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Abstract

IP networks andthe Internetin generalare subjectto a wide range
of fluctuationsof the end-to-endbit rate availableto applications.
This uncertaintyhasmotivatedthe developmentof adaptve appli-
cations,.e., applicationghatcanadjusttheir resourceequirements
asa function of what the network can provide. In this paper we
explore an adaptationschemethat is not directly driven by these
fluctuations but basedon theimpactthey have on the quality per
ceived by the application. Our focusis on the potentialbenefitsof
sucha “quality-based”adaptatiorapproackor video applications.
We begin with a brief introductionof objective video quality as-
sessmenandits integrationinto an adaptve transmissiorsystem.
Next, we discussthe joint impactof paclet lossandencodingrate
onvideo quality, basedon which a simplequality feedback-control
systemhasbeenbuilt. Adaptationis carriedout by measuringhe
quality of the received video and comparingit to a baselinerefer
ence. Our preliminary experimentalresultsshov both the viability
and the benefitsof usingvideo quality asthe basisof adaptation.
Possibledirectionsof future researctarealsodiscussedt the end
of thepaper

1. INTRODUCTION

Although video streamingand conferencinghave becomepopular
in the Internet,the usersatistction of suchapplicationscannotbe
guaranteedThis is dueto the best-efort natureof todays Internet.
Video applicationsusually have tight requirementson bandwidth,
lossanddelay that canoften not be metin a sharednetwork ervi-

ronmentlike Internet. Therearetwo possibleapproacheso solving
the problem.Onecaneitherhave the network explicitly managehe
utilization of its resource$o malke performancenorepredictablepr
designapplicationsadaptve to changingnetwork conditions.Intro-
ducingQoSin thenetwork (e.g.,InterservandDiffServ)fallsin the
first category, but althoughvariousnetwork QoSsolutionsarewell

understoodndhave beenextensiely studied thefuture of theirde-
ploymentremainsuncertain. Therefore,in this paperwe assumea
standardhe best-efort network. In suchanervironmenttheability
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of avideo flow to adjustits behaior in responsdo network con-
ditions canbe instrumentalin bridging the gap betweenavailable
network resourcesindapplication$ requirements.

To designan adaptve application,two basicquestionsneedto be
answered: (1) what are the triggersfor adaptation,and (2) how

should adaptationbe performed. In answeringthe first question,
most existing adaptationschemegrobethe network path andin-

fer changesn available netwrok resourcedrom changesn delay
or lossstatistics. This in turn leadsto the adaptatiorof the video
transmissiomate. For instancethe RateAdaptationProtocol(RAP)

[11] and TCP Friendly Rate Control (TFRC) [3] usepaclet losses
or losseventsasindicatorsof congestion.In answeringhe second
guestion,most systemsrely on algorithmsor modelsto estimate
the propertransmissiorrate. For example, RAP usesan additive-
increase-multiplicatie-decreas@AIMD) algorithmfor ratecontrol,
and TFRC usesa throughputmodel of TCP. Once the transmis-
sionratehasheenestimatedyariousscalablevideoencodingmeth-
ods(e.qg.,alteringencoders quantizatiorparameterchangingrame
rate,droppingor addingcodinglayers,etc.) are usedto matchthe
videodataratewith the estimatedransmissiomate.

In this paper we exploreinsteadthe benefitsof quality-baseddap-
tation. In otherwords, a changein video quality is the main trig-
ger for adaptationandthe objective is to maintainquality ashigh
aspossibleunderfluctuatingbandwidthconditions. The changein
quality is basedon comparingthe quality of the video generatedt
the decoderto that available at the encoder The quality informa-
tion is obtainedthrougha modelintroducedin [14]. Basedon this
model,weimplementedanend-to-endrideotransmissiorsystento
testdifferentadaptatiorschemesThroughour initial experiments,
we foundthatquality-baseddaptatiortansucessfullymaintainper
ceivedvideoqualityin variablebandwidthconditions.Furthermore,
theperformancef suchaschemealoesnotappeato betoosensitve
to variationsin videocontent.

Therestof thispapertis structuredasfollows. In section2, we briefly
introducean objectie video quality assessmemhodelandhow we
integrateit into a video transmissiorsystem. In section3, we in-
vestigatethe impactof paclet lossand quantizationparametersn
quality. We sketchin Sectiond analgorithmusingquality feedback
informationto controlthe encodingandtransmissiorof videodata.
Somepreliminary experimentalresultson the performanceof the
schemeare presentedn Section5. Section6 dicusseghe results
of our experimentsandidentifiesseveral openissuesn the current
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Figure 1: Thearchitectureof a quality-baseddaptve videotrans-
missionsystem.

scheme Section7 concludeshe paperandoutlinesthe variousex-
tensionswe arecurrentlyexploring.

2. QUALITY -BASED ADAPTATION

The mostaccuratewvay of assessingideo quality consistsof sub-
jectivetesting,i.e., gatheringagroupof peopleto watchandgradea
video sggmentasit is beingplayedback. The objective assessment
approachpon the other hand, makes use of a mathematicamodel
(basedon the humanvisual systemor signal attributes)and com-
putesquality scores.A goodobjective assessmemhodelis ableto
generateesultsmatchingsubjectve scoreswvell, regardlesf video
contentanddistortionpatterns.In orderto conductobjective qual-
ity measurement&nowledgeof boththeoriginal videoframesand
the receved video framesis requiredin orderto perform the re-
quired comparison. This is possiblewhen performingan off-line
test, but not feasiblein the context of real-timeadaptationwhere
the receved and original frame sequencesre obviously not both
availableeitherat the senderor attherecever. This meanghatwe
cannotincorporatemetricslike PeakSignal-to-NoiseRatio (PSNR)
into areal-timeadaptve system.Fortunatelythevideoquality met-
ric developedby the Institutefor Telecommunicatioscienceg(ITS)
helpsus overcomethis difficulty.

