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ABSTRACT

A critical component of any video transmission eystis an objective metric for evaluating the qyatif the video
signal as it is seen by the end-user. In packezebaemmunication systems, such as a wireless chantige Internet,
the quality of the received signal is affected mthbsignal compression and packet losses. Dued@ibbabilistic
nature of the channel, the distortion in the retoeted signal is a random variable. In additidre guality of the
reconstructed signal depends on the error concealsteategy. A common approach is to use the egdentean
squared error of the end-to-end distortion as tbdopmance metric. It can be shown that this apghdaads to
unpredictable perceptual artifacts. A better apghnda to account for both the mean and the variafidbe end-to-end
distortion. We explore the perceptual benefitshi$ approach. By accounting for the variance of disortion, the
difference between the transmitted and the recoctsid signal can be decreased without a significammease in the
expected value of the distortion. Our experimengsults indicate that for low to moderate probapitf loss, the
proposed approach offers significant advantages sivietly minimizing the expected distortion. Werdonstrate that
controlling the variance of the distortion limitenpeptually annoying artifacts such as persistent®
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1. INTRODUCTION

Network-based video applications have dramaticatiyreased in popularity in recent years. One of thajor
challenges in supporting these applications is plaaket delivery is not guaranteed in transmissigstems, such as
wireless channels and the Internet. Thus, frompitiat-of-view of the transmitter, the distortion thae receiver is a
random variable that depends on the probabilitpaafket loss in the channel. To illustrate this patonsider the two
reconstructed frames shown in Fig. 1. These fracmesespond to what would be seen at the receiwsngiwo
different channel loss realizatidn<learly, the distortion at the receiver dependsahich packets are lost. Thus, to

efficiently encode and transmit a video sequenke, metric used to evaluate the end-to-end distoriy,;, must
account for the probabilistic nature of the channel

o
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Fig. 1. (a) Expected reconstructed frame averagedall possible loss simulations. (b and c) Retooged frames for two
different channel loss realizations.

* Note that the same probability of packet losssisdin both simulations.



Recently, there has been considerable researdte iarea of distortion estimation and characteonaftdor packet-
based video transmission systems [1],[2],[6-20],[Z7ne of the most common approaches is to useexipected
distortion between the original and the reconstditequence at the receiver as the performancématthis paper,
we explore the benefits of accounting for the vas& as well as the mean, of the end-to-end distovthen allocating
limited source and channel resources. By accouritinthe variance of the distortion, the propospdraach makes it
more likely that what the end-user sees closelgmédes what was transmitted, thus increasing thabikty of the
system. This paper builds on our prior work, sormeltch can be found in [1], [2], and [3].

At the receiver, the end user sees only one of nmsgible reconstructed sequences, depending oacthal
realization of packet losses. Therefore, the adiigtbrtion at the receiver does not necessarilyabthe expected
distortion. To illustrate this point, consider tireages shown in Fig. 1. While the expected recanstd frame
(averaged over all possible loss realizations) bmyeasonable, as shown in Fig. 1(a), the qudlithieareceiver may
vary greatly based on which packets are lost, awstin Fig. 1 (b) and (c). Therefore, we argue thatvariance of the
end-to-end distortion should also be consideredwadaracterizing video quality in lossy packet rats. We develop
the concept of “Variance-Aware per-Pixel OptimalsBerce-allocation” (VAPOR), and present a framewéok
controlling both the expected value and the vagaot the end-to-end distortion. In Sect. 6, experital results
demonstrate that reducing the variance of the distocan help limit perceptually annoying artifactuch as error
propagation. Video conferencing, target trackingysillance, and personal communications are jdsteapplications
that can benefit from variance-aware resource atioo.

The remainder of the paper is organized as folldvext we describe the system model. In Sect. 3;hezacterize
the end-to-end distortion in packet-based video roamication systems. Two variance-aware resourcecatibn
formulations are presented in Sect. 4, followed eyiscussion of the solution approach in Sect. gersive
experimental analysis is presented in Sect. 6i@e¢tcontains concluding remarks.

