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Abstract— We study the problem of how to stream lay-
ered video (live and stored) over a lossy packet network
in order to optimize the video quality that is rendered at
the receiver. We present a uni�ed framework that com-
binesscheduling,FEC error protection, and decodererror
concealment. In the context of the uni�ed framework, we
study both the caseof a channel with perfect state infor-
mation and the caseof a channel with imperfect state in-
formation (delayedor lost feedback). We adapt the theory
of in�nite–horizon, average–reward Mark ov decisionpro-
cesses(MDPs) with average–costconstraints to the prob-
lem. Basedon simulations with MPEG-4 FGS video, we
show that (1) optimizing together scheduling, FEC error
correction and error concealmentimpr ovesperformance
signi�cantly and(2) policieswith staticerror protectiongive
near–optimal performance. We also�nd that degradations
in quality for achannelwith imperfect stateinformation are
small; thus our MDP approachis suitablefor networkswith
long end–to–enddelays.

Index Terms—Systemdesign,Simulations,Mathematical
optimization.

I . INTRODUCTION

We studythe problemof how to streamlayeredvideo
(live andstored)over a lossypacketnetworkin orderto
optimizethevideoquality thatis renderedat thereceiver.
We presenta uni�ed end–to–endframework that com-
binesscheduling,FEC error protection,anddecoderer-
ror concealment.In thecontext of theuni�ed framework,
we studyboththecaseof a channelwith perfectstatein-
formationandthe caseof a channelwith imperfectstate
information(delayedor lost feedback).

In many packetnetwork environments,including the
Internet, the bandwidthavailable to a streamingappli-
cation is not known a priori and variesthroughoutthe
streamingapplication. For suchnetworkenvironments,
layered–encodedvideoisappropriate[1], [2], [3], [4], [5].
Thevideois encodedinto a BaseLayer(BL) anda num-
ber of enhancementlayers(ELs). The decodedBL pro-
videsminimal renderedquality; additionaldecodedELs
progressively enhancetherenderedquality.

Thesendershouldschedulethe transmissionof media
packetsin orderto maximizethe renderedvideo quality.
Thesendermaychoosenot to transmitsomemediapack-
ets,therebynot sendingsomelayersin someframes(this
is alsocalledqualityadaptation[4]).

Schedulingcanbe combinedwith error correction in
orderto mitigatetheeffectsof packetlossontherendered
video.Broadlyspeaking,therearetwo typesof errorcor-
rectionfor streamingmedia:retransmissionof lost pack-
etsthatarrive at thereceiver beforetheir decodingdead-
lines;andthetransmissionof redundantforwarderrorcor-
rection(FEC)packets.Both schedulinganderrorcorrec-
tion shouldjointly adaptto thevariationsof networkcon-
ditions, suchasthe availablebandwidthandpacketloss
rateof theconnection.

In our framework, errorcorrectionis providedby FEC
codes.FECcodesconsistin addingredundancy to source
video packets[6]. The most commonFEC codesare
Reed–Solomon(RS) codes. RS

���������

codesconsistin
adding

�
	��

redundantpacketsto
�

sourcepacketsbe-
fore transmission.The receptionof any

�

packetsfrom
the

�

transmittedpacketsallows the receiver to recover
all

�

original sourcepackets.FEC codesareoften used
for interactivereal–timecommunications,suchasInternet
telephony [7], [8]. They provide channelerrorcorrection
with lessdelay than selective retransmission,but at the
costof anincreasein therequiredtransmissionrate.They
arealsooftenusedin situationswherea feedbackchannel
is notavailable,suchasin multicastapplications[9].

At thereceiver, someof themediapacketsareavailable
on time, that is, beforetheir decodingdeadlines.Other
packetsarenot available,eitherbecausethey weretrans-
mittedandlost,or simplybecausethesenderneversched-
uledthemfor transmission.At thetimeof renderingto the
user, thedecodertypically appliesseveralmethodsof er-
ror concealment(EC)to bestconcealthemissingpackets.
ECconsistsin exploiting thespatialandtemporalcorrela-
tionsof audioor videoto interpolatemissingpacketsfrom
thesurroundingavailablepackets[6]. For video,asimple
andpopularmethodfor temporalerrorconcealmentis to
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display, insteadof themissingmacroblock from thecur-
rent frame,the macroblock at the samespatiallocation
but from thepreviousframe.

Packetscheduling,error correctionanderror conceal-
mentarefundamentalcomponentsin anend–to–endvideo
streamingsystem. Figure 1 illustratestheir respective
functions.At thesender, theschedulerdeterminesthelay-
ers that shouldbe sentto the receiver for eachframeof
thevideo.Theerrorprotectioncomponentdeterminesthe
amountof FECpacketsto sendwith eachlayer. At there-
ceiver, beforerenderingthemedia,thedecoderperforms
error concealmentfrom the available layers. Tradition-
ally, schedulinganderrorcorrectiontransmissionpolicies
areoptimizedwithout takinginto accountthepresenceof
errorconcealmentat thereceiver [10], [11], [12].

In this paper, we arguethat the scheduling,error pro-
tection and decodererror concealmentshould be opti-
mizedin auni�ed, end-to-endmanner. In particular, when
designinga schedulinganderrorcorrectiontransmission
policy, not only shouldwe accountfor the layeredstruc-
tureof themedia,thechannelcharacteristics,andtheef-
fectsof missingpacketson distortion,but we shouldalso
explicitly accountfor errorconcealmentat thereceiver.

This papermakesseveral contributions. We present
a new uni�ed optimizationframework which combines
scheduling,FEC,anderrorconcealment.In thecontext of
theuni�ed framework, we studyboththecaseof a chan-
nel with perfectstateinformationandthecaseof a chan-
nelwith imperfectstateinformation(delayedor lost feed-
back). We adaptthe theoryof in�nite–horizon, average–
rewardMarkov decisionprocesses(MDPs)with average–
costconstraintsto theproblem.Basedonsimulationswith
MPEG-4FGSvideo,weshow that(1)optimizingtogether
scheduling,FEC error correctionanderror concealment
improvesperformancesigni�cantly and(2) policieswith
staticerrorprotectiongivenear-optimalperformance.We
also �nd that degradationsin quality for a channelwith
imperfectstateinformationaresmall; thusour MDP ap-
proachis suitablefor networkswith long end–to–endde-
lays.

