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Abstract—In this paper, we focuson predicting the visibility of
packet lossesin MPEG-2 compressedvideo streams.We develop
a generalizedlinear model (GLM) to predict the probability that
a packet loss will be visible to an average viewer. The GLM
input consistsof parameters that can be easily extracted from
the video near the location of the loss, and outputs an estimate
of the probability that that lossis visible. We also shov how our
GLM can be usedto classify each loss as visible or invisible.
Using this method, we are able to achieve a high classi cation
accuracy

I. INTRODUCTION

When sendingcompressedideo acrosstoday's communi-
cation networks, paclet lossesmay occur Network service
providerswould like to (a) provision their network to keepthe
pacletlossratebelov anacceptablédevel, and(b) monitorthe
trafc on their network to assurecontinuedacceptablevideo
quality. Unfortunately eachpacletlossin videohasa different
visual impact. For example,one may last for a single frame
while anothermay last for mary; onemay occurin the midst
of anactive scenewhile anotheris in a motionlessarea.Thus,
the problemof evaluatingvideo quality given paclet lossesis
challenging.

In this paper we focuson predictingthe visibility of paclet
lossesin MPEG-2 compressedvideo streams.Our goal is
to develop a quality monitor that is accurate real-time, can
operateon every streamin the network, and answersthe
guestion,"How arethelossespresentin this particularstream
impactingits visual quality?”. Toward this goal, we develop
a generalizedinear model (GLM) to predict the probability
that a paclet loss will be visible to an averageviewer. The
GLM input consistsof parametershatcanbe easily extracted
from the video nearthe location of the loss, and outputsan
estimateof the probability that that loss is visible. We showv
how our GLM canbe usedto classify eachlossasvisible or
invisible.

A lot of researchhasbeendoneon developingobjective per
ceptualmetricsfor compressedideo not affectedby network
lossesWhile thesemetricscanpredictthe quality degradation
causeddueto compressiorartifacts,they are not equippedto
handlethe degradationcausedby network losses.

In earlier efforts to understandhe visual impact of paclet
losseq3], [4], [5], [6], the goalwasto understandhe average
quality of typical videossubjectedo averagepaclet lossrates
(PLR). Video conferencings studiedin [3] usingthe average
judgementof consumerobseners to examine the relative

importanceof bandwidth lateng, andpacletloss. Theimpact
of pacletlosson the MeanOpinion Score(MOS) of real-time
streamingmedia was studiedin [4] for Microsoft Windows
Media encoder (betaversion)video. A neuralnetwork was
trainedin [5] to viewer responsesnthe ITU-R 9-pointquality
scale,when a single 10-secondsequencewas subjectedto
different bandwidth,frame-rate paclet loss rate, and I-block
refreshrate.

Hughes et al. [6] use MOS to evaluate the subjectve
quality of VBR video subjectedto ATM cell loss over a
10-secondperiod. They shawv that performanceis sensitve
not only to the magnitudeof the bursts, but also to their
frequeng. “Very different” resultswere obtainedfor different
sequencesOther challengesidenti ed by theseauthors[6]
were: (a) mary differentrealizationsof both paclet loss and
video contentarenecessaryo reducethe variability of viewer
responses(b) very low PLRsaredif cult to explore because
the typical test period (10 seconds)is so short that typical
realizationsmay have no paclet losses;(c) the “forgiveness
effect” causesviewers to rank a long video basedon more
recentlyviewedinformation.Thejoint impactof encodingrate
and ATM cell losseson MPEG-2 video quality was studied
in [13]. Here the quality of video is judged basedon an
existing perceptualjuality metric and not basedon subjectve
tests.A framavork for emplgying objective perceptuabjuality
assessmentethods,evaluating the quality of audio, video
and multimedia signals, to model network performanceis
demonstratedh [15].

In addition, thesestudies[3], [4], [5], [6] all use MOS to
evaluatequality. However, the MOS quality rating methodol-
ogy hasa numberof dif culties, asdetailedin [7]. First, the
impairment (or quality) scalesare generally not interpreted
by subjectsas having equal step-sizeand labelsin different
languagesre interpreteddifferently Second subjectstendto
avoid the end-pointsof the scales.Third, the term “quality”
itself is actually not a single variable, but has mary dimen-
sions.

Thus,we designedand conductedh subjectve testthatdoes
not use MOS, and explores the impact of eachpaclet loss
individually. Viewersare shaovn MPEG-2video with injected
pacletlossesandasledto indicatewhenthey seeanartifactin
thedisplayedvideo. Datais gatheredor atotal of 1080paclet
lossesover 72 minutesof MPEG-2video. “Ground truth” for
the probability of visibility of paclet lossesis de ned by
the resultsof our subjectve tests. The frequeng of visible



Fig. 1.
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pacletlosseswill have a signi cant in uence on the perceved
quality; however, in this study we don't explore this issue.

In our previouswork [1], we designedh classi er to classify
eachpaclet loss as visible or invisible to an averagehuman
obsenrer. Our classi er wasatreewherethe pathat eachnode
is basedon a binary decision using one factor that affects
visibility. Using this classi er, we wereunableto differentiate
pacletlossesvhich areatthethresholdof visibility from those
far away from the threshold.In this papey becauseve would
like to predictthe probability that a paclet losswill causea
visible artifact, we are motivatedto usea GLM insteadof a
decisiontree. We also explore the differentfactorsthat affect
paclet-lossvisibility.