2. SYSTEM MODEL

We begin by providing a high-level overview of ecket-based video transmission system. Figure 2igiglk some of
the major conceptual components in such a systé.ofiginal video signal is first compressed by \itzo encoder.
Compression reduces the number of bits used taitdesihe video sequence by exploiting both temparal spatial
redundancy. The encoded video will be transmittest @ communication channel that is lossy by naflinerefore, the
video sequence must be encoded in an error rasiiag that minimizes the effects of losses on theodled video
quality. A recent review of resilient video coditeghniques can be found in [4].
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Fig. 2. Packet-based video transmission systegratia

In this paper, we focus on one of the most wideljized video coding techniques, Block-based Motion
Compensated (BMC) video coding (e.g., H.263 and MPE In this approach, each frame is divided inmtacro-
blocks (MBs) that can either be independently eadodntra coded) or predictively coded from a refee MB in a
previous frame (Inter coded). For Inter coding, @ion vector (MV) specifies the location of theerefnce MB in the
reference frame. Hence the name “motion compensaiddo coding. Temporal prediction offers incredsmding



efficiency over Intra coding but is susceptibleetwor propagation. Transform coding followed by wfization and
entropy coding complete the BMC coding process.d@¢note the source coding parameters, such astiegcmode
and quantization step-size for all the MBs in arfea(or group of frames). The selectionSxffects the source bit rate
as well as the end-to-end distortion.

The encoded video sequence is then transmittedsosemmunication channel. This typically involvesketizing
the video stream and passing the packets througlappropriate protocol layers (e.g., RTP/UDP/IR)Fig. 2, this
functionality is implemented in thigansmitter block. We take a high level view of this blockdnder to emphasize
similarities between a wide range of applicatiosgch as wireless and Internet-based video trangmisket N
represent the set oetwork parameters that can be controlled at the transmitter. Thiso$gtarameters depends on the
application. For example, in wireless communicaijothe transmission power and rate can be adafed;
Differentiated Services (DiffServ) network, theqty (or QoS) assigned to each packet can be dereil a network
parameter. In most communication systems, some @dramannel state information (CSI) is available at the sender,
such as an estimate of the fading level in a wéselghannel or the congestion over a route in ttegriat. Based on the
channel state informatio® and the choice of network parametdisthe transmitter is able to estimate channel
characteristics, such as the probability of pa@b®t . We indicate this relationship @s= f(N,8), where the functiof
can be determined analytically or from empiricatda

At the receiver, the demodulated bit stream is processed by tharai decoder, which performs error detection
and/or correction. Corrupt packets can either lssgh onto the video decoder or discarded. Her@sagme that only
error free information is passed to the video decahd that corrupt packets are considered loss. iShmotivated by
the fact that in Internet-based communications, ghebability of packet corruption is very low comed to the
probability of packet loss caused by congestioth@énetwork. Similarly, in wireless communicatiottse probability
of an error being undetected is far smaller tharitelihood of a packet being lost due to a desefin the channel.

The video decoder is responsible for reconstructing the video seqedor display at the receiver. Because some
encoded information may have been lost, e.g., dumuffer overflow at a router, the video decodershzonceal any
lost information. The commonality among all errancealment strategies is that they exploit reduogdn the
received video sequence to conceal lost informatidne popular concealment strategy, which we emjghogur
experimental results, is to use temporal replaceérased on the motion information of neighboringcrogblocks. A
comprehensive review of error concealment techmigua®@ be found in [5].

The controller block in Fig. 2 indicates the component of theeaidransmission system responsible for adapting
the source coding paramete3sand the network parameteksbased on knowledge of the concealment strategy, th
source content and any available CSI. The seledfddandN affects the end-to-end distorti@, the end-to-end
delay T, and the total cost,, for delivering the video sequence to the end-us&r.will useD(SN), Ci(SN), and
T(SN) to explicitly indicate these dependencies. Disoris caused by both source coding artifacts eimahnel
errors, and will be discussed in greater detaBaat. 3. The cost, is a measure of the limited resources consumed in
transmitting the video sequence, and will be disedsmore in Sect. 4. The end-to-end ddlgyis the time between
when a video frame is captured at the transmitber ahen it is displayed at the receivég, depends in part on the
number of bits used to encode the sequence, thentiasion rate and any scheduling decisions madieebyansmitter.