This paperis organizedas follows. In the following
subsectionwe discusstherelatedwork. In Section2, we
formulateour optimizationproblem. Section3 givesthe
experimentalsetupof oursimulationswith MPEG–4FGS
videos.In Section4 weshow how ouroptimizationprob-
lem canbe solvedby usingresultsfrom MDPs. In Sec-
tion 5 we investigatehow to incorporateadditionalqual-
ity metricsin our framework. Section6 presentsthecase
whenthereceiverstateinformationcanbelostor delayed.
We concludein Section7.

A. RelatedWork

To our knowledge, the most closely relatedwork is
that of ChouandMiao [10], [13] which considersrate–
distortionoptimizedstreaming.ChouandMiao consider
schedulingpacketizedmediaover a packeterasurechan-
nel in orderto minimizean additive combinationof dis-
tortion and averagerate. However, decodererror con-
cealmentis not a centralpartof their framework. We in-
troducerate–distortionoptimizedstreamingbasedon de-
codererror concealment.Also, ChouandMiao develop
a heuristicalgorithmfor �nding a sub–optimalschedul-
ing policy, whoseperformancemay be signi�cantly be-
low the truly optimalschedulingpolicy. Our constrained
MDP approachprovidesa tractablemeansfor determin-
ing thetruly optimalpolicy. (However, theframework of
ChouandMiao allows for retransmissions,whereasour
framework allows for forwarderror correction.) Finally,
the framework provided in this papercanhandlequality
variability metricsin additionto averagedistortionmet-
rics.

Other closely relatedworks on optimal streamingof
mediausinga feedbackchannelinclude[12], [14]. These
works do not considererror concealment.Podolsky et
al. [12] studyoptimalretransmissionstrategiesof scalable
media. Their analysisis basedon Markov chainswith
a statespacethat grows exponentiallywith the number
of layers. Servetto [14] studiesschedulingof complete
GOPsencodedin multiple descriptioncodes.Thesender
adaptsthenumberof descriptionssentto thereceiver, asa
functionof thenetworkstatewhichismodeledasaHMM.

This paperbuilds on previous work [15] in which we
consideredjoint schedulingand error concealmentfor
ideal lossychannelswith immediatefeedbackandwith-
out error correction. This papersigni�cantly extends
thatwork by incorporatingerror correctionthroughFEC
into theschedulingoptimizationproblemandallowingfor
channelswith delayedfeedback.This makesour uni�ed
framework suitablefor transmissionoverthecurrentbest–
effort Internet.

Finally, streaminglayered–videowith unequalerror
protection(UEP)throughFEChasbeenpresentedin [2],
[5], [16], [17]. Noneof theseapproachesconsiderdecoder
errorconcealmentin theoptimizationprocess.

I I . PROBLEM FORMULATION

In this paper, we considervideo streaming,live or
stored. Whenstreaminglayered–encodedvideo, the re-
ceptionof the baselayer provides minimum acceptable
quality. So,thebaselayershouldbetransmittedwith high
reliability. This can be achieved by suf�cient playback
buffering at the client to allow for the retransmissionof
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Fig. 1. Videostreamingsystem

most lost video packetsbefore their decodingdeadline
expire [18], or by protectingthe baselayer with a high
amountof FECcodes.Additionally, transmittingthebase
layer with high reliability permitsthe useof highly bit–
rateef�cient — despitepoorly error resilient— encod-
ing methodssuchasmotion–compensation.In thispaper,
we supposethatthebaselayeris transmittedto theclient
without loss,andwe focuson determiningoptimal poli-
ciesfor thetransmissionof theenhancementlayers.

Thevideoat thesenderis encodedinto
�

enhancement
layers.Recallthat themainpropertyof layered–encoded
video is that layer � of a givenframecannot bedecoded
unlessall lower layers �

���������

�

	

� arealsoavailableat
thedecoder. Let � bethenumberof framesin thevideo.

We supposethat the
�

enhancementlayers are not
motion–compensated,i.e., the decodingof layer � of
frame

�

doesnot dependon the decodingof previous
frames. As we explain in the next section,this assump-
tion correspondparticularly to the caseof the FGS–EL
de�ned in theMPEG–4standard[19]. However, ouruni-
�ed framework staysvalid for any highly error resilient
layeringschemewhichdoesnot encodetheenhancement
layerswith motion–compensationFor simplicity of the
analysis,wesupposethatall enhancementlayershave the
samesize.Eachlayercontainsexactly � sourcepackets.

We supposethat the additional quality broughtby a
givenlayeris roughlyconstantfor all framesof thevideo
(i.e., layer � of frame

�

bringsroughly the sameamount
of quality to frame

�

aslayer � of frame
�	�

� to frame
�
�

� ). Moregenerally, for longvideoscontainingmulti-
plesceneswith differentvisualcharacteristics,thequality
broughtby a layer is likely to vary signi�cantly for dif-
ferentpartsof the video [20]. In this case,we suppose
that thevideohasbeenpreviously segmentedinto homo-
geneoussegmentsof video frames,suchthat the quality
broughtby eachlayer is roughlyconstantthroughoutthe
segment. Therefore,in this study, we considera single
homogeneoussegmentcontaining� frames.In thecase
of longervideos,wewouldapplyouroptimizationframe-
work to eachseparatesegment.

Throughoutthis paper, we supposethat the transmis-

sion channelis a packet–erasurechannel. The channel
hasa probabilityof successof � .