Figurel illustratesdifferentmethodsor quality assessment
based on locations for measuring networked video. Full-
Reference(FR) methodsare basedon measurementsf the
exact pixel valuesat both the encoderand decoder Reduced-
ReferencéRR) methodsarebasedn measurementsf certain
key parametersat the encoderand accessto the exact pixel
valuesatthedecoderNo-ReferencéNR) methodsdo not have
accessto ary measurementst the encoder There are two
types of NR methods:NR-pixel (NR-P) and NR-Bitstream
(NR-B) methods.NR-P methodscan measurethe decoded
video at the pixel level, while NR-B methodscan measure
only the bitstream, not the decoded pixels. FR methods
might give the highestaccurag, but NR-B methodsare the
best choice for network-basedquality monitoring. They can
be deplo/ed at different points in the network without the
additionalcompleity of a decodeffor every stream.Gastaldo
et al. [14] used a Neural Network approachto designan
objectve quality assessmenalgorithm for MPEG-2 video
streamswithout decoding.However, the algorithm is based
on compressiorartifactsanddoesnot considemetwork losses
like loss of paclets.

In [1], our classi er wasbasedon factorsthat dependedn
a completevideo bitstream the location of the lossin the re-
ceived bitstreamandthe completedecoded/ideo. As aresult,
this classifermust be consideredto be a RR quality metric.
In this paper we explore a rangeof quality metrics(all using
the GLM structure) which differ in the amountof information
thatis available at the time of measurementSpeci cally, we
consideran RR, an NR-RB and an NR-B method, all based
on parametergasily extractedfrom available bitstreamsand
explore the relative quality of each.

This paperis organized as follows. Section |l gives an

overview of MPEG-2 paclet lossesand their impact. Sec-
tion Il describesour subjectve test.SectionlV describeshe
logistic regressionmodel,the GLM which suits our purpose.
Section V describesthe objective factors that we believe
shouldbe includedin our models.SectionVI describesour
statisticalanalysisandits resultswhile Section VIl concludes.

Il. EFFECT OF A PACKET LOsSS

MPEG-2is typically pacletizedin one of two ways. First,
video can be sggmentedand pacletized into small x ed-
size paclets (like ATM cells or MPEG-2 TransportStream
paclets), in which casea single paclet loss might force the
decodetrto discardeithera slice or an entireframe. Seconda
variable-sizedpaclket can containone or more slices.In both
cases,a paclet loss corresponddo the loss of one or more
slices.We explore herethe casethat a paclet loss causeshe
loss of a singleslice, a doubleslice, or the entire frame.

Theinitial errorcausedy a packetlosspropagtesin space
andtime asaresultof thevideodecodingalgorithm.The exact
errordueto packetlosscanbe completelydescribedy (a) the
initial errorfor eachmacroblockin the lost paclet, and(b) the
macroblocktype and (c) motion informationfor subsequently
recevedmacroblocks[11]. Thelattertwo controlthetemporal
durationand spatialspreadof the error.

The initial error inducedby a paclet loss dependson the
error concealmentstratgy used by the decoder A typical
concealmenstratgy, usedhere,is zero-motionconcealment,
in which an affectedmacroblockis estimatedusing the mac-
roblockin the samespatiallocationfrom the closestreference
frame. In this case,the initial error is simply the difference
betweenthe currentencodedirame and the closestreference
framefor the affected macroblocks.

We expectthe visibility of a lossto dependon a comple
interactionof its location, the video encodingparametersand
the underlying characteristicof the video signal itself. For
example,the texture and motion of the underlyingsignalmay
potentiallymaskthe error To isolatethe impactof the various
parameterspne approachcould be to inject different error
amplitudesagpinst an identical signal background,as was
donein [12] for blocky, blurry and noisy artifacts.However,
for paclet losses,the error itself is highly dependenbn the
underlying signal and so we do not have control over the
amplitude of the error. Therefore,we must take a different
approach.

Whenchoosingthe paclet lossedo inject for our subjectve
tests,we have independentontrol over the location, initial
spatialextentandtemporaldurationof eachlosswe inject. The
other factorsdependon the signal. Thus, we choosewhether
to losea singleslice, doubleslice or an entireframe.We also
choosethe lossto be in a B-frame (which would lasta single
frame)or in a referenceframe (which will last until the next
I-frame).In choosingthe locationof theloss,we distribute the
locationsvertically within the frameandchooserepresentatie
samplingsfrom both still and active regions of the sequence.



I1l. SUBJECTIVE TESTS

For the subjectie tests,we can conducteither a single-
stimulus test or a double-stimulustest. In a single-stimulus
test, only the video being evaluated(here,video with paclet
losses)is shawn. The referenceor original video is not
shavn. In a double-stimulugest, both videosare shovn. We
conducteda single-stimulustest becausehe test mimics the
perceptualresponseof a viewer who doesnot have access
to the original video, which is a natural setting for most
applications.The viewer basesis/herjudgementon the lossy
video only.