3. END-TO-END DISTORTION METRICS

A critical component in any video communicationtsys is a metric for evaluating the quality of trezeived
video signal. Recently, there has been consideralskarch in the area of distortion characterinaiod estimation for
packet-based video transmission systems. Here,igidight two general classes of distortion metri€he first class
consists of methods that measure video qualityhbyepected distortion in the received sequence.s€bond consists
of metrics whose aim is to produce more smoothityuay accounting for several sources of distorti@mniation.

In this section we present a framework for charétey the distortion between the original videodathne
reconstructed sequence at the receiver. This framiels based on knowledge of how the original segads encoded,
the probability of packet loss in the channel, #mel concealment strategy used by the decoder. SQirgigel is the
smallest information symbol in a digital video seqoe, we use per-pixel accurate expressions t@actesize the end-
to-end distortion.

Consider a single pixel in the video sequence. ther system described in Sect. 2, we assume thededco
information for each pixel is contained in only quacket and that each packet is either receivegctty or lost. In this



case, the distortion between the original and rsttoated value for thigh pixel of thekth packet in theath frame is a
random variable with the following distribution

1)

ki _| DR withprobabily (1- p")
DI with probability (0™)

where 0¥ is the probability that thith packet is Iost,D,’;'k’i is the distortion if the packet received correctly, and
D is the distortion if the packet iiest. If the pixel is predictively encoded, thém*' is a random variable due to

random losses in previous frames. On the other,hftitk pixel is independently encoded (Intra abci¢hen Dg""i is
deterministic. The distortion if a packet is losfpends on the concealment strategy used at theleledbprediction is
used in the concealment strategy, e.g., temporedegment, therD,‘_"k" is also a random variable.

3.1. Expected distortion metrics

The expected value of the end-to-end distortiorafgiven pixel can be written as
E[D™'] = - p™)E[DR"']+(p™)E[D[™'], @

whereE[+] indicates the expected value taken with respetie probability of loss. The average expectetbdien for
the kth packet in thenth frame is defined a® ™ = (1/1 k)zi':kl E[D™'], wherel® is the number of pixels in tHeh
packet. Similarly, the average expected distortifur the nth frame and for the sequence are simply
D"=@/K)Ye,D™ andDg, = (/M) D", respectively, wherd is the number of frames in the sequence.

Work on resilient video coding and transmissiongacket lossy networks has primarily focused onimmizing the
average expected distortion for a frame (or grdujpaones) [6-20],[27]. In these approaches the ®ndnd distortion is

defined asD,, =D". The average expected distortion is somewhat mdtaral measure of the end-to-end distortion
because it accounts for the source coding distoe®well as the expected channel induced distorfig discussed in

the following sections, the drawback of defining tend-to-end video quality aB", is that it does not capture
undesirable perceptual artifacts such as largatianis in quality. Several methods have been pexpdéar calculating

the average expected distortion. The most straightfrd approach is to simulate several packet pagterns at the

encoder and to average the resulting distortiohsAlthough this approach produces a better es@nofthe expected
distortion as the number of simulations increasks, drawback is that the computational complexity &torage

requirements can quickly become impractical.

Methods for accurately calculating the expectedodien have recently been proposed [8], [9], [1Dhe main
contribution of these approaches is that they stiavunder certain conditions, it is possible touaately compute the
expected distortion with finite storage and compatel complexity by using per-pixel accurate rexive calculations.
In [8], Hind’'s method is based on recursively ctdting the distribution of the reconstructed vataeeach pixel in a
frame. A recursively accurate method for calculatine expected mean absolute difference is presémfd 0]. In [9],
Zhang et al. develop a powerful algorithm calledFED which efficiently calculates the expected msaquared error
by recursively computing only the first and secandment of each pixel in a frame. In many advanddédorcoding
schemes, e.g., H.26L and MPEG-4, non-integer matimmpensation, deblocking filters, and complex eahment
strategies introduce cross-correlation betweenlpitteat make ROPE less precise. Recently therébbas work on
approximating these cross-correlation terms in crdl@xtend ROPE to more sophisticated coding selsdddil], [12].

