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Abstract
IP networksandthe Internetin generalaresubjectto a wide range
of fluctuationsof the end-to-endbit rateavailable to applications.
This uncertaintyhasmotivatedthe developmentof adaptive appli-
cations,i.e.,applicationsthatcanadjusttheir resourcerequirements
asa function of what the network can provide. In this paper, we
explore an adaptationschemethat is not directly driven by these
fluctuations,but basedon the impactthey have on the quality per-
ceived by theapplication.Our focusis on thepotentialbenefitsof
sucha “quality-based”adaptationapproachfor video applications.
We begin with a brief introductionof objective video quality as-
sessmentand its integration into an adaptive transmissionsystem.
Next, we discussthe joint impactof packet lossandencodingrate
on videoquality, basedon which a simplequality feedback-control
systemhasbeenbuilt. Adaptationis carriedout by measuringthe
quality of the received video andcomparingit to a baselinerefer-
ence.Our preliminaryexperimentalresultsshow both theviability
and the benefitsof usingvideo quality as the basisof adaptation.
Possibledirectionsof future researcharealsodiscussedat the end
of thepaper.

1. INTRODUCTION
Although video streamingandconferencinghave becomepopular
in the Internet,the usersatisfactionof suchapplicationscannotbe
guaranteed.This is dueto thebest-effort natureof today’s Internet.
Video applicationsusually have tight requirementson bandwidth,
lossanddelay, that canoftennot bemet in a sharednetwork envi-
ronmentlike Internet.Therearetwo possibleapproachesto solving
theproblem.Onecaneitherhave thenetwork explicitly managethe
utilizationof its resourcesto makeperformancemorepredictable,or
designapplicationsadaptive to changingnetwork conditions.Intro-
ducingQoSin thenetwork (e.g.,InterservandDiffServ)falls in the
first category, but althoughvariousnetwork QoSsolutionsarewell
understoodandhavebeenextensively studied,thefutureof theirde-
ploymentremainsuncertain.Therefore,in this paperwe assumea
standardthebest-effort network. In suchanenvironment,theability
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of a video flow to adjustits behavior in responseto network con-
ditions canbe instrumentalin bridging the gapbetweenavailable
network resourcesandapplication’s requirements.

To designan adaptive application,two basicquestionsneedto be
answered:(1) what are the triggers for adaptation,and (2) how
shouldadaptationbe performed. In answeringthe first question,
most existing adaptationschemesprobethe network path and in-
fer changesin availablenetwrok resourcesfrom changesin delay
or lossstatistics. This in turn leadsto the adaptationof the video
transmissionrate.For instance,theRateAdaptationProtocol(RAP)
[11] andTCP Friendly RateControl (TFRC) [3] usepacket losses
or losseventsasindicatorsof congestion.In answeringthesecond
question,most systemsrely on algorithmsor modelsto estimate
the propertransmissionrate. For example,RAP usesan additive-
increase-multiplicative-decrease(AIMD) algorithmfor ratecontrol,
and TFRC usesa throughputmodel of TCP. Once the transmis-
sionratehasbeenestimated,variousscalablevideoencodingmeth-
ods(e.g.,alteringencoder’squantizationparameter, changingframe
rate,droppingor addingcodinglayers,etc.) areusedto matchthe
videodataratewith theestimatedtransmissionrate.

In this paper, we exploreinsteadthebenefitsof quality-basedadap-
tation. In otherwords,a changein video quality is the main trig-
ger for adaptation,andthe objective is to maintainquality ashigh
aspossibleunderfluctuatingbandwidthconditions.Thechangein
quality is basedon comparingthequality of thevideogeneratedat
the decoderto that availableat the encoder. The quality informa-
tion is obtainedthrougha modelintroducedin [14]. Basedon this
model,weimplementedanend-to-endvideotransmissionsystemto
testdifferentadaptationschemes.Throughour initial experiments,
wefoundthatquality-basedadaptationcansucessfullymaintainper-
ceivedvideoquality in variablebandwidthconditions.Furthermore,
theperformanceof suchaschemedoesnotappearto betoosensitive
to variationsin videocontent.

Therestof thispaperisstructuredasfollows. In section2,webriefly
introduceanobjective videoquality assessmentmodelandhow we
integrateit into a video transmissionsystem. In section3, we in-
vestigatethe impactof packet lossandquantizationparameterson
quality. Wesketchin Section4 analgorithmusingquality feedback
informationto controltheencodingandtransmissionof videodata.
Somepreliminary experimentalresultson the performanceof the
schemearepresentedin Section5. Section6 dicussesthe results
of our experimentsandidentifiesseveral openissuesin thecurrent
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Figure 1: Thearchitectureof a quality-basedadaptive videotrans-
missionsystem.

scheme.Section7 concludesthepaperandoutlinesthevariousex-
tensionswe arecurrentlyexploring.

2. QUALITY -BASED ADAPTATION
The mostaccurateway of assessingvideo quality consistsof sub-
jectivetesting,i.e.,gatheringagroupof peopleto watchandgradea
videosegmentasit is beingplayedback.Theobjective assessment
approach,on the otherhand,makes useof a mathematicalmodel
(basedon the humanvisual systemor signalattributes)andcom-
putesquality scores.A goodobjective assessmentmodelis ableto
generateresultsmatchingsubjectivescoreswell, regardlessof video
contentanddistortionpatterns.In orderto conductobjective qual-
ity measurements,knowledgeof boththeoriginal videoframesand
the received video framesis requiredin order to perform the re-
quired comparison.This is possiblewhenperformingan off-line
test,but not feasiblein the context of real-timeadaptation,where
the received andoriginal frame sequencesareobviously not both
availableeitherat thesenderor at thereceiver. This meansthatwe
cannotincorporatemetricslike PeakSignal-to-NoiseRatio(PSNR)
into a real-timeadaptive system.Fortunately, thevideoqualitymet-
ric developedby theInstitutefor TelecommunicationScience(ITS)
helpsusovercomethis difficulty.