In the test, the viewers' taskis to indicatewhenthey saw
an artifact, where an artifact is de ned simply as a glitch
or abnormality We wanted viewers to be immersedin the
viewing processaandnot scrutinizingthe videofor ary possible
impairment. Thus we chose DVD-quality MPEG-2 vided
from travel documentariesAudio was not presentedZero-
motion error concealmentsing the closestreferenceframe
was usedwheneer therewas a paclet loss. This presumesa
minimum amountof intelligenceon the part of the decoder
Decodersthat use sophisticatederror concealmentmethods
may have fewer visible paclet losses.However, since we
would like to predictthe visibility of paclet lossesin the net-
work, without necessarilyjknowing which decoderthe viewer
is using, we assumeonly this minimal error concealment
strateyy.

We chosetwelve 6-minutevideo sequencedpr a combined
length of 72 minutes.We groupedthe sequenceito 4 sets,
each consistingof three sequencesThis limited a viewing
sessiorno 18 minutessoasnotto tire or boretheviewers.Dur-
ing eachsessiona viewer evaluateda setof video sequences
with a short break betweeneach sequence. Some viewers
participatedn morethanoneviewing sessionalthoughnever
on the sameday. Eachsetof video sequencegndhenceeach
paclet loss) was evaluatedby 12 viewers.

Viewersweretold thatthe videosthey werewatchingwould
have impairmentscausedby paclet losses,and that when
they sav somethingunexpectedin the video like a glitch,
they should respondby pressingthe spacebar They were
asled to keeptheir nger on the spacebar so they would
not be distractedby that task. The lighting condition was
typical of anof ce ervironmentandtheviewerwaspositioned
approximatelysix picture heightsfrom the screen.

A total of 1080 paclet losseswere randomly injected in
thesevideossuchthat every non-overlappingfour-secondin-
tenal containedonepaclet lossin the rst threesecondsThe
one-seconguardintenal ensurech viewer hadsufcient time
to respondto eachindividual error We distributed the losses
such that 30% affected an entire frame, 10% affected two
adjacentslices,and 60% affected a single slice. Further we
choseto have 30% of the lossedo bein B-frames(andhence
have a temporalduration of one frame), and the remaining
70% evenly distributedacrossthe available P- and I-framesin
the 3-secondnterval. Finally, thevideowe selectedvashighly

1720 pixels, 480 lines, and 60 elds persecond.
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Fig. 2. Histogramof time betweenadjacentpaclet losses

varied, with mary different motion types and amounts of
spatialtexture. Thereforewe believe our injectedpacletlosses
occuracrossa representate setof diversesignalbackground

types.

Theoutputof the subjectie testwasa setof les containing
the timesthat the viewer pressedhe spacebar relative to the
startof the video. We processedheseto createa matrix with
1080rows and 12 columns,whoseentriesindicatewhethera
viewer respondedo a paclet lossor not. If a viewer pressed
the spacebarwith in two secondsftera pacletlossoccurred,
he/sheis consideredto have respondedo that paclet loss.
Otherwise,he/sheis considerechot to have respondedo the
paclet loss. The groundtruth for the probabilitiesof visibility
of a paclet loss was de ned from theseviewers' responses.
The probabilitieswere calculatedas the numberof viewers
who saw the paclet loss divided by 12.

Viewerswerenot told the patternof injectedpaclet losses.
There is a concern,however, that while viewing the video
they might infer that a paclet loss occursin every 4-second
intenal. If aviewerwereableto predictthis, it mightbiastheir
responsesTo analyzethis, we examinedthe time between
adjacentpaclet losses,and time betweenadjacentvisible
paclet losses,where we de ne visible to be those losses
that over 75% of viewersindicatedthey saw. Figure 2 shavs
that the densityof the time betweenadjacentpaclet lossesis
triangularwith a minimum, mean,andmaximumof one,four,
andseven secondsasexpected.Also shovn in Figure?2 is the
densityof time betweeradjacentisible paclet losseswith its
long tail outto 130secondsot shavn. This densityhasa peak
nearfour secondsHowever, fewer than 5% of all the losses
are visible within 7 secondsof eachother This meansthat
viewers sav adjacentpaclet losseslessthan 5% of the time.
Therefore,we do not believe that viewers were able to infer
that paclet lossesmight occur in every four-secondinterval
and begin to anticipatean artifact.



IV. GLM - LOGISTIC REGRESSION

In this paper we model the probability of visibility using
a Generalized_inear Model (GLM). Logistic Regressionis a
type of GLM which modelsthe parametemp of a binomial
distribution. Generalizedlinear models are an extension of
classicalinear models[2]. Firstwe will give a brief overview
of the classical regression problem and then explain the
generalizedinear model andlogistic regression.

Let y1;¥2; 5 yn be a realization of independentandom
variablesYy; Yz; i1 Yy suchthaty; hasbinomial distribution
with index m; andparametep;. Lety, Y andp denotethe N-
dimensionalvectorsrepresentedby y;, Y; andp; respectiely.
We are trying to model the parameterp as a function of P
factors.Let X represena N P matrix, whereeachrow i
containsthe P factorsin uencing the correspondingarameter
pi. An ordinarylinear modelbetweerp andX canbe written
as

»x
p= + Xj
j=1
wherex; is thej™ columnof X and 1; »;::; p arethe
coefcients of thefactors.Coefcients andtheconstanterm

areusuallyunknavn andneedto be estimatedrom the data.
A simple linear regressionmodel is incapableof estimating
the parametep of a binomial model becausehe outputof a
linearmodeltypically hastherange(1 ;1 ) while we know
p2 [0;1].