2.1 ThelTS Model

The ITS model [14][13] makes continuousquality measurements
by (1) extractingstatisticsbothfrom thereferencevideoframesand
fromtheframesto bemeasured2) communicatingheextractedn-
formationbetweerthe senderandthe recever throughan ancillary
datachannel,(3) computingindividual parametergrom the statis-
tics thatareindicative of differentperceptuahspect®f videoqual-
ity, and (4) calculatinga compositequality metric combiningthe
individual parametersln orderto extractfeatureinformation, The
modelfirst dividesvideoframesinto Spatial-Emporalregions(S-T
regions). In eachS-T region, the parametergfeatures)character
izing spatial,temporaland chrominanceactvities are filtered out
for future computations By selectingthe numberof pixels encom-
passedy the S-T region appropriatelywe cansignificantlyreduce
the amountof datathatneedsto be exchangechetweensenderand
recever, while keepingtheresultingquality metriccloseto the sub-
jective score.Thecompositegualityindex rangesrom 0 (bestqual-
ity) to 1 (worstquality). Experiment§14] shav thatthis modelsuc-
cessfullycaptureghecorrelationbetweermeasureablquality vari-
ablesand humanperception. The resultsgeneratedy this model
have beenreported14] to matchsubjectve scoreseasonablyvell,
whentestingvariousvideo clips with differenttypesof distortions.
Theapproachs alsocomputationallyefficient sothatit canbe used
for real-timequality assessment.

BasedonthelTS model,we implementedavideotransmissiorsoft-

Quality index

Packet loss ratio (%)

Figure 2: Theimpactof paclet losson video quality. The quality
evaluationresultsof both a low motion video sampleand a high
motionvideosampleareplotted. The paclet lossis uniform andthe
lossratio variesfrom 1%to 10%.

warewith quality feedbackcontrol. The architectureof our system
is shawvn in Fig. 1. The video sourcedata,after beingcompressed
by an MPEG-2encoderis pacletizedandtransmittedusing UDP.
Thefeaturesof the original framesandthe receved framesare ex-
tractedat the encoderandat the decoderrespectiely. Whenvideo
transmissiorbegins,a TCP connectioris setup betweerthesender
andtherecever. Thefeatureparametersf therecevedframesare
thensentbackto the sendemver this connection The evaluationof
compositequality indicesis performedby the sender The results
of this evaluation,afterfiltering, arethenusedto determinehow to
controltheoutputrateof theencoderIn our currentsystemtherate
control is simply achieved by altering the quantizationscale(Q).
More detailsaboutthis implementatiorcanbefoundin [8].

2.2 Why Quality-Based Adaptation

Videois differentfrom otherdataapplicationge.qg.,ftp) in thesense
thatits main targetis not really maximizingthroughput. The user
caresmore aboutthe perceved video quality thanthe raw amount
of bandwidththe video flow gets, evenif the two areclosely re-
lated. Therefore the ultimate goal of adaptatiorfor video applica-
tions shouldbe to optimize the perceptualquality of the receved
video. Traditionally video adaptatioris built on top of congestion
controlmechanismg$16]. Basicallyduringthe control processthe
sendereducests bit ratein respons¢o congestionandincreasests
bit ratewhenno congestioris detectedIn otherwords,congestion
controlis donefrom the network perspectie, which largely ignores
the needsf theunderlyingapplication.

To illustrate this, we take the AIMD rate control as an example.
On one hand,althoughrate back-of after eachpaclet lossor loss
eventis theright behaior for mostdataapplicationsjt maynot be
the bestreactionfor video that cantoleratea certainlevel of data
loss without muchimpairmentto its perceptualquality. With er
ror resilient coding or error concealingtechniquesthis tolerance
thresholdcanbe further enhanced Furthermorefor video clips of
differentscenetypes,this thresholdmayvary. As aresult,reacting
with aratedecreaséor everylosseventtypically resultsmuchmore
severeperformancalegradationthanis necessaryFig. 2 shovs the
effect of pacletlosson perceptuafjuality for two differenttypesof
video clips. The quality of the high motion video samplegetsim-
pairedmorethanthe low motion one,in spiteof the factthatboth
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Figure 3: The effect of varying quantizationscaleon the encoding
quality of differenttypesof video.
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Figure 4: The effect of varying quantizationscaleon the average
encodingpit rateof differenttypesof video.

experiencethe samepaclet losspatterns.This furtherillustratesthe
limitation of a network basedrate decreaséhatis obliviousto the
characteristic®f individual video streams.A similar limitation is

presentvhenusingonly network congestior{or lackthereof)to trig-

gerrateincreases AIMD, like mostotheradaptatiorschemesin-

creaseshe dataratecontinuouslyduringthe non-congestiophase,
until the next paclet lossis detected.This is helpful to maximize
throughputbut doesnot necessarilyoptimizevideo quality. Thisis

becausarateincreaseseednotalwaysresultin asignificantquality

improvementasvideoquality typically saturatesaftertheencoding
rateexceedsa certainthreshold4]. It is alsobelievedthatwatching
a video streamthat goesthroughfrequentquality variations,even

if it is of higherquality averagedover the whole clip, canbe more
annging thanwatchinga video sequencewith relatively low but

stablequality.