2.1 The ITS Model
The ITS model [14][13] makes continuousquality measurements
by (1) extractingstatisticsbothfrom thereferencevideoframesand
from theframesto bemeasured,(2) communicatingtheextractedin-
formationbetweenthesenderandthereceiver throughanancillary
datachannel,(3) computingindividual parametersfrom the statis-
tics thatareindicative of differentperceptualaspectsof videoqual-
ity, and (4) calculatinga compositequality metric combiningthe
individual parameters.In orderto extract featureinformation,The
modelfirst dividesvideoframesinto Spatial-Temporalregions(S-T
regions). In eachS-T region, the parameters(features)character-
izing spatial, temporaland chrominanceactivities are filtered out
for futurecomputations.By selectingthenumberof pixelsencom-
passedby theS-T region appropriately, we cansignificantlyreduce
theamountof datathatneedsto beexchangedbetweensenderand
receiver, while keepingtheresultingqualitymetriccloseto thesub-
jectivescore.Thecompositequality index rangesfrom 0 (bestqual-
ity) to 1 (worstquality). Experiments[14] show thatthismodelsuc-
cessfullycapturesthecorrelationbetweenmeasureablequalityvari-
ablesandhumanperception.The resultsgeneratedby this model
have beenreported[14] to matchsubjective scoresreasonablywell,
whentestingvariousvideoclips with differenttypesof distortions.
Theapproachis alsocomputationallyefficientsothatit canbeused
for real-timequalityassessment.

BasedontheITS model,weimplementedavideotransmissionsoft-
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Figure 2: The impactof packet losson videoquality. Thequality
evaluationresultsof both a low motion video sampleand a high
motionvideosampleareplotted.Thepacket lossis uniformandthe
lossratio variesfrom 1%to 10%.

warewith quality feedbackcontrol. Thearchitectureof our system
is shown in Fig. 1. Thevideosourcedata,after beingcompressed
by an MPEG-2encoder, is packetizedandtransmittedusingUDP.
Thefeaturesof theoriginal framesandthereceived framesareex-
tractedat theencoderandat thedecoder, respectively. Whenvideo
transmissionbegins,a TCPconnectionis setupbetweenthesender
andthereceiver. Thefeatureparametersof thereceivedframesare
thensentbackto thesenderover this connection.Theevaluationof
compositequality indicesis performedby the sender. The results
of this evaluation,afterfiltering, arethenusedto determinehow to
controltheoutputrateof theencoder. In ourcurrentsystem,therate
control is simply achieved by altering the quantizationscale( � ).
More detailsaboutthis implementationcanbefoundin [8].

2.2 Why Quality-BasedAdaptation
Videois differentfrom otherdataapplications(e.g.,ftp) in thesense
that its main target is not really maximizingthroughput.The user
caresmoreaboutthe perceived video quality thanthe raw amount
of bandwidththe video flow gets,even if the two are closely re-
lated. Therefore,theultimategoalof adaptationfor videoapplica-
tions shouldbe to optimize the perceptualquality of the received
video. Traditionally, videoadaptationis built on top of congestion
controlmechanisms[16]. Basicallyduring thecontrolprocess,the
senderreducesitsbit ratein responsetocongestion,andincreasesits
bit ratewhenno congestionis detected.In otherwords,congestion
controlis donefrom thenetwork perspective,which largely ignores
theneedsof theunderlyingapplication.

To illustrate this, we take the AIMD rate control as an example.
On onehand,althoughrateback-off after eachpacket lossor loss
event is theright behavior for mostdataapplications,it maynot be
the bestreactionfor video that can toleratea certainlevel of data
loss without much impairmentto its perceptualquality. With er-
ror resilient coding or error concealingtechniques,this tolerance
thresholdcanbe furtherenhanced.Furthermore,for videoclips of
differentscenetypes,this thresholdmayvary. As a result,reacting
with aratedecreasefor every losseventtypically resultsmuchmore
severeperformancedegradationthanis necessary. Fig. 2 shows the
effect of packet losson perceptualquality for two differenttypesof
videoclips. The quality of the high motion video samplegetsim-
pairedmorethanthe low motion one,in spiteof the fact thatboth
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Figure 3: Theeffect of varyingquantizationscaleon theencoding
quality of differenttypesof video.
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Figure 4: The effect of varying quantizationscaleon the average
encodingbit rateof differenttypesof video.

experiencethesamepacket losspatterns.This furtherillustratesthe
limitation of a network basedratedecreasethat is oblivious to the
characteristicsof individual video streams.A similar limitation is
presentwhenusingonly networkcongestion(or lackthereof)to trig-
ger rateincreases.AIMD, like mostotheradaptationschemes,in-
creasesthedataratecontinuouslyduringthenon-congestionphase,
until the next packet loss is detected.This is helpful to maximize
throughputbut doesnot necessarilyoptimizevideoquality. This is
becausearateincreaseneednotalwaysresultin asignificantquality
improvement,asvideoqualitytypically saturates1 aftertheencoding
rateexceedsacertainthreshold[4]. It is alsobelievedthatwatching
a video streamthat goesthroughfrequentquality variations,even
if it is of higherquality averagedover thewholeclip, canbemore
annoying than watchinga video sequencewith relatively low but
stablequality.

