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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 fr om
the video near the location of the loss, and outputs an estimate
of the probability that that loss is visible. We also show how our
GLM can be used to classify each loss as visible or invisible.
Using this method, we are able to achieve a high classi�cation
accuracy.

I . INTRODUCTION

When sendingcompressedvideo acrosstoday's communi-
cation networks, packet lossesmay occur. Network service
providerswould like to (a) provision their network to keepthe
packet lossratebelow anacceptablelevel, and(b) monitor the
traf�c on their network to assurecontinuedacceptablevideo
quality. Unfortunately, eachpacket lossin videohasa different
visual impact. For example,one may last for a single frame
while anothermay last for many; onemay occur in the midst
of anactive scenewhile anotheris in a motionlessarea.Thus,
the problemof evaluatingvideo quality given packet lossesis
challenging.

In this paper, we focuson predictingthevisibility of packet
lossesin MPEG-2 compressedvideo streams.Our goal is
to develop a quality monitor that is accurate,real-time,can
operateon every stream in the network, and answersthe
question,“How arethe lossespresentin this particularstream
impacting its visual quality?”. Toward this goal, we develop
a generalizedlinear model (GLM) to predict the probability
that a packet loss will be visible to an averageviewer. The
GLM input consistsof parametersthatcanbeeasilyextracted
from the video near the location of the loss, and outputsan
estimateof the probability that that loss is visible. We show
how our GLM canbe usedto classifyeachlossasvisible or
invisible.

A lot of researchhasbeendoneondevelopingobjectiveper-
ceptualmetricsfor compressedvideo not affectedby network
losses.While thesemetricscanpredictthequality degradation
causeddueto compressionartifacts,they arenot equippedto
handlethe degradationcausedby network losses.

In earlier efforts to understandthe visual impact of packet
losses[3], [4], [5], [6], thegoalwasto understandtheaverage
quality of typical videossubjectedto averagepacket lossrates
(PLR). Video conferencingis studiedin [3] usingthe average
judgementof consumerobservers to examine the relative

importanceof bandwidth,latency, andpacket loss.Theimpact
of packet losson theMeanOpinionScore(MOS) of real-time
streamingmedia was studiedin [4] for Microsoft Windows
Media encoder9 (betaversion)video. A neuralnetwork was
trainedin [5] to viewer responseson theITU-R 9-pointquality
scale, when a single 10-secondsequencewas subjectedto
different bandwidth,frame-rate,packet loss rate,and I-block
refreshrate.

Hughes et al. [6] use MOS to evaluate the subjective
quality of VBR video subjectedto ATM cell loss over a
10-secondperiod. They show that performanceis sensitive
not only to the magnitudeof the bursts, but also to their
frequency. “Very different” resultswereobtainedfor different
sequences.Other challengesidenti�ed by theseauthors[6]
were: (a) many different realizationsof both packet loss and
videocontentarenecessaryto reducethevariability 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 packet 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 perceptualquality metric andnot basedon subjective
tests.A framework for employing objective perceptualquality
assessmentmethods,evaluating the quality of audio, video
and multimedia signals, to model network performanceis
demonstratedin [15].

In addition, thesestudies[3], [4], [5], [6] all useMOS to
evaluatequality. However, the MOS quality rating methodol-
ogy hasa numberof dif�culties, as detailedin [7]. First, the
impairment (or quality) scalesare generally not interpreted
by subjectsas having equalstep-size,and labels in different
languagesare interpreteddifferently. Second,subjectstendto
avoid the end-pointsof the scales.Third, the term “quality”
itself is actually not a single variable,but hasmany dimen-
sions.

Thus,we designedandconducteda subjective testthatdoes
not use MOS, and explores the impact of eachpacket loss
individually. Viewersareshown MPEG-2video with injected
packet losses,andaskedto indicatewhenthey seeanartifactin
thedisplayedvideo.Datais gatheredfor a total of 1080packet
lossesover 72 minutesof MPEG-2video. “Ground truth” for
the probability of visibility of packet lossesis de�ned by
the resultsof our subjective tests.The frequency of visible
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Fig. 1. Illustration of FR, RR andNR methods

packet losseswill have a signi�cant in�uence on theperceived
quality; however, in this study, we don't explore this issue.