Besidedoss,delay andotherperformancempairmentsthat occur
duringtransmissionthe otherfactorthatinfluencesvideoquality is
theencodingprocesstself. A low bit ratecodingreduceghe proba-
bility of pacletlossand,thereforenetwork impairmentsput intro-
ducesits own impairmentsthat can malke quality intolerablefrom
theusers perspectie. Becausef thedifferencesn all thesediffer-

1The saturationof quality is relative to the encodingbit rate. Whenthe

encodingbit rate becomesvery high, increasingits value only resultsin

maiginal quality improvementswhen comparedto a similar rate increase
for avideowith alower encodingpit rate.

entsource®f impairmentsit is difficult to defineasinglemodelthat

canfully accountfor their impactson video quality. Furthermore,
evenif sucha modelwaspossible operatingan adaptatiormecha-
nismcapableof takingall thesefactorsinto accountwould likely be

too comple. Quality-baseadaptatiorbypasseshis complexity by

insteadfocusingon the endresultof all thoseimpairmentspamely

their ultimateimpacton videoquality.

3. APPLICATION QOSANALYSIS

As discussedn Section2.2, video quality is affectedby mary fac-
tors. Among them, the effects of encodingmethodand available
bandwidthare of mostinterest. Beforeembarkingon designingan
adaptatiorschemeijt is thereforecritical to understandhe impact
eachonehason quality (applicationQoS).In this section,we carry
outsuchaninvestigationfor MPEG-2VBR encoded/ideostreams.

3.1 Joint Impact of Encoding and Bandwidth
In [12], encodingquality? is reportedas exhibiting a linear rela-
tionshipwith @, the encodingquantizationstep. Our experimental
resultscoincidewith this finding (seeFig. 3). For differenttypes
of video, the slopesof that linear function are, however, different.
Typically, the higherthe encodingcompleity, the fasterthe quality
decreasewhenincreasing?. Thisrelationshipcanbedescribedy
thefollowing formula,whereg.. is theencodingquality, xer. and
qo arevideo-specifigparameterggo alsodependson the reference
imagesequenceisedin themeasurements).

Genc = Xenc * Q + qo (1)

Meanwhile,( determineshe outputbit rateof theencoderthe av-
eragevalue of which canbe approximatedy the following power
function (seealsoFig. 4):

R=xr Q °” @)

whereR is theaveragebit rate,andy r andé g vary accordingo the

encodingcompleity. Fig. 4 shovsthatthelow motionvideosample
haslower averageencodingpit ratethanthe high motion onewhen
encodedwith the samequantizationparameters.Clearly, thereis

atrade-of in selectingQ: increasing@ resultsin a lower bit rate
(thereforepossiblylower paclet lossratio, or PLR), but lower en-

codingquality; decreasindy improvesencodingquality, while the

resultinghigherbit ratemay causemorepaclet lossif bandwidthis

not sufiicient. Therefore pit ratecannotobviously be considereds
the only factorin designingadaptatiormechanismsFor instance,
one can decreaseit rate sufiiciently to avoid further paclet loss
causedby congestion. However, the quality drop causedby such
adjustmentouldbeevenmoreseverethanthatcausedy thelosses
incurredwhenkeepingthe bit rateatits original value. Similarly, it

is notalwaysnecessaryo increasebit rateto fully utilize the avail-

ablebandwidth,astheresultinggainin quality maybe negligible.

2Here,by encodingguality we meanthe quality of the decodedmageswith
encodingloss,whencomparedo the referencémagesequenceTherefer
encecouldbeeithertheoriginalimagesequencé.e.,withoutencodindoss)
or the decodedmagesequencérom a encodedvideo sequencavith higher
encodingbit rate(i.e., with lessencodingloss).



o °
> ®

Absolute quality
o
2

16~ 2500 Bandwidth (Kbps)

Quantization scale

16 2500

Bandwidth (Kbps)
Quantization scale

Figure5: Jointimpactof encodingandbandwidthonvideoquality:
absolute quality (top) andrelative quality (bottom).

Anotherimportantfactor that affects quality is PLR. Although its
relationshipwith quality hasbeenstudiedin theliterature,we found
it difficult to directly corvert PLR constraintsinto adaptationac-
tionssincedifferentlosspatternsmay contritute differentlyto qual-
ity degradation. We thereforeusethe available bandwidthasthe
metricthroughwhich we measurdhe effect of the network.

A 3-D model[4] relating bandwidthand @ to quality is usefulto
optimize@. However, thereis no fixed modelthatwill fit all types
of video. To betterunderstandhetrendsbehindhowv bandwidthand
quantizatioraffect quality, we conductedh setof experimentausing
asamplevideoextractedfrom amovie. Theexperimentsarecarried
outonanEthernetestbedwhich hasa 10MbpsbottlenecKink. We
controlthebandwidthavailableonthebottlenecKink by generating
avariableamountof backgroundraffic onthelink. Videostreams
(framesizeof 240 x 352) with differentencodingquality aretrans-
mitted throughthe network. We then measurethe quality of the
recevedvideosequencagainsiareferenceTheresultsareplotted
asthe“absolute”qualityindicesin Fig. 5. Althoughtheseresultsare
specificto the testedvideo, they areindicative of the generaltrend
we obseredfor anumberof othervideoclips we tested.