Besidesloss,delay, andotherperformanceimpairmentsthatoccur
duringtransmission,theotherfactorthatinfluencesvideoquality is
theencodingprocessitself. A low bit ratecodingreducestheproba-
bility of packet lossand,therefore,network impairments,but intro-
ducesits own impairmentsthat canmake quality intolerablefrom
theuser’s perspective. Becauseof thedifferencesin all thesediffer-

1The saturationof quality is relative to the encodingbit rate. When the
encodingbit rate becomesvery high, increasingits value only resultsin
marginal quality improvementswhen comparedto a similar rate increase
for avideowith a lower encodingbit rate.

entsourcesof impairments,it isdifficult to defineasinglemodelthat
canfully accountfor their impactson video quality. Furthermore,
even if sucha modelwaspossible,operatinganadaptationmecha-
nismcapableof takingall thesefactorsinto accountwould likely be
toocomplex. Quality-basedadaptationbypassesthis complexity by
insteadfocusingon theendresultof all thoseimpairments,namely,
their ultimateimpacton videoquality.

3. APPLICATION QOS ANALYSIS
As discussedin Section2.2, videoquality is affectedby many fac-
tors. Among them, the effects of encodingmethodand available
bandwidthareof mostinterest.Beforeembarkingon designingan
adaptationscheme,it is thereforecritical to understandthe impact
eachonehason quality (applicationQoS).In this section,we carry
out suchaninvestigationfor MPEG-2VBR encodedvideostreams.

3.1 Joint Impact of Encodingand Bandwidth
In [12], encodingquality2 is reportedas exhibiting a linear rela-
tionshipwith � , theencodingquantizationstep.Our experimental
resultscoincidewith this finding (seeFig. 3). For different types
of video, the slopesof that linear function are,however, different.
Typically, thehighertheencodingcomplexity, thefasterthequality
decreaseswhenincreasing� . This relationshipcanbedescribedby
thefollowing formula,where�����
	 is theencodingquality, ���
��	 and
��� arevideo-specificparameters( ��� alsodependson the reference
imagesequenceusedin themeasurements).

� ����	�� � ����	�� ������� (1)

Meanwhile,� determinestheoutputbit rateof theencoder, theav-
eragevalueof which canbeapproximatedby the following power
function(seealsoFig. 4):

� � ��� � ������� (2)

where
�

is theaveragebit rate,and � � and !
� varyaccordingto the
encodingcomplexity. Fig.4 showsthatthelow motionvideosample
haslower averageencodingbit ratethanthehigh motiononewhen
encodedwith the samequantizationparameters.Clearly, thereis
a trade-off in selecting� : increasing� resultsin a lower bit rate
(thereforepossiblylower packet lossratio, or PLR), but lower en-
codingquality; decreasing� improvesencodingquality, while the
resultinghigherbit ratemaycausemorepacket lossif bandwidthis
not sufficient. Therefore,bit ratecannotobviously beconsideredas
the only factor in designingadaptationmechanisms.For instance,
one can decreasebit rate sufficiently to avoid further packet loss
causedby congestion.However, the quality drop causedby such
adjustmentcouldbeevenmoreseverethanthatcausedby thelosses
incurredwhenkeepingthebit rateat its original value.Similarly, it
is not alwaysnecessaryto increasebit rateto fully utilize theavail-
ablebandwidth,astheresultinggainin qualitymaybenegligible.
2Here,by encodingqualitywemeanthequalityof thedecodedimageswith
encodingloss,whencomparedto thereferenceimagesequence.Therefer-
encecouldbeeithertheoriginal imagesequence(i.e.,withoutencodingloss)
or thedecodedimagesequencefrom a encodedvideosequencewith higher
encodingbit rate(i.e.,with lessencodingloss).
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Figure5: Jointimpactof encodingandbandwidthonvideoquality:
absolute quality (top)andrelative quality (bottom).

Another importantfactor that affectsquality is PLR. Although its
relationshipwith qualityhasbeenstudiedin theliterature,wefound
it difficult to directly convert PLR constraintsinto adaptationac-
tionssincedifferentlosspatternsmaycontributedifferentlyto qual-
ity degradation. We thereforeusethe available bandwidthas the
metricthroughwhichwe measuretheeffect of thenetwork.

A 3-D model [4] relatingbandwidthand � to quality is useful to
optimize � . However, thereis no fixedmodelthatwill fit all types
of video.To betterunderstandthetrendsbehindhow bandwidthand
quantizationaffectquality, weconductedasetof experimentsusing
asamplevideoextractedfrom amovie. Theexperimentsarecarried
outonanEthernettestbed,whichhasa10Mbpsbottlenecklink. We
controlthebandwidthavailableonthebottlenecklink by generating
a variableamountof backgroundtraffic on the link. Videostreams
(framesizeof "
#%$'&)(+*%" ) with differentencodingqualityaretrans-
mitted throughthe network. We then measurethe quality of the
receivedvideosequenceagainsta reference.Theresultsareplotted
asthe“absolute”quality indicesin Fig.5. Althoughtheseresultsare
specificto the testedvideo,they areindicative of thegeneraltrend
we observedfor a numberof othervideoclips we tested.