In our previouswork [1], we designeda classi�er to classify
eachpacket loss as visible or invisible to an averagehuman
observer. Our classi�er wasa treewherethepathat eachnode
is basedon a binary decision using one factor that affects
visibility. Using this classi�er, we wereunableto differentiate
packet losseswhichareat thethresholdof visibility from those
far away from the threshold.In this paper, becausewe would
like to predict the probability that a packet loss will causea
visible artifact, we are motivatedto usea GLM insteadof a
decisiontree.We alsoexplore the different factorsthat affect
packet-lossvisibility.

Figure1 illustratesdifferentmethodsfor quality assessment
based on locations for measuringnetworked video. Full-
Reference(FR) methodsare basedon measurementsof the
exact pixel valuesat both the encoderanddecoder. Reduced-
Reference(RR)methodsarebasedonmeasurementsof certain
key parametersat the encoderand accessto the exact pixel
valuesat thedecoder. No-Reference(NR) methodsdonothave
accessto any measurementsat 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 decodedpixels. FR methods
might give the highestaccuracy, but NR-B methodsare the
best choice for network-basedquality monitoring. They can
be deployed at different points in the network without the
additionalcomplexity of a decoderfor every stream.Gastaldo
et al. [14] used a Neural Network approachto design an
objective quality assessmentalgorithm for MPEG-2 video
streamswithout decoding.However, the algorithm is based
on compressionartifactsanddoesnot considernetwork losses
like lossof packets.

In [1], our classi�er wasbasedon factorsthat dependedon
a completevideo bitstream,the locationof the loss in the re-
ceivedbitstream,andthecompletedecodedvideo.As a result,
this classifermust be consideredto be a RR quality metric.
In this paper, we explore a rangeof quality metrics(all using
theGLM structure),which differ in theamountof information
that is availableat the time of measurement.Speci�cally, we
consideran RR, an NR-P, and an NR-B method,all based
on parameterseasilyextractedfrom availablebitstreams,and
explore the relative quality of each.

This paper is organized as follows. Section II gives an

overview of MPEG-2 packet lossesand their impact. Sec-
tion III describesour subjective test.SectionIV describesthe
logistic regressionmodel, the GLM which suits our purpose.
Section V describesthe objective factors that we believe
shouldbe included in our models.SectionVI describesour
statisticalanalysisandits results,while SectionVII concludes.

I I . EFFECT OF A PACKET LOSS

MPEG-2 is typically packetizedin oneof two ways.First,
video can be segmentedand packetized into small �x ed-
size packets (like ATM cells or MPEG-2 TransportStream
packets), in which casea single packet loss might force the
decoderto discardeithera slice or an entireframe.Second,a
variable-sizedpacket cancontainoneor moreslices.In both
cases,a packet loss correspondsto the loss of one or more
slices.We explore herethe casethat a packet losscausesthe
lossof a singleslice, a doubleslice, or the entire frame.

Theinitial errorcausedby a packet losspropagatesin space
andtimeasa resultof thevideodecodingalgorithm.Theexact
errordueto packet losscanbecompletelydescribedby (a) the
initial error for eachmacroblockin the lost packet, and(b) the
macroblocktype and(c) motion informationfor subsequently
receivedmacroblocks[11]. Thelattertwo controlthetemporal
durationandspatialspreadof the error.

The initial error inducedby a packet loss dependson the
error concealmentstrategy used by the decoder. A typical
concealmentstrategy, usedhere,is zero-motionconcealment,
in which an affectedmacroblockis estimatedusing the mac-
roblock in thesamespatiallocationfrom theclosestreference
frame. In this case,the initial error is simply the difference
betweenthe currentencodedframe and the closestreference
framefor the affectedmacroblocks.

We expect the visibility of a loss to dependon a complex
interactionof its location,the video encodingparameters,and
the underlying characteristicsof the video signal itself. For
example,the texture andmotion of the underlyingsignalmay
potentiallymasktheerror. To isolatethe impactof thevarious
parameters,one approachcould be to inject different error
amplitudesagainst an identical signal background,as was
donein [12] for blocky, blurry andnoisy artifacts.However,
for packet losses,the error itself is highly dependenton the
underlying signal and so we do not have control over the
amplitudeof the error. Therefore,we must take a different
approach.

