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ABSTRACT

The focus of this paperis on improving the quality of streaming
video transmittedover the Internet. The approachwe investigate
assumedshe availability of multiple pathsbetweenthe sourceand
thedestinationanddynamicallyselectshebestone. Althoughthis
is nota new concept,our contritution is in estimatingthe “good-
ness”of a pathfrom the perspectie of the video stream,instead
of relying only on raw network performancemeasuresThe paper
startsby shaving thatthe useof raw network performancealatato
control path switching decisionscan often resultin poor choices
from an applicationperspectie, and then proceedso develop a
practicalapproactor evaluating,in real-time,the performanceof
differentpathsin termsof video quality. Thoseestimatesreused
to continuouslyselectthe paththatyields the bestpossibletrans-
missionconditionsfor video streamingapplications. We demon-
stratethefeasibility andperformancef theschemehroughexper
imentsinvolving differenttypesof videos.

Categoriesand Subject Descriptors

C.2.1 [Computer-Communication Networks]: Network Archi-
tectureand Design; H.4.3 [Information SystemsApplications]:
Communicationg\pplications

General Terms
Design,ExperimentationPerformance

Keywords
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1. INTRODUCTION

Thesteadyrisein thequalityandavailability of bandwidthacross
theInternethasmadethetransmissiorof streamingvideoareality.
However, in spiteof this progresssourcesof impairmentare still
presentanddevising mechanismsapableof furtherimproving the
performanceof videotransmissiorremainsa worthy goal. Sucha
goalhasbeenthe focusof mary previous works, which we briefly
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review hereto highlight how they differ from this paperandits
contrikutions.

In generalmostearlierworkstargetedadaptingthe encodingor
thetransmissiorof thevideo streamin responsé¢o changesn net-
work performanceFor example ratecontrol[7, 11] canbeusedto
dynamicallyadjustthetransmissiomrateof avideoflow whenpath
conditionfluctuates. Occasionaldelay and loss variationscan be
concealedy adaptingthe rateof retrieving datafrom the playout
buffer andtherate of presentinghe decodedmediato the viewer
[8]. Similarly, upondetectingsevere congestionthe recever can
signal the senderto reduceits encodingand transmissiorrate to
maximizethe lik elihood that the quality of the receved videore-
mainsacceptableo the viewer [8, 2, 12]. More recently the use
of pathdiversity hasalsobeenstudiedasan optionto provide an
extradimensionof adaptabilityto videoapplications For instance,
Apostolopoulosst al. [3] investigatedan approachthatrelieson
the simultaneougransmissiorof several substreamsf the video
signalover differentpaths whereeachsubstreanencodes partial
descriptionof the video. The video canbe correctlydecodedvith
gracefulquality degradation,even if someof the substreamsre
missingor incomplete.

Ourstudysharesvith theseworksthefactthatit doesnotrequire
the introductionof additionalnetwork-basednechanismsbut in-
volvesthe participationof thevideoapplication(or anaccesgate-
way actingon behalfof the application). Meanwhile,our scheme
differsfrom theseexisting worksin thatwe do notattemptto adapt
eitherthe encodingor the transmissiorof the video data. Instead,
we consideran ervironmentthat offers pathdiversity, namely the
ability to selectfrom amongmultiple possiblepathswhentrans-
mitting video pacletsbetweera given sourceanddestinationand
investigatehow to dynamicallyselectthe best pathin orderto op-
timize the quality of the receved video. In otherwords, we seek
to determinethe bestconditionsunderwhich the network andthe
applicationcaninteract.

Our investigationwas motivatedin partby the increasedavail-
ability of multi-homingandoverlay networks thathave madepath
diversity morecommon,andby a numberof recentworks[1, 16]
that have demonstratedhat simple path switching strategies can
improve the performanceof end-to-enddatatransfers. However,
applyingthepathselectiorstrateiesproposedn thoseworksis not
necessarilybeneficialfor improving video quality, becausahose
strat@iesweredevelopedwith the goalof optimizing network per
formance.For example,the methodof [16] makes pathswitching
decisiongo achieve the lowestoverall end-to-endoss. Therefore,
it selectgpathsbhasedntheir predictedossrates.This doesnotal-
waysresultin improved video quality, sincevideoquality is influ-
encedby multiple characteristicef the lossprocessnot just loss
rate. For example,the burstinessof losses the distancebetween
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Figure 1: Quality of video Alberta (encodedwith bitratesof 300
kbpsand 700 kbps)underdifferentlossmodels. All modelshave
the sameloss rate of 2%, but the loss burstinessdecrease§rom
modell to 16.

consecutie loss events (groupsof losses),etc., all affect video
quality differently [6, 9]. Furthermore the relation betweendif-
ferentloss characteristicand their impacton video quality is by
itself complicated. It dependson factorssuchasthe codingand
pacletization schemeusedby the codec,the buffering and error
concealmentapabilitiesof therecever, etc.