FromFig. 5, weobserethefollowing: Letg(z, y) denoteshequal-
ity index at point (z,y), wherez is the quantizationscaleand y
is the available bandwidth(in Kbps). For eachy, thereexists an
z¢ sothatq(z1,y) > q(x2,y) if 1 > 2 > x¢ (.9, 2 = 8
wheny = 2500). This meansthat whenthe bandwidthis suffi-

cient, increasing@ lowersquality. Typically, z:(y1) > z:(y2), if

1 < Y2, i.e., lower bandwidthcalls for higherquantizationin or-

derto achieve optimalquality. For example,we seefrom thefigure
thatz,(2500) = 8, andz(1500) = 12. Similarly, for each@ (or

x), thereexistsa y:, sothatq(z,y1) = q(z, y2) if y1 > y2 > y:.

Thisis ratherintuitive andsimply meanghatoncebandwidthis suf-

ficientto eliminatepaclet lossesfurtherincreasesn bandwidthdo

not affect quality whenquantizationis keptconstant.For instance,
y¢ = 1000 for z = 16. Thevalueof y; dependn video streams

averagebit rateandits variation.

It shouldalsobe pointedout that noneof the measuremenpoints
achievesperfectquality (a quality index of 0), evenwhenthevideo
experienceo paclet loss. This is dueto encodinglosses,aswe
measuredhe quality usinganabsolutareferencesequencencoded
with Q@ = 2, while all thetestedvideosequencebada quantization
index Q > 4. As aresult,encodinglossesarepresentn all of the
testedframesequencewhencomparedvith this reference.

The trade-of associatedvith PLR canalso be obsered from the
figure. For instancewe have ¢(12,1500) < ¢(16,2500), which
meanghatif the availablebandwidthis greatetthan1.5Mbps,hav-
ing Q stayat 12 is betterthanincreasingit. This is becauseven
if having Q = 12 resultsin slightly more paclet lossesthan for
highervaluesof @, their effect remainsnegligible. Actually, for
eachbandwidthconditiony, x: representshe optimal valueof @,
correspondingo thebestoverall quality (consideringrothencoding
andpaclet losseffects). A goodadaptatiorschemeshould,there-
fore, alwaysadjustQ) towardsthatoptimalvalue.For example,sup-
posethe adaptatiorstartsat (6, 1500) andthe available bandwidth
decrease® 1 Mbps, the operationpoint movesto (6,1000) if Q is
not adjustedwhich resultsin worsequality. In this case thefigure
shaws that the optimal point is on the right handsideof z = 6,
hencethe correctadaptationis to increaseR. Similarly, if starting
from (16, 1500), the optimal value canbe achieved by decreasing
Q closeto 10.

In [4], amathematicaimodelwasproposedo computethe optimal
valueof Q. However, it is difficult to parameterizéhatmodelwith-
outknowing the characteristicef thevideoclipsin adwance.

3.2 Relative Quality VersusAbsolute Quality
As mentioneckarlier thebestway to assessideoquality is to have
theoriginalframesequencasareference Thisreferenceshouldbe
without encodinglossor of lower encodinglossesvhencompared
to the sequencectually transmitted. We call the resultof sucha
comparisorfabsolutequality”. For instancethis canbeusedwith a
recorded-videstreamingapplication,for which the original frame
sequencés availableat the sener. The sener canthenextractthe
featuresof theseframesbeforehandandhave themreadyfor com-
parisonpurposeslin othercasesareferencestreammay, however,
not be available for absolutequality comparison.This may be the
casewith live video streamingor conferencing. The video signal
usuallygoesdirectly from the camerao the encodingcard,andac-
cessinghe unprocessedataat the encodingcard may be difficult.
In suchcasesthe only referenceavailableto the adaptatiorprocess
is the outputof the encoder This referencds free of transmission
losses,but alreadyincorporatesencodinglosses. This meansthat
the quality measuremenin the adaptationis “relative”, reflecting
mostlythe effect of pacletlosson the currentencodingrateinstead



of thejoint impactof pacletlossesandencoding.

Neverthelessevenwhenusingsucharelative comparisonit is still
possibleto performa meaningfuladaptationThis is becauserideo
quality can be approximatedas the sum of encodingquality and
quality degradationcausedy pacletlosseq4].

qd = (Genc + XL " Tloss (3)

Here, q is the overall quality, gen. is the encodingquality andthe

secondermis relatedto pacletloss. x . is a parametedepending
on both the encodingcompleity andthe averagebit rate, 755 iS

the paclet lossratio. Accordingto Eq. (1), if we changequality

reference only thetermgo will besignificantlyaffectedin encoding
quality:

Gone = Xene - Q + 46 (4)

Therefore from Egs. (1), (3) and(4) we know thatunderthe same
guantizationscaleand network conditions,the differencebetween
the relative quality and the absolutequality canbe roughly repre-
sentedby

qa(z,y) —qr(z,y) = g0 — g0 = Aqo (5)

where ga(z,y) and gr(z,y) representhe absoluteand relative
quality with quantizationscalez and bandwidthy, respectiely;
Aqo denotesthe encodingquality differencewhen comparingthe
undamageftamesequencevith differentreferencédramesequences
andis approximatelyconstant.To shav the correctnes®f this ap-
proach, we repeatthe previous experimentsand plot the relative
quality index (eachoutputcomparedwith the sequencencodedat
thesameguantizatiorscaleinsteadof ) = 2) asthe“relative” qual-
ity in Fig. 5.