Whenchoosingthepacket lossesto inject for our subjective
tests,we have independentcontrol 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 last a single
frame)or in a referenceframe(which will last until the next
I-frame).In choosingthelocationof theloss,we distributethe
locationsvertically within theframeandchooserepresentative
samplingsfrom both still andactive regionsof the sequence.
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I I I . SUBJECTIVE TESTS

For the subjective tests,we can conduct either a single-
stimulus test or a double-stimulustest. In a single-stimulus
test,only the video being evaluated(here,video with packet
losses) is shown. The referenceor original video is not
shown. In a double-stimulustest,both videosareshown. We
conducteda single-stimulustest becausethe test mimics the
perceptualresponseof a viewer who does not have access
to the original video, which is a natural setting for most
applications.The viewer baseshis/herjudgementon the lossy
video only.

In the test, the viewers' task is to indicatewhen they saw
an artifact, where an artifact is de�ned simply as a glitch
or abnormality. We wanted viewers to be immersedin the
viewing processandnotscrutinizingthevideofor any possible
impairment. Thus we chose DVD-quality MPEG-2 video1

from travel documentaries.Audio was not presented.Zero-
motion error concealmentusing the closestreferenceframe
wasusedwhenever therewasa packet loss.This presumesa
minimum amountof intelligenceon the part of the decoder.
Decodersthat use sophisticatederror concealmentmethods
may have fewer visible packet losses.However, since we
would like to predictthe visibility of packet lossesin the net-
work, without necessarilyknowing which decoderthe viewer
is using, we assumeonly this minimal error concealment
strategy.

We chosetwelve 6-minutevideosequences,for a combined
length of 72 minutes.We groupedthe sequencesinto 4 sets,
each consistingof three sequences.This limited a viewing
sessionto 18minutessoasnot to tire or boretheviewers.Dur-
ing eachsession,a viewer evaluateda setof video sequences
with a short break betweeneach sequence.Some viewers
participatedin morethanoneviewing session,althoughnever
on thesameday. Eachsetof videosequences(andhenceeach
packet loss)wasevaluatedby 12 viewers.

Viewersweretold thatthevideosthey werewatchingwould
have impairmentscausedby packet losses,and that when
they saw somethingunexpected in the video like a glitch,
they should respondby pressingthe spacebar. They were
asked to keep their �nger on the spacebar so they would
not be distractedby that task. The lighting condition was
typical of anof�ce environmentandtheviewer waspositioned
approximatelysix pictureheightsfrom the screen.

A total of 1080 packet losseswere randomly injected in
thesevideossuchthat every non-overlappingfour-secondin-
terval containedonepacket lossin the �rst threeseconds.The
one-secondguardinterval ensureda viewer hadsuf�cient time
to respondto eachindividual error. We distributed the losses
such that 30% affected an entire frame, 10% affected two
adjacentslices,and 60% affecteda single slice. Further, we
choseto have 30%of the lossesto be in B-frames(andhence
have a temporalduration of one frame), and the remaining
70%evenly distributedacrosstheavailableP- andI-framesin
the3-secondinterval. Finally, thevideoweselectedwashighly

1720 pixels, 480 lines, and60 �elds per second.
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Fig. 2. Histogramof time betweenadjacentpacket losses

varied, with many different motion types and amountsof
spatialtexture.Therefore,webelieveour injectedpacket losses
occuracrossa representative setof diversesignalbackground
types.

Theoutputof thesubjective testwasa setof �les containing
the timesthat the viewer pressedthe spacebar relative to the
startof the video.We processedtheseto createa matrix with
1080rows and12 columns,whoseentriesindicatewhethera
viewer respondedto a packet lossor not. If a viewer pressed
thespacebarwith in two secondsaftera packet lossoccurred,
he/sheis consideredto have respondedto that packet loss.
Otherwise,he/sheis considerednot to have respondedto the
packet loss.Thegroundtruth for theprobabilitiesof visibility
of a packet loss was de�ned from theseviewers' responses.
The probabilitieswere calculatedas the numberof viewers
who saw the packet lossdivided by 12.