Model-based distortion estimation methods have &lsen proposed and are useful when the computhtiona
complexity and storage capacity are limited. In][1Be authors present a recursive distortion egton algorithm,
which only differs slightly from ROPE in that thepproximate the distortion due to concealment.rttepto estimate
the expected distortion, a likely subset of thesfae loss patterns is considered in [14]. In [13§ et al. develop a
model for estimating both source and channel distobased on the Intra refresh rate and the ptgenof zeros
among the quantized transform coefficients. Anothepular metric for calculating the expected distor is to



consider the reduction in distortion given thatagket and all the packets it depends on are rateasin [16]. This
approach works well when the dependencies betweekeps are clearly defined, e.g., in progressive saalable
coding, but does not explicitly take into accoumbepropagation due to concealment.

3.2. Variance-awar e distortion metrics

In video coding and transmission there are manycssuof quality variation. We review several vacedsaware
distortion metrics whose aim is to reduce thesedatians in order to smooth out the quality of tleeaived video
sequence. Reducing the spatial variation in qualitypss a frame has been considered in order veqréaving some
regions of a frame with good quality and othershwiélatively poor quality. In [17] and [18], ongexnpt at producing
more even quality was to minimize the maximum digta within a frame, as opposed to the averagtmdisn, i.e.,

Dige =max{E[D"“]} .

Controlling temporal variations in quality has alseen considered. Rate-control, i.e., assigninglatih (bits) to
the different frames in a sequence, is relatetiitotype of variation [19]. By allocating more bavidth during periods
of high activity and less to frames with little rimt, a rate-control scheme can reduce the oveistibrtion within a
specified time window. Similarly, approaches susH18], [20], have looked at the benefits of limgilarge temporal
variations in distortion across a group of frames.

In video transmission applications, a third sowtquality variation is the variance in distortioaused by channel
errors. The remainder of this paper addressessthiece of quality variation. While the expectedatison (averaged
over all possible loss realizations) may be redsienahe quality at the receiver may vary greatisdd on which
packets are lost. Therefore, to determine theilikeld that the actual distortion seen by the erat-is near the
expected distortion, one must look at the variasfabe distortion.

The variance of the distortion for a given pixebisdefinition equal t¥ar[D™*'] = E[(D™*')2]- E[D"*']?. By
substituting (1) into the previous equation andragging terms, we can expregar[D™ '  ag

Var{D"™i] = (1- o™ Varl D] + (o™ Var[DP ] + - o™ ) EDR ] - EDpRT, (@)

whereVar[D2*' JandVar[D™*' ]are the variance in distortion if the packet camite the coding information for this
pixel is received and lost, respectively. As expdcVar[D™' ] increases whewar[DY*'  pr Var[D™*' ] increase.
Therefore, Intra coding, which hagar[Da*' 4 0, enables the transmitter to greatly decredagD™ ' . Intpr
coding on the other hand is susceptible to tempemralr propagation and thus h\s(ar[Dg""i >10. This suggests that
Var[DE’k"] is a good indicator of how severely a packet maaftiected by error propagation. From (3), we be¢ t

Var[D™*'] increases as[E[DS""i]—E[DE""i ]}2 increases. This means that if a pixel is diffictdt conceal, i.e.,
E[DM']>>E[DA*'], its distortion varies greatly depending on whethe packet is received or lost.

From (3), it can be seen thear[D™%' g a concave quadratic function @¥. This is intuitively satisfying since
there is less variability iD ™' when the probability of loss is either very snualivery large. For example, when= 0
or 1 for all the packets in the sequendar[D™*' = (.

Let SA[D™]=4/Var[D™] represent the standard deviation of the distortion fovengpixel. The average

standard deviation in distortion for tHeéh packet in thenth frame is defined aF™ = (1/1 k)2‘,i':klstd[D”'k’i].
Similarly, the average standard deviation in distortiorttienth frame and for the sequence @ré = (1/ K)ZkK:lﬁ”'k

n
It is important to note that the average variance in distogigr pixel is not equal to the variance of the average
distortion for a frame, i.e.,

and Ty = L/ M)Y o, T" , respectively.
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The expression on the right hand side is more difficuitdmpute since it requires calculating the cross-correlation
between the distortion of all the pixels in the frame. Iditéah, the problem of optimally encoding and transmijta
video frame based on the variance in quality, as done in S&tt. becomes infeasible if the

kK 1 1k nk,i | : . . . kK 1 1 nk,iq .
Var[(l/ K)Zkzll—kzile } is used. Another motivation for usin@/ K)zkzll—kzi:1Var[D ] is that it captures
local variations in quality better than the variance of the aeedeggortion.
3.3. Recursive calculations based on the M ean Squared Error