As canbe obsenred, the generaltrendsin the two figuresarevery
similar. Recallthatfor eachbandwidthconfigurationy, thereexists
avaluez; suchthattheabsoluteguality curve satisfiesya (z1,y) >
qa(z2,y), if z1 > z2 > =z Similarly, for the relative quality
cune thereexists a valuez; for eachy, suchthatqr(z,y) = 0 if
x > xy. Theonly differenceis thatbecauseve areusingthetrans-
mitted sequencasthe referenceor quality assessmenincreasing
guantizatiorscalewill neverintroduceary (relative) encodingqual-
ity loss. Takingthe scenarioof y = 2500 asan example,we find
xi = 8. In generalwe foundthatz} is typically greaterthanbut
closeto z;. Thedifferencebetweenz; andz; comesfrom thefact
that the optimal quantizationscalefor absolutequality can some-
timesbeachieved evenif thevideostreamexperiencesomepaclet
losses. Specifically aslong asthe quality impairmentcausedby
paclet lossis nagligible comparedo the encodingloss associated
with increasing@, the value of J canremainoptimalin termsof
absolutequality. However, the differencesbetweenz; andz; are
both rare andsmall, so thatwe canassumer, = z;. This means
thatadaptatiorbasedon relative quality measurementsanbe done
by decreasing) aslong asthe quality index remainsequalto 0.
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Figure 6: Theimpactof differentdatalossonvideoquality. Wetest
thevideosamplewith uniform losswithout protectionuniformloss
with heademrotection,and uniform loss with headerand I-frame
protection respectiely.

4. QUALITY ENHANCEMENT

We rely on several mechanismso enhancejuality, andin this sec-
tion we briefly review the main ones. They include error conceal-
ment,qualityfilter, andquality adaptationErrorconcealmentyhile
not the main topic of this paper cannotbe ignoredasit is oftena
powerful mechanisnto limit theimpactof errors. It typically con-
sistsof differentcodingschemesimedat protectingsensitve data,
e.g.,frameheadersfrom losses. Similarly, while quality is a key
inputto our adaptatiorschemethe processisedto measureuality,
i.e.,determinewhenit haschangedcanalsoplay animportantrole
in triggeringadaptationandwe briefly describethe methodwe use
for that purpose Finally, adaptatioritself is the maindriver behind
quality enhancementis the contet of this paper andwe describe
several parameterdt involvesandtheir uses.

4.1 Error Concealment

As aninter-frameencodingnethod MPEG encodingtypically gen-
erateshighly structuredbit streams. The referenceframe (e.g., I-
frame)carriesmorecritical informationthanthe otherframes(e.qg.,
B-frameandP-frame). A paclet losshappenedn I-frame cannot
only affect the quality of the frameitself, but also have the error
propagateo other dependenframesthroughoutthe group of pic-
tures (GoP). Besidesthe existenceof differently encodedframes,
ancillary datais neededby the decoderfor synchronizationjden-
tification and characterizatiorof the sourceinformation[5]. This
datais structuredn headersyhich canbe cateyorizedassequence
header GoP header picture header etc. Becausehe information
containedn theseheaderss critical for decoding,headedosscan
be tremendouslydetrimentalto quality. To illustratethe effects of
differentlosseswe simulatea videobit streamwith differentpaclet
losses.Thetestedscenariosnclude: (1) uniform loss, (2) uniform
losswith heademrotection,and (3) uniform losswith headerand
I-frame dataprotection.As shavn in Fig. 6, althoughthe PLR’'s are
identical,theresultingquality differs significantly

Several methodshave beenproposedor solving this problem. For
example,Leeet al. [7] proposedain FEC-basednultiple description
codingmethodfor lossrecovery. Feamsteet al. [1] usesselective
retransmissiono recover the mostimportantdatain the bit stream.
Developingsophisticatednechanisméor errorrecovery or conceal-



mentis beyondthe scopeof this paper However, we dorealizethat
thisis animportantaspecasfarasquality is concerneéndwe used
somesimplemethodsto mitigatetheimpactof lossof thosecritical

data.

We noticedthatfor somelostheaderstheinformationcanberecor-
eredfrom the previously received headers For instancethepi c-

t ur e_codi ng_t ype field in pictureheadercanbe inferredfrom
thetypesof the previous picturesandfollowing pictures,aslong as
theencodingramesequencsetting(e.g.,"IBBP BBPBBP BBI...")
is known. For headetossthatis unrecoerableandresultsin syntax
error, we simply skip the associatedlatauntil the decodetis resyn-
chronized.This is necessarpecausalecodingfrom datawith syn-
tax errorcould producepictureswith extremelybadquality. Before
synchronizations re-gainedthe decodersimply repeatshe output
of thelastdecodedrame.In caseof framedataloss,we conceaker-
rorsin unitsof “slice” More specifically if onesliceis missing,the
decoderreplacest with the correspondingslice from the previous
frame. To keeptrack of the location of differentslices,we encap-
sulateeachof theminto a single RTP paclet [6]. The RTP header
containgheframenumberandthe slicenumberthatcanbe usedto
decidein which frameandwherein the framethe slice shouldbe
copiedto. Throughsuchsimpleerror concealingmechanismswe
found that quality canbe enhancedndits variationssubstantially
reduced.

4.2 FeedbackFilter

In thecurrentsystemguality assessmeiig conductedvery 6 frames.
However, we cannotapply theseresultsdirectly to control the en-
coder asit may resultin too rapid encodingfluctuations. Instead,
the quality scoresof a numberof framesis accumulatedo decide
whetherthe quality is good or not. Thereare mainly two reasons
for doingthis. First, theisolatedquality variationhappeneanly in
6 framesis hardly percevable to humaneyes. The authorsof the
ITS modelsuggesthatthe quality scoresshouldbe processedvith
sometemporalcollapsingfunction so asto capturethe perceptual
impacts. The suggestedemporalcollapsingintenal is 1 to 2 sec-
onds[15]. Secondin orderto maintainastableplaybackguality, the
controllershouldnot betoo sensitve to the feedbackquality score.
Somefiltering is neededo balancethe controllers reactionto both
thelong-termandshort-termguality variations.