Viewerswerenot told the patternof injectedpacket losses.
There is a concern,however, that while viewing the video
they might infer that a packet loss occursin every 4-second
interval. If aviewerwereableto predictthis, it mightbiastheir
responses.To analyzethis, we examined the time between
adjacentpacket losses,and time betweenadjacent visible
packet losses,where we de�ne visible to be those losses
that over 75% of viewers indicatedthey saw. Figure2 shows
that the densityof the time betweenadjacentpacket lossesis
triangularwith a minimum,mean,andmaximumof one,four,
andsevenseconds,asexpected.Also shown in Figure2 is the
densityof time betweenadjacentvisible packet losses,with its
long tail out to 130secondsnotshown. Thisdensityhasapeak
nearfour seconds.However, fewer than 5% of all the losses
are visible within 7 secondsof eachother. This meansthat
viewerssaw adjacentpacket losseslessthan5% of the time.
Therefore,we do not believe that viewers were able to infer
that packet lossesmight occur in every four-secondinterval
andbegin to anticipatean artifact.
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IV. GLM - LOGISTIC REGRESSION

In this paper, we model the probability of visibility using
a GeneralizedLinear Model (GLM). Logistic Regressionis a
type of GLM which models the parameterp of a binomial
distribution. Generalizedlinear models are an extension of
classicallinearmodels[2]. First we will give a brief overview
of the classical regression problem and then explain the
generalizedlinear modeland logistic regression.

Let y1; y2; :::; yN be a realizationof independentrandom
variablesY1; Y2; :::; YN suchthat Yi hasbinomial distribution
with index m i andparameterpi . Let y , Y andp denotetheN-
dimensionalvectorsrepresentedby yi , Yi andpi respectively.
We are trying to model the parameterp as a function of P
factors.Let X representa N � P matrix, whereeachrow i
containstheP factorsin�uencing thecorrespondingparameter
pi . An ordinarylinearmodelbetweenp andX canbewritten
as

p = 
 +
PX

j =1

x j � j

wherex j is the j th column of X and � 1; � 2; ::::; � P are the
coef�cients of thefactors.Coef�cients � andtheconstantterm

 areusuallyunknown andneedto beestimatedfrom thedata.
A simple linear regressionmodel is incapableof estimating
the parameterp of a binomial modelbecausethe outputof a
linearmodeltypically hastherange(�1 ; 1 ) while we know
p 2 [0; 1].

A generalizedlinear modelcanbe representedas

g(p) = 
 +
PX

j =1

x j � j

whereg(:) is calledthe link function,which is typically non-
linear. Classicalregressionis a specialcaseof GLM where
the link function g(:) is an identity. For logistic regression,
the link function is the logit function, which is the canonical
(thereforedefault) link function for the binomial distribution.
Thepurposeof the link functionhereis to mapp 2 [0; 1] onto
the entirereal line (�1 ; 1 ). The logit function is de�ned as

g(p) = log(
p

1 � p
):

Given N observations,we can �t modelsusing up to N
parameters.The simplestmodel, also called the Null model,
hasonly oneparameter:the constant
 . At the otherextreme,
it is possibleto have a model with as many parametersas
thereareobservations,calledthe Full Model; however, this is
problematic.Thegoodnessof �t for generalizedlinearmodels
can be characterizedby the deviancevalue,which is formed
as the logarithm of a ratio of likelihoods.

If we denotethelog-likelihoodfunctionfor modelp (which
is a function of � ), and the observations y as l(p; y ), then
for the binomial distribution we can write the log-likelihood

function as

l(p; y ) =
NX

i =1

[yi log(
pi

1 � pi
) + mi log(1 � pi ) +

log(
�

mi

yi

�
)]

wherem i representsthenumberof trials madefor observation
i . Thelog-likelihoodfunctionl(p; y ) is maximizedfor thefull
model.Let thefull modelandthecurrentmodelberepresented
by ~p andp̂ respectively. Then,we canwrite ~pi = y i

m i
. Further,

the deviancefor the model representedby p̂ is de�ned as

D(y ; p̂) = 2[l(~p; y ) � l (p̂; y )]:

Fromthede�nition, wecanseethatthedeviancefor theFull
modelis zeroandthedeviancefor all othermodelsis positive.
So the smaller the deviance, the better the model �t. The
deviancefor the null model is also called the null deviance.
The deviance is often usedas a goodness-of-�t statistic for
testingthe adequacy of a �tted model.Underthe assumptions
of independenceand p 2 (0; 1), the deviancecan be shown
to be asymptoticallydistributed as � 2

n � (P +1) , where (P+1)
is the total number of parameters�tted for the model [2].
Furthermore,the differencein deviancebetweentwo models
is also known to be approximatelydistributed as � 2

k under
the assumptionof independencealone for large values of
N , where k is the differencein the number of parameters
estimatedfor eachmodel.This is very useful in determining
the signi�cance of different factors.

