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Abstract—As wireless local area networks (WLANs) become measurement is a very dif cult problem on its own. The
a part of our network infrastructure, it is critical that we conventional measures such as the mean squared error (MSE),

understand both the performance provided to the end users am ; ; oA :
the capacity of these WLANSs in terms of the number of supported gr teq;JI\(ljale_r(;tly the peal;t Slgna.lt.t(? n(c)jlsfe ratio (ITSt_NR) of the
ows (calls). Since it is clear that video traf ¢, as well as voce YISIOM€d VIideos, are often criticized tor correlaling fyo

and data, will be carried by these networks, it is particularly 0 perceptual video quality. On the other hand, the objective
important that we investigate these issues for packetized deo. perceptual video quality measures that are based on the lower

In this paper, we investiggte the video user capacity of .Wiretes order processing of human vision systems (HVS) [16], [17]
networks subject to a multiuser perceptual quality constrant. As are computationally very intensive [18], [19]. Furthermoin

a particular example, we study the transmission of AVC/H.264 the situati h Itiol ing th work
coded video streams over an IEEE 802.11a WLAN subject to a € Situation when muiltiple USers are using the same network,

constraint on the quality of the delivered video experienceé by ~Which is inevitably the case when video capacity is under
1% (75%, for example) of the users of the WLAN. This work investigation, the assessment of the quality of multiptieos
appears to be the rst such effort to address this dif cult but  delivered over the network has not been studied.

important problem. Furthermore, the methodology employedis Second, even if the quality of multiple video users is

erfectly general and can be used for different networks, \deo . . .
Eodecs,)/trgansmission channels, protocols, and perceptuglality de ned, itis noF clea_r how video capaglty shoulld be calcedat
measures. Ideally, rate distortion bounds for videos will produce the
lowest rate that is required to compress a video subject to
. INTRODUCTION a certain distortion constraint. However, due to the dif gult
of modeling the correlation among the pixel values in nat-
ural video sources, studying their theoretical rate digtor
bounds is often considered infeasible [20], [21]. Therefor
Recently there has been broad interest in using packetizg@ |owest rate required for a certain video quality depends
video over wireless networks such as IEEE 802.11 Wir8|e§§ the Speci ¢ video codec that is emp|oyed_ This is also
local area networks (WLANSs). As a result, there have been niye for voice, the capacity of which has been investigated
merous studies related to video over WLANSs [1]. In particulagxtensively in [22]; but unlike voice where codecs are uguall
research has been performed on cross-layer designs far vidgsigned for a speci ed quality at a given compression rate,
over WLANS, including: (a) designing the network matcheghe video coding standards do not specify a compressed video
to the special characteristics of video [2]-{4], (b) congsiBg pit rate and corresponding quality. Instead, the inteomati
and transporting video adaptively with respect to the low&jfideo coding standards [23]—[26] provide vast exibilitprf
layers in the OSI stack of the network [5]—{12], and (c) solvin each application to design its own encoder according to its
the cross-layer design problem as an optimization problegpeci c compression requirement. Rate control (RC) [272}3
with the objective of selecting a joint strategy across miéti gnd rate distortion optimization (RDO) [20], [21], [33], [34]
OSil layers [13]-[15]. However, the video capacity of a WLANechniques have been included to optimize the video codecs
in terms of the maximum number of video users the WLANg compress videos with minimum distortion at a certain bit
can support, a fundamental limit in video communicationerov rate. Conventionally, RC selects the quantization stepsinel
WLANS, has received relatively little attention. The reaSOI‘IRDO selects the intra/inter prediction modeS’ motion vector
are as follows. and other coding parameters. The RC/RDO problem itself is
First, videos can be compressed to essentially any desirgdubject of intensive study, and unfortunately, the sépara
bit rate, resulting in different reconstructed video qyaand treatment of RC and RDO and the interdependency between
therefore the investigation of video CapaCity should ath? them have caused a “chicken and egg” dilemma that has
accompanied by a quality constraint. However, video qualifyrevented a global optimum from being obtained [35].

A. Motivation
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and Qualcomm, Inc., by NSF Grant Nos. CCF-0429884 and CNs-In this paper we address these aforementioned challenges
0435527, and by the UC Discovery Grant Program and Nokia, Inin. deriving the quality constrained video capacity of WLANS.