In our experimentswe usealow-pasdilter for this purpose Specif-
ically, let s(k) denotethe quality scoreof the kth measurement,
gest (k) denotethe overall quality estimationafterk stepsthen

Gest(k) = (1 — @) - gest(k — 1) + a - s(k) (6)

where0 < a < 1. A large a makesthe systemmoresensitve to
transieniquality changeswhile asmalla forcesaslover adaptation
to quality changesin our experimentswe obsere quality adapta-
tion resultswhile fixing the availablebandwidth(congestiorievel)
andchanginga. We computethe meanquality of 5-minuteframe
sequenceanduseit asthemajormetricwhenevaluatingtheimpact

3The reasonfor choosingthis numberof framesis becausehe objective
resultof the ITS model shavs the highestcorrelationwith the subjectve
resultfor anS-T region of 8 lines x 8 pixels x 6 frames[15].

Table 1: Thecomparisorof differentchoicesof o

a | Quality Q dev(Q) | Bit rate(Kbps)
0.01| 0.112 | 10.225| 4.740 804.772
0.05| 0.079 | 9.838 | 4.127 709.540
0.1 | 0.062 | 10.668| 3.641 610.097
0.15| 0.054 | 10.224| 3.771 664.131
0.2 | 0.066 | 10.318| 3.510 617.620

of a. Secondlywe measur¢hemean(Q) anddeviation (dev(Q)) of

Q. Lower valuesof bothQ anddev(Q) aredesirablesincethefor-

mermeanshigherencodingquality andthelattermeandessquality

fluctuation.We alsomeasurehe averagebit ratefor eacha, which

reflectshandwidthutilization. Table1 shawvs a setof typical results
with differenta’s. In comparisorwith othervalues,a = 0.15 ap-

pearsto give the bestoverall resultsin our initial experiments.We

thereforeusethisvaluefor theremaindeiof our experiments A pos-
sible explanationfor why a relatively small a givesthe bestresult
is becausa userusually prefersa more consistenplaybacksitua-
tion, albeitataloweroverallimagequality, with lessframedamage,
ratherthana varying playbacksituationwith higherquality frames
but with morefrequentframedamage.

4.3 The Adaptation Algorithm

To designthe adaptationalgorithm, several important parameters
needto bedeterminedFirst, we needthreshold(spf quality evalu-
ationto decidewhento make adaptationWe currentlyusetwo static
thresholdsignigr andgiow. Whenge: (k) is greatetthangsign, the
quality is considerecasbad; whenit falls underg;,.,, it is consid-
eredasgood. Having two differentthresholdSgrign > giow) helps
avoiding frequentoscillationsof @Q. In the following experiments,
we chooseyrigr, = 0.2 andgqiow = 0.1.

Secondthevalueof @ is usuallylimited within [Qmin, @maz]. Be-
causeon one hand,as describedn Section2.2, it is unnecessary
to decrease) furtherwhenthe encodingquality saturatesOn the
otherhand,making@ verylargewill resultin extremelybadencod-
ing quality without changingthe framesize or framerate. With the
currentconfigurationQmin = 4, Qmae= = 16.

Third, using a low-passfilter to processthe feedbackinformation
is by itself not enoughto guaranteestableadaptation.Every time

Q@ is changedthe systemneedsto be obsered for a certainperiod
beforestartingthe next round of adaptation.One of the reasonds

that thereusually are framesgeneratedeforethe adaptatiortook
effect, which arestill storedin therecever’s playbackbuffer. These
framesstill carryoutdatednformationabouttheencodingandtrans-
missionconditions. Therefore the quality feedbackextractedfrom

theseramesdoesnotincorporateheeffectof thelastadaptatiorde-
cision. Theuseof an“obsenationperiod” ensureshattheeffectsof

thoseframesareflushedout of the outputof thelow pasdilter. Fur-

thermore for rateincreaseanddecreas@hasesthe obsenation pe-
riodsaredifferentanddenotedask;,. andkq.., respectrely. Their

selectionwill be explainedfurtherin Section5.

Thebasicstratgy usedfor adaptations asfollows: whenthe avail-
ablebandwidthcannotguaranteen acceptableuality, increase
to avoid furtherpacletloss;while whenquality becomestablej.e.,
very little paclet lossesareexperiencedperceved), decrease) to



improve encodingquality. In theratedecreas@haseye borrow the
ideaof AIMD [11], makingthe averagebit rateafteradaptatioress
thanor equalto half of thepreviousvalue.In therateincreasghase,
we decreas&) by 1 in every roundof adaptation.The algorithmis

asfollows:

for (i) {
k+—k+1;
gest(k) «— (1 — @) - gest(k — 1) + - 5(k);
if (k < kinc && k < kgec) {
continue;
}elseif (k > kgec && gest > 0.2) {
Q  Topt : Topt = arg ming {gene(z)|B(x) < 0.5Bcyr};

k « 0;

} else if (k > kine && gest < 0.1) {
QL+ Q-1
k<« 0

Here B(x) denotesthe averageencodingbit ratewhen@ = z,

B, is the currentaveragebit rate; z,p¢ is the optimal value of =

which satisfiestwo conditions: (1) the correspondingit rateis no

largerthanhalf of the currentvalue;(2) the encodingquality (gen.)

is the bestamongall valuesof z satisfying(1). The relationships
betweenB, z, and ¢e». are definedby equation(1) and(2), and
the parametersn theseequationsare measuredht run-time. The
algorithmstartswith Q@ = 8.