The expressions for the mean (2) and variance (3) of theoegnidtdistortion derived in the previous sections haldfo
wide range of distortion metrics. In our experimental tssule consider the case where distortion is defined as the
squared error between the original pixel valuand the reconstructed pixel value at the recelver.e.,D=(x-X )% In

this case, the first two moments of the reconstdigiixel value, i.e.E[X] and E[(X)? ], are needed to accurately
calculate E[D] = E[(x-X)? ] Similarly, the first four moments of the recomsted pixel value are needed to
accurately calculat®’ar[D] = E[(x - X)*] - E[(x-X)?]?.

In certain cases, optimal distortion estimationhods, such as ROPE [9] and [8] can be used to atstyrand
recursively calculate the necessary reconstructeel pnoments. In other cases, such as non-integel potion

compensation, models may be needed to estimatexjiected distortion. Developing efficient models éstimating
the variance of the end-to-end distortion is am @eguiring future research.

4. VARIANCE-AWARE RESOURCE ALLOCATION

Our goal is to control both the source-coding aladggmission parameterS, (N) in order to minimize the end-to-end
distortion while using a limited amount of transgiis cost and delay. We can formally write thisimfzation as

{rgiNn} D2 (S,N) subject to:C, (S,N)<CJ and T2 (S,N)< T , (5)

where Dy, is the end-to-end distortiorG,, is the total transmission cost is the transmission cost constraifif;
is the total transmission delay, afig is the maximum transmission delay for tita frame. In (5), the transmission

cost Cy; corresponds to the limited resources consumeleinransmission of theth frame. For example, in wireless
communications, mobile users typically rely onraited battery supply. Therefore, in wireless videmmunications,
Cqy represents the energy consumed transmittingitthérame. In a Differentiated Services (DiffSermydrnet, C,
may represent the price paid to transmit packetifferent quality of service. We assume that ehbiglevel controller
assigns cost and delay constrain® (and T,') per frame based on the application. The desigthisfcontroller is

outside the scope of this paper.

In the previous sections, we discussed the neeatdount for both the mean and the variance of tiiete-end
distortion when evaluating video quality. One waydb this is by defining the distortion for a givieame in (5) as the
weighted sum of the expected distortion plus thedrd deviation in distortion, i.e.,

0%, =-a)p" +(alo" =2 £ £ a-aelo |+ e)salor ] ®



wherea[0,1] defines the relative importance of the vaciaf the end-to-end distortion. We uS&e:I[D”""i injtead

of Var[D™*'] so that the units oby; are consistent. By using (6) as the objectivédnéndptimization problem (5) and
solving for different values af, we can observe the trade-off between minimizirgeéxpected value and the variance
of the distortion. For example, in Fig. 3, we pgloé mean and the standard deviation in distortensusa for frame 43

of the “foreman” test sequence. As shown in Fign8reasingx reduces the standard deviation at the cost oéasad
expected distortion, as expected. When 0, we obtain a special case of the general ftatiom in which the objective

is to strictly minimize the expected distortion fierme, as in [6-20]. As shown in Fig. 3, it is pilide to significantly
reduce g" while only slightly increasingD" . This observation motivates the following alteivatvariance-aware
formulation.
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Fig. 3. Impact oft on the average expected distortid{ Fig. 4. The impact af on the expected distortioBg,) and
and average standard deviation in distoridf) for standard deviation in distortiony{) averaged over all the
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withR = 150Kbps angb = 0.01. with R = 150Kbps amd= 0.01.