At thedecoder, wesupposethat,in ordertoconcealloss
of packetsfor framenumber

�

, only informationfrompre-
vious frame

� 	

� is used. However, informationfrom
frame

� 	

� doesnot necessarilyfully concealloss of
packetsfrom frame

�

. Note that, in practice,informa-
tion from a setof consecutive previous frames,andeven
from subsequentframes,canalsobeusedto performer-
ror concealmentfor thecurrentframeat thedecoder. This
hasthepotentialto increasetheaccuracy in predictingany
missingpacket,but at thecostof an increasein run–time
complexity of thedecoder[6]. Thetheorypresentedhere
canbeextendedto handlethesemoresophisticatedforms
of errorconcealment;however, in orderto seethe forest
throughthe trees,throughoutwe focuson only usingthe
previousframein errorconcealment.

For a given schedulinganderror correctiontransmis-
sionpolicy � , let 
������������

�

�

�

denotetheaveragetransmis-
sionratefor thevideo.It is de�nedastheaveragenumber
of packetssentfor a frame,normalizedby thetotal num-
berof sourcepacketsfor all framesof thevideosequence
(i.e.,

���

� ). Let ����� �������

�

�

�

denotetheaveragedistortion
of therenderedvideoafter errorconcealment.A typical
problemformulationof rate–distortionoptimizedstream-
ing is thefollowing [10], [5]:

Problem1: Find anoptimaltransmissionpolicy � that
minimizes �!�"�#���$���

�

�

�

subjectto 
%���������&�

�

�

�('*)

,

where
)

is the maximum(normalized)transmissionrate
thatisallowedby thenetworkconnection,or alternatively,
theratebudgetthat is allocatedto thestreaming.We de-
noteby �!�"�#��+

���&�

, the minimum distortionachieved by an
optimalpolicy.

It maybe misleadingto solelyuseaverageimagedis-
tortion,usuallyexpressedin termsof averageMSE(Mean
SquaredError), to accountfor thequalityof therendered
video. First, the averageimagedistortiondoesnot mea-
suretemporalartifacts,suchasmosquitonoise(moving
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artifactsaroundedges)or drifts (moving propagationof
predictionerrorsaftertransmission).Second,high varia-
tions in quality betweensuccessive imagesmaydecrease
the overall perceptualquality of the video. Therefore,
the formulationof our problemshouldincorporateaddi-
tional quality constraints. In this paper, we treat as an
example the caseof variationsin quality betweencon-
secutive images. For a given transmissionpolicy � , let

�

�!
 �����

�

�

�

denotethe averagevariation in distortionbe-
tweentwo consecutiveimages.Wecannow formulatethe
following problem:

Problem2: Find anoptimaltransmissionpolicy � that
minimizes ����� �����&�

�

�

�

subjectto 
%���������&�

�

�

� ' )

and
�

�!
������

�

�

� '��

,

where
�

is the maximumaveragevariation in distortion
that is allowed. (Its valuecanbe found from subjective
tests.)

Let ��� denotethejoint schedulinganderrorcorrection
actionthat the sendertakesfor frame

�

. This is de�ned
asthe total numberof packets(source+ FECpackets)to
sendfor all layersof frame

�

: �
���	�
�

�

���

������� �

��


�

where ���������

�

�

�

�

�

�

�����������

�

	

��� is the total num-
berof packetsto sendfor layer � . (We restrictthenumber
of FECpacketsfor eachlayer to be lessthanthenumber
of sourcepackets,i.e., �����

�

� ). Note that the decision
���

�
� meansthat thesenderdoesnot sendlayer � at all.

In particular, thisshouldimply that �����
�

�

�����

�
�




�
� ,

sincehigherlayers �

�

�

���������

�

will never bedecodedif
the senderdoesnot sendlayer � . Becauseof this hierar-
chy, oursystemshouldalsogivemoreprotectionto lower
layersthanto higherlayers(UEP).Therefore,we should
have �

� �
��!

�

�����

�
�



. Let " denotethe setof all

possibledecisions
�

�
�

���������

�



�

for any frame.
Let #$�%��&

�
�'�

�

�

���#��� �

�

� denotethe stateat the
receiver for previousframe

� 	

� , i.e., thenumberof suc-
cessivelayerswhichareavailableat thedecoderfor frame

� 	

� . Let (
� denotethedistortionof frame

�

afterde-
coding.

Notethatour systemdoesnot allow for retransmission
of lost enhancementlayer packets.This is a reasonable
assumptionfor live streaming. It is also reasonablefor
storedvideosystemswith shortplaybackdelaysandhigh
VCR–like interactivity.

We denoteby ��� , the distortionof a framecontaining
only the �rst � layersbeforetemporalEC. (Without loss
of generality, we take �




�
� and ��)

�
� .) We have

�



� �

+*,�

�.-/-0-�� �
�

� �1) . For �

'

�

�32 '

�

, we
denoteby �1465 thedistortionof aframeaftertemporalerror
concealment,when � layersof the previous frameand

2

layersof thecurrentframewerereceivedby thedecoder.
Whenever �

'72

, the decodercannotconceallost layers
of the currentframe from the previous frame; therefore

� 465

� � 5
when �

'82

. We denoteby distortion matrix,
matrix 9 � 465;: )=< 4?> 5 < 
 .

In our system,we supposethat the senderknows the
distortion matrix of the current video segment. When
streamingstoredvideo,thedistortionmatrixcanbecom-
putedoff–line from theoriginaluncompressedvideoseg-
ment. It can be storedat the sender, togetherwith the
video�le. Whenstreaminglivevideo,thesenderneedsto
estimatethevalueof thedistortionmatrix beforestarting
the encodingand transmissionof the currentvideo seg-
ment. This estimatecanbe basedon the previous video
segmentswhichhavebeenencodedandalreadysentto the
receivers.Sincein mostapplicationsof livevideostream-
ing, suchasstreamingof sportingeventsor videoconfer-
ences,theconsecutivevideosegmentsusuallyhaverecur-
rentor similarcharacteristics,weexpectthatthedistortion
matrixof anupcomingsegmentcanestimatedsuf�ciently
accurately.