5. EXPERIMENT AL RESULTS

We conductech seriesof experimentsbetweentwo siteslocatedat

UPennand UC Irvine, respectrely. The path betweenthesetwo

sites goesover the Internet2network, and thereforerarely expe-

riencescontinuousbandwidthshortage. However, bursty paclet

lossesareobsened from time to time. This configurationis, there-
fore, usedto test the toleranceof our adaptve systemto bursty

losses.In orderto testperformanceof the schemeunderrelatively

long-termbandwidthfluctuationswe useda traffic generatoto in-

troducecrosstraffic on the datapath. The resultsin the remainder
of this sectionarefor eitherof thesetwo configurations.

5.1 DealingWith Short-Term Losses

In anundetutilized network lik e the Internet2 congestiorhappens
mostly at a very shorttime scale. As a result, video quality expe-
riencesshort-termand transientdisturbances.Suchdisturbances,
unlesslong enoughto becomeannging to the viewer, shouldnot
causearatedecrease.

Thelowpasdilter describedearlierhandleghis situationreasonably
well. In Fig. 7, we provide resultscollectedfor a 320-secondideo
transmissiorirom UCI to UPenn.Thecrossraffic onthis pathintro-
ducesbursty loss. However, noneof the losseventscontainsmore
than 20 contiguousor nearcontiguouslost paclets. The four dia-
grams from top to bottom,representhe numberof lost paclets,the
adaptatiorof @, thevariationof thetransmissiomate,andthe mea-
sured/estimateduality, respectiely. It shouldbe mentionedthat
both paclet lossesandbit rate are collectedfor a period of 1 sec-
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Figure 7: The behaior of the adaptationalgorithm underbursty
loss condition: the paclet loss processthe adaptationof quanti-
zation scale(Q), the variation of encodingbit rate, and the video
quality (from top to bottom).

ond,while the otherdataarerecordedver periodsof 0.2 secondb
Themeasuredjuality in thelastdiagramis s(k), andthe estimated
quality is gest (k), botharerelative quality results.Onecanobsere
from the figure that most paclet lossesdid not affect quality very
much. Amongall the detectedossevents,only threeof themhad
substantiaimpactson quality and triggeredthe adaptationof @,
which happenedt 135 seconds242 secondsand 283 secondsre-
spectvely, afterthetransmissionwasstarted Notethatif astandard
rate-baseddaptatiormechanismhadbeenused,eachone of those
losseventswould have causedarateback-of, whichis unnecessary
from the applications perspectie.

5.2 DealingWith Long-Term Bandwidth Vari-

ations

Besideshaving a short-termbursty nature,the Internettraffic also
exhibits long-termvariations[17] [9]. Our adaptationalgorithm
needsto be ableto dealwith sucha situationaswell. In orderto
createan experimentalsettingwheresuchlong termvariationsare
presentwe usea traffic generatotto periodicallyinject crosstraf-
fic into the transmissiorpath, andwe obsere the reactionsof the
adaptatiormechanism.

Olviously; if we usethe overall quality of the receved videoasa
metric, the optimal adaptatioralgorithmdepend®n the bandwidth
variation pattern. However, the purposeof our experimentshereis
not to find out the “best” algorithm, but to shaw how tuning some
specificparameterwvill affectthe quality.

Among all thetunableparametersk;,. andkg.. areof our partic-
ularinterests.k;». andkg.. controlthe lengthof the “obsenation
periods”in therateincreasephaseanddecreasphasesiespectiely.

“This is the lengthof a single measurement6 frameslast 0.2 secondgor
thetestedvideowith framerateof 30 framespersecond.
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Figure 8: The behaior of the adaptatioralgorithmundervarying
bandwidthconditionwith k;,. = ka4ec = 15: the pacletlosspro-
cess,the adaptatiorof quantizationscale(Q), the variation of en-
codingbhit rate,andthevideo quality (from top to bottom).

We first testeda configuratiorwherek;n. = kqec = 15. Recallthat
eachmeasuremertontainss frames(0.2 seconds)Therefore both
obseration periodsare3 secondsn this case.ln otherwords,if the
quality is consistentlybadfor 3 secondsthe transmissiorratewill
be reducedwhile if the quality is consistentlygoodfor 3 seconds,
the sendemwill try to increasethe encodingresolution. The avail-
ablebandwidthalternatedetween3 Mbpsand5 Mbps (5 Mbpsto
3Mbpsat 65 secondsandbackto 5Mbpsat 175secondsthenback
to 3 Mbps againat 225 seconds).Theresultsareshavn in Fig. 8.
For example,whenthe bandwidthdropsat 65 secondsthe adapta-
tion algorithmreactsquickly by adjustingthe valueof @ from 4 to
7 andthento 15. Sincethe averagebit rateat Q = 15 is lessthan
3 Mbps, the sendemttemptso increasesncodingresolutionslowly
(e.g.,at 70 seconds;100 secondsand 145 seconds).This initially
resultsin quality degradationafter the rate decreasesndthenthe
quality slowly becomestableagain.Consideringheoverall quality
pattern,therearestill quite a few “bad” quality periodsduring the
playback.