By adjustinga, we can control the value of both the mean andvtir@nce of the distortion. LeD,., be the
minimum expected distortion for the frame (i.eg #olution to (5) witho=0). We modify (5) slightly to include the

optimal selection ofl, by constraining the difference between the exgkdistortionD " and the minimum achievable
value D,n., . In other words, we solve the following optimizati

(Mmin Dy = (1-a)D" +(a)" subjectto:Cl, (S,N)<CJ, TA(S,N)<T, and D" <Ay xD/%, @)
N,

wherel\y = 1 represents the maximum increase in expectedrtiist we are willing to tolerate in order to dezse the
variance of the distortion. Note that the formwatin (7) is equivalent to minimizing the variangigen an expected
distortion constraint. In Sect. 6, we show thatdosmall increase in expected distortion, the stedhdeviation of the
distortion can be reduced significantly.

To the best of our knowledge, the formulations5h gnd (7) are the first to account for both theamand the
variance of the end-to-end distortion. We refefaionulations of this type as a “Variance-Aware péxel Optimal
Resource-allocation” (VAPOR) techniques. The foratioh in (5) is less complex than (7) in thatis fixed. The
drawback is that it may not be very intuitive hawseta, and the sama may not be desirable for every frame. This
problem is addressed in (7) becaass optimally set based on a specified tolerabtedase in expected distortion.



5. SOLUTION APPROACH

In order to solve (5) we use Lagrange relaxatioth Bgnamic Programming (DP). First we introduce thagrange
multipliers, A; = 0 andA, = 0, and solve the relaxed problem

{rsr]:\lr]} Dior + M1Crot + A2 Tt - (8)

By appropriately choosing; and A,, the solution to (5) can be obtained within a eatull approximation by
solving (8) [21], [22]. Various methods, such afting-plane or sub-gradient methods, can be useédoch forl; and
A> [23]. In our experimental results, we use an &ffit method developed in [24] that exploits thauctinre of the
problem in (5).

For each choice ok; and\,, we can solve (8) using DP. The concealment gjyatesed at the receiver may
introduce dependencies between packets. For exarngieporal concealment based on the motion veabddrs
neighboring packets causes the distortion for argpacket to depend on how its neighboring packatésencoded as
well as their probability of los®P can be used to efficiently find the optimal ssucoding and network parameters for
each packet in the frame when the dependenciesbetpackets are limited, e.g., to a small neighdimith For more
details please see [22], [21], and [3]. To solvg (# can iteratively adjust and solve (5) until the resulting expected

distortion D" is less than or equal thy x Dy, .

6. EXPERIMENTAL RESULTS

The basic ideas developed throughout this paperetgeant to a wide range of applications. In #gstion, we focus
on one example, i.e., real-time wireless video comigations. Extensive experimental results highligjte potential
benefits of accounting for both the expected value the variance of the distortion when allocatimgted resources in
packet-based video transmission systems. As a aisopato the proposed VAPOR approach, we consideroee

traditional approach whose goal is to minimize ¢lpected distortion per frame, as in [6-20]. Weréd this scheme
as the Minimum Expected Distortion (MED) approath.mentioned in Sect. 4, the MED approach is aiapease of
(5) in which a = 0. In Sect. 6.2., we consider the problem ofrogk source coding, i.e., we assume that the piibityab
of packet loss can not be controlled. In Sect, 68.present results suggesting that VAPOR offepgdved perceptual
quality by reducing error propagation.

6.1. Experimental setup

An H.263+ codec is used to encode the video seggemsing a limited humber of quantization stepssipe “Intra”
and “Inter” MBs. In addition, integer pixel motiocompensation is used in order to ensure accuraertion
estimation at the transmitter [9]. As in [3], wens@er the case where each packet contains a difgjle.e., each MB
is independently decodable. This packetizationmehbas low coding efficiency but high resiliencyct@mnnel errors.

Similarly, we consider a relatively simple conceafrnstrategy in which the concealment motion ve@#V) for a
lost MB is defined as the MV of the MB to the leftthe lost MB. If the lost MB is on the left edgéthe frame, or if
the MB to the left is also lost, then the concealtidV is set to zero. We consider a real-time aggilon with an
allowable transmission delay of one frame duratiimerefore, a sequence coded at 30 frames percéfma) has a
delay constrainT, = 33 msec. At 15 fpsT, = 66 msec. In all the experiments, the “generdlgdp mode”, introduced
in [3], enables the transmitter to intentionallyt transmit certain packets if their concealmerthatdecoder results in
adequate quality.