Fig. 1 illustratesvideo quality variationsassociatedvith differ-
entlosspatterns.We plot the PeakSignal-to-NoiseRatio (PSNR)
of two CBR-encodedramesequenceanderl6 differentlosspro-
cessesall with thesamdossrateof 2%. As wediscusdater, PSNR
providesa usefulinitial measureof video quality. The two frame
sequencesare encodedrom the samevideo source,but have bi-
tratesof 300 kbpsand 700 kbps,respectiely. It is clearfrom the
figurethatboththeencodingbitrateandtheactuallosspatternhave
a significantinfluenceon the quality of the receved videoin the
presencef loss. Thus,our goalsin this paperareto first developa
practicalschemeahatcanassesshe performancef differentpaths
from the perspectie of videoquality, andthenusethisinformation
to build a pathswitchingmechanismhatmaximizesvideoquality.

Ourmainchallengds to derive accurateestimate®f videoqual-
ity on eachavailablepath,asif the video streamweretransmitted
onit. Hence anaturalfirst stepis to understandhow to objectively
measurerideoquality. Mostof theproposeabjective quality mod-
els[17] involve comparingheoriginal videoframesto thereceved
ones.Suchanapproachs unfortunatelyhardto usein our context,
becausef thedifficulty in having boththeoriginalandthereceved
video framesbe simultaneouslavailableat the sendemwherepath
switchingdecisionsarebeingmade. Wolf et al. [18, 10] developed
a methodthat canto someextent overcomethis constraint,as it
determinewideoquality simply by comparingfeatureinformation
extractedfrom theoriginal andtherecevedvideoframes.Because
featureinformation is representedy a much smalleramountof
data,it is possibleto actually transmitthe featureinformation of
the received frame sequenceback to the sender which canthen
compareit to that of the original video and evaluateits quality.
However, sucha solutionis still inadequatdor our purpose,not
only becausét requiresmodifying thevideoclientto performfea-
tureextraction,but moreimportantbecauseve needto estimatehe
quality of video transmissiorover multiple pathsin parallel. As a
result, usingthis approachmeanshat the video would have to be
simultaneouslytransmittedon all paths,which is clearly an unac-
ceptablerequirement.Therefore we cannotrely on such“closed-
loop” quality estimationapproachesind mustinsteadinvestigate
“open-loop”solutions.

An open-loopsolutionmapsmeasurechetwork performancedli-
rectly ontovideo quality without “feedback”obtainedrom there-
ceiedvideo. This is challengingnot only becausevideo quality
depend®n multiple network performancgarametershut alsobe-
causevideo quality andnetwork performancesxhibit a non-linear
relationas shavn, for example,in [4]. Oneof this papers main
contributionsis, therefore to develop a practicalapproactfor esti-
matingin real-timetherelative (video)quality differenceof two (or
more)paths.Thisthenenables pathswitchingstratgy capableof
delivering meaningfulquality improvementsfor streamingvideo.
We demonstratéhoseimprovementsthrougha numberof experi-
mentsinvolving a variety of video streamsand differenttypesof
network impairments.

Theremaindeof thepaperis organizecasfollows. Section2 in-
troduceghe distortionmodelusedto relatenetwork performance,
namelylossesandvideo quality. Section3 briefly reviews a net-
work probingmethodwe previously developed,andon which we
rely to infer the lossesthat the video streamwould experienceon
differentpaths. Section4 combineshe resultsof Section2 and3
in devising andevaluatinga pathswitchingstrateyy thatimproves
video quality by selectingthe bestperformingpath. Finally, Sec-
tion 5 summarizeshefindingsof the paperandoutlinesdirections
for futurework.

2. LOSS-QUALITY MODEL

In this section,we describetheloss-qualitymodelwe useto es-
timatevideo quality underdifferentlossconditions.Themethodis
derivedfrom themethodologyproposedn [14, 9]. An exactmodel
obviously depend®ntheimplementatiordetailsof thevideotrans-
missionsystem. In our analysis,we usean internally developed
MPEG-1/2video streamingsoftwareasthe referencamplementa-
tion. However, asshawn in this section,the modelcanbe tunedto
fit otherimplementationgaswell.

2.1 Basicdistortion model

Considera video sequenceavith framesize N1 x N3, we use
f[k] (of size N1 x N2) to representhe 1-D vector obtainedby
line-scanningramek, andf[k} to denotethecorrespondindgrame
restorechttherecever’s side. Thus,the errorsignalin framek is

elk] = flk] — fIk], 1)

which representghe signal impairmentin frame & incurred by
transmissioross. A frequentlyusedmetric for measuringhe dis-
tortionis the MeanSquareError (MSE), whichiis definedas

o’[k] = (e"[k] - e[k]) /(N1 - Na). @)