Since a video codec has to be speci ed when studying vidgmacket losses in the wireless channel, even with packet loss
capacity of a WLAN, we choose AVC/H.264 because of itsoncealment. As a result, the MOS calculated fiBl BN R ¢
performance and dominant popularity for video over WLANshould be suf cient to indicate the perceptual quality ofex d
applications [36]. Among the different WLAN technologies]ivered video sequence, without the huge computation reduir
we are particularly interested in IEEE 802.11a WLANSs [37] irby the more sophisticated video quality measurements.
a realistic frequency selective multipath fading enviremm On the video capacity side, due to the signi cant difference
The IEEE 802.11a WLAN operates in the relatively cleain the intra-coded and inter-coded frame sizes of a comedess
5 GHz frequency band and uses 52-subcarrier orthogonadieo, we formulate upper and lower bounds for video capacity
frequency-division multiplexing (OFDM) with a maximum of an 802.11a WLAN operated under the Distributed Coor-
raw data rate of 54 Mbit/s. It is a widely available WLANdination Function (DCF), when there is no buffering at the
solution. receiver. We further investigate the video capacity whemnethe

We start our investigation with a simulation of AVC/H.264is buffering at the receiver and obtain the minimum buffeesi
coded video over an 802.11a WLAN with multipath fadingfor the video capacity to reach its upper bound. These esult
From the simulation we get a collection of videos whosappear to be the rst work on the video capacity of WLANS.
compressed data rate versus delivered quality performance Combining the above contributions, we propose a methodol-
independent of a specic RC/RDO algorithm or a speci cogy for video over WLAN communication system design and
channel coding algorithm, and can be exploited to derive evaluation, which consists of determining the video cagaweit
multiuser video quality indicator and video capacity fotasu the context of the delivered video quality constraints aiaited
These proposed methodologies, however, can be generalibgd® SNR,+ /MOS, . Practical issues such as the usage of a
to other video over WLAN applications that are different fronspeci c rate control and rate distortion optimization soiee
the simulation scenario that we investigate. and a speci ¢ channel coding scheme are also discussed.

In this simulation, it is observed that even when the average o )
PSNR over all transmitted frames of a video with packet lossés ©Organization of this paper
is reasonably high, PSNRs vary signi cantly across the video The remainder of this paper is organized as follows. The
frames. Furthermore, the video quality varies dramaticalvideo over WLAN simulation setup is explained in detail in
across the different transmissions over the channel. lerordSection 1l. Section 1ll presents the results of the simafati
to capture the distribution of the distortion across theewid in terms of delivered quality and coded video data rate.
frames and channel uses (transmissions, or realizatiores), The results on the distribution of the delivered video gyali
propose a new statistical video quality indical®8NR -+ as then motivates the proposal of a new video quality measure
the PSNR achieved Hy% of the frames in each one of th&s P SNR,; and its corresponding new multiuser perceptual
of the transmissions. This quantity has the potential tduwap quality indicatorMOS, in Section IV. Section V presents
the performance loss due to damaged frames in a particuthe video capacity calculation under 802.11a DCF. Due to
video sequencef ¢6), as well as to indicate the probablity ofthe signi cant difference in the intra-coded and inter-edd
a user experiencing a speci ed quality over the channi)( frame sizes of a compressed video shown in the coded data
The percentage of transmissions also has the interpnetatiate part of Section Ill, the timing of intra-coded frames
as what percentage out of many video users who accesrong different video users is studied carefully in the wide
the same channel, would experience a given video qualigapacity calculation. We discuss the video capacity jpiwith
We further investigate the correspondence betwe&NR; the perceptual quality constraint as well as some applicatio
and perceptual video quality through a subjective expartmeissues in Section VI. Section VII concludes and lists the key
which results in a linear equation connectiB@NR s g0, ~ cONtributions of this paper.
andMOS;,, the mean opinion score (MOS) achievedr% of
the transmissions. It is shown from this subjective expenime
that PSNR¢ -gq0, correlates much better with the delivered We simulate the transmission of AVC/H.264 coded video
perceptual video quality than the average PSNR across aller 802.11a WLANs. AVC/H.264 provides a huge selection
frames of a video, with no extra computatation. of coding schemes and values for their parameters. As illus-

There are more sophisticated perceptual video quality mesated in Fig. 1, the center of this diagram is a simpli ed
sures, such as those included in ITU recommendations ITUAYC/H.264 encoder and the options for the major schemes and
BT.1683 and ITU-T J.144 [16], [17], for calculating the MOSparameters are presented in the callout balloons. We choose
of a single video sequence. These sophisticated percepttied Baseline Pro le of AVC/H.264 in its reference software
video quality measures are based on comprehensive stud&3s] version JM10.1 with low delay and low computational
of the human vision system (HVS). They study the perceptuabmplexity. Ninety frames each from a group of videos,
impacts of the compression artifacts and are shown to perfonepresenting different types of video content, are codéagus
better than the average PSNR across the video frames for twenbinations of group of picture sizes (GOPS) (10, 15,
compressed videos [38]. For video delivered over WLANS30, 45 frames), quantization parameters (QP) (26 for ne
however, the quality degradation due to compression can Qaantization and 30 for coarse quantization) and paylazsssi
overwhelmed by the quality degradation caused by the passilfPS) (small-100 bytes and large-1100 bytes). QP dominages th