FromFig.5,weobservethefollowing: Let �-,/.10�243 denotesthequal-
ity index at point ,/.10�243 , where . is the quantizationscaleand 2
is the available bandwidth(in Kbps). For each 2 , thereexists an
.�5 so that �4,/.76809243;:<�4,/.>=
0�243 if .16?:<.@=�:<.�5 (e.g., .�5 �BA
when 2 � "%*
$%$ ). This meansthat when the bandwidthis suffi-

cient, increasing� lowersquality. Typically, .>59,/246C3D:E.>59,/2F=�3 , if
2 6HG 2 = , i.e., lower bandwidthcalls for higherquantizationin or-
derto achieve optimalquality. For example,we seefrom thefigure
that . 5 ,I"�*�$�$+3 �JA , and . 5 ,�KL*
$%$+3 � K�" . Similarly, for each� (or
. ), thereexistsa 2 5 , so that �4,/.10�2 6 3 � �-,/.10�2 = 3 if 2 6 :M2 = :N2 5 .
This is ratherintuitiveandsimplymeansthatoncebandwidthis suf-
ficient to eliminatepacket losses,furtherincreasesin bandwidthdo
not affect quality whenquantizationis keptconstant.For instance,
2 5�� K�$%$%$ for . � K�O . Thevalueof 2 5 dependson videostream’s
averagebit rateandits variation.

It shouldalsobe pointedout that noneof the measurementpoints
achievesperfectquality (a quality index of 0), evenwhenthevideo
experiencesno packet loss. This is due to encodinglosses,aswe
measuredthequality usinganabsolutereferencesequenceencoded
with � � " , while all thetestedvideosequenceshadaquantization
index �QPR# . As a result,encodinglossesarepresentin all of the
testedframesequenceswhencomparedwith this reference.

The trade-off associatedwith PLR canalsobe observed from the
figure. For instance,we have �-,�KL"S0�K�*�$�$+3 G �-,�K�OS0T"%*
$%$%3 , which
meansthatif theavailablebandwidthis greaterthan1.5Mbps,hav-
ing � stayat 12 is betterthan increasingit. This is becauseeven
if having � � K�" resultsin slightly more packet lossesthan for
higher valuesof � , their effect remainsnegligible. Actually, for
eachbandwidthcondition 2 , . 5 representsthe optimal valueof � ,
correspondingto thebestoverallquality(consideringbothencoding
andpacket losseffects). A goodadaptationschemeshould,there-
fore,alwaysadjust� towardsthatoptimalvalue.For example,sup-
posetheadaptationstartsat ,UO-0�K�*�$%$%3 andtheavailablebandwidth
decreasesto 1 Mbps,theoperationpoint movesto ,UOS0�K�$�$%$+3 if � is
not adjusted,which resultsin worsequality. In this case,thefigure
shows that the optimal point is on the right handsideof . � O ,
hencethecorrectadaptationis to increase� . Similarly, if starting
from ,�K�O-0�K�*�$%$%3 , the optimal valuecanbe achieved by decreasing
� closeto 10.

In [4], a mathematicalmodelwasproposedto computetheoptimal
valueof � . However, it is difficult to parameterizethatmodelwith-
out knowing thecharacteristicsof thevideoclips in advance.

3.2 RelativeQuality VersusAbsoluteQuality
As mentionedearlier, thebestway to assessvideoquality is to have
theoriginal framesequenceasareference.This referenceshouldbe
without encodinglossor of lower encodinglosseswhencompared
to the sequenceactually transmitted. We call the resultof sucha
comparison“absolutequality”. For instance,thiscanbeusedwith a
recorded-videostreamingapplication,for which theoriginal frame
sequenceis availableat theserver. Theserver canthenextract the
featuresof theseframesbeforehand,andhave themreadyfor com-
parisonpurposes.In othercases,a referencestreammay, however,
not be availablefor absolutequality comparison.This may be the
casewith live video streamingor conferencing.The video signal
usuallygoesdirectly from thecamerato theencodingcard,andac-
cessingtheunprocesseddataat theencodingcardmaybedifficult.
In suchcases,theonly referenceavailableto theadaptationprocess
is theoutputof theencoder. This referenceis freeof transmission
losses,but alreadyincorporatesencodinglosses. This meansthat
the quality measurementin the adaptationis “relative”, reflecting
mostlytheeffect of packet losson thecurrentencodingrateinstead



of thejoint impactof packet lossesandencoding.

Nevertheless,evenwhenusingsucha relative comparison,it is still
possibleto performa meaningfuladaptation.This is becausevideo
quality can be approximatedas the sum of encodingquality and
quality degradationcausedby packet losses[4].

� � �����
	V����W ��XLY ZT[�[ (3)

Here, � is the overall quality, � ���
	 is the encodingquality andthe
secondterm is relatedto packet loss. � W is a parameterdepending
on both the encodingcomplexity andthe averagebit rate, X Y ZT[�[ is
the packet loss ratio. According to Eq. (1), if we changequality
reference, only theterm � � will besignificantlyaffectedin encoding
quality:

��\����	 � � ����	�� �]����\� (4)

Therefore,from Eqs.(1), (3) and(4) we know thatunderthesame
quantizationscaleandnetwork conditions,the differencebetween
the relative quality and the absolutequality canbe roughly repre-
sentedby

��^�,/.10
243 _`�L�a,/.10�243 � ����_`�
\�cbed ��� (5)

where ��^�,/.70�243 and �L��,/.10
243 representthe absoluteand relative
quality with quantizationscale . and bandwidth 2 , respectively;
d ��� denotesthe encodingquality differencewhencomparingthe
undamagedframesequencewith differentreferenceframesequences
andis approximatelyconstant.To show thecorrectnessof this ap-
proach,we repeatthe previous experimentsand plot the relative
quality index (eachoutputcomparedwith thesequenceencodedat
thesamequantizationscaleinsteadof � � " ) asthe“relative” qual-
ity in Fig. 5.