Thetotaldistortionof thevideois theMSE averagedverall frames.
Paclet lossesare handledas follows: if the recever detectsary
numberof paclet lossesn aframe,it discardghe entiredamaged
frame and the most recentlydecodedirame is repeated. For in-
stanceif ary errorhappensn framek while frame(k—1) hasbeen
correctlyreceied, f[k] = f[k — 1] ande[k] = f[k — 1] — f[K].
An importantissuein modelingthe distortionwith motioncom-
pensatedrideo codingis the propagationof error signals. Since
suchvideoencodingschementroducedecodingdependenciese-
tween adjacentframes,a paclet loss affects not only the frame
missingthe datacontainedin that paclet, but also other frames
with decodingdependenciesnit. However, becausef the spatial
filtering effect of thedecode(which canbe modeledasalow pass
filter [14]), theerrorsignaltendsto decayovertime. If anerroroc-
cursin framek with anMSE of o [k], the power of the propagated



erroratframe(k + ¢) canbeapproximatedis[9]
o?lk+1i] = o®[k] - 7. ®)

Theattenuatiorfactory (v < 1) accountdor the effect of spatial
filtering, and thereforeis dependenbn the power spectrumden-
sity of the error signalandthe impulseresponsef the loop filter
containedn thedecoder

To preventerrorpropagationperiodicintra-framecodingis used
in MPEG-1/2. As aresult,errorin oneframecanonly propagate
to the framesfollowing the damagedramein the samegroup of
picture(GoP).If the GoPstartswith anl-frameandcontinueswith
(T — 1) P-frame$, thetotal distortioncausecy asinglelossis

xz—1
D=> " o[k+1i], (4)
1=0

wherez is the numberof framesfrom wherethe original lossoc-
curs(framek) to theendof the GoR We assumehatzx is uniformly
distributedin [0, 7" — 1], andthattheinitial errorcausedy losing
oneframeis aconstanti.e.,og[k] = o%. Thus,thetotal distortion
causedy losinga singleframeis approximately[9]

T-1 . T+1
i —(T'+1)yv+T
Di= Yot = ok ek
i=0
®)

Here,« is afunction of v andT' thataccountdor the total prop-

agationeffect of the error signal. Although seeminglyrestrictve,

the assumptiorthatthe initial error causeddy a singlelossis con-

stantis reasonableyecausave aremainly interestedn theaverage
distortionover the whole video sequencénsteadof the distortion
in individual frames.For thesamereasonwe will alsoassumehat
« is equalto its averagevaluethroughoutheframesequenceThe

exactvalue of a canbe estimatediy simulatingindividual losses
andmeasuringhe MSE in the decodedrames. Neverthelessas
shavn in Section4, estimatingthe value of « is not necessaryor

pathselection.

2.2 The effectof losspattern

The basicdistortionmodelonly considerghe effect of a single
loss. In [14], thetotal loss effect is modeledas a productof the
lossrate andthe averagedistortion causedby a singleloss. This
assumethattheeffectsof individuallossesareindependentf each
other However, in practicethe videoflow may experiencevarious
losspatternsandin particularlossescanbetemporarilycorrelated.
Thereforejt is importantto understandheimpactof differentloss
patternsonthe quality of thetransmittedvideo.

First, pacletlosscouldbebursty, i.e., asinglelosseventor loss
burstmay consistof a numberof consecutie losses.In our video
transmissiorsystemwhena lossburstfalls in a singleframe,the
resultingdistortionwill alwaysbethedistortioncausedy missing
that frameno matterhow mary paclets are containedin the loss
burst. When a loss event affects several consecutie frames,we
simply modelthe total distortion as the superpositiorof the dis-
tortion of missingeachindividual frame. As pointedoutin [9],
this is an optimistic approximation,as the total distortionin this
casds typically greateithantheapproximatedralue. For example,
the distortion of losing 2 consecutie frames(k — 1) andk (i.e.,

1To simplify the analysis,this model doesnot considerthe bi-
directionallypredictedramesor B-frames.
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Figure 2: The effect of crosscorrelationof error signalse[k —
1] ande[k] in modelingthe distortion causedoy lossbursts. The
valuesof o%[k] andoi[k — 1] + o[k] are comparedor sample
video Alberta (top) andRobot (bottom).

flk] = flk — 1] = f[k — 2]) canbederivedas[9]