I I I . EXPERIMENTAL SETUP

In orderto illustrateour results,we useMPEG–4FGS
videos.FineGranularityScalability(FGS)isanew pro�le
of MPEG–4,whichhasbeenspeci�cally standardizedfor
transmissionof video over the best–effort Internet[19].
The FGSenhancementlayer canbe truncatedanywhere
beforetransmission,giving the�ne–grainedproperty. We
supposethattheFGSenhancementlayerhasbeendivided
into

�

layersfor the currentvideo segment(the appro-
priatevalueof

�

canbedeterminedby a coarse–grained
network–adaptive algorithm,suchasin [21], [1]). There
is nomotioncompensationin theMPEG–4FGSenhance-
ment layer, which makesit highly resilient to transmis-
sionerrors.Also, theMPEGgroup[22] advocatestrans-
mitting the baselayer with very high reliability. There-
fore, our uni�ed framework is particularlywell suitedto
thetransmissionof MPEG–4FGSencodedvideoover the
best–effort Internet. We apply our framework to the

�

enhancementlayersextractedfrom theFGSenhancement
layer.

In our experiments,we choosethe simpleststrategy
for temporalerrorconcealment,which consistsin replac-
ing the missinglayersin the currentframeby the corre-
spondinglayersin thepreviousframe.During our exper-
iments,we have noticedthat this strategy performswell
for low motion video segmentsbut poorly for segments
with high motion.Videosegmentswith a highamountof
motion, suchas Coastguard or Foreman, would require
anerrorconcealmentstrategy whichalsocompensatesfor
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motion. For example,[23] presentsa schemefor error–
concealmentin the FGSenhancementlayer, which uses,
along with the layersfrom the previous frame, the mo-
tion informationcontainedin thebaselayerof thecurrent
frame.Sincewesupposethatthebaselayeris transmitted
without loss,suchastrategy wouldbeeasilyapplicableto
oursystem.

We presentexperimentswith the low motion segment
Akiyo. We usedthe Microsoft MPEG–4 softwareen-
coder/decoder[24] with FGS functionality. We encode
the video using two target qualities(low andhigh qual-
ities), which can be usedfor different network capaci-
ties. Both low andhigh qualityvideosareencodedinto a
VBR–BL, with averagebitrateof ��� kbpsand��� kbps,re-
spectively, andaFGS–ELwith averagebitrateof 900kbps
and � Mbps, respectively. For eachvideo, we cut the
FGS–ELinto � layersof equalsize(

�

�
� ). Thevideo

segmentis encodedinto the CIF format ( ���

�

�

�� � 

pix-
els),ata framerateof 30frames/sec.It contains�

�
�1�1�

frames.
Figure2 shows, for a given frame

�

of the video, the
quality in PSNRafter error concealmentwhen # �

�"!

layershave beenreceived for the previous frame
� 	

�

and #$���
�

�$# layershave beenreceived for the current
frame

�

. Accordingto oursimpletemporalerrorconceal-
ment scheme,whenmorelayershave beenreceived for
frame

� 	

� thanfor frame
�

, i.e. !&%'# , thedecoderuses
theadditional!

	)(

enhancementlayersfrom frame
� 	

�

for decodingframe
�

. We verify on theFigurethat,when
no layershave beenreceivedfor frame

�

, i.e. #$�
� , the

PSNRof frame
�

aftererrorconcealmentincreaseswith
the numberof received layersfor frame

�
	

� , ! . This
shows that temporalerror concealmentis effective in in-
creasingthe quality of the renderedvideo. The increase

in qualitycanbesubstantial.For example,for frame120,
simpleerrorconcealmentfromthe�rst enhancementlayer
of thepreviousframecanimprove thequality of thecur-
rent frame by almost

�

dB (when # = 0, the PSNRof
frame120goesfrom ���

�6�

dB when ! � � to ��� dB when
! � � ). Notethat theuppergraphon Figure2 shows the
maximumquality for agivenframe

�

, whichcorresponds
to the casewhenall the layersof frame

�

have beenre-
ceived( # � � ).

Figure 3 shows a zoomed–inpart of decodedframe
�*� � aftererrorconcealmentwhennoEL wasreceivedfor
frame140norfor frame139(left), noEL wasreceivedfor
frame140but all 3 layersof previousframe139werere-
ceived(middle),andwhenall 3 layersof frame140were
received (right). As we can see,the overall quality of
frame140 is betterwhenall layersof thepreviousframe
havebeenreceived(middlepicture)thanwhennolayeris
availableat the receiver for the previous frame(left pic-
ture). However, the quality is still lower thanwhen all
layersof frame140havebeenreceivedanddecoded(right
picture).

We computedtheaveragedistortionover all framesof
the video segmentfor all possiblereceiver states.After
normalizing,we obtainedthe following distortionmatri-
cesfor highandlow qualityversionsof Akiyo:

9 �
465 : high �

+,

,

-

� �

�

��� �

�

��. �

�

�

��� �

�

��� �

�

��. �

�

�

� � �

�

�

 

�

�

��. �

�

���
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�
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�

��� �
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1

3

�

(1)

9 ��465
: low �
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,

-

� �

�

��� �

���

� �

�

�

��� �

�

��� �

���

� �

�

�

��� �

�

�

�

�

���

� �

�

�

��� �

�

�

�

�

�

��� �

021

1

3

�

(2)

Note from (2) that, for the low quality version, ��!
�

%

��! ) and �54
�

%
�54;) . Thismeansthatreplacingall available

layersfrom thecurrentframeby thecorrespondinglayers
from thepreviousframeachievesalowerdistortion(better
quality) thanusingthe�rst layerof thecurrentframeand
thesubsequentlayersof thepreviousframe.This is dueto
oursimpletemporalECstrategy. Sincewedid not imple-
mentany motioncompensationfor EC,thereplacementof
layersof thecurrentframeby layersof thepreviousframe
createsomevisual impairments.Theseimpairmentsare
usuallyminor for low–motionvideosegments.However,
for someframeswhicharesigni�cantly differentfrom the
previousframes,theresultingincreasein distortioncanbe
slightly higherthanthedecreasein distortionbroughtby
error concealment.As shown in (1), this doesnot occur
for thehighqualityversionof thevideo.
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Fig. 3. Frame140 of Akiyo (low quality) when(left) (
� �

���

������� �

�

� ���

) – ���	��


�
���

dB, (middle) (
� �

���

�
����� �

�

� ���

) –
���	��


������� �

dB, (right) (
� �

�

� ���

) – ���	��


������� �

dB.