We thenkeepks.. unchangedvhile increasingk;,. to 30. We re-
peatedthe sameexperimentsas before,exceptthat the changesn
available bandwidthtook placeat 45 secondgdecrease)120 sec-
onds(increase)and210 secondgdecrease),espectiely. Because
of thenew valueof k;,,., obsenation periodbeforerateincreasds
doubled.Namely thethesendeis more“cautious”aboutincreasing
the bit rate. As a result(seeFig. 9), the quality is well maintained
whenthe bit rateis lessthanavailable bandwidth. This helpspro-
vide the userwith a playbackwithout frequentquality oscillations.
Fromthe transitionprocesof ), we cantell that suchstability in
quality is achieved by sacrificingsomeencodingresolution(band-
width utilization). To comparethe effectsof bothconfigurationsywe
measuredhe “absolute” quality of the two receved video streams
againstthe samereference. The result shavs an averagequality
improvementof 0.1 during the phaseof lower bandwidthwith the
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Figure 9: The behaior of the adaptatioralgorithmwith the same
configurationsasin Fig. 8, exceptfor k;n. = 30 andkge. = 15.

secondcconfiguration.

In summary the experimentswith long-termbandwidthvariation
suggestthat to improve quality, we should decrease rate quickly
when congestion happens, and increase rate cautiously when quality
becomes stable again.

6. DISCUSSION

Quality-basedadaptatiordealswith the mismatchbetweenthe ap-
plication’s requirementsandthe network conditionsfrom anappli-
cation’s perspectie. In otherwords, changesn applications be-
havior aretriggeredin responseo theimpactthatvariationsin net-
work resourceave on applicationlevel quality. A possiblecrit-
icism of sucha schemeis that it may fail to be compatiblewith
other network-basedcongestiorncontrol schemes Floyd et al. [2]
proposedhatend-to-endcongestiorcontrolmechanismshouldbe
“TCP-friendly”, i.e.,aflow shouldnotusemorebandwidththanthe
mostaggressie conformantTCP implementationwould underthe
samecircumstancesOur adaptatiorschemecannotalways satisfy
thisrequirementFor instancethe sendingratedoesnot necessarily
back-of whenlossesoccur while TCP usuallydoesso. Nonethe-
less,oneshouldalsorealizethatthis schememay not be asaggres-
sive asTCP whenextra bandwidthis available. How sucha beha-
ior will affect other TCP flows in the long term is an openissue.
Meanwhile,our adaptatiordoesneverthelessxhibit some“friend-
liness”andwould avoid congestiorcollapse[2], becausexcessie
paclet losseswill ultimately resultin quality degradationthat will
befollowedby ratereduction.We believe thatthedangerof conges-
tion collapsecomesprimarily from entirelyunresponsie flows, like
mary of today’s commercialvideoapplicationsandnot from flows
emplging differentadaptatiormechanismsi-urthermorewe ague
that TCP-friendlinesshouldnot be consideredasthe only possible
criterionfor measuring flow’s responsieness.

In real applicationsjmplementingquality measuremerandevalu-
ation may not be alwaysfeasible. Although the informationtrans-



mitted betweenthe senderand the recever is limited, the process
of featureextractionrequiresintensve computationsespeciallyfor
high resolutionvideo frames. In a scenariovherea sener is per
forming live streamingof differentvideosto multiple clients, the
senercaneasilybecomeoverloadedf requiredto handlesuchcom-
putations. Therefore,our schememay not be suitablefor all con-
figurationsandsimple, albeit lessefficient, methodsof performing
quality-basedidapatiomeedto be explored. Thesimplestoneis to
allow theviewer to directly interactwith the streamingprocessand
adjustvideoresolutionaccordingto his/herperception(in this case
the adaptatiorbecomesubjectve quality based) However, we be-
lieve that our implementatiorprovidesa benchmarkagainstwhich
otherpossibleadaptatioralgorithmscanbe evaluated.

In additionto its intrinsic limitations, thereareotherlimitationsthat
arespecificto the currentimplementatiorof our quality adaptation
scheme.In particular the currentimplementatiorrelieson a VBR
encodingcardwith tunablequantizationparameters.This is not a
typical configurationfor mostInternetapplications.However, this
is only for demonstratiopurposesandothercodingschemesuch
aslayeredencoding[10] andmultiple descriptionencodingcanbe
usedfor the samepurpose.

7. CONCLUSIONS

In this paperwe have discussedheviability of quality-baseddap-
tive video transmissiorover the Internet. A simple analysisof the

relationshipbetweenquality and network/coding factorswas also

provided. Basedon this analysis,we designeda video adaptation
schemehatrelied on the tunability of MPEG-2coding. We inves-

tigatedthe performanceof our adaptatioralgorithmwith the help

of a prototypesystembuilt on top of the real network. The be-

havior of our algorithmin face of both long-termand short-term
bandwidthvariationswas investigated. Preliminary experimental
resultsshaved that quality-basedadaptationyhich dealswith net-

work congestionfrom an application$ perspectie, can help en-

hancevideoquality. Althoughthisis by no meansa completestudy

of all theissuesnvolved with real-timevideo streamingandadap-
tive quality control, the work describechereis a first steptowards
integratingapplicationQoSinto a networking ervironment.

We planto extendourwork in severaldirections.First of all, we are
interestedin exploring other quality adaptatiormechanismse.g.,
layeredcoding,object-basedoding,etc. Secondlytherelationbe-
tweenvideoquality andnetwork QoSparameteraeedgo befurther
investigated.As statedbefore,accuratelymodelingsucha relation
is difficult. However, it mightbefeasibleto identify simplerules-of-
thumbthatcanhelp develop moreintelligentnetwork mechanisms,
suchasapplicationspecificrouting, contentdelivery network, etc.,
in supportof videoapplications.
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