Dy = &*lk—1]+a-o’[k]
o’k —1]+a- o3k —1]+a-cilk]
+2p-1k a2 o3[k — 1] - 02 [K]
(14204 2pk 1k )08, (6)

wherep,_1 i, refersto the crosscorrelationfactorbetweerthe er-
rorsin frame (k — 1) andk; o%[k] denotesthe initial distortion
introducedby replacingframek with frame(k — 1). Here,we are
againassuminghato?[k — 1] = o%[k] = 0% anda hasaconstant
value. It is clearfrom Eq. 6 that the approximationerror mainly
comesfrom thecrosscorrelationbetweenrerrorsignalsin different
frameg. To accuratelyestimatethe valuesof py, 1,1 requirespro-
cessingevery framein the video sequencewhich is infeasiblein
anonlinevideotransmissiorsystem.n Fig. 2, we measurehis ap-
proximationerror for two samplevideos,Alberta andRobot. The
formeris a high motion videowith limited similarity betweenad-
jacentframes while thelatter haslittle motionandthereforehasa
largercross-correlatiofactorbetweemeighboringrames.As can
be seenin the figure,the approximationerroris not significantfor
eitherof them,andis almostnegligible for Alberta. The effect of
losingmorethan2 consecutie framescanbe modeledn asimilar
way [9]. As the numberof lost framesincreasesthe approxima-
tion error could becomemoresignificant. Fortunately for theloss
processewve target,the probability of having very long lossbursts
is typically small. Therefore the abore simplificationshouldnot
significantlyaffect quality estimation.Thus,we simply usethe ad-

2Theotherextrafactors 3 turnsoutto be smallcomparedwith the
total distortionandthereforecanbeignored.
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Figure 3: Thedifferencein lossfactorfor the lossmodelsusedin
Fig. 1.

ditive modelto describethe effect of bursty losses,i.e., the total
distortioncausedy losing & consecutie framesis approximated
asthe superpositiorof the distortionscausedoy individual frame
losses:

Dk:k-a-a?g. (7)

Assumethat a loss event startsrandomlyin a GoP andleadsto /

consecutie paclet losses,and eachframeis transmittedusing L

paclets, thenthe expectednumberof framesaffectedby this loss
eventis

h(z):[HJrl_L‘([%L]_l)_l. o)

Accordingto the additive model,the expectationof ~(1) givesthe
averagedistortioncausedy asinglelossevent:
Dszm-a-ag. 9)

Another important performancefactor is loss distance,which

representthefrequeny of losseventsthatoccurin thevideostream.

Intuitively, the morefrequentthe lossevents,the moreannging is
the impairedvideo to the viewer. We evaluatethe combinedef-
fect of lossburstinessandlossdistanceasfollows. Let P. denote
the probability of alosseventseerby thevideostreamtheoverall
MSE of therecevedframesequenceanbe modeledas

D=P.-L-Ds=P.-h(l)-L-a-os. (10)

Here P. and h(l) representhe characteristic®f the loss process
experiencedy thevideostream;L is determinedy the pacletiza-
tion processy ando % describethefeatureof thevideocontentand
the error concealmenability of the decoderthat canbe estimated
off-line. Therefore,P. andh (1) aretheonly parametershatneed

to be estimatedn-line. We define¢ = P. - h(l) astheloss factor
thatmodelsthetotal effect of lossonvideoquality. If we usePSNR
to represenvideo quality, it canbe computedrom the valueof D
as
255° 255°
PSNR = 10log;, 5 = 10log, m (11)

In the examplein Fig. 1, the PSNRmeasuredrom video Al-
berta shaws a decreasingrend whenthe loss modelis changing
from 1 to 16. Although the averageloss ratescorrespondingo
thesemodelsarethe same the measuref the lossfactoré shavs
anincreasingtrendfrom model1 to 16, ascanbe seenin Fig. 3.
To furtherillustratethe effect of losspatternon video quality, we
provide a groupof simulationresultsin Fig. 4. In this simulation,

T T T T
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4% Bernoulli loss—e
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Figure 4: An illustrative exampleof theimpactof losspatternon
videoquality.

we first measure¢heresultingPSNRwhenthevideostreamAlberta

is subjectedo a Bernoullilossprocesswith lossratesin therange
of 1% - 5%. Next, we measurehe PSNRunder’bursty” losspro-
cessewith P. = 0.5% andaveragelossratesvarying from 1%
to 10%. The PSNRdifferencedetweereachBernoullilossmodel
andeachbursty lossmodelarethenplottedin Fig. 4. The points
indicating0 dB PSNRdifferenceon eachcurwe identify the place
wherethe Bernoulli loss processandthe bursty loss processhave
the sameimpacton video quality. For example,the effect of a1%

Bernoullilossratecanbe seento beroughly equivalentto thatof a
4% burstylossratein termsof quality degradationandcorversely
al%hburstylossrateyieldsaPSNRIlevel thatis about2.5dB better
thana Bernoulli processwith the samelossrate. Thefigureillus-

tratesfurtherthat simplelossratemeasurementare not suficient
to assesshe supportablevideoquality on a path.

3. LOSSESTIMATION

Our quality estimationmodelrelies on the online characteriza-
tion of thelossprocesghatthevideoflow would experience, andin
this sectionwe outlineour approacHor acquiringthisinformation.
In [15], we proposeda solutionbasedon a HiddenMarkov Model
(HMM) of the evolution of pathstate.Here,we briefly review the
resultinglossmodelandhighlight our methodologyfor estimating
therequirediossparametersinterestedeadersarereferredto [15]
for detaileddiscussions.