IV. OPTIMIZATION WITH PERFECT STATE

INFORMATION

In this sectionwe supposethat thesendercanobserve
state # � when choosingthe action � � . This implies a
reliablefeedbackchannelfrom thereceiver to thesender,
anda connectionRTT thatis lessthanoneframetime.

We show that Problem1 canbe formulatedasa con-
strainedMDP, which canin turn besolvedby linearpro-
gramming[25], [26]. The problemis naturally formu-
lated as a �nite–horizon MDP with � steps,where �

is the numberof framesin a video segment. However,
the computationaleffort associatedwith a �nite–horizon
MDP canbe costly when � is large [27]. This may be
a seriousimpedimentfor real–timesenders.Therefore,
we insteadusein�nite–horizon constrainedMDPs. They
have optimalstationarypoliciesandhave lowercomputa-
tional cost. The in�nite horizonassumptioncorresponds
to consideringin�nite–length videosegments( �

��� ).
Throughoutthis study, thevalues
��������$���

�

�

�

, �!�"�#���$���

�

�

�

and �

��
��$���

�

�

�

will belong–runaverages.

A. Analysis

We consider the Markov Decision Process
�0#$�

�

� �

���

�
�

�������

� . Recall that ( � denotesthe
distortion for frame

�

after decodererror concealment.
We de�ne therewardwhenthereceiver is in state# �

�
�

andaction �
� �%� is chosenas:




�

�

�

�

�

�

	��

9�(
���

#
� �

�

�

�
� � �

:

�

	




�

5 �
)

�
465�!

�

#$���
�

�

2

�
� �

�%�

�

(3)

andthecostas:

"

�

�

�

�

�

�

�

� -

�




�

�
� �

���

�

(4)

Fromthesede�nitions, andgiventhat
�

9 


�

# �

�

� �

�

:

�

	��

9�( � :
, Problem1 canberewrittenas�nding anoptimal

policy � + whichmaximizesthelong–runaveragereward:

#%$'&

�)(�*

�

�

�,+

9

�

�

-

� �




�

#

-

�

�

-

�

:

s.t.
#%$.&

�)(�*

�

�

��+

9

�

�

-

� �

"

�

#

-

�

�

-

�

:

'*) �

(5)

which falls into thegeneraltheoryof constrainedMDPs.
For a given layer, we denoteby �

�

�

�

the probability
that the layer is successfullytransmittedto the receiver,
when � � �'�

�

�

�����#��� �

�

	

��� is thetotalnumberof pack-
ets that have beensentfor this layer. �

�

�

�

is computed
astheprobabilityto transmitsuccessfullyat least� pack-
etsout of the � packetssentfor the layer. Assumingthat
thetransmissionchannelis a packeterasurechannelwith
successprobability � , wehave:

�

�

�

�

�0/21

�
*43

4'�
)65

�

3
�

487

�

3
�

4

�

�

	

�

�

�
*43�*�4 for �

�
�

� for �
�

�

�

(6)

Therewardcanbeexpressedas:




�

�

�

�

�

�

	


 * �

�

59�
)

�
465

�

�

�
�

�

�

�����

�

�

�

�
5

�

�

�

�

	

�

�

�
5

�
�

� �

(7)

(sincewe took theconventionthat �
4 


�
� ).

For a randomizedstationary policy � , let �
4%:

�

!

+
�

�
� � �;�

#
� �

�

�

. We denoteby
!

4%:�5
�

!

�

#

-

�
�

�

2

�
#

-

�
�

�

�

-

���

�

for thelaw of motionof theMDP. It
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is givenby:

! 4 :�5

�0/

�

�

� �

�

�

�����

�

�

�

� 5

�

�

�

�

	

�

�

� 5 � �

� �

when
2

�

�

�

�

� �

�

�

�����

�

�

�

� 


�

otherwise
�

(8)

This MDP is clearly a unichainMDP [25], [28]. It
thereforefollows that the optimal policy for the con-
strainedMDP is a randomizedstationarypolicy. Further-
more,randomizationoccursin at mostonestate[28]. An
optimalstationarypolicy � + maybeobtainedfromthefol-
lowing procedure:

Step 1. Find an optimal solution # + � � # +

4%:

� �

�

�

�

�

�

&

�

"$� to thelinearprogram(LP):

&

���

�

4����

�

:����




�

�

�

�

�

# 4%:

s.t.

�	

	

	

	




	

	

	

	�

1

4����

1

:����

"

�

�

�

�

�

#

4%:

'*)

1

4����

1

:����

�
�

465

	

! 4 :�5

�

#

4 :

�
�

� 2

� &

1

4����

1

:����

#

4%:

�
�

#
4%:

�
�

�

� ���

�

�
� "

�

(9)

Let &
+��

�
��� � &

�

#

+

4%:

%
� for some�

� "$� .
Step2. Determineanoptimalpolicy � + asfollows:

/

for � � & +

�

� +

4%:

� ���

���

�

�����

���

���

for ��� � & +

�

� +

4%:

�
� for somearbitrary �

� "

�

(10)

Notethatthereareseveralalgorithmsto solveLPs.The
mostpopularis thesimplex algorithm.It hasexponential
worst–casecomplexity, but requiresa smallnumberof it-
erationsin practice. Thereare othermoreelaborateal-
gorithmswhich have polynomialcomplexity, suchasthe
projectivealgorithmby Karmarkar[29].

B. Simulations

Throughoutthis sectionwe supposethat each layer
contains4 packets( �

�
� ).

1) ComparisonbetweenEC–aware and EC–unaware
optimal policies: We comparethe schedulingand er-
ror protectionoptimizationwith accountingfor errorcon-
cealment,to theoptimizationwithoutaccountingfor error
concealment: 

EC–unaware transmission: Thesenderdetermines
andemploystheoptimal transmissionpolicy, which
is obtainedwithoutaccountingfor errorconcealment
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����� �

Fig. 4. Maximumquality "�$&%('

�

)+*-, asa functionof thetargetaverage
transmissionrate . for Akiyo(low quality), /

���

, �

�10

.

at thereceiver. Thereceiver neverthelessapplieser-
ror concealmentbeforerenderingthevideo. 