IIl. VIDEO OVERWLAN SIMULATION SETUP



guantization error and has a major effect on the coded vid
data rate. GOPS determines the intra-frame refresh frequel
and plays an important role when there is packet loss. PS is
parameter that is carried forward from the source to the PH Mocks 40t
layer. The remainder of the parameters to be selected irlFig| "™ i i Tansor | = g,e M Bavony | pas |
the intra-mode, block size and inter-frame prediction jsien o, | |quantization|— codng || zation
are optimally chosen in the encoder to yield the minimur P o Motion vector

source bit rate. We do not employ rate control schemes
dynamically choose QPs to compress the video sequences

/\ blocks in other frame/MB index x
frames

constant bit rate. Instead we focus on a constant QP case. T

is further justi ed by the preference of constant video dfyal

« Single-/bi-direction
«Up %0 16 reference frames ;Rt?lt]:::itg:m"
* Full-half-/quarter-pixel T ron resiliont tools
precision
over constant bit rate [40], especially when the bandwidth

allocated to a video user need not be constant, which is Iik.%. 1. A simplied diagram of AVC/H.264 encoder with differenbding

to be the case for WLANs when QoS is enforced. In Sectiamptions and parameters

VI we discuss how the results of this paper can be used

even when a speci ¢ rate control or a speci ¢ rate distortion ) ) ) )

optimization algorithm is employed. and copying the most likely MBs in the correctly received
The Nafteli Chayat model [41], an important indoor wireles&eference frames. The previous frame is copied when the

channel model with an exponentially decaying Rayleigh fadehole frame is lost. This method is shown to be effective

path delay pro le, is employed. The rms delay spread usdf both PSNR and perceptual quality [43].
is 50 nanoseconds, which is typical for home and ofce N summary, in this AVC/H.264 coded video over IEEE

environments. In order to estimate the packet error rateund02.11a WLAN simulation, we investigate six different param-
different channel conditions, we modify a readily availabl&ters across the APP, MAC and PHY layers of the OSI stack.
OFDM simulator for the IEEE 802.11a PHY [42]. Non-fadingThey are the characteristics _of a V|d_e0 (VIDEO), quantlzatlc_)n
channels are also considered for comparison. Noise is mbdeRarameter (QP), group of picture size (GOPS), payload size
as AWGN for both the fading and non-fading cases. Th&S), PHY datarate, and average channel SNR. They are listed
decoding at the receiver is based on soft decision ViterB] the center of Fig. 2. Among these six parameters, PS, PHY
decoding. We also assume perfect synchronization and ehanfiata rate and the average channel SNR have an impact on the
estimation. packet loss realizations, which together with the other three
We consider one-hop WLANS, in which case we limit oupParameters, decide the delivered video quality. On the other
attention to the PHY, MAC and APP layers. In the mediunfand, the four parameters on the top: VIDEO, QP, GOPS and
access control (MAC) layer of IEEE 802.11, a cyclic redunPS dgude the cpded video d_ata rate, which in turn determines
dancy check (CRC) is computed over the entire packet, and it Video capacity of a certain PHY data rate.
single bit error is detected, the packet is discarded. Far, da

Different
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picture sizes
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prediction quantization
modes Surrounding step sizes
{ reconstructed
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retransmission would be requested, however, for our pdaticu Characteristics of a video (VIDEO) )

; ; ; feci Coded Quantization parameter (QP) Delivered
video applications we do not request a retransmission, b| video [ video data o ,tp e ore video
rely on packet loss concealment. Each realization of th| user rate & yp | STOUP Of peture size (GOPS) quality

: B capacity frame sizes Packet size (PS) measured
multipath delay pro le corresponds to a certain loss patter PHY data rate } Paclket loss in MOS;
. . . 1t
for that fading realization. Two hundred and fty packet $os Average channel SNR - "4
realizations are generated for each combination of theeshos Perceptual quality constrained video user capacity

PHY data rate 6 Mbps, different average channel SNRs (3o
dB for bad channel, 5 dB for average channel, 7 dB for good
channel) and two video PSs (small—lOO bytes and Iarge—ll'@@ 2. Parameters investigated in video over WLAN simufatémd their
bytes) ! impacts on the video capacity vs. delivered quality trafleof