A generalizedinear model can be represente@s

»
a(p) = +

j=1

whereg(:) is calledthelink function, which is typically non-
linear. Classicalregressionis a specialcaseof GLM where
the link function g(:) is an identity. For logistic regression,
the link functionis the logit function, which is the canonical
(thereforedefault) link function for the binomial distribution.
The purposeof thelink function hereis to mapp 2 [0; 1] onto
theentirerealline (1 ;1 ). Thelogit functionis de ned as

o(p) = logl )

Given N obsenations,we can t modelsusing up to N
parametersThe simplestmodel, also called the Null model,
hasonly one parameterthe constant . At the otherextreme,
it is possibleto have a model with as mary parametersas
thereare obsenrations,calledthe Full Model; however, this is
problematic.The goodnes®f t for generalizedinear models
can be characterizedy the deviancevalue, which is formed
asthe logarithm of a ratio of likelihoods.

If we denotethe log-likelihoodfunctionfor modelp (which
is a function of ), andthe obsenrationsy asl(p;y), then
for the binomial distribution we can write the log-likelihood

function as

X

Iy log(—"
=1

1

I(p5y) = p~)+ milog(1 pi) +

i i

m.
S

wherem; representshe numberof trials madefor obsenation

i. Thelog-likelihoodfunctionl(p;y) is maximizedfor thefull

model.Let thefull modelandthe currentmodelberepresented

by p andp respectrely. Then,we canwrite p; = }T’]— Further

the deviancefor the modelrepresentedby p is de ned as

D(y;p) = 2[(p:y) Pyl

Fromthede nition, we canseethatthe deviancefor the Full
modelis zeroandthe deviancefor all othermodelsis positive.
So the smaller the deviance, the better the model t. The
deviancefor the null modelis also called the null deviance.
The devianceis often usedas a goodness-of- t statistic for
testingthe adequag of a tted model.Underthe assumptions
of independencandp 2 (0;1), the deviance can be shavn
to be asymptoticallydistributed as 2 (P+1) » where (P+1)
is the total numberof parameterstted for the model [2].
Furthermore the differencein deviance betweentwo models
is also known to be approximatelydistributed as 2 under
the assumptionof independencealone for large values of
N, where k is the differencein the numberof parameters
estimatedfor eachmodel. This is very usefulin determining
the signi cance of differentfactors.

We usethe statisticalsoftware R [16] for our model tting
and analysis. To obtain the model parametersR usesan
iteratively re-weightedleast-squaresechniqueto generatea
maximum-likelihoodestimate After tting a particularmodel,
the importanceof eachfactorin the model can be evaluated
by the resultantincreasein deviance when we remove that
factorfrom the model. This increasecanbe comparedvith the
appropriate ? statisticto computethe p-valuefor this factor
If the p-valueis lessthan 0.05, then the factoris signi cant
at the 95% level. We representthe obsered probability of
visibility asp andthe predictedprobability of visibility asp.

log(

V. FACTORS AFFECTING VISIBILITY

In this section,we describethe objective parametershatwe
believe will be usefulto modelthe probability of visibility. We
focus primarily on factorsthat are easily extractedfrom the
video,asour goalis to developanNR-B methodfor evaluating
video quality within a network. In the next section,we will
explore the usefulnesof thesefactorsin our models.

Theseobjective factors can be classi ed into two types:
content-independentfactors and content-specic factors.
Content-independenfiactors dependon the location of the
paclet loss in the MPEG-2 bitstream, but do not depend
on the contentof the video. Content-independerfactorscan
thereforebe calculatedexactly from the lossy bitstreamitself.
Content-speci cfactorsdependon the contentof the video
at the location of the paclet loss. Content-speci c factors



Factor Acronym | Description
TMDR Time Duration: Numberof framesaffected
by the paclet loss
SPTXNT SpatialExtent: Numberof sliceslost
HGT Height: Numberof the topmostslice lost
MOTX Averagemotion in x-direction
MOTY Averagemotion in y-direction
VARMX Varianceof motionin x-direction
VARMY Varianceof motionin y-direction
RSENGY Averageresidualenegy per pixel
after motion compensation
IMSE Mean squareerror per lost pixel

TABLE |
DESCRIPTION OF FACTORS AFFECTING VISIBILITY

can be calculatedexactly at the encoderside, by using the
original bitstream without losses. However, these content-
speci ¢ factorscannotbe exactly obtainedfrom a bitstreamin
which paclets are alreadylost.

The content-independeriactorswe considerare Temporal
Duration (TMDR), SpatialExtent(SPTXNT) andthe vertical
position (HGT) of the error induced by the paclet loss.
Temporalduration representghe numberof framesthat are
affected by a paclet loss, and varies from 1 to 13 in our
bitstreamsAn errorin aB-framewill lastasingleframe,while
an error in a referenceframe will last until the next I-frame.
The spatialextent representshe numberof slicesaffectedby
thepacletloss.In ourcasejt is eitherl, 2 or 30 corresponding
to a single slice, double slice or a frame loss. HGT is the
numberof the topmostslice affectedby the paclet loss,where
the slicesarenumberedrom 0 to 29 from top to bottom. This
factorcaptureghe varying attentionviewershave on different
regionsin the frame. All the content-independerifictorscan
be controlledat thetime of choosingwhich lossego introduce.
Sincethe content-independeifiactorscanbe extractedexactly
from thelossybitstreamthey areidenticalacrossour RR, NR-
P, and NR-B models.