EC–aware transmission: The senderdetermines
andemploystheoptimal transmissionpolicy, which
accountsfor errorconcealment.Thereceiver applies
errorconcealmentbeforerenderingthevideo.

It is importanttonotethatbothschemesemployerrorcon-
cealmentat thedecoder, sothatwhencomparingtheren-
deredvideo quality of the two schemes,we are indeed
makinga fair comparison.

Let ��2 ��� +

�$���

denotethemaximumquality of thevideo,
i.e., the quality given by the optimal transmissionpol-
icy. Figure4(a)andFigure4(b) show, for Problem1, the
valueof ��2 �!�

+

�$���

in PSNRasafunctionof thetargettrans-
missionrate

)

, for EC–unawareandEC–awareoptimal
transmissionpolicies.We usedthelow qualityversionof
Akiyo. We considerchannelsuccessratesof �

�
�

�

. and
�

�
�

�  

, whichcorrespondto typicalvaluesin today'sIn-
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ternet(packetlossrateis usuallybetween5%and20%).
We see on both �gures that the maximum quality

achieved by EC–aware optimal policies is signi�cantly
higher than for EC–unaware optimal policies (for both
valuesof � , the differencein quality is up to 1.5 dB).
This con�rms theneedto accountfor decodererrorcon-
cealmentduringjoint schedulinganderrorprotectionop-
timization. Simulationswith the high quality versionof
Akiyo, whicharenot shown heredueto spacelimitations,
alsogivedifferencesin qualitythatexceed1 dB.Notethat
for high valuesof

)

bothschemesachieve thesameper-
formance.Thiscorrespondsto theextremecasewhenthe
averagebandwidthof theconnectionis muchhigherthan
the sourcebitrateof the video (

)

% % � ). In this situ-
ation, both EC–awareandEC–unawareoptimal policies
transmitall layerswith additionalFECpackets.

Throughouttherestof thisstudy,weonlyconsiderEC–
awaretransmissionpolicies.

2) ComparisonbetweendynamicandstaticFEC: We
alsoinvestigatesolutionsof Problem1 for the particular
casewhentheamountof FECcodeaddedto eachlayeris
constantthroughoutthevideosequence.For this case,let

�

'

�

�

'

�

	

� denotethenumberof FECpacketsadded
to layer � for all framesof thecurrentvideosequence.The
transmissiondecisionto takefor frame

�

is still expressed
as � �

�

�

�
�

���������

�



�

, but now with ��� � �'�

�

�

�

�

� � . We
denotethe correspondingtransmissionpoliciesby static
redundancypolicies(in contrastto dynamicredundancy
policiesin the generalcase). Optimal staticredundancy
policies can be found by solving LP (9), with the new
setof possibleactions"���� ���

4��	�
" , for all possiblesets

�

�

�

���������

�




�

(brute–forcealgorithm).
Figure5 shows themaximumaveragequality ��2 ���

+

�$���

for thelow andhigh quality versionsof Akiyo, asa func-
tion of

)

, for a transmissionchannelwith �
�

�

�

. . We
�rst compareoptimalgeneralpolicieswith optimalstatic
redundancy policies. We can seethat, for both quality
versionsof thevideo, the maximumquality for the opti-
mal generalpolicy andfor the optimalstaticredundancy
policy is almostthesamefor all

)

. (We noticedthatboth
optimalpoliciesareindeedidenticalfor mostvaluesof

)

.)
This indicatesthatwe canrestrictour optimizationprob-
lem to staticredundancy policies. Simulationsfor other
valuesof � , which arenot shown heredueto spacecon-
straints,leadto thesameconclusion.

We compareoptimal generaland static redundancy
policieswith FEC to optimal policieswithout FEC. We
seethatthegainin qualityachievedwith FECcanbesub-
stantial. When �

�
�

�

. , for both versionsof the video,
the differencein quality achieved by the optimal policy
with FEC and without FEC is more than 1 dB for all
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Fig. 5. Maximumquality "�$&%('

�

)+*-, asa functionof thetargetaverage
transmissionrate for Akiyo (low andhigh quality), /

�6�

, �

� 0

,
"

����� #

.

valuesof
)

�
�

�

� . Note that when
)

�
� , the maxi-

mumqualityachievedby theoptimalpolicy withoutFEC
staysconstant,while the quality achievedwith FEC still
increaseswith

)

. When
)

�
� , the channelcanaccom-

modatethe transmissionof all videosourcepacketsplus
someadditionalpackets.So, the optimal policy without
FEC can only sendall sourcepackets,whereasthe op-
timal policy with FEC cansendadditionalFEC packets,
whichenhancesthequalityof therenderedvideo.

3) Performanceof in�nite–horizon optimization: We
study the performanceof our EC–aware optimal trans-
missionpolicies,obtainedby ouroptimizationframework
over an in�nite–horizon, in the practicalcasewhen the
numberof framesof thevideosequence,� , is �nite. We
usedtheaveragedistortionmatrix 9 �

465 :
��

� givenin (2) for

all � framesof the video. We show simulationsfor a
target transmissionrateof

)

�
�

�

� , over a channelwith



9

0 500 1000 1500 2000 2500 3000 3500
35.8

35.9

36

36.1

36.2

36.3

36.4

36.5

36.6
L=3, q=0.9, alpha=0.5

maximum PSNR 
achieved PSNR

PSfragreplacements

�

��

�

��� �

�

(a)averagequality in PSNR

0 500 1000 1500 2000 2500 3000 3500
0.48

0.49

0.5

0.51

0.52

0.53

0.54

0.55
L=3, q=0.9, alpha=0.5

target rate  
achieved rate

PSfragreplacements

�

	

�


 �

�
�

�

(b) transmissionrate

Fig. 6. Simulationswith /

� �

, �

� 0

, "

� ��� #

and .