We usea 2-stateHMM to characterizehe loss processexperi-
encedby aflow. In this model,the stateof a network pathseenby
theapplicationflow canbe eithercongestedsS,) or not(S-), each
having acertainlossprobability i.e., by andbs (b1 > b2). Thetran-
sition probabilitiesbetweenS; and Ss, a12 andasi, statistically
modelthe evolution of pathstate. Note thatthe stateevolution of
a pathis a continuous-timeprocesswhile differentflows canbe
considerecassamplingthis processat differenttime granularities.
Therefore,we canfirst usea probing flow (with relatively large
probingintenal to reduceprobing overhead)to samplethe path,
andthenadiscrete-timeHMM representinghelossprocessxpe-
riencedby the applicationflow canbe obtainedgiventhe sampling
intervals of boththe probingflow andthe applicationflow.

Fromtheinferreddiscrete-timeHMM, we cancomputetheloss
parametershat arerequiredfor video quality estimation. For ex-
amplewe canfirst derive thesteadystateprobabilitiest = [71, 2],
where ; representghe probability of the path being in state:
(i = 1,2). Then,lossburstinesscanbe estimatedoy computing
the probability of seeinga loss event composedf [ consecutie
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whereZ is theidentity matrix; P is the statetransitionprobability
matrix [a;;]; B = diag{b; }; C = [1 —by; 1 —b2]¥ andl = [1, 1]%.
Similarly, thelosseventprobability P. canbe computedas

P. = (T — BYPBI. (13)

FromEq. 12, theaveragelosslengthis

P = (12)

h(l) = fj h(l) - Pr. (14)
=1

Thus,thelossfactoré canbeestimated.

We have verified the abore approachon a numberof Internet
paths[15]. Here,we furthertestthis methodusinga video stream-
ing flow asthe target for estimation. In our experiments,probes
andapplicationpacletsaretransmittecsimultaneouslynthemon-
itored path. The probingflow is configuredwith a 40 ms sampling
interval, while thetargetflow hasa 10 mssamplinginterval, which
correspondso a video streamencodedvith a framerateof 25 fps
anda bitrate of 300kbps. Eachframeis transmittedusing L = 4
paclets. In Fig. 5, we comparethe lossfactorestimatediy prob-
ing with the actualstatisticsobtainedfrom the applicationpaclet
traces.Thefiguregivestheestimatiorresultsof anexperimentper
formedon a pathbetweenUPenn and UMN with a durationof 10
hours.Theestimatedesultsandthemeasuredesultsarecompared
for eachpair of 3 minutetraces.As shavn in the figure, the esti-
matedvaluesarecloseto the actualstatistics.Similar resultswere
obseredin theexperimentconductedn otherpathsaswell. This
confirmsthat our approachs capableof generatingaccuratdoss
estimateswith a muchlower overheadcomparedo that of a du-
plicate video flow (the probing flow hasboth a longer sampling
interval anda muchsmallerpaclet size).

4. QUALITY -BASED PATH SWITCHING

Basedonthepreviousanalysiswe cannotonly estimateheloss
performancexperiencedy a video streanwhena certainpathis
used,but alsolink this estimateto a measureof video quality. In
this section,we further investigatehaw to usethis informationto
dynamicallyselecta pathfor transmittingthe videostreanin order
to offer the bestpossiblevideoquality.

4.1 The costof path switching

Before describingthe path selectionmethod,we briefly review
somebasicaspect®f pathswitchingincludingthe potentialimpact

thatthe switchingprocesstself canhave on video quality. In our

ervironment,e.g.,see[16], pathswitchingis conductediy anac-

cessgatevay thatis responsibldor measuringhe network, select-
ing the path,andforwardingvideo pacletsonto the selectedpath.

Path switchingis, therefore transparento both the video sender
andrecever. Neverthelessthis processmay affect video quality

if therearedifferencedn end-to-enddelaybetweernthe candidate
paths.Thereforejt is importantto understandf andhow this can

impactvideoquality.

Assumethat a video streamis switchedfrom path A to path
B, while its senderkeepstransmittingpaclets at a constantrate
of r paclets per unit of time. When the propagationdelay on
pathA (d.) is smallerthanon pathB (dg), pathswitchingcauses
a reception“gap” of duration(ds — da) at the recever. Con-
versely whenda > dp, pathswitchingwill generatea burst of
out-of-orderpaclets at the recever, whosesize dependson both
r and (da — dp). Receptiongapsand out-of-orderpaclets are
certainlyundesirablebut mostcurrentvideo streamingsystemsn-
clude mechanismshat adaptthe occupang level of their playout
buffer in orderto accommodatgitter and out-of-orderpaclet de-
livery. For example,acommonplayoutbuffer design[13] involves
a combinationof two watermarksthat define a rangeoutsideof
which buffer overflow and underflav canoccur andtwo thresh-
olds thatidentify a target areain which buffer occupang should
be maintained. A numberof effective methodshave beendevel-
opedfor maintainingbuffer occupang in the target areaacrossa
broadrangeof network perturbations.For example,the recever
canreduceor increasethe frame presentatiorrate[13], or signal
the senderto adjustits rate[5]. Giventhat mostvideo streaming
applicationsenforcea pre-tuffering of a few secondsof playout
data[8], while the end-to-enddelay differencebetweennetwork
pathsis typically muchsmaller one canexpectthe impactof path
switchingto be easilyhiddenby thoseexisting mechanisms.

