a MPEG-2codecanda H.264 codec,implementedwith different
error handlingcapabilities. In the MPEG-2 codec,paclet losses
aresimply handledasfollows: if the decoderdetectsary number
of paclet lossesin a frame, it discardsthe entire damagedrame
and replacesit with the frame previously decoded. The H.264
codecemplag/s more sophisticatecerrorconcealmentechniques:
all slicesin the receved paclets are decodedandthe slicescon-
tainedin the lost paclets are recovered using the corresponding
slicesin thepreviousframeandthemotion-compensatioimforma-
tion of theotherslicesin thesameframe.Obviously, theabove two
codecwwill resultin differentloss-distortiormodels sincethemap-
pingsfrom paclet lossedo slicelosses,f(n), aredifferent. In the
MPEG-2codecalosseventaffectsnot only the slicescontainedn
thelostpaclets,but alsotheotherslicesin thesameframe,while in
theH.264codeconly theslicesin thelost pacletsareaffected.As
aconsequencehevalueof f(n) of theMPEG-2codedtendsto be
larger thanthat of the H.264 codec,evenif they are experiencing
the samelossprocessNotethatthe above descriptionof MPEG-
2 and H.264 representpecificimplementations. Some MPEG-
2 basedsystemsncorporatemore sophisticatedoss concealment
schemesimilarto thoseusedby H.264systemsConversely some
H.264 systemsuse only simple loss handling schemesas basic
MPEG-2systemsdo. However, we believe that the abore exam-
ples of MPEG-2 with a simple loss recorery schemeand H.264
with amoresophisticatedossrecorery schemearerepresentatie
of mary systemsitherdeplo/ed or beingdeployed andof the ap-
plicationsfor which they areused.

We assumes slicesperpaclet, L pacletsperframe,andthatin
eachframe the startingpoint of a lossevent (if it occurs)is uni-
formly distributedbetweerpaclet 1 andpaclet .. For the MPEG-
2 codec,f(n) canbe estimatedasfollows: letr = n mod L, the
averagenumberof slicesaffectedby n consecutie pacletlossess

f(n) = sL [%% + <1 - %) (% + 1)]

if r=0,and

s = s [F 2 7]+ 7 (1] )
if » > 1, whichin bothcasesimplifiesto alinearfunctionof n:
fn)=s(n+L-1) @)
For theH.264 codec the mappingis simply
f(n) = sn, ®)

Table1: LossstatisticsandMSE for Foreman Bernoulliloss.
Format | s n L P D (MPEG-2) | D (H.264)
QCIF [2]1034] 1] 0.038 4319 62.59
QCIF 1|1.041| 2 | 0.038 85.53 54.67
CIF 2| 1037 4] 0.039 184.13 42.78
CIF 1| 1.038| 8 | 0.038 402.61 39.10

Table 2: LossstatisticsandMSE for Foreman burstyloss.

Format | s n L | P. | D(MPEG-2)| D (H.264)
QCIF |2 [ 1.724| 1 | 0.023 53.80 78.24
QCIF | 1] 2639| 2| 0.015 75.58 73.87
CIF 2 | 3.860| 4 | 0.010 99.43 60.88
CIF 1| 5.448| 8 | 0.007 109.65 60.51

sinceeachpacletlosscauseshelossof s slices.CombiningEqgs.(6),
(7) and(8), the overall distortionof a video sequenceanbe mod-
eledas

- s(m+ L—1)P.LD;
- snP.LD:

MPEG-2codec )
H.264/A/C codec

Note thatthe abore model captureshe effect on video distortion
of (1) the paclet loss patternsas expressedoy 7 and P, (2) the
compressetbit rateasexpressedy the requirednumberof slices
perframe(givenby sL), (3) thepacletizationstrateyy asexpressed
by L, and (4) the video codecand loss recorery mechanismsas
capturedor MPEG-2andH.264.

To verify this model, we simulateda scenarioinvolving a sin-
gle loss event within the paclet stream(thus, P. in Eq.(9)is a
fixedvalue),andvariedthe lengthof the resultinglosseventfrom
1 to 20 paclets over differentruns of the simulation. The tested
video sequencé&oremancontains300framesandis transmittedn
two videoformatscorrespondingo differentqualitiesanddifferent
transmissiomates.Specifically we usethe standardQCIF andCIF
video formatsof 144x176and288x352pixels/frame,codedat bit
ratesof 100 Kbps and500 Kbps, respectrely. EachQCIF frame
contains2 slices,while eachCIF framecontainsg slices,andwe
transmiteachslicein aseparat@aclet. Theframerateis 30frames
persecondfor bothformats. We encodethe video usingboththe
MPEG-2andthe H.264 codecs.As shawvn in Fig. 1, the average
distortionis indeedwell modeledby a linearfunction of 7 (which
in this caseequalsn), aspredictedby Eq. (9). Thedifferencebe-
tweenthe two codecds alsoroughly constantwhich againagrees
with Eq. (9) given that the valuesof D, for the two codecsare
close.