Content-speci ¢ factors include Motion (MOTX and
MOTY), Varianceof motion (VARMX and VARMY), Resid-
ual Enegy (RSENGY)andInitial MeanSquareError (IMSE).
MOTX and MOTY representthe averagemotion in x and
y directions respectiely for the lost slices. VARMX and
VARMY representhevarianceof motionin x andy directions
for the lost slices. RSENGY denotesthe average residual
enegy per pixel after motion compensatiorin the lost slices.
IMSE is themeansquarederror per pixel betweerthedecoded
videoswith and without paclet loss evaluatedonly over the
pixelsin lost slices.Tablel summarizeshe descriptionsof all
the factorsalongwith their acroryms.

The content-speci ¢ factors describedabore can be ex-
tractedexactly from the completebitstream(available at the
encoder)and the decodedpixels. Thus, they can only be
exactly obtainedusing an RR method. Since the complete
bitstreamis not available to our NR-P and NR-B methods,
they mustestimatethe content-speci cfactorsfor the missing
slices. Further to computelMSE, decodedpixels are neces-

sary; however, theseare unavailable to the NR-B method.

For the RR method, the content-speci c factors can be
extracted for all slices, and this information can be made
available to the quality monitor via reliable means. This
information is then combinedwith the knowledge of which
slicesare lost to generatethe set of parameterausedin our
RR models.

For the NR-P and NR-B methods the parametersvViOTX,
MOTY, VARMX, VARMY and RSENGY are extracted di-
rectly from the bitstreamfor all receivedslices. Parameters
for the missing slices are then estimatedusing one of two
approachesThe rst approachestimateghe parametewusing
co-locatedslicesin the previous frame. The secondapproach
estimatesthe factor using spatially neighboringslicesin the
sameframe. We tried eachapproachon one video sequence,
to decide which approachperformedbest. For the MOTX,
MOTY, VARMX, VARMY andRSENGY parameterghe rst
approachperformedbestfor both the NR-P and NR-B cases.

For the NR-P case,the IMSE is computedfor all receved
slices, where IMSE for receved slicesis de ned to be the
IMSE that would have resultedif the slice had beenlost.
The secondapproachabove was found to be more effective
for estimatingthe IMSE of the missing slices. For the NR-
B method, neither of the above two approachess possible
since the decodedpixels arent available. Thus, to estimate
the IMSE for the NR-B case,we usethe approachdescribed
in [11]. This approach[11] extractsand estimatesadditional
parameterglike mean, spatial correlation, spatial variance)
from the receved slicesto estimateIMSE for the missing
slices.

V1. STATISTICAL ANALYSIS AND RESULTS

In this section,we apply Logistic Regression,a type of
GLM, to the problem of estimatingthe probability that a
paclet loss is visible to an average viewer. We use the
parametergxtractedfrom our RR, NR-B, and NR-B methods
to derive a separatenodelfor eachcase We explore a number
of different sets of parametersio determinethe best way
to characterizesequencemotion and loss-durationfor our
objectie.

We use the word “model” to characterizethe set of pa-
rameterswhich comprisethe matrix X, introducedin section
IV. We note that for each “model”, we actually consider
three: one for eachof the RR, NR-P and NR-B cases.The
distinction betweenthe three lies in whether the content-
speci c parametersare extracted exactly, or estimatedas
describedn the previous section.

We begin with a modelthatuseshe samefactorsasthosein
[1]. Next, we explore improved characterizatiomf the motion
variables Finally, we exploreimproved characterizatiomof the
time-durationvariables.Models in eachsubsectionVI-A to
VI-C are numberedusingthe correspondingubsectiomum-
ber (A-1, B-2 and C-3); intermediatemodelsin a subsection
have anadditionalquali er. TheNull Modelis calledModel 0.



A. Initial Model

Our initial model, Model 1, usesthe factorsTMDR, SP-
TXNT, MOTX, MOTY, VARMX, VARMY, RSENGY IMSE
and HGT for all threemethodsi.e. RR, NR-P and NR-B. In
this model, we consideredSPTXNT as a cateyorical variable
with threelevelsto distinguishthethreecasef single,double
slice loss and frame loss errors. A catgyorical variable with
N levels is treatedas a vectorof N 1 booleanvariables.
(The N -th level is representedby settingall N 1 boolean
variablesto zero.)For SPTXNT, we thereforeconsideredwo
booleanvariables:SPTXNT2 andSPTXNT-30. SPTXNT1 is
considereddefault and its effect is includedin the constant
term.

All these factors formed the columns of X. The null
devianceobtainedfor our setof obserationswas 9254.8with
1079degreesof freedomfor the 2 distribution. The deviances
obtainedwith Model 1 for theRR, NR-PandNR-B caseavere
5707.5,6115.5and 6114.8respectiely with 1069 degreesof
freedom.This model hasorder 11: SPTXNT uses2 degrees
of freedom,the remaining8 factorsandthe constant use9
degreesof freedom.The MSE betweenp from the full model
andp from Model 1 is 0.0678for RR, 0.0742for NR-P and
0.0749for NR-B case.