4.2 Comparing path quality

As shawvn in Egs.10and11, the parameters, L, «, anda?g al-
low usto estimatehe PSNRof avideosignalasif it weresentover
a pathwith known characteristicsAs discussedn Sections2 and
3, L canbereadily obtainedandthelossfactor¢ of eachavailable
path canbe estimatedhroughactive probingandstatisticalinfer-
ence. However, accuratelyestimatinga ando% is non-trivial, as
it involves understandindiow lossespropagatevhile decodinga
video streamand measuringhe resultingaveragedistortion [14].
This is typically difficult in live video streamingsystems.Fortu-
nately in the contet of path switching, estimatingthe exactval-
uesof o andeo is not required becausave aremainly interested
in the quality difference betweentwo (or more)paths. Therefore,
when computingthe differencein PSNRbetweentwo paths,the
only contrituting parametersrethe lossfactorsof the two paths,
which canboth be estimatedn real-time. Specifically if thesame
video is transmittedon two pathsthat have lossfactors¢; and&s
respectiely, thequality differencein PSNRis

PSNRgiss = 10log,, 2—1 (15)
2

To verify the accurag of this expressionin estimatingdifferences
in quality, we used30 differentlossmodelsspanningabroadrange
of losscharacteristicendvariousvaluesfor the lossfactorg. Us-
ing eachlossmodel,we generated losstraceandappliedit to the
video streamsAlberta and Robot. For eachpair of losstraceand
recevedvideo,wecomputedhevalueof PSN Rg4;f ¢ usingEq.15
andcomparedt with the measured®SNRdifference.The scatter
plots of this comparisorareshavn in Fig. 6. Clearly, the quality
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differenceestimatedy Eq. 15 is closeto the actualvaluefor both
video sequencesNote that our modeltendsto underestimate¢he
quality differencewhentheratio of £; /&2 is large (the upperright
region in the plot). This is becausehe modelis built uponthe
assumptiorthatindividual losseventsarefar apartso thatthe dis-
tortions causedy differentlosseventsdo not interferewith each
other This assumptiorbecomeswealer aslosseshecomehear-
ier or P. becomedarger However, this inaccurag typically will
not affect the path switching decisionsif the thresholdof quality
differenceusedfor pathswitchingis appropriatelyselected.
Thelaststepin formulatinga practicalstratey for real-timepath
switchingthatoptimizesvideoquality, is to confirmthatdifferences
in PSNRareindeedanaccuratemeasureof differencedn quality,
andcanthereforebeusedto make correctpathselectionsin partic-
ular, althougha positive PSNRdifferencedoesimply thatonepath
is better the differencemay not be meaningfulin termsof quality
andcouldevenbewithin theerrormaigin of our methodologylt is
thereforedesirableto identify when PSNRdifferencescorrespond
to significantenoughdifferencesin video quality. Furthermore,
several studieshave shavn that PSNRis a good measureof the
actual(or subjectve) video quality only within a certainrangeof
values,andthatthe relationshipbetweernthe two is highly nonlin-
ear[17]. For example,a proposednappingbetweenPSNRanda
MeanOpinion Score(MOS) rangingfrom 0 to 1 (0 representshe
bestquality, 1 representsheworstquality) is asfollows [17]:

1
1 + exp (bl(PSNR — bg))’

MOS (16)
wherein [18], the following valueswere suggestedor b; andb,:
b1 = 0.1701, andbs = 25.6675.

In orderto betterassestherelationshigbetweerPSNRandvideo
quality, how it evolvesfor differentPSNRvalues,andhow it varies
for differentvideo streamswe presenin Fig. 7(a) samplePSNR-
quality mappingdor Alberta andRobot. Theresultswereobtained
by comparingthe original andimpairedframesequenceasingthe
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Figure7: (a) Comparisorof PSNR-qualitymappingfor thevideos
Alberta andRobot (top) and(b) Division of PSNR-qualitynapping
with threedifferentregions(bottom).

objective video quality metric (VQM) developedby the Institute
for TelecommunicatiorScience[18]. Fromthe figure, we clearly
seethattherelationshipbetweenPSNRandquality is highly non-
linear, andthe mappingtrendis roughly the samefor bothvideos.
This illustratesthat even if a generalexpressionsuchas Eq. 16

is not perfectlyaccuratejt doescapturethe relationshipbetween
PSNRandvideoquality. This allows usto finalize our approactof

usingPSNRin making pathswitchingdecisiongo improve video
quality.