2.3 Theimpact of packetization

As mentionedearlier how video datais pacletizedis another
importantfactor that influenceshow video quality is affected by
paclet losses.The effectsof pacletizationaretwo-fold. First, the
numbers of slicescontainedn a paclet, togethemwith thenumber
L of pacletsusedfor transmittinga frame,affectthe mappingfrom
paclet lossesto slice losses,i.e., f(n), asshavn in Section2.2.
Secondyideo streamswith differentvaluesof L samplenetwork
pathsdifferently, and can, therefore,experiencedifferent paclet-
level loss processesven whentransmittedon the samepath. For
instanceyideostreamsonfiguredwith larger L tendto seelonger
paclet lossburststhanthosewith smallerL. This effect hasbeen
analyzedn our earlierwork [7].

To studytheimpactof pacletization,we rely onanetwork emu-
latorto simulatepathperformanceariationsusingaMarkov model
with two state47]. Thetwo statef apathareassociateavith loss
probability by andb,, respectiely. Furthermorethetime thatthe



pathstaysin eachstateis exponentiallydistributedwith mean\o
and \:. By varying the valuesof the abose parametersye can
simulatechangesot only in the paclet lossrate, but alsoin the
lossburstiness.We againusethe Foremanvideo sequenceoded
usingboth MPEG-2andH.264 codecs,n QCIF andCIF formats
whichwerecallcorrespondo 2 and8 slices,respectiely. We then
generatea rangeof pacletizedvideo streamsconfiguredwith dif-
ferenttransmissiomparameters,e., combinationof s and L values
thatdeterminehow slicesarepacledinto paclets,which we trans-
mit simultaneouslyhroughthe network emulator We measurehe
relatedloss statistics,i.e., P. andm, experiencedby eachvideo
streamaswell asthe MSE of thedecodedramesequences.

Table1 and2 summarizethe resultsof two simulations.In Ta-
ble 1, we simulatea path using a Bernoulli model. The average
lossrateis configuredas4% (i.e.,bp = b1 = 0.04). In Table2, we
simulatebursty losseshy having by = 0 andb; = 0.9, while still
keepingthe averagelossrateequalto 4% by selectingappropriate
valuesfor \g and ;. Fromthe simulationresults we obsenre that
pacletization, specificallythe numberof paclets per frame (L),
hasan importantimpacton video quality. As mentionedearlier
this is becausdifferent pacletizationschemesesultin different
mappingdrom pacletlossedo slicelosses:

e The performanceof the MPEG-2 codecdegradesas L in-
creases.This is becausea paclet loss affects not only the
slicesin that paclet, but alsoall the otherslicesin the same
frame. Accordingto Eq. (7), this effect becomesnorepro-
nouncedas L increases. This can be obsered from both
Tablesl and2.

e ForH.264,varying L hasonly a minor effect on videoqual-
ity, asshavn in Tablesl and2. Thisis because¢he mapping
from pacletlossedo slicelossess independenof L.

Theeffect of losspatternds alsodifferentacrossodecs:

e ForH.264,burstylossegypically degradeits errorconcealing
capability Thisis becausevith isolatedossesit is easieifor
the decoderto extrapolatethe lost slicesfrom the receved
ones.Moreover, losingconsecutie slicescausegreateris-
tortion thanthedistortioncausedy losingthe samenumber
of slicesindividually. Thisis becausef thecrosscorrelation
betweerthe errorsignalsin differentframeswhenlossesare
bursty[2].

e For MPEG-2 thelattereffectstill exists,butis dominatedcby
the multiplicative effect thatits frame-basedrror conceal-
mentmechanisrmhason losses.Specifically a singlepaclet
loss cantranslateinto a much larger numberof lost slices,
i.e.,all theslicesof thecorrespondingrame,sothatatequal
lossrateit is betterto concentratell the lost pacletsin the
sameframe. As aresult,unlike H.264, MPEG-2videoqual-
ity is betterin the presenceof bursty lossesthan Bernoulli
lossesTheonly exceptionis whenL = 1, sincein this case
eachframeis encapsulateth a single paclet, sothateach
lost paclet corresponddo a lost frame. Hence,the cross-
correlationof errorsignalsin differentframesbecomesgain
thedominantfactorwhenlossesarebursty.