� � �
�

, for
videosegmentscontainingupto 3000frames.

successrate �
�

�

�

. . We averagedour resultsover 100
channelrealizations.

Figure6(a) andFigure6(b) plot the achieved average
quality andaveragetransmissionrate, respectively, asa
functionof thenumberof framesof thevideo(upto �1�1�1�

frames).We plot con�denceintervalsthatrepresent.����
of the channelruns. As we canseeon both �gures, as
the numberof framesincreases,the achieved transmis-
sion rate and quality averagedover all channelrealiza-
tionsconvergetowardsthetargetrate

)

andthemaximum
quality ��2 �!�

+

�$���

, respectively. For a50framesegment,the
convergenceerrorsareonly of �

�

�5� dB for thequalityand
�

� for the transmissionrate. However, the con�dence
intervals can be large for segmentswith a low number
of frames:for a 50 framesegment,the transmissionrate
achieved for a givenchannelrealizationcanbeup to ���

higherthan
)

, andthequalityupto �

���

� dB lowerthanthe

targetquality. For a 500framesegment,this errorscome
down to ��� and �

�

� dB, respectively.
Since,in commonvideos,mosthomogeneoussegments

are composedof tensto thousandsof frames(homoge-
neoussegmentsusuallycorrespondto videoscenes[20]),
we expect that our optimization framework over an
in�nite–horizon will achieve a good operationalperfor-
mancein mostcases.For video segmentscomposedof
a few framesonly, it may be moreappropriateto use�-
nite horizonlinearprogrammingin orderto �nd optimal
policiesfor eachseparateframe,asmentionedat thebe-
ginningof SectionIV.

V. ADDITIONAL QUALITY CONSTRAINT

In Problem2, we addeda new qualityconstraintto our
optimizationframework. Speci�cally, besidesminimizing
the averagedistortion, �����#�&���&� , the optimal transmission
policy shouldalsomaintainanaveragevariationin distor-
tion betweenconsecutive images,�

��
 �$��� , below a maxi-
mum sustainablevalue

�

. As in Problem1, we consider
thatthevideohasin�nite length.For agiventransmission
policy � , �

�!
��$���

�

�

�

is thelong–runaveragede�ned by:

�

��
��$���

�

�

�

�

�

#%$.&

� (�*

�

� 	

�

��+

9

�

�

4'�
!

�
(

4

	

(
4?* �

�

: (11)

As for Problem1,weanalyzeProblem2 with aMarkov
DecisionProcessover an in�nite–horizon. We suppose
that the sendercan observe the stateof the receiver as
in SectionIV. Theexpectedaveragedistortionof a given
frame

�

dependsonly on action � � andon the statefor
thepreviousframe

� 	

� , i.e., #
� . However, theexpected

averagevariationin distortionfor frame
�

dependsalso
on thevalueof thestatefor frame

� 	
�

, i.e., # �
* �

. In-
deed,from (11),wehave �

�!
��$���

�

�

�

�

�,+

9
�

( �

	

( �
*,�

�

: ,
where ( �

* �
is thedistortionfor frame

� 	

� , which de-
pendson thenumberof layersthathavebeenreceivedfor
frames

� 	

� and
� 	��

, i.e, # � and #$�
*,�

respectively.
We considerthe MDP �/# �

* �

�

#$�

�

���

� �

�
�

�������

� ,
where�0#

�
*,�

�

#
�

� and �'�
�

� arethestateandactionpro-
cesses.We de�ne the reward and cost functions,when
the receiver is in state

�

# �
* �

�
� , # �

�

2��

andaction
� �

�%� is taken,as:




�

�

�32 �

�

�

�

	��

9�( �
�

#$�
* �

�
�

�

#$�
�

2 �

� �
�%�

:

�

(12)

"

�

�

�32 �

�

�

�

�

��-

�




�

�
� �

���

�

(13)

"��

�

�

� 2 �

�

�

�

�

9
�

( �

	

( �
* �

�'�
# �

* �

�
�

�

#$�
�

2 �

� �
�%�

:

�

(14)
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From thesede�nitions, Problem2 canbe rewritten as
�nding anoptimalpolicy � + which maximizesthe long–
runaveragereward:

# $'&

� (�*

�

�

� +

9

�

�

-

� �




�

#

-

*,�

�

#

-

�

�

-

�

:

s.t. /

#%$'&

�)(�*

�

�

�,+

9

1

�

-

� �

"

�

#

-

* �

�

#

-

�

�

-

�

:

'*) �

#%$'&

�)(�*

�

�

�,+

9

1

�

-

� �

"

�

�

#

-

* �

�

#

-

�

�

-

�

:

'
� �

(15)

which falls into the generaltheory of Markov Decision
Processeswith multiple constraints.The optimal policy
can be found from a linear programsimilar to the one
givenfor Problem1,butwith ahighernumberof variables
andanadditionalconstraint. Notethattheadditionalcost
is expressedasfollows:

"��

�

�

�32 �

�

�

�


+*,�

�

�

� )

� � 5

�

	

� 465

� �

�

� �

�

�

-/-0-

�

�

�

�

�

�

�

�

�

�

�

� �

�

�

�
�

5 


	

�
465

�
�

�

�
�

�

�

-0-0-

�

�

�

�



�

(16)

Figure7 shows theoptimalqualityachievedasa func-
tion of

)

, for differentvaluesof themaximumvariationin
distortion

�

. WeconsideroptimalEC–awaretransmission
policieswithout FEC, with �

�
� , over a channelwith

�
�

�

�  

. As we cansee,the constrainton the variation
in distortioncomeswith a penaltyin quality, for

� '

�

���

.
For highervaluesof

�

, the quality is the sameas with-
out the constrainton the variation in distortion because
we have reachedthevariationin distortionof theoptimal
transmissionpoliciesfor Problem1.