Specifically Fig. 7(b) shaws a typical mappingfrom PSNRto
video quality, asgiven by Eq. 16. The curwe identifiesthreema-
jor “semi-linear”regions. Region | correspondso a high lossfac-
tor region with low PSNRvalues wherethe quality is consistently
closeto the worst possiblescore. Within this region, differences
in PSNRdo not translateinto meaningfulquality improvements.
From a path switching perspectie, two pathswith suchhigh loss
factorsareequallyundesirablein spiteof their PSNRdifferences.
In otherwords, even a positve PSNRdifferenceshouldnot trig-
gerapathswitchingdecision.A similar result,albeitfor opposite
reasonsholdsin Region Il that correspondgo pathswith suffi-
ciently low lossfactors,so that the resultingPSNRvaluesare all
high enoughto generatenearperfectvideo quality. As a result,
even whentwo pathsin this region have a positve PSNRdiffer-
ence,switching betweenthemwill againnot yield a meaningful
improvementin video quality. The only region wheredifferences
in PSNRtranslateinto substantiatlifferencesn video quality, and
canthereforebe usedto effectively guidepathswitchingdecisions,
is Region l. In thisregion, video quality improvesalmostlinearly
with PSNR,sothatour earliermethodologyfor computingdiffer-
encedn PSNRfrom network measurementsanbe usedto trigger
pathswitchingdecisionghatimprove videoquality.

Given the above analysis,the only remainingissueis to deter
mine wherethe boundarieof the above threeregionslie in terms
of network parametersandin particularlossfactors. We discuss
next a simple methodologythat we derived andvalidatedfor that
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Figure 8: Verifying the empirical thresholdof P. > 1/(10TL)
that definesthe boundaryof region lll. The quality measurement
resultsfor (a) Alberta, (b) Harry Potter, and(c) Tonight Show.

purpose.We considerthe PSNR-qualitymappingto be in Region
I, if thelosseventprobability estimatedn the candidatepath, P,
is lessthan1/(TL). This choiceis motivatedby the factthatour
loss-distortiormodelingreliesontheassumptiorof arelatively low
lossevent probability, so that our estimationof quality difference
is inaccuratewhen P. > 1/(T'L). If thisis the case,the signal
errorscouldfall in the sameGoPandinterferewith eachother(re-
call that T" is the numberof framesin a GoP and L the number
of paclets per frame). Similarly, we define Region Ill ascorre-
spondingto P. > 1/(107T'L). This definitionis empirical,but has
beenvalidatedthrougha numberof experiments.In particular we
reportin Fig. 8 the quality of threevideo samplesAlberta, Harry
Potter, andTonight Show for differentlossprocessewith P. vary-
ing from 1/10to 1/640. Thesethreevideo samplescover a broad
rangeof motion levels, with Alberta a commercialadwertisement
with lots of scenechangesHarry Potter a movie clip with mild
motion; Tonight Show a head-and-shouldéype of videowith min-
imal motion. All video samplesvereencodedvith GoPsizes(T)
of 4, 8, and 16 frames,respectrely. In all the tests,eachframe
wastransmittedusing4 paclets(. = 4). As canbe seerfrom the
figure,thevideo sampleswith 7' = 4 have a quality scorecloseto
0whenP. > 1/160, andthe quality of the samplevideosaturates
with P. > 1/320 andP. > 1/640 whenT = 8 andT" = 16, re-
spectvely. ThisshavsthatP. > 1/(107'L) is areasonablehoice
for identifying the boundaryof Region 11

4.3 Path switching and its evaluation

Becausehereis a costassociateavith switchingfrom onepath
to anothereven if its impact on quality can be successfullyhid-
den,andbecauseccuratelyestimatingnetwork performancecalls
for accumulatinga sufficient numberof samples path switching
decisionsshouldbe madeat a relatively coarsetime granularity
This granularity canrangefrom a few tensof secondgo a few
minutes,andin our experimentsvassetto 3 minutes.In addition,
becaus¢heabore regionbasedapproachs intrinsically anapprox-
imation, switchingfrom onepathto anothershouldtypically only
be performedif “sufficient” quality improvementcanbe achiezed
by routing the video paclets onto the alternatve path. In our ex-

Table 1: Qualityimprovementfrom pathswitching
| | Pathl [ Path2 [ Pathswitching |
Overall quality 0.251 | 0.214 0.165
Qualityvariation | 0.158 | 0.176 0.108

perimentsa PSNRdifferenceof 1.5 dB wasusedasthethreshold
belav which pathswitchingshouldnot be consideredTo summa-
rize,thepathswitchingstratey we follow consistf thefollowing
steps:

o If eitherof the lossprocessegstimatedbn the two pathsis
in region |, i.e., P} > - or P? > -, whereP!, P?
standfor thelosseventprobabilitieson path1 andpath2, we

choosepathl overpath2 if andonly if P — P2 > --, and

viceversa.

e If the loss processe®n both pathsarein region lll, i.e.,
P. < 50 andP? < 5, no pathswitchingneedsbe
performed.

o Otherwisewechoosepathl overpath2if andonlyif £€2/¢' >
1.4125 or vice versa,i.e., the potentialquality improvement
shouldbegreatethan1.5dB.