We usethe statisticalsoftwareR [16] for our model �tting
and analysis. To obtain the model parameters,R uses an
iteratively re-weightedleast-squarestechniqueto generatea
maximum-likelihoodestimate.After �tting a particularmodel,
the importanceof eachfactor in the model can be evaluated
by the resultantincreasein deviance when we remove that
factorfrom themodel.This increasecanbecomparedwith the
appropriate� 2 statisticto computethe p-valuefor this factor.
If the p-value is less than 0.05, then the factor is signi�cant
at the 95% level. We representthe observed probability of
visibility as ~p andthe predictedprobability of visibility as p̂.

V. FACTORS AFFECTING V ISIBIL ITY

In this section,we describetheobjective parametersthatwe
believe will beusefulto modeltheprobabilityof visibility. We
focus primarily on factorsthat are easily extractedfrom the
video,asourgoalis to developanNR-B methodfor evaluating
video quality within a network. In the next section,we will
explore the usefulnessof thesefactorsin our models.

Theseobjective factors can be classi�ed into two types:
content-independentfactors and content-speci�c factors.
Content-independentfactors dependon the location of the
packet loss in the MPEG-2 bitstream,but do not depend
on the contentof the video. Content-independentfactorscan
thereforebe calculatedexactly from the lossybitstreamitself.
Content-speci�cfactorsdependon the contentof the video
at the location of the packet loss. Content-speci�c factors
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FactorAcronym Description
TMDR Time Duration:Numberof framesaffected

by the packet loss
SPTXNT SpatialExtent:Numberof sliceslost
HGT Height: Numberof the topmostslice lost
MOTX Averagemotion in x-direction
MOTY Averagemotion in y-direction
VARMX Varianceof motion in x-direction
VARMY Varianceof motion in y-direction
RSENGY Averageresidualenergy per pixel

after motion compensation
IMSE Meansquareerror per lost pixel

TABLE I

DESCRIPTION OF FACTORS AFFECTING VISIBIL ITY

can be calculatedexactly at the encoderside, by using the
original bitstream without losses.However, these content-
speci�c factorscannotbeexactly obtainedfrom a bitstreamin
which packetsarealreadylost.

The content-independentfactorswe considerareTemporal
Duration(TMDR), SpatialExtent (SPTXNT) andthe vertical
position (HGT) of the error induced by the packet loss.
Temporalduration representsthe numberof framesthat are
affected by a packet loss, and varies from 1 to 13 in our
bitstreams.An errorin aB-framewill lastasingleframe,while
an error in a referenceframe will last until the next I-frame.
The spatialextent representsthe numberof slicesaffectedby
thepacket loss.In ourcase,it is either1, 2 or 30corresponding
to a single slice, double slice or a frame loss. HGT is the
numberof thetopmostsliceaffectedby thepacket loss,where
theslicesarenumberedfrom 0 to 29 from top to bottom.This
factorcapturesthevaryingattentionviewershave on different
regions in the frame.All the content-independentfactorscan
becontrolledat thetimeof choosingwhich lossesto introduce.
Sincethecontent-independentfactorscanbeextractedexactly
from thelossybitstream,they areidenticalacrossourRR,NR-
P, andNR-B models.

Content-speci�c factors include Motion (MOTX and
MOTY), Varianceof motion (VARMX andVARMY), Resid-
ual Energy (RSENGY)andInitial MeanSquareError (IMSE).
MOTX and MOTY representthe averagemotion in x and
y directions respectively for the lost slices. VARMX and
VARMY representthevarianceof motionin x andy directions
for the lost slices. RSENGY denotesthe average residual
energy per pixel after motion compensationin the lost slices.
IMSE is themeansquarederrorperpixel betweenthedecoded
videoswith and without packet loss evaluatedonly over the
pixels in lost slices.TableI summarizesthedescriptionsof all
the factorsalongwith their acronyms.