As canbe observed, the generaltrendsin the two figuresarevery
similar. Recallthatfor eachbandwidthconfiguration2 , thereexists
avalue .>5 suchthattheabsolutequalitycurve satisfies� ^ ,/.16�0�2f3a:
��^g,/. = 0�243 , if . 6 :B. = :B. 5 . Similarly, for the relative quality
curve thereexists a value . \ 5 for each2 , suchthat �L��,/.10�243 � $ if
.?:h. \5 . Theonly differenceis thatbecausewe areusingthetrans-
mittedsequenceasthereferencefor quality assessment,increasing
quantizationscalewill never introduceany (relative)encodingqual-
ity loss. Taking the scenarioof 2 � "�*�$%$ asan example,we find
. \ 5 �QA . In general,we found that . \ 5 is typically greaterthanbut
closeto . 5 . Thedifferencebetween. \ 5 and . 5 comesfrom thefact
that the optimal quantizationscalefor absolutequality cansome-
timesbeachievedevenif thevideostreamexperiencessomepacket
losses. Specifically, as long as the quality impairmentcausedby
packet loss is negligible comparedto the encodinglossassociated
with increasing� , the valueof � canremainoptimal in termsof
absolutequality. However, the differencesbetween.>5 and . \ 5 are
both rareandsmall, so that we canassume. \ 5 � . 5 . This means
thatadaptationbasedon relative quality measurementscanbedone
by decreasing� aslong asthequality index remainsequalto 0.
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Figure6: Theimpactof differentdatalossonvideoquality. Wetest
thevideosamplewith uniformlosswithoutprotection,uniformloss
with headerprotection,anduniform losswith headerand I-frame
protection,respectively.

4. QUALITY ENHANCEMENT
We rely on severalmechanismsto enhancequality, andin this sec-
tion we briefly review the main ones. They includeerror conceal-
ment,qualityfilter, andqualityadaptation.Errorconcealment,while
not the main topic of this paper, cannotbe ignoredasit is often a
powerful mechanismto limit the impactof errors. It typically con-
sistsof differentcodingschemesaimedat protectingsensitive data,
e.g., frameheaders,from losses.Similarly, while quality is a key
input to ouradaptationscheme,theprocessusedto measurequality,
i.e.,determinewhenit haschanged,canalsoplay animportantrole
in triggeringadaptation,andwe briefly describethemethodwe use
for thatpurpose.Finally, adaptationitself is themaindriver behind
quality enhancementsin thecontext of this paper, andwe describe
severalparametersit involvesandtheir uses.

4.1 Err or Concealment
As aninter-frameencodingmethod,MPEGencodingtypically gen-
erateshighly structuredbit streams.The referenceframe(e.g., I-
frame)carriesmorecritical informationthantheotherframes(e.g.,
B-frameandP-frame).A packet losshappenedin I-frame cannot
only affect the quality of the frame itself, but also have the error
propagateto otherdependentframesthroughoutthe groupof pic-
tures(GoP).Besidesthe existenceof differently encodedframes,
ancillary datais neededby the decoderfor synchronization,iden-
tification andcharacterizationof the sourceinformation [5]. This
datais structuredin headers,which canbecategorizedassequence
header, GoPheader, pictureheader, etc. Becausethe information
containedin theseheadersis critical for decoding,headerlosscan
be tremendouslydetrimentalto quality. To illustratethe effectsof
differentlosses,wesimulateavideobit streamwith differentpacket
losses.The testedscenariosinclude: (1) uniform loss,(2) uniform
losswith headerprotection,and(3) uniform losswith headerand
I-framedataprotection.As shown in Fig. 6, althoughthePLR’sare
identical,theresultingqualitydifferssignificantly.

Severalmethodshave beenproposedfor solving this problem.For
example,Leeet al. [7] proposedanFEC-basedmultipledescription
codingmethodfor lossrecovery. Feamsteret al. [1] usesselective
retransmissionto recover themostimportantdatain thebit stream.
Developingsophisticatedmechanismsfor errorrecoveryor conceal-



mentis beyondthescopeof this paper. However, we dorealizethat
this is animportantaspectasfarasquality is concernedandweused
somesimplemethodsto mitigatetheimpactof lossof thosecritical
data.

Wenoticedthatfor somelostheaders,theinformationcanberecov-
eredfrom thepreviously receivedheaders.For instance,thepic-
ture coding type field in pictureheadercanbe inferredfrom
thetypesof thepreviouspicturesandfollowing pictures,aslong as
theencodingframesequencesetting(e.g.,“IBBP BBPBBPBBI...”)
is known. For headerlossthatis unrecoverableandresultsin syntax
error, we simply skip theassociateddatauntil thedecoderis resyn-
chronized.This is necessarybecausedecodingfrom datawith syn-
tax errorcouldproducepictureswith extremelybadquality. Before
synchronizationis re-gained,thedecodersimply repeatstheoutput
of thelastdecodedframe.In caseof framedataloss,weconcealer-
rorsin unitsof “slice.” Morespecifically, if onesliceis missing,the
decoderreplacesit with the correspondingslice from the previous
frame. To keeptrack of the locationof differentslices,we encap-
sulateeachof theminto a singleRTP packet [6]. TheRTP header
containstheframenumberandtheslicenumberthatcanbeusedto
decidein which frameandwherein the framethe slice shouldbe
copiedto. Throughsuchsimpleerror concealingmechanisms,we
found that quality canbe enhancedandits variationssubstantially
reduced.

4.2 FeedbackFilter
In thecurrentsystem,qualityassessmentisconductedevery6 frames3.
However, we cannotapply theseresultsdirectly to control the en-
coder, as it may result in too rapid encodingfluctuations. Instead,
the quality scoresof a numberof framesis accumulatedto decide
whetherthe quality is goodor not. Therearemainly two reasons
for doingthis. First, theisolatedquality variationhappenedonly in
6 framesis hardly perceivable to humaneyes. The authorsof the
ITS modelsuggestthatthequality scoresshouldbeprocessedwith
sometemporalcollapsingfunction so as to capturethe perceptual
impacts. The suggestedtemporalcollapsinginterval is 1 to 2 sec-
onds[15]. Second,in orderto maintainastableplaybackquality, the
controllershouldnot betoo sensitive to thefeedbackquality score.
Somefiltering is neededto balancethecontroller’s reactionto both
thelong-termandshort-termqualityvariations.