B. Improved Motion Variables

Next, we considerthe effect of overall motion and its
direction,ratherthanthe effect of x andy directionalmotions.
We de ne MOTM andMOTA to representhe magnitudeand
angleof averagemotion and VARM to representhe variance
in averagemotion. We calculateMOTM, MOTA and VARM
asfollows:

P MOTX2+ MOTY?2
MOTY
MOTX)
VARM = VARMX + VARMY

MOTM =

M OTA = arctan(

Soour nev model,Model 2a, consistsof TMDR, SPTXNT,
MOTM, MOTA, VARM, RSENGY IMSE and HGT. The
deviancevaluesdecreasavith this modelfor the RR andNR-
P casesthoughthe model order (degreesof freedom)is also
reducedfrom 11 to 10. The deviance values obtainedwere
5670.6,6107.6and 6126 for the RR, NR-P and NR-B cases
respectrely, with 1070 degreesof freedom.

More importantly we obsened that the variable MOTA is
not signi cant at the 95% level with its p-valuebeing0.1286,
0.2146 and 0.2556 for RR, NR-P and NR-B casesrespec-
tively. Thus,MOTA shouldbe removed from the model. This
decreaseshe model order by one, at the expenseof a small
increasen deviance.In the modelwithout MOTA, Model 2b,
the deviance valuesare trivially larger: 5672.9,6109.2 and
6127.3for the RR, NR-P and NR-B casesrespectiely, with
1071 deggreesof freedom.

Our previous research[1] showved that paclet lossesare
invisible when the overall motion is low. To accountfor this
effect, we addeda Booleanvariable HHGHMOT which is set

whenM OTM > 0:707. This thresholdwassetto correspond
to motionthatis greaterthanhalf a pixel perframein both x
andy directions.This additionalvariablesenesto allow the
modelto usea differentconstantvalue for high-motionslices
asopposedo low-motionslices.Includingthis variablefurther
reduceghe deviancevaluesby morethan350,which is highly
signi cant. The newv deviancevaluesare 5175.4,5698.2and
5765.9for the RR, NR-P and NR-B casesrespectiely, with
1070 degreesof freedom.We denotethe nal model of this
subsectionas Model 2. The MSE betweenp from the full
modelandp from Model 2 is 0.0615for RR, 0.0689for NR-
P and0.0704for NR-B case.

C. Improved Time-dugation Variables

Our previousresearch1] alsoshavedthatif TMDR = 1,
which happensif the paclet loss is in a B-frame, then the
paclet loss is almost always invisible. However, we also
obsenred that the correlationcoefcient betweennumber of
viewerswho saw a paclet lossand TMDR was 0.051,which
is very low. This shaws thatinsteadof TMDR, the particular
instanceof TM DR = 1 hasa signi cant effect on visibil-
ity. So insteadof TMDR, we introduce a Booleanvariable
BFRAME which is set whenerer a paclet loss occursin a
B-frame. This modi cation to the modelreduceghe deviance
very signi cantly in all the three cases.The new deviance
valuesare 4939.1,5323.2and 5340.1for the RR, NR-P and
NR-B casegespectrely, with 1070 degreesof freedom.This
is Model 3a.

[ [e] [e] e [e] [e] Pl [2] [e] 2] [e] [e] P]

Fig. 3. FRAMETYPE valuefor differentframesin a GOP

Next, we extend the boolean variable BFRAME to a
catgorical variable FRAMETYPE with 6 levels, depending
on the type of frame in which the paclet loss occurred.
Theseb levels correspondo a B-frame, four P-frameswith
a different distanceto the next I-frame, and an I-frame.
We representthesetypes as B,P1,P2,P3,P4and . Figure 3
illustrates how theseframesoccur in the GOP structure of
our videos. FRAMETYPE capturesall the information in
the temporal duration of a paclet loss, and is due to the
motion-compensatedredictionin the decoder For example,
a paclet loss in a P3 frame will have a temporal duration
of 9. Including FRAMETYPE insteadof BFRAME further
reducedthe deviance valuesto 4797.6,5106.7 and 5115.7
for the RR, NR-P and NR-B casesrespectrely, with 1066
degrees of freedom. This is our nal model, denotedas
Model 3, which usesthe factors FRAMETYPE, SPTXNT,
MOTM, HIGHMOT, VARM, RSENGY IMSE and HGT to
predictthe probability of visibility of a paclet loss. The MSE
obtainedbetweenp and p from Model 3 is 0.0565for RR,
0.0608for NR-R and0.0611for the NR-B case.

To verify the applicability of this modelto nev data, we
performa 4-fold cross-alidation procedure For this, we use
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the datafrom threeout of the four setsof video asa training
set. The datafrom the remainingsetis usedfor testing. We

repeatthis processfour times, eachtime choosinga different
setfor thetestingset. Thuswe have a predictedprobability for

eachpaclet loss obtainedwhenthe paclet loss was not used
for training. The MSE obtainedbetweerp andp during cross-
validationfor Model 3 is 0.0627for RR, 0.065for NR-P and
0.0647for NR-B case.This shaws that the model continues
to performwell whenencounteringhewv data.