The content-speci�c factors describedabove 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 mustestimatethecontent-speci�cfactorsfor themissing
slices.Further, to computeIMSE, decodedpixels are neces-

sary;however, theseareunavailable 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
slices are lost to generatethe set of parametersusedin our
RR models.

For the NR-P and NR-B methods,the parametersMOTX,
MOTY, VARMX, VARMY and RSENGY are extracteddi-
rectly from the bitstreamfor all receivedslices. Parameters
for the missing slices are then estimatedusing one of two
approaches.The �rst approachestimatesthe parameterusing
co-locatedslicesin the previous frame.The secondapproach
estimatesthe factor using spatially neighboringslices in the
sameframe.We tried eachapproachon one video sequence,
to decide which approachperformedbest. For the MOTX,
MOTY, VARMX, VARMY andRSENGYparameters,the�rst
approachperformedbestfor both the NR-P andNR-B cases.

For the NR-P case,the IMSE is computedfor all received
slices, where IMSE for received slices is de�ned to be the
IMSE that would have resulted if the slice had been lost.
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 approachesis possible
since the decodedpixels aren't available. Thus, to estimate
the IMSE for the NR-B case,we usethe approachdescribed
in [11]. This approach[11] extractsand estimatesadditional
parameters(like mean, spatial correlation, spatial variance)
from the received slices to estimateIMSE for the missing
slices.

VI . STATISTICAL ANALYSIS AND RESULTS

In this section,we apply Logistic Regression,a type of
GLM, to the problem of estimating the probability that a
packet loss is visible to an average viewer. We use the
parametersextractedfrom our RR, NR-P, andNR-B methods
to derive a separatemodelfor eachcase.We explorea number
of different sets of parameters,to determinethe best way
to characterizesequencemotion and loss-durationfor our
objective.

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
describedin the previous section.

We begin with a modelthatusesthesamefactorsasthosein
[1]. Next, we explore improvedcharacterizationof themotion
variables.Finally, we explore improvedcharacterizationof the
time-durationvariables.Models in eachsubsectionVI-A to
VI-C arenumberedusing the correspondingsubsectionnum-
ber (A-1, B-2 and C-3); intermediatemodelsin a subsection
have anadditionalquali�er. TheNull Model is calledModel0.
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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 asa categorical variable
with threelevelsto distinguishthethreecasesof single,double
slice loss and frame loss errors.A categorical variable with
N levels is treatedas a vector of N � 1 booleanvariables.
(The N -th level is representedby settingall N � 1 boolean
variablesto zero.)For SPTXNT, we thereforeconsideredtwo
booleanvariables:SPTXNT-2 andSPTXNT-30. SPTXNT-1 is
considereddefault and its effect is included in the constant
term.

All these factors formed the columns of X . The null
devianceobtainedfor our setof observationswas9254.8with
1079degreesof freedomfor the� 2 distribution.Thedeviances
obtainedwith Model1 for theRR,NR-PandNR-B caseswere
5707.5,6115.5and6114.8respectively with 1069degreesof
freedom.This model hasorder 11: SPTXNT uses2 degrees
of freedom,the remaining8 factorsand the constant
 use9
degreesof freedom.The MSE between~p from the full model
and p̂ from Model 1 is 0.0678for RR, 0.0742for NR-P and
0.0749for NR-B case.

B. ImprovedMotion Variables

Next, we consider the effect of overall motion and its
direction,ratherthantheeffect of x andy directionalmotions.
We de�ne MOTM andMOTA to representthe magnitudeand
angleof averagemotion andVARM to representthe variance
in averagemotion. We calculateMOTM, MOTA and VARM
asfollows:

M OTM =
p

M OTX 2 + M OTY 2

M OTA = arctan(
M OTY
M OTX

)

VARM = VARM X + VARM Y

Soour new model,Model 2a,consistsof TMDR, SPTXNT,
MOTM, MOTA, VARM, RSENGY, IMSE and HGT. The
deviancevaluesdecreasewith this modelfor theRR andNR-
P cases,thoughthe modelorder (degreesof freedom)is also
reducedfrom 11 to 10. The deviance valuesobtainedwere
5670.6,6107.6and 6126 for the RR, NR-P and NR-B cases
respectively, with 1070degreesof freedom.