In ourexperiments,weusealow-passfilter for thispurpose.Specif-
ically, let i+,Ujf3 denotethe quality scoreof the j th measurement,
� ��[�5 ,Uj43 denotetheoverall quality estimationafter j steps,then

����[�58,Uj43 � ,�K�_lkm3 � ���
[�5C,Uj'_nKL37�ok � iF,Uj43 (6)

where $ G k G K . A large k makesthe systemmoresensitive to
transientqualitychanges,while asmall k forcesasloweradaptation
to quality changes.In our experiments,we observe quality adapta-
tion resultswhile fixing theavailablebandwidth(congestionlevel)
andchangingk . We computethe meanquality of 5-minuteframe
sequencesanduseit asthemajormetricwhenevaluatingtheimpact

3The reasonfor choosingthis numberof framesis becausethe objective
result of the ITS model shows the highestcorrelationwith the subjective
resultfor anS-T region of 8 lines p 8 pixels p 6 frames[15].

Table 1: Thecomparisonof differentchoicesof k
k Quality q� rSs�t>,U�D3 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 k . Secondly, wemeasurethemean( q� ) anddeviation( rSs�t>,U�D3 ) of
� . Lower valuesof both q� and rSs�t>,U�D3 aredesirable,sincethefor-
mermeanshigherencodingqualityandthelattermeanslessquality
fluctuation.We alsomeasuretheaveragebit ratefor eachk , which
reflectsbandwidthutilization. Table1 shows a setof typical results
with different k ’s. In comparisonwith othervalues,k � $SuvK�* ap-
pearsto give thebestoverall resultsin our initial experiments.We
thereforeusethisvaluefor theremainderof ourexperiments.A pos-
sible explanationfor why a relatively small k givesthe bestresult
is becausea userusuallyprefersa moreconsistentplaybacksitua-
tion, albeitata loweroverall imagequality, with lessframedamage,
ratherthana varying playbacksituationwith higherquality frames
but with morefrequentframedamage.

4.3 The Adaptation Algorithm
To designthe adaptationalgorithm, several importantparameters
needto bedetermined.First,we needthreshold(s)of quality evalu-
ationto decidewhento makeadaptation.Wecurrentlyusetwo static
thresholds:�Lw�xzy�w and � Y ZT{ . When ����[�58,Uj43 is greaterthan �Lw�xzy�w , the
quality is consideredasbad;whenit falls under � Y ZC{ , it is consid-
eredasgood.Having two differentthresholds( � wLxzy8w :|� Y ZT{ ) helps
avoiding frequentoscillationsof � . In the following experiments,
we choose� w�xzy�w}� $-u " and � Y ZT{ � $SuzK .
Second,thevalueof � is usuallylimited within ~ ����x � 09���a����� . Be-
causeon onehand,as describedin Section2.2, it is unnecessary
to decrease� furtherwhenthe encodingquality saturates.On the
otherhand,making � very largewill resultin extremelybadencod-
ing quality without changingtheframesizeor framerate.With the
currentconfiguration,����x �H� # , �}����� � K�O .
Third, usinga low-passfilter to processthe feedbackinformation
is by itself not enoughto guaranteestableadaptation.Every time
� is changed,thesystemneedsto beobserved for a certainperiod
beforestartingthe next roundof adaptation.Oneof the reasonsis
that thereusuallyare framesgeneratedbeforethe adaptationtook
effect,whicharestill storedin thereceiver’splaybackbuffer. These
framesstill carryoutdatedinformationabouttheencodingandtrans-
missionconditions.Therefore,thequality feedbackextractedfrom
theseframesdoesnot incorporatetheeffectof thelastadaptationde-
cision.Theuseof an“observationperiod”ensuresthattheeffectsof
thoseframesareflushedoutof theoutputof thelow passfilter. Fur-
thermore,for rateincreaseanddecreasephases,theobservationpe-
riodsaredifferentanddenotedas jFx ��	 and j+� ��	 , respectively. Their
selectionwill beexplainedfurtherin Section5.

Thebasicstrategy usedfor adaptationis asfollows: whentheavail-
ablebandwidthcannotguaranteeanacceptablequality, increase�
to avoid furtherpacket loss;while whenqualitybecomesstable,i.e.,
very little packet lossesareexperienced(perceived),decrease� to



improveencodingquality. In theratedecreasephase,weborrow the
ideaof AIMD [11], makingtheaveragebit rateafteradaptationless
thanor equalto half of thepreviousvalue.In therateincreasephase,
we decrease� by 1 in every roundof adaptation.Thealgorithmis
asfollows:

for ( ; ; )
�

�c���g�`�
;� ��[�59� �F��� � ���)�@��� � ��[�59� ���?�C�4�;�H�C� � �+� ;

if (
����� x �
	 &&

�}�?� � �
	 ) �
continue;

� else if (
�}�?� � �
	 && � ��[�5m���%� � ) ��n��� Z���5   � Z���5�¡o¢�£�¤1¥§¦©¨ � � � �
��	 � �-�9ª « � �-�m¬ �%� ­ « 	�®
¯ �
°�§� �%°±

else if (
�}�?� x ��	 && � ��[�5 � �%� � ) ��n�²�l�?�

;�§� �%°
�

�

Here ³´,/.@3 denotesthe averageencodingbit rate when � � . ,
³�	�®
¯ is thecurrentaveragebit rate; .�Z���5 is theoptimal valueof .
which satisfiestwo conditions:(1) thecorrespondingbit rateis no
largerthanhalf of thecurrentvalue;(2) theencodingquality ( �����
	 )
is the bestamongall valuesof . satisfying(1). The relationships
between³ , . , and � ����	 are definedby equation(1) and (2), and
the parametersin theseequationsare measuredat run-time. The
algorithmstartswith � �eA .