Theimprovementin modelsfrom the null model(Model 0)
to the nal model (Model 3) canbe summarizedby the plot
of deviance,shown in gure 4, for all threecaseqRR, NR-P
and NR-B). Thereis a hugedrop in deviance from the null
model to the starting model (Model 1), which is expected.
When we improve the treatmentof the motion variablesand
alsoreducethe model order (Model 2), we seea decreasen
devianceindicatingabetter t. Also, we seea furtherdecrease
in deviancefrom Model 2 to Model 3 whenwe treatthe time-
durationinformation using a booleanstructure.

The coefcients ( and s) for the nal model (Model 3)
in the NR-B caseare takulated in Table Il. The values of
the coefcients do not necessarilycorvey the importanceof
correspondingfactors becausethese factors differ in their
variancesandin the rangeof valuesthey take.

The signi cance of different factorsin the model can be
understoodby the increasein the deviance that results if
eachfactoris individually removed from the model. Table lll
shaws the increasein deviance values for each factor for
the RR, NR-P and NR-B cases.From the table, we seethat
FRAMETYPE, SPTXNT, MOTM, HIGHMOT andIMSE are
very signi cant factorsaffecting visibility. Since HIGHMOT
dependsompletelyon MOTM, we canattributeits importance
also to MOTM. If we considerit this way, then MOTM
becomeghe mostsigni cant factor affecting visibility.

D. Classi cation Problem

Until now, we have consideredhe problemof predictingthe
probability of visibility. So we have considereda regression

factor coefcient
constant -4.53
FRAMETYPE-P1 2.116
FRAMETYPE-P2 2.104
FRAMETYPE-P3 2.117
FRAMETYPE-P4 2.188
FRAMETYPE-I 5.326e-01
SPTXNT2 7.161e-01
SPTXNT3 1.54
MOTM 4.212e-01
HIGHMOT 1.398
VARM -1.144e-02
RSENGY -6.902e-03
IMSE 9.890e-04
HGT -2.797e-02
TABLE I

COEFFICIENTS FOR MODEL 3 IN NR-B

Factor Devianceincrease
RR NR-P | NR-B
FRAMETYPE | 408.1 | 627.2 | 703.8
SPTXNT 532.4 | 517.4 | 440.3
MOTM 3475 | 276 307
HIGHMOT 5145 | 436.7 | 382.9
VARM 62.9 103 104

RSENGY 44.4 19.7 28
IMSE 439.8 | 197.9 | 188.9
HGT 38.7 47.9 56.6

TABLE 1lI

FACTOR SIGNIFICANCE

problemandmodeledthe probability usingGLMs. In this sub-
section,we describeoneway to useour modelfor classifying
paclet lossesandwe analyzethe results.

For this study we classifya pacletlossto bevisible, invisi-
ble, or indeterminatebasedon its probability of visibility. We
divide theinterval [0; 1] into threeregions,usingthe parameter

[0,0.5- ] Invisible region
(0.5- , 0.5+ ) Indeterminataegion
[0.5+ , 1] Visible region

The only exceptionis when = 0, a probability of 0.5 is
consideredo beindeterminatéo avoid confusionof whetherit
shouldbelongto the Invisible or Visible region. Our classi er
takesasinput the extractedparametersand appliesModel 3.
If the resulting probability of visibility doesnot fall in the
indeterminateregion, we decidethe paclet lossis visible or
invisible appropriately

To evaluate the accurag of the model for classi cation
purposeswe computethe ground truth regarding visibility
usingthe resultsof the subjectve test. Further for the evalu-
ation processwe only considerthosepaclet losseswvherethe
ground truth regarding visibility is not indeterminate.Thus,
we only considerthosecaseswhereboth p and p do not fall
into the indeterminateregion. A decisionis correctif p and
P both fall into the visible region or the invisible region. A
decisionis wrongif pfallsin theinvisible region andp fallsin



Accuray %

RR NR-P | NR-B
0 0.845 | 0.848 | 0.849
0.05 | 0.862 | 0.859 | 0.856
0.10 | 0.89 | 0.884 | 0.882
0.15 | 0.901 | 0.906 | 0.907
0.20 | 0.946| 0.96 | 0.959
0.25| 0.96 | 0.972 | 0.969
0.30 | 0.975| 0.98 | 0.978
0.35 | 0.989 | 0.994 | 0.988
0.40 | 0.995| 0.995 | 0.991
0.45 | 0.996 | 0.993 | 0.993

TABLE IV

CROSS-VALIDATION ACCURACY WITH VARYING

the visible region or vice-versa.Here, we assignzero costto
classifyinganinvisible/visible paclet lossasanindeterminate
paclet loss, and unit costfor eachwrong decisiondescribed
above.

We vary from O to 0.45in stepsof 0.05 and calculate
the accurag of the modelfor eachvalue of . Figures5, 6
and 7 shav the variation of cross-alidation accurag with
for theinitial and nal models,for the RR, NR-R and NR-B
methodsrespectrely. The nal modelis more accuratethan
the initial modelin all the threecases.