More importantly, we observed that the variableMOTA 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
decreasesthe model order by one,at the expenseof a small
increasein 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 casesrespectively, with
1071degreesof freedom.

Our previous research[1] showed that packet lossesare
invisible when the overall motion is low. To accountfor this
effect, we addeda BooleanvariableHIGHMOT which is set

whenM OTM > 0:707. This thresholdwassetto correspond
to motion that is greaterthanhalf a pixel per framein both x
and y directions.This additionalvariableserves to allow the
modelto usea differentconstantvaluefor high-motionslices
asopposedto low-motionslices.Includingthisvariablefurther
reducesthedeviancevaluesby morethan350,which is highly
signi�cant. The new deviancevaluesare 5175.4,5698.2and
5765.9for the RR, NR-P and NR-B casesrespectively, with
1070 degreesof freedom.We denotethe �nal model of this
subsectionas Model 2. The MSE between~p from the full
modelandp̂ from Model 2 is 0.0615for RR, 0.0689for NR-
P and0.0704for NR-B case.

C. ImprovedTime-duration Variables

Our previous research[1] alsoshowed that if TM DR = 1,
which happensif the packet loss is in a B-frame, then the
packet loss is almost always invisible. However, we also
observed that the correlationcoef�cient betweennumberof
viewerswho saw a packet lossandTMDR was0.051,which
is very low. This shows that insteadof TMDR, the particular
instanceof TM DR = 1 has a signi�cant effect on visibil-
ity. So insteadof TMDR, we introducea Booleanvariable
BFRAME which is set whenever a packet loss occurs in a
B-frame.This modi�cation to the modelreducesthe 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 casesrespectively, with 1070degreesof freedom.This
is Model 3a.

Fig. 3. FRAMETYPE value for different framesin a GOP

Next, we extend the boolean variable BFRAME to a
categorical variable FRAMETYPE with 6 levels, depending
on the type of frame in which the packet loss occurred.
These6 levels correspondto a B-frame, four P-frameswith
a different distance to the next I-frame, and an I-frame.
We representthesetypes as B,P1,P2,P3,P4and I. Figure 3
illustrateshow theseframesoccur in the GOP structureof
our videos. FRAMETYPE capturesall the information in
the temporal duration of a packet loss, and is due to the
motion-compensatedprediction in the decoder. For example,
a packet loss in a P3 frame will have a temporal duration
of 9. Including FRAMETYPE insteadof BFRAME further
reducedthe deviance values to 4797.6, 5106.7 and 5115.7
for the RR, NR-P and NR-B casesrespectively, with 1066
degrees of freedom. This is our �nal model, denoted as
Model 3, which uses the factors FRAMETYPE, SPTXNT,
MOTM, HIGHMOT, VARM, RSENGY, IMSE and HGT to
predictthe probability of visibility of a packet loss.The MSE
obtainedbetween~p and p̂ from Model 3 is 0.0565for RR,
0.0608for NR-P, and0.0611for the NR-B case.

To verify the applicability of this model to new data,we
performa 4-fold cross-validationprocedure.For this, we use
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the datafrom threeout of the four setsof video asa training
set. The data from the remainingset is usedfor testing.We
repeatthis processfour times,eachtime choosinga different
setfor thetestingset.Thuswe have a predictedprobabilityfor
eachpacket lossobtainedwhen the packet losswasnot used
for training.TheMSE obtainedbetween~p andp̂ duringcross-
validationfor Model 3 is 0.0627for RR, 0.065for NR-P and
0.0647for NR-B case.This shows that the model continues
to performwell whenencounteringnew data.

The improvementin modelsfrom thenull model(Model 0)
to the �nal model (Model 3) can be summarizedby the plot
of deviance,shown in �gure 4, for all threecases(RR, NR-P
and NR-B). There is 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
also reducethe modelorder (Model 2), we seea decreasein
devianceindicatinga better�t. Also, we seea furtherdecrease
in deviancefrom Model 2 to Model 3 whenwe treatthe time-
durationinformationusinga booleanstructure.

The coef�cients (
 and � s) for the �nal model (Model 3)
in the NR-B caseare tabulated in Table II. The values of
the coef�cients do not necessarilyconvey the importanceof
correspondingfactors becausethese factors differ in their
variancesand in the rangeof valuesthey take.