5. EXPERIMENT AL RESULTS
We conducteda seriesof experimentsbetweentwo siteslocatedat
UPennand UC Irvine, respectively. The path betweenthesetwo
sitesgoesover the Internet2network, and thereforerarely expe-
riencescontinuousbandwidthshortage. However, bursty packet
lossesareobserved from time to time. This configurationis, there-
fore, usedto test the toleranceof our adaptive systemto bursty
losses.In orderto testperformanceof theschemeunderrelatively
long-termbandwidthfluctuations,we useda traffic generatorto in-
troducecrosstraffic on thedatapath. The resultsin the remainder
of this sectionarefor eitherof thesetwo configurations.

5.1 Dealing With Short-Term Losses
In anunder-utilized network like theInternet2,congestionhappens
mostly at a very shorttime scale. As a result,video quality expe-
riencesshort-termand transientdisturbances.Suchdisturbances,
unlesslong enoughto becomeannoying to the viewer, shouldnot
causea ratedecrease.

Thelowpassfilter describedearlierhandlesthissituationreasonably
well. In Fig. 7, we provide resultscollectedfor a 320-secondvideo
transmissionfrom UCI toUPenn.Thecrosstraffic onthispathintro-
ducesbursty loss. However, noneof the losseventscontainsmore
than20 contiguousor nearcontiguouslost packets. The four dia-
grams,from top to bottom,representthenumberof lostpackets,the
adaptationof � , thevariationof thetransmissionrate,andthemea-
sured/estimatedquality, respectively. It shouldbe mentionedthat
both packet lossesandbit ratearecollectedfor a periodof 1 sec-
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Figure 7: The behavior of the adaptationalgorithm underbursty
loss condition: the packet loss process,the adaptationof quanti-
zationscale( � ), the variation of encodingbit rate,and the video
quality (from top to bottom).

ond,while theotherdataarerecordedover periodsof 0.2seconds4.
Themeasuredquality in thelastdiagramis i+,Ujf3 , andtheestimated
quality is ���
[�5C,Uj43 , botharerelative quality results.Onecanobserve
from the figure that mostpacket lossesdid not affect quality very
much. Amongall the detectedlossevents,only threeof themhad
substantialimpactson quality and triggeredthe adaptationof � ,
which happenedat 135seconds,242secondsand283seconds,re-
spectively, afterthetransmissionwasstarted.Notethatif astandard
rate-basedadaptationmechanismhadbeenused,eachoneof those
losseventswouldhavecausedarateback-off, which is unnecessary
from theapplication’s perspective.

5.2 DealingWith Long-Term Bandwidth Vari-
ations

Besideshaving a short-termbursty nature,the Internettraffic also
exhibits long-term variations[17] [9]. Our adaptationalgorithm
needsto be ableto dealwith sucha situationaswell. In orderto
createan experimentalsettingwheresuchlong term variationsare
present,we usea traffic generatorto periodically inject crosstraf-
fic into the transmissionpath,andwe observe the reactionsof the
adaptationmechanism.

Obviously, if we usethe overall quality of the received video asa
metric,theoptimaladaptationalgorithmdependson thebandwidth
variationpattern.However, thepurposeof our experimentshereis
not to find out the “best” algorithm,but to show how tuning some
specificparameterswill affect thequality.

Amongall the tunableparameters,j x ��	 and j � �
	 areof our partic-
ular interests. jFx ��	 and j+� ��	 control the lengthof the “observation
periods”in therateincreasephaseanddecreasephases,respectively.

4This is the lengthof a singlemeasurement.6 frameslast 0.2 secondsfor
thetestedvideowith framerateof 30 framespersecond.
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Figure 8: Thebehavior of the adaptationalgorithmundervarying
bandwidthconditionwith jFx �
	�� j+� ��	 � KL* : thepacket losspro-
cess,the adaptationof quantizationscale( � ), the variationof en-
codingbit rate,andthevideoquality (from top to bottom).

Wefirst testedaconfigurationwhere j x ��	 � j � �
	�� K�* . Recallthat
eachmeasurementcontains6 frames(0.2seconds).Therefore,both
observationperiodsare3 secondsin thiscase.In otherwords,if the
quality is consistentlybadfor 3 seconds,the transmissionratewill
be reduced,while if thequality is consistentlygoodfor 3 seconds,
the senderwill try to increasethe encodingresolution. The avail-
ablebandwidthalternatesbetween3 Mbpsand5 Mbps(5 Mbpsto
3Mbpsat 65seconds,andbackto 5Mbpsat 175seconds,thenback
to 3 Mbpsagainat 225seconds).The resultsareshown in Fig. 8.
For example,whenthebandwidthdropsat 65 seconds,theadapta-
tion algorithmreactsquickly by adjustingthevalueof � from 4 to
7 andthento 15. Sincetheaveragebit rateat � � KL* is lessthan
3 Mbps,thesenderattemptsto increaseencodingresolutionslowly
(e.g.,at 70 seconds,100seconds,and145seconds).This initially
resultsin quality degradationafter the ratedecreases,andthenthe
qualityslowly becomesstableagain.Consideringtheoverallquality
pattern,therearestill quite a few “bad” quality periodsduring the
playback.