By comparingthe datain the abore tablesandEg. (9), we can
seethatour modelcanindeedcharacterizéhegenerarelationsbe-
tweenpaclet lossesandvideo distortions. However, our ability to
estimatevideo quality is predicatecbn anaccuratesstimateof D,
in EqQ. (9). As mentionedearliet this canbe doneby monitoring
losseventsandmeasuringheresultingvalueof D,. Thisis, how-
ever, challengingn practicebecaus¢helossproces®n apathmay

Foreman
10000 Mother & daughter-—

1000

10

0 20 40 60 80 100
Slice number

Figure 2: Thevalueof D; for slicesin QCIF video Foremanand
Mother & Daughter Eachframeis segmentednto 2 slices. Both
videosequenceareencodedvith anINTRA periodof 15 frames.
Theresultsfor 50 frames(100slices)areshavn in theplot.

not be stationary As aresult,the estimatedsalueof D; will often
vary overtime aspathconditionschange For instancecurvefitting
thedatain Tablel andTable?2 yieldsvery differentvaluesfor D, .
Fromthedatain Table1, the QCIF video encodedvith the H.264
codecandusings = 2 and L = 1 hasavalueof D; of 782, while
we have D, = 978 from the correspondinglatain Table2. This
indicatesthatrelying on Eq. (9) for gaugingvideo quality without
continuouslyupdatingour estimate®f D, mayresultin relatively
pooraccurag of our quality estimates.

2.4 Theimpact of video characteristics

In ourmodel,D: = ac? is afactorthatis afunctionof boththe
implementatiorof thedecodemandvideocharacteristicsAs shavn
in [5], the valueof 0% dependon the pawer spectrumdensityof
the error signalcausedy a slice loss,andon the strengthof loop
filtering in thedecode(5]. Thereforejt is importantto understand
how video characteristicaffect the resultingvideo quality under
givenlossconditions.

In general,video with higher motion males it more difficult
to infer the missing data and therebyconcealthe losses. Con-
sequently the distortion causedby a slice loss also tendsto be
higherfor high-motionvideo. For example, Figure 2 shavs the
total distortioncausedy losing eachslice (D) in video Foreman
andMother & Daughter It is obviousthat D, is typically higher
for Foremanthanfor Mother & Daughter asthe former contains
highermotions. It canalsobe obseredthat D, alsovarieswithin
avideosequenceFor instancethe error signalcausedy theloss
of anl-slice (e.g.,slicenumberl5,45,and75) s strongerthanthat
causedby the loss of a P-slice. Furthermore slicesin the same
framemay alsohave differentimportancein video decoding. For
instancejn theMother& Daughtervideo,losingthefirstslicein a
frametypically causesnoredistortionthanlosingthesecondslice,
sincethereis typically moremotionin thetop half of eachframe.

Theseobsenationsclearly indicatethat video quality estimates
dependon the specificvideo characteristics Hence,on the same
path, differentvideosmay display differentqualitiesfor the same
loss pattern. Moreover, for the samevideo sequenceevenif the
pathconditionremainsunchangedts quality couldvarywith scene
changeslin orderto estimatethe absolutevideo quality on a path,
we needto dynamicallyestimateheimpactof videocharacteristics
(D1), whichis nontrivial [2] andonly feasiblewhenonecanparse
or decodethe transmittedvideo bit streamsffline. For somereal-
time applications,suchas video conferencingthis processings
very difficult. Therefore,it is desirableto develop a video quality
metricthatis independenof videocharacteristics.
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Figure 3: The robustnessof the rPSNR metric in video quality
estimation:Foreman H.264coding(left), andMother& Daughter
MPEG-2coding(right).

3. ESTIMATING PATH QUALITY

Using the modeldevelopedin the previous section,the average
distortion(D) in avideosequenceanbe estimated Thus,we can
furthercomputethe video quality on a pathusingthe conventional
measuref PeakSignal-to-NoiseRatio (PSNR),i.e.,

2
PSNR= 10log,, %. (10)

However, asdiscussedestimatingthe absolutevalue of PSNRre-
quiresnot only loss statisticsand applicationconfigurations but
the knowledgeof contentcharacteristicsi,e., D, is neededo de-
termineD. In this section,we introducea relative quality metric,
rPSNR thatcanbeevaluatedwithoutestimatingD1, yetstill quan-
tifies video quality variationson network paths.