Figure8 compareghe accurayg of the RR, NR-PandNR-B
methodsusingthe nal modelfor differentvaluesof , and
Figure9 shows the correspondingiumberof decisiondn each
case.The accuray achieved by the nal modelfor different
valuesof s alsolisted in Table V. Clearly, all the three
methodsperform similarly. In particular our NR-B method
performsalmost as well as our RR method. Further fewer
decisionsare madeas the size of indeterminateregion (2 )
increasesput their accurag increaseslf we choosea large
valueof , we will obtainhigh accurag but fewer decisions.
Onthe otherhand,a smallvalueof allows usto make more
decisions but with lower accurag.
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VIl. CONCLUSIONS

We consideredhe problemof predictingthe probability that
a paclet loss is visible, using measurementfrom either the
entire encodedvideo, the decodedvideo pixels, or just the
received lossy bitstream.We useda logistic regressionmodel

to t the datafrom subjectie testsusingthesemeasurements.

We examinedhow to describepertinentfactorssuchasmotion
to bestpredictvisibility. As aresult,we useMOTM insteadof
MOTX andMOTY andFRAMETYPE insteadof TMDR, and
we droppedinsigni cant factorssuchas MOTA. Finally, we
usedthe predictedprobabilitiesto decidewhethera pacletloss
is visible or not. We achiezed a high cross-alidationaccurag
of 96.9%in the NR-B casewhen = 0:25.

Our modelmay be usefulin scenariootherthanmeasuring
videoquality insidethe network. For example,it maybeuseful
in settingthresholdson allowable paclet loss rate. Further it
couldbeusedto prioritize pacletswithin the network basedn
their probability of visibility, soasto achieve visually optimal
streaming.

ACKNOWLEDGEMENTS

The authorswould to like thank N SF and CALI T? for
supportingthis researchthroughresearchgrants.The authors
would alsolike to thank Prof. CharlesBerry at UCSD for his
supportand guidancewith statisticalmethods.

REFERENCES

[1] A. R. Reibman,S. Kanumuri,V. VaishampayamandP. C. Cos-
man,“Visibility of Individual Packet Lossesn MPEG-2Video”,
IEEE ICIP, October2004 (accepted).

P. McCullaghand J. A. Nelder, “GeneralizedLinear Models”,
2" Edition, Chapman& Hall.

VerizonLaboratoriedG. W. Cermak),“Videoconferencinger
vice Quality as a function of bandwidth,lateng, and paclet
loss”, T1A1.3/2003-026 May 2003.

B. ChenandJ. Francis,“Multimedia PerformanceEvaluation”,
AT&T TechnicalMemorandumfFebruary2003.

(2]
(3]

(4]

[5] S.MohamedandG. Rubino,“A studyof real-timepaclet video
quality using random neural networks”, IEEE Trans. Circuits
and Systemdor Video Tech., vol. 12, no. 12, pp. 1071-1083
Dec 2002.

C. J. Hughes,M. Ghanbari,D. E. Pearson\V. Seferidisand

J. Xiong, “Modeling and subjective assessmentf cell discard

in ATM video”, IEEE Trans. Image Processingvol. 2, no. 2,

pp. 212-222,April 1993.

A. Watson and M. A. Sasse,“Measuring perceved quality

of speechandvideo in multimediaconferencingapplications”,

ACM International Confeenceon Multimedia pp. 55—-60,April

1998.

M. Masry and S. Hemami, “Perceved quality metricsfor low

bit rate compressedideo”, Proc. IEEE ICIP, vol. 3, pp. 49-52,

June2002.

Z. Yu, H. R. Wu, S. Winkler and T. Chen, “Vision-model-

basedmpairmentmetricto evaluateblocking artifactsin digital

video”, Proceedingsof the IEEE, vol. 90, no. 1, pp. 154-169,

January2002.

S. Wolf and M. Pinson, “In-service performancemetrics for

MPEG-2video systems”|AB, Montreux, Switzerland Novem-

ber 1998.

A. R. Reibman,V. Vaishampayarand Y. Sermadei, “Quality

monitoring of video over a paclet network”, IEEE Trans.

Multimedig vol. 6, no. 2, pp. 327-334,April 2004.

[12] M. S. Moore, J. Foley and S. Mitra, “Defect Visibility and
contentimportanceimplicationsfor the designof an objective
video delity metric”, Proc. IEEE ICIP, vol. 3, pp. 45-48,June
2002.

[13] O. VerscheureP. Frossardand M. Hamdi, “Joint Impact of
MPEG-2 EncodingRateand ATM Cell Losseson Video Qual-
ity”, Global TelecommunicationgConfeence (GLOBECOM)
vol. 1, pp. 71-76,November1998.

[14] P. Gastaldo,S. Rovetta and R. Zunino, “Objective Quality
Assessmenbf MPEG-2 Video Streamsby using CBP Neural
Networks”, IEEE Trans.on Neuml Networks vol. 13, pp. 939-
947, July 2002.

[15] A. E. Conway and Y. Zhu, “Applying Objectve Perceptual
Quality AssessmenMethodsin Network PerformanceModel-
ing”, Proc. Eleventhintl Conf on ComputerCommunications
and Networks pp. 116-223,0ctober2002.

[16] The Websiteof R Project,http://www.r-project.og/

(6]

(7]

(8]

El

[10]

[11]