VI. OPTIMIZATION WITH IMPERFECT STATE

INFORMATION

In this sectionwe supposethat the sendercannot,in
general,observe # � when choosingthe action � � . In
this caseMDP �0# �

�

� ��� is a Partially–ObservableMDP
(POMDP),i.e., a MDP with imperfectstateinformation.
POMDPsare notoriously dif�cult, but our POMDP is
tractabledueto its specialstructure.

We cansupposethat thesenderobservesthestateof a
previousframe

� 	��

� for whichit hasreceivedafeedback,
i.e., we supposethat the sendercan observe # �

*��

�

�
�

whenchoosingtheaction � � (
�

�
�

� ). This corresponds
to a RTT of lessthan

�

� frametime for transmissionof
frame

� 	��

� .
When the stateof receptionfor frame

� 	

� , # � , is
not immediatelyavailable(

�

� %
� ), the transmittercan

still take the decisionfor frame
�

, i.e. � � , from the
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Fig. 7. Maximumquality "�$&%('

�

)+*-, asa functionof thetargetaverage
transmissionrate . for Akiyo, /

���

, �

���

, "

��� � �

.

history of paststateobservationsand pastactions. Let
�

�
�

�

#$�
*	�

�

�
�

�

���
*��

�

�
�

���������

���
* �

�

denotethe state
andactionhistory whenthe transmittertakesaction ��� .
Considerthe casewhen

�

�
�

�

%
� for all

�

, i.e., the
maximumfeedbackdelayfor all framesis constant.Now,

�

�

�

�

� ��� is a MDP with perfectstateinformation. We
de�ne the associatedreward andcost,whenthe receiver
stateis

�

� ��
��

��(

�
*��

�
�

�

���
*��

�
�

���������

���
* �

�

andac-
tion � �

�%� is chosenas:




�




�

�

�

�

	��

9�(
�4�

�

� ��


�

�
� � �

:
(17)

�

	��

9�( �
�

� �
* �

�%�
�

*,�

�

� �
�%�

:

�

(18)

"

�




�

�

�

�

�

�

-��




�

�
� �

� �

�

(19)

The reward only dependson � �
* �

and ��� , becausethe
distortion of frame

�

only dependson �
� and #

�
*,� ,

which in turn only dependson � �
* �

. Subsequently, our
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MDP is equivalent as MDP ��� � * �

�

� ��� . (This is be-
cause,in our framework, we only considertemporalerror
concealmentfrom the previous frameonly.) Therefore,
ouroptimizationframework doesnot dependon themax-
imumfeedbackdelay,

�

, neitheronthereceptionor notof
the feedback.It is particularlywell suitedto applications
wherea feedbackchannelcannotbeused,for exampleto
applicationsthat have strict delay requirements,suchas
videoconferencing.

When � � * � �7� and � � �7�

� , therewardandcostof
MDP �'� � * �

�

� ��� for a packeterasurechannelaregiven
by:




�

�

�

�

�

�

�
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� 465 - !

�

# � � � � ��� * �
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�

�

!

�
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(20)
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�

�

�

�

(21)

Figure8(a)andFigure8(b) show, for differentquality
versionsof Akiyo, thedifferencein performancebetween
a channelmodel with perfectstateinformation (imme-
diatefeedback)andimperfectstateinformation(delayed
feedback),with andwithout FEC,for �

�
�

�

. . On both
�gure, we seethat the differencein quality for the op-
timal policieswith FEC is very small (alwayslessthan
0.2dB). Thisquality differencewon't be,in general,per-
ceivedby theuser. WithoutFEC,thedifferencein quality
betweenboth channelmodelsis larger. For �

�
�

�

. it
is around0.5 dB for most valuesof

)

. Indeed,adding
FEC increasesthe effective packettransmissionsuccess
rate,which,in turn,increasestheknowledgeof thesender
abouttheactualreceiver state.Simulationswith �

�
�

�  

gave similar results.
Theseresults indicate that our framework for joint

schedulingand error control optimization can achieve
verygoodperformance,evenin thecasewhenthereceiver
statecan not be fully observed whenmakingnew deci-
sions. This correspondsto the usualsituationof video
streamingover the best–effort Internet,wherethe feed-
backchannelis unreliableandthe connectionhasanav-
erageRTT which is higherthanthevideoframerate.

VII . CONCLUSION

We have proposeda uni�ed optimization framework
that combinespacketscheduling,error control and de-
codererrorconcealment.We usedresultson constrained
Markov DecisionProcessesover an in�nite–horizon, to
computeoptimal transmissionpolicies for a wide range
of qualitymetrics.
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We analyzedthe problemof minimizing the average
distortionundera limited transmissionrate. Our analy-
sis leadsto a low–complexity algorithm, basedon Lin-
earProgramming.We have evaluatedtheperformanceof
our optimizationframework in the context of streaming
MPEG–4FGSvideos.

We �rst considereda packet–erasurechannelwith per-
fect receiver stateinformation. We showed the poten-
tial qualitygainsbroughtby EC–awaretransmissionopti-
mizationoverEC–unawareoptimization.Oursimulations
indicatethatcomplex schedulingoptimizationprocedures
thatdonotconsiderdecodererrorconcealmentin theopti-
mizationprocesscanachieve resultsthataresigni�cantly
lower thantruly optimal results. We have seen,through
numericalsimulations,thatour in�nite–horizonoptimiza-
tion framework givesgoodperformancefor �nite–length
video segmentscomposedof hundredsof video frames.
We showed that our framework allows to accommodate
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additionalquality metricsother than the averagedistor-
tion, suchasthevariationin distortionbetweenconsecu-
tive images.

Finally, we have shown thatour optimizationproblem
could be limited to static redundancy transmissionpoli-
cies,andthatour methodologycanachieve goodperfor-
mancein the generalcasewhenthe receiver stateinfor-
mationis notavailableat thesender.

Future directionsof this work include providing the
transmitterwith thepossibilityof retransmittingsomelost
videopackets,by consideringtheexpectedgainsin qual-
ity aftererrorconcealment.Also, our uni�ed framework
appearsto be well suitedto layered–encodedaudio. It
wouldbeinterestingto investigatetheperformanceof our
schemefor streamingaudioapplications.
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