3.1 Relativevideo quality metric

Thefirst stepis to definea referencenetwork paththatdelivers
pre-definedoss performancej.e., @ = n® and P, = P2. This
would typically be basedon somelower boundof the pathquality
thata network serviceprovider expectsto offer its customersCon-
sidernext thatthe lossperformanceon the pathis actuallyn = n’
and P. = P.. Therelative pathquality, or rPSNR,is thendefined
asthe differencebetweenthe actualPSNR and the target PSNR
(the PSNRof thetransmittedvideoon thereferencepath).In other
words, rPSNRmeasuresow far we are, quality-wise, from the
quality targetof the referencepath. Let D = D’ representhe ac-
tual video distortion on the currentpath,and D = D° the video
distortionon thereferenceath. Then,rPSNRis given by

552 2552

2
rPSNR = 10 lOglO 7 — 10 loglo F (11)
n94+L-1)P?
- 10 10g10 ﬁ MPEG-2
- nOP
101og,o Zpr = H.264/A/C

Fromtheabove equationwe canseethattherelative quality canbe
estimatedisingonly thevaluesof no, Po, L, n’, andP.. Thequan-
titiesno and Py arepredefinedthevalueof L is easyto determine
basedon applicationconfigurations.Therefore,it only remainsto
estimaten and P, thatrepresenthelossprocessseenby individ-
ual video streams. The mostaccuratemeansfor obtainingthese
valuesis throughmeasurementor instancethe network provider
caninstall monitoringsoftwareat the client to collecttherequired
lossstatistics If it is infeasibleto directly monitorindividual video
streamsprobing-basedanethodscanbe usedto infer the lossper
formanceexperiencedy differentvideo streams.For example,in
[7], we developedan approactthat canbe usedfor this purpose.
We assumaen this paperthataccurateestimateof L, n’, and P,
areavailablefor videoquality estimation.

We usesimulationgto demonstratéherobustnesof rPSNRasa

[PSNR error (dB)

Avg. loss burst length

Packet loss rate

Figure 4: The estimationerrorfor rPSNRasa function of paclet
lossrateandaveragelosshburstlength(m).

metricthatrepresentpathquality underdifferentlosspatternsWe
simulatepathperformanceariationsusinga Gilbertmodel[1], and
simulateda total of 340 distinctloss processesThe averageloss
rate on the simulatedpathsrangesfrom 1% to 15%. The bursti-
nessof the loss processwas also varied for eachlossrate. We
useda Bernoulli processwith a lossrate of 1% asour reference
path. For eachlossmodel,includingthe referencemodel,we sim-
ulatedthe transmissiorof 3000framesandmeasuredhe PSNRof
eachdecodedramesequenceThis allows usto computethe exact
value of rPSNRfor eachloss model, which we then compareto
thevalueobtainedirom Eq. (11) usingthe measuredossstatistics.
This comparisorallows usto assestherobustnesandaccurag of
the proposedapproachn estimatingrelative video quality.

In Fig. 3, we shawv theresultsof theabore comparisorfor QCIF
versionf thevideosForeman(H.264coding)andMother& Daugh-
ter (MPEG-2coding). Eachencodedrameis encapsulated two
paclets(s = 1, L = 2), andthe framerateis 30 frames/second.
For mostof thesimulatedossmodels theestimatedPSNRis very
closeto the actualvalue. We also repeatedhe simulationusing
videosin CIF formatandwith otherapplicationconfigurationsthe
resultsconsistentlyshaved that our estimatesor rPSNRcanin-
deedcapturevideoquality undervariouslossconditions.

In Fig. 4, we plot therPSNRestimationerror (the estimatedP-
SNR minusthe measuredPSNR)asa function of paclet lossrate
andaveragelossburstlength. The plot is basedon the simulation
datafor ForemanandH.264coding.As shavnin thefigure,rPSNR
estimatiorusingEq.(11)is moreaccuratavhenthepacletlossrate
is relatively low. For instancethe averageestimationerroris 0.64
dB whenthe paclet lossrateis 1%, while this value is 0.78 dB
whenthepacletlossrateis 15%. Thisis becausevhenpacletloss
rateincreasesyideodistortionscausedy differentlosseventsbe-
comelessindependentwhich makesthe modelingbehindEq. (6)
lessaccurate It canalsobe obsered thatthe varianceof the esti-
mationerroris biggerwhenpacletlossrateis low. Thisis because
in thesecasesthe simulatedossprocessconsistof very few loss
events, which increaseghe likelihood that the loss events affect
slices/frame®f differentimportanceto videodecoding.Thefigure
alsoshavsthatour estimatés lessaccuratavhenlossesarebursty.
This is mainly becausef the simplificationin the loss-distortion
modeldiscussedn Section2.3. In an actualnetwork, we expect
that paclet lossrateswould be relatively low (typically lessthan
10%),andwhile burstylossesareoftenthe norm, the actualbursti-
nessat the time scaleof anindividual video streamshouldnot be
excessie. As aresult,we expectour modelto be ableto generate
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Figure5: Estimatingvideoqualityin rPSNRonthetestedpbath. Referencepathcondition: 1% Bernoulliloss. (a) MPEG-2codec,10 second
estimationinterval (left); (b) H.264codec,10 secondestimationinterval (middle); (c) H.264 codec,100secondestimationintenal (right).

reasonablyaccuratgeal-timevideoquality estimates.