The signi�cance of different factors in the model can be
understoodby the increasein the deviance that results if
eachfactor is individually removed from the model.TableIII
shows 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. SinceHIGHMOT
dependscompletelyonMOTM, wecanattributeits importance
also to MOTM. If we consider it this way, then MOTM
becomesthe mostsigni�cant factoraffecting visibility.

D. Classi�cation Problem

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

factor coef�cient
constant
 -4.53

FRAMETYPE-P1 2.116
FRAMETYPE-P2 2.104
FRAMETYPE-P3 2.117
FRAMETYPE-P4 2.188
FRAMETYPE-I 5.326e-01

SPTXNT-2 7.161e-01
SPTXNT-3 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 II

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 347.5 276 307

HIGHMOT 514.5 436.7 382.9
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 III

FACTOR SIGNIFICANCE

problemandmodeledtheprobabilityusingGLMs. In this sub-
section,we describeoneway to useour modelfor classifying
packet losses,andwe analyzethe results.

For this study, we classifya packet lossto bevisible, invisi-
ble, or indeterminate,basedon its probabilityof visibility. We
divide theinterval [0; 1] into threeregions,usingtheparameter
� :

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

The only exception is when � = 0, a probability of 0.5 is
consideredto beindeterminateto avoid confusionof whetherit
shouldbelongto the Invisible or Visible region. Our classi�er
takesas input the extractedparameters,andappliesModel 3.
If the resulting probability of visibility doesnot fall in the
indeterminateregion, we decidethe packet loss is visible or
invisible appropriately.

To evaluate the accuracy of the model for classi�cation
purposes,we computethe ground truth regarding visibility
using the resultsof the subjective test.Further, for the evalu-
ation process,we only considerthosepacket losseswherethe
ground truth regarding visibility is not indeterminate.Thus,
we only considerthosecaseswhereboth ~p and p̂ do not fall
into the indeterminateregion. A decisionis correct if ~p and
p̂ both fall into the visible region or the invisible region. A
decisionis wrongif ~p falls in theinvisible region andp̂ falls in
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� Accuracy %
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 assignzerocost to
classifyingan invisible/visiblepacket lossasan indeterminate
packet loss,and unit cost for eachwrong decisiondescribed
above.

We vary � from 0 to 0.45 in stepsof 0.05 and calculate
the accuracy of the model for eachvalue of � . Figures5, 6
and7 show the variationof cross-validationaccuracy with �
for the initial and �nal models,for the RR, NR-P, andNR-B
methods,respectively. The �nal model is more accuratethan
the initial model in all the threecases.

Figure8 comparestheaccuracy of theRR,NR-PandNR-B
methodsusing the �nal model for different valuesof � , and
Figure9 shows thecorrespondingnumberof decisionsin each
case.The accuracy achieved by the �nal model for different
valuesof � is also listed in Table IV. 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� )
increases,but their accuracy increases.If we choosea large
valueof � , we will obtainhigh accuracy but fewer decisions.
On theotherhand,a small valueof � allows us to make more
decisions,but with lower accuracy.
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Fig. 6. NR-P: Cross-validationaccuracy versus�
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Fig. 7. NR-B: Cross-validationaccuracy versus�
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VII . CONCLUSIONS

Weconsideredtheproblemof predictingtheprobabilitythat
a packet loss is visible, using measurementsfrom either the
entire encodedvideo, the decodedvideo pixels, or just the
received lossybitstream.We useda logistic regressionmodel
to �t thedatafrom subjective testsusingthesemeasurements.
We examinedhow to describepertinentfactorssuchasmotion
to bestpredictvisibility. As a result,we useMOTM insteadof
MOTX andMOTY andFRAMETYPEinsteadof TMDR, and
we droppedinsigni�cant factorssuchas MOTA. Finally, we
usedthepredictedprobabilitiesto decidewhetherapacket loss
is visible or not. We achieveda high cross-validationaccuracy
of 96.9%in the NR-B casewhen � = 0:25.

Our modelmaybeusefulin scenariosotherthanmeasuring
videoquality insidethenetwork. For example,it maybeuseful
in settingthresholdson allowablepacket loss rate.Further, it
couldbeusedto prioritizepacketswithin thenetwork basedon
their probabilityof visibility, soasto achieve visually optimal
streaming.
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