We use the channel model from [3], where each paskeent over a narrow-band slowly fading chanmigh
additive white Gaussian noise. We model the prdibatmf packet lossp in the capacity versus outage framework
introduced in [25]. For this channel model

N W
pP= 1- exﬁ{w (2R/W - 1)) y (9)



whereP is the transmission poweX,W is the noise powek) is the bandwidth, anB[H] is the expected value of the
channel fading leveH. We assume that the fading is i.i.d. per packetur experiment\,W/E[H] = 6Watts andV =
5MHz. We consider transmission rates ranging fiem 150Kbps to 300Kbps. These values are similahéoones
being proposed for next generation wireless stalsl@®6]. It is important to note that the experimental sétuphosen
to illustrate the concepts introduced in this paped can be easily adapted based on the applicatidnsystem
requirements.
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6.2. Error resilient source coding

In this section, we consider the problem of optis@lirce coding, i.e., the probability of packeslasfixed. We focus
on how adapting the source coding parameters, aacthe prediction mode and quantizer, affects tiokte-end
distortion.

Consider the “foreman” test sequence coded at 8@ifpl transmitted over a 150 Kbps channel with glodity of

packet losso = 0.01. In Fig. 4, we plot the expected distortiﬁgeq and the average standard deviatiog, for the
sequence as a function af In other words, for each fixed value af we solve (5) at each frame and plot the
correspondingﬁSeq and O, . The motivation behind this experiment is to sthdy a affects the statistical properties



of the end-to-end distortion for the sequence. A@s in Fig. 4,04, decreases as increases. This is intuitively

satisfying since a largex means that more weight is placed on reducing #réarce in distortion when allocation
resources in (5).

Surprisingly though, the expected distortion foz 15h3quenc§Seq does not necessarily increasecasicreases, as
shown in Fig. 4. Recall that the optimization isrieal out on a per frame basis and therefore igntre effects of the
current optimization on future frames. Therefolthaugh settingt = 0 results in the lowedDb " for a single frame (as
shown in Fig. 3), it is not guaranteed thﬁgeq is minimized by myopically minimizing the expectditortion per
frame. This result is due to inter-frame dependeidrReducing the variance in the current frame leag to a more
reliable prediction for the next frame, which imrtunay reduce the overall expected distortion liergequence.

Recently there has been work on prescient videdngopdle., accounting for the affects on futurenies when
encoding the current frame [27]. The drawback & ttork is that a certain number of frames mustégured before
the optimization can begin, thus increasing ddiaaddition, the reduction in overall distortionigad from optimizing
over a group of frames is reported to be relatigahall in [27]. Our results suggest that by redgdime variance of the
distortion for the current frame we can achieveilginreductions in5$q without the added delay or optimization

complexity.

Next we consider the formulation in (7) whexeis adapted per frame based on a tolerable incieasgpected
distortionAq. Here we sef\; = 1.05 (i.e., a 5% increase). In this experimest,use the “silent” test sequence coded at
30 fps withR = 150 Kbps angb = 0.01. For these settings, the average valwe isf0.64. In Fig. 5 (a) and (b), we

compare the proposed adaptiveapproach with the MED approach (i.e.= 0). As shown in Fig. 5 (a) and (bp"

per frame is similar for both approaches, wtité is significantly smaller for the VAPOR approachid suggests that
by accepting even a small increase in expectedrta it is possible to greatly reduce the vadatin quality between
different loss realizations. Similar results haee obtained for other sequences and parametegsett

The value ofu affects how much of the end-to-end distortionug ¢l source coding and how much is caused by
channel errors. This is primarily a function of reoselection. For each value ofin (5), Fig. 6 shows the average
number of MB’s per frame that are coded as IntMB(E), Inter (PMB’s), or are intentionally not tramitted
(generalized skip). Ast increases, the number of IMB’s increases, as shiowkig. 6. Because IMB’s have lower
coding efficiency than PMB’s, the source codingtatison increases. On the other hand, increasiegniimber of
IMB'’s reduces the distortion caused by error prapiag. This trade-off will be discussed next.