3.2 Experimental validations

To further validate our methodfor path quality estimation,we
conductedxtensve experimentsonreal network pathsover which
for eachtransmittedvideo streamwe recordedheresultingpaclet
trace. The traceswere usedto reconstructhe video sequencé¢hat
would have actually beenseenby the user The rPSNRwasthen
computedrom Eg. (11) usingthelossstatisticsmeasurean each
path, and comparedo the rPSNRobtaineddirectly from the de-
codedvideo sequencesFigs. 5(a) and (b) reporton this compar
ison for the QCIF video Highway, usingthe MPEG-2 codecand
theH.264codec respectiely. Thepathusedin the experimentsof
Fig. 5 wasbetweerthe University of Minnesotaandthe University
of Pennsylania,andwe focusedon a periodof time duringwhich
the pathexperiencedjuality variations.TherPSNRestimationand
measuremenwereperformedevery 10 secs.As shavn in the fig-
ure,the proposednethodgenerateseasonablyaccurateestimates
of quality variationsof thevideotransmittecon the path.

Fromthe derivation of our loss-distortionmodel, it is clearthat
therPSNRestimatds moreaccuratavhentwo conditionsaremet.
First, whenthedistribution of losseson the pathis stationary Sec-
ond, when the characteristicof the video contentare relatively
constant.Clearly, thesetwo conditionsare not always satisfiedin
practice.Thisis evidentfrom Figs.5(a)(b)which displayinstances
wherethe actualrPSNRexhibit significantfluctuationsthattrans-
lateinto greatedifferencewith theestimatedalue. Thisbehaior
is partially causedy therelatively shortdurationof the estimation
interval (10 secsor 300 frames). The small numberof framesor
slicesin eachintenal makesit morelik ely thatdifferentsetsareof
differentimportancewhenit comesto video quality. This would
thentranslatento differentrPSNRvaluesdependingn which sets
areaffectedby lossesduringthe experiments.BecausgherPSNR
estimategsomputedasednourmodelrepresentheaveiage qual-
ity differencebetweerthevideotransmittecon the actualpathand
onetransmittecbn thereferencepath,the actualrPSNRvaluesfor
a specificpaclet loss patternafflicting a specificsetof framesor
slicesmay deviate abore or belov the averagerPSNRestimates.
Nonethelessthe predictedrPSNRvaluestrack the actualrPSNR
valuesasshavn in the Figs.5. Oneoptionfor furtherimproving
the accuray is to increasethe durationof the estimationintenal,
althoughincreasingit too muchwould obviously affect the real-
time responsienesof thevideoquality estimatesFig. 5(c) shavs
for the sameexperimentasthat of Figs.5(a)(b),theimpacton the
accurag of rPSNRestimatef increasingthe estimationintenal
to 100 secs(3000 frames),which we believe represents reason-
ablecompromisebetweerresponsienessandimproved accurag.

Thefigureshavs aclearimprovementin accurag. Similarfindings
wereobseredacrossseveral otherexperiments.

4. CONCLUSION

This paperintroducedan approactfor on-line estimationof the
quality of video transmittedover network paths. Our goalwasto
devisealightweightsolutionthatwould allow thelarge-scalamon-
itoring of video quality using only simple measurementef net-
work performanceln particular we wantedto avoid solutionsthat
require detailedknowledge of video characteristics.In that con-
text, our first contribution is the developemenbf a loss-distortion
modelthataccountsfor the impactof variousnetwork-dependent
and application-specifidactorson the quality of decodedvideo.
Our secondcontrikution is in usingthis modelto definea relative
video quality metric, rPSNR,that can be evaluatedwithout pars-
ing or decodingthe transmittedvideo bit streamsandalsowithout
requiringknowledgeof D: —therebyleadingto significantreduc-
tionsin compleity. Therobustnes@ndreasonablaccurag of our
rPSNRestimatenverethendemonstrate¢hrougha broadrangeof
simulationsandexperimentsconductecbver realnetworks.
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