The effectivenessof the above stratgly was testedexperimen-
tally usinga 3 minutesvideoclip Tonight Show, andtwo candidate
pathsconnectingUPenn and UMN. The video paclets are trans-
mitted approximatelyevery 10 ms. The experimentlastedfor 10
hoursduring which the video clip was repeatediytransmittedon
both paths.Thetransmissiorof theclip on both pathsallowedthe
simultaneousvaluationof the quality of the receved video over
eachof them (seeFigs. 9(a)(b)). This wasthenusedto assesshe
benefitsof path switching againstour baselinestrateyy that uses
only one path at a time. In additionto the video stream,prob-
ing flows were alsotransmittedon both paths. Probeswere gen-
eratedevery 40 ms, andthe collectedlosstraceswerefed to the
lossestimationprocesghatdrove the pathswitchingdecisions.In
particular the loss parameter®f eachpath were estimatedevery
3 minutes(4, 500 probes)which wasalsothe time granularityof
pathswitching. Therecevedvideostreamwith pathswitchingwas
“reconstructed’by piecingtogetherthe associatedegmentsfrom
thevideostreamgeceized on eachpath,following the pathswitch-
ing decisionshasedon probingandquality differenceestimations.
The quality of the resulting streamwas then evaluated. The re-
sultsin Fig. 9(c) clearlyillustratestheimprovementin videoquality
achieved by pathswitching. Table 1 providesadditionalinforma-
tion onthebenefitof pathswitchingby comparingheaverageand
the standarddeviation of the quality scoreon eachindividual path
to thoseof the video resultingfrom pathswitching. The statistics
clearlyshawv thatour schemenot only improvesthe overall quality,
but alsoreducests variations.

Ohviously, the effectivenesof pathswitchingdependsiot only
onthedecisionprocesstself, but alsoonthepotentialperformance
improvementsoffered by the paths. If all pathshave similar loss
characteristics.g.,they shareacommoncongestiorpoint, switch-
ing pathsis of limited use. Similarly, if the loss patternson the
monitoredpathsaretransientor unpredictablethe accurag of the
loss estimationcomponentwill suffer, hencethe effectivenessof
path switchingwill alsobe limited. However, whenloss patterns
acrosscandidatepathsare uncorrelatedwhile at the sametime
losseson a path exhibit somelevel of temporalcorrelation,i.e.,

3Notethatalthoughit is formulatedfor the caseof two pathsiit is
readily extendableto the casef morethantwo paths.
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Figure 9: Videoqualityimprovementachiezed by performancesstimation/predictiomnddynamicpathselection:Quality variations(a) on
path1 (left), (b) on path2 (middle),and(c) with dynamicpathswitching(right).

pathshave non-orerlappingandextendedcongestiorperiods then
pathswitchingcanbe effective in improving network andapplica-
tion (video) performanceTwo suchinstancesanbeseeronFig. 9
attime 160 minutes(on path2) andat time 400 minutes(on path
1). A comprehense studyof thisissueis beyondthe scopeof this
paper and more discussionscan be found in [16] demonstrating
thatsuchconditionsarecommonlyencountered.

5. CONCLUSION

This paperinvestigatedhe useof dynamicpathswitchingto im-
prove the quality of streamingvideo, whenit is transmittedover
a network that offers pathdiversity The paperfocusedon under
standinghow network level performancalifferencescanbe trans-
latedinto improved video quality. This wasmotivatedby the fact
thatin mary cases purelynetwork basedpathswitchingdecision
canresultin poorervideo quality. Addressinghis issuecalledfor
developinga simpleyet reasonablyaccuratenodelfor comparing
thevideoquality achievableon differentpaths.The papers contri-
butionswerein developinga modelbasedon which the bestpath,
in termsof video quality, canbe correctlyselectedn real-time,us-
ing only simplemeasurementsf network performance Although
the modelwasinitially usedto drive path switching decisionsijt
ohviously hasbroaderapplicability For example,it canbe usedto
testthereadines®f anetwork in supportingstreamingvideoappli-
cations,aswell asto designquality-basedadaptatiorschemedor
videotransmission.

Thereareseveralnaturalextensiondor thiswork, andwe briefly
mentiontwo of themthat we are currently pursuing. The first is
to extend the use of path switchingto otherapplicationssuchas
VoIP and interactize video for which both lossesand delay need
to betakeninto account.A secondextensioninvolvescombining
path switchingwith existing video adaptationschemese.g., lay-
eredcoding, to further enhancehe robustneswof video transmis-
sionsover best-efort networks.
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