6.3. Error Propagation

As in Sect. 6.2, we focus here on resilient sogading, i.e., mode and quantizer selection givéireal probability of
packet loss in the channel. We consider the “Sileaguence encoded at 30 fps and sent over a 1p8 &imnnel. The
objective in this section is to analyze how sewsithe MED and VAPOR approaches are to error prajzg

Let us define a pixel to be in error if its recoosted value at the decoder differs from that atehcoder. At the
receiver, we can track the temporal propagatioreadh error in order to identify error propagaticaths. Each
propagation path hasraot, i.e., the origin of the error path, andeagth, i.e., the number of pixel in error due to the
initial root error. Note that only pixels that damst and which start a new error path are defimetle root errors. In
other words, a lost pixel which propagates a pievierror is not considered to be a root error.

The average number of root errors per frame isation of the probability of packet logs Since the probability
of loss is fixed, both the MED and VAPOR approachase roughly the same number of root errors pandr. As
expected, the average number of roots per frantedases ap increases, for both approaches.

In Fig. 7, we plot the average length of error @gtion per root as a function of The results are obtained by
averaging over 50 channel loss simulations. As shdle average number of pixel errors caused hital root error
is significantly smaller for the VAPOR approachriithe MED approach. This is especially true at lopmbabilities
of loss.

When the probability of loss is low, the expressfonthe expected distortion (2) is dominated bg #xpected

distortion if the packet is receiveE[D,’;'k'i . In addition, the reference frame at the decodemore likely to be
correctly reconstructed, and hence source codstgriion becomes the primary componenE@DE""i . Therefore, as



channel conditions improve, an approach whose igdal minimize the expected distortion will use mdnter coding
in order to reduce the distortion due to compres$as shown in Fig. 6). The side affect of incréakger coding is
susceptibility to prolonged error propagation. Tisisvhy the average length of error propagatiorstitrally increases
for the MED approach as the probability of lossrdases, as seen in Fig. 7.

At low probability of loss, the expression for thariance in distortion (3) is dominated Imgar[Dg'k'i . As

discussed earlier, Intra coding results/ar[D2Y*' =D, while Inter coding ha¥ar[D2*' % 0. Therefore, a variance-

aware resource allocation scheme, such as (5))pug@&s more Intra coding than a MED approach dteroto reduce
the variance in quality if a packet is received,shswn in Fig. 6. Perceptually, the increased nunafdntra MBs
results in faster termination of error propagation.

In Fig. 8, we compare a series of reconstructetidsaat the decoder for the MED and VAPOR approadtete
that these images are for a single channel lodigagan and that the same MB’s are lost in bothesnes. As shown,
both approaches suffer a loss in frame 109 wheravttman’s hand goes across her chin. The differbatgeen the
two approaches is that in frame 110, the VAPOR @ggit Intra refreshes this region while the MED apph does not.
Thus, this error persists till frame 123 in the MEPproach while it has been quickly removed by VAR@ is
important to note that no feedback is used in eiipproach and that the difference in mode seledtigpurely due to
estimates of the mean and variance of the enddadestortion.

From a communications point of view, transmittimjormation at the lowest possible probability ofoeris
desirable. The point of the above discussion i$ #ahis desirable operating point, an approaclsghgoal is to
minimize the expected distortion may become sugaepio prolonged error propagation. A variance-@napproach
on the other hand helps prevents prolonged erapagation because it accounts for the variabifityuality caused by
error propagation. As shown in Fig. 7, VAPOR redueeror propagation even at higher probabilitiepadtket loss.
Thus, we argue that to be more resilient to erropgagation, source coding techniques should acclmurtioth the
mean and the variance of the distortion.

(d) (e) ®

Fig. 8. Error propagation example. MED approacimie # (a) 109, (b) 110, (c) 123.
VAPOR approach: frame # (d) 109, (e) 110, (f) 123.



7. CONCLUSION

This paper identifies the variance of the end-td-distortion as an important quantity for charagteg video quality
in packet lossy networks. A major contributionhie tadded flexibility and capability to control bdtte expected value
and the variance of the distortion. Understandingédin sensitivity to the different spatio-tempondifacts caused by
source and channel distortion is an area that megjsignificant research. This understanding wélphdetermine the
perceptual importance of the mean and the variahtiee end-to-end distortion in video communicatiystems.
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