We thenkeep j+� �
	 unchangedwhile increasingjFx �
	 to 30. We re-
peatedthe sameexperimentsasbefore,exceptthat the changesin
availablebandwidthtook placeat 45 seconds(decrease),120 sec-
onds(increase),and210seconds(decrease),respectively. Because
of thenew valueof j x ��	 , observationperiodbeforerateincreaseis
doubled.Namely, thethesenderismore“cautious”aboutincreasing
thebit rate. As a result(seeFig. 9), thequality is well maintained
whenthe bit rateis lessthanavailablebandwidth.This helpspro-
vide theuserwith a playbackwithout frequentquality oscillations.
From the transitionprocessof � , we cantell that suchstability in
quality is achieved by sacrificingsomeencodingresolution(band-
width utilization). To comparetheeffectsof bothconfigurations,we
measuredthe “absolute”quality of the two received videostreams
againstthe samereference. The result shows an averagequality
improvementof 0.1 during the phaseof lower bandwidthwith the
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Figure 9: Thebehavior of theadaptationalgorithmwith the same
configurationsasin Fig. 8, exceptfor jFx �
	g� (%$ and j+� �
	 � KL* .

secondconfiguration.

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

6. DISCUSSION
Quality-basedadaptationdealswith themismatchbetweenthe ap-
plication’s requirementsandthenetwork conditionsfrom anappli-
cation’s perspective. In otherwords, changesin application’s be-
havior aretriggeredin responseto theimpactthatvariationsin net-
work resourceshave on applicationlevel quality. A possiblecrit-
icism of sucha schemeis that it may fail to be compatiblewith
othernetwork-basedcongestioncontrol schemes.Floyd et al. [2]
proposedthatend-to-endcongestioncontrolmechanismsshouldbe
“TCP-friendly”, i.e.,aflow shouldnotusemorebandwidththanthe
mostaggressive conformantTCP implementationwould underthe
samecircumstances.Our adaptationschemecannotalwayssatisfy
this requirement.For instance,thesendingratedoesnotnecessarily
back-off whenlossesoccur, while TCP usuallydoesso. Nonethe-
less,oneshouldalsorealizethat this schememaynot beasaggres-
sive asTCPwhenextra bandwidthis available.How sucha behav-
ior will affect otherTCP flows in the long term is an openissue.
Meanwhile,our adaptationdoesneverthelessexhibit some“friend-
liness”andwould avoid congestioncollapse[2], becauseexcessive
packet losseswill ultimately result in quality degradationthat will
befollowedby ratereduction.Webelievethatthedangerof conges-
tion collapsecomesprimarily from entirelyunresponsive flows,like
many of today’s commercialvideoapplications,andnot from flows
employing differentadaptationmechanisms.Furthermore,weargue
thatTCP-friendlinessshouldnot beconsideredastheonly possible
criterionfor measuringaflow’s responsiveness.

In realapplications,implementingquality measurementandevalu-
ation may not be alwaysfeasible.Although the informationtrans-



mitted betweenthe senderand the receiver is limited, the process
of featureextractionrequiresintensive computations,especiallyfor
high resolutionvideo frames. In a scenariowherea server is per-
forming live streamingof different videosto multiple clients, the
servercaneasilybecomeoverloadedif requiredto handlesuchcom-
putations. Therefore,our schememay not be suitablefor all con-
figurationsandsimple,albeit lessefficient, methodsof performing
quality-basedadapationneedto beexplored.Thesimplestoneis to
allow theviewer to directly interactwith thestreamingprocessand
adjustvideoresolutionaccordingto his/herperception(in this case
theadaptationbecomessubjective quality based).However, we be-
lieve thatour implementationprovidesa benchmarkagainstwhich
otherpossibleadaptationalgorithmscanbeevaluated.

In additionto its intrinsic limitations,thereareotherlimitationsthat
arespecificto thecurrentimplementationof our quality adaptation
scheme.In particular, thecurrentimplementationrelieson a VBR
encodingcardwith tunablequantizationparameters.This is not a
typical configurationfor mostInternetapplications.However, this
is only for demonstrationpurposes,andothercodingschemessuch
aslayeredencoding[10] andmultiple descriptionencodingcanbe
usedfor thesamepurpose.

7. CONCLUSIONS
In this paper, wehave discussedtheviability of quality-basedadap-
tive video transmissionover the Internet. A simpleanalysisof the
relationshipbetweenquality and network/codingfactorswas also
provided. Basedon this analysis,we designeda video adaptation
schemethat reliedon the tunability of MPEG-2coding. We inves-
tigatedthe performanceof our adaptationalgorithmwith the help
of a prototypesystembuilt on top of the real network. The be-
havior of our algorithm in faceof both long-termand short-term
bandwidthvariationswas investigated. Preliminaryexperimental
resultsshowed thatquality-basedadaptation,which dealswith net-
work congestionfrom an application’s perspective, can help en-
hancevideoquality. Althoughthis is by nomeansa completestudy
of all the issuesinvolvedwith real-timevideostreamingandadap-
tive quality control, the work describedhereis a first steptowards
integratingapplicationQoSinto a networking environment.

Weplanto extendourwork in severaldirections.Firstof all, weare
interestedin exploring other quality adaptationmechanisms,e.g.,
layeredcoding,object-basedcoding,etc. Secondly, therelationbe-
tweenvideoqualityandnetwork QoSparametersneedsto befurther
investigated.As statedbefore,accuratelymodelingsucha relation
is difficult. However, it mightbefeasibleto identify simplerules-of-
thumbthatcanhelpdevelopmoreintelligentnetwork mechanisms,
suchasapplicationspecificrouting,contentdelivery network, etc.,
in supportof videoapplications.
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