Each compressed bit stream is corrupted based on the
packet loss patterns generated by the multipath fadingreian [1l. VIDEO OVERWLAN SIMULATION RESULTS
and then reconstructed in the AVC/H.264 decoder with its In th|s Section we take a C|Ose |ook at the Video over WLAN

nominal packet loss concealment (PLC) scheme. Differegimylation results that motivate the proposals of the nelewi

PLC schemes will have an impact on the concealed vide@iality indicator and the video capacity bounds in the next t
quality and there exists an exhaustive literature progpsikections.

different error concealment techniques. However, only a few ) .

simple schemes are commonly used in practical applicatiofis Packet loss and video quality

[5]. As a baseline, we apply the basic PLC method integratedFigure 3 plots the cumulative distribution function (cdf)
in AVC/H.264 reference software [39]. This PLC methodf the packet error rate (PER) over 250 realizations of each
recovers the missing MBs in an | frame through spatialhannel for 100 byte and 1100 byte packets in a multipath
interpolation and the missing MBs in a P frame by searchirfgding environment at average channel SNRs of 3.5 dB, 5 dB



and 7 dB when the 6 Mbps PHY data rate is used. The cdf pfot represent the average PSNRs across the 100 channel
PER for 100 byte packets and a channel SNR of 0.5 dB foealizations. This average should be slightly differerdanth
an AWGN channel is also plotted (the top curve in this gurethe PSNR calculated from averaging the MSEs. In practice,
marked with square® 9. It shows that for the same channehowever, there is no signi cant difference between the two
SNR and the same PS, the PER of an individual multipatte nitions [44].
fading channel realization can range from 0 to 1, since thelt is clear in Fig. 4 that even for the same video, coded
cdf's of the PER of all fading channels are greater than 0 aking the same parameters for the same average channel SNR,
PER = 0 and less than 1 for PER 1. This suggests that thethe quality of the delivered video in terms of PSNR varies
average PER over all realizations of a multipath fading cleén signi cantly across different channel realizations. THetp in
is not an appropriate indicator of the channel performancEig. 4 are typical for all of the videos and codec parameters we
For example, for the multipath fading channel with PS = 10fested. PSNRs also can vary dramatically from one frame to
bytes and average SNR = 7 dB (the second curve from togmother in the same processed video sequence. From Fig. 3 we
marked with circles 'o' in Fig. 3), the average PER acrosknow that for the multipath fading channel, about 70% of the
the realizations is 5.5%, but this average PER across thealizations have no packet loss. These realizations awerl
realizations only represents the PER of a very small portiaand form the lines marked with “+” in Figs. 4(a) and 4(c).
of the realizations. As we can see from this gure: 70% ofor the AWGN channel, all realizations have similar PERs.
the realizations actually have no packet loss; another 20% ldowever, because of the prediction employed in video coding,
the realizations have packet loss less than 2%; and 10%ibfs shown in Figures 4(b) and 4(d) that the realizations of
the realizations have a higher PER than 5.5%. This is lesssimilar PER can generate completely different concealdeovi
problem for AWGN channels, since we see that the variatiaquality. This suggests that neither the average PER, nor the
of the PER of the AWGN channel is signi cantly less, onlyaverage PSNR across all the frames and all the realizations,
from 1% to 3% in this gure. Figure 3 also shows that thds a suitable indicator of the quality a video user expem@snc
average PER of an AWGN channel is much lower than thand therefore these quantities should not serve as thefbasis
of a multipath fading channel even at a much poorer channgéveloping or evaluating video communications schemes for
SNR. Furthermore, for multipath fading channels, the 110&/LANs.
byte packets are more likely to be lost than the 100 byte i
packets. B. Coded video data rate

In order to study the number of video users that can be sup-
ported by any network, we need to study the coded/compressed

RIS video data rate. Different from other types of signals such
v oo as voice, the coded video data rate depends strongly on
Wos al the properties of individual videos. Also, the sophistidate
£ e video codecs such as the AVC/H.264 standard, are suites of
506 coding options and parameters whose values are to be chosen
u W/’Z Fading channels for specic videos and channel conditions. This exibility
S i inevitably shapes the coded video data rate, and hences alte
ke —&—PS=100, 0.5db, PER =1.8% H
% o e il o the ngmber of video users a WLAN can support. In_ the
a —+—PS8=1100, fading 3.5db, avg PER =41.0%
502 S following we study thg compfessed intra (l) frame and |_n_ter
& —*—PS=1100, fading 5db, avg PER = 22.5% (P) frame sizes of a video which are shown later to be critical
——PS=100, fading 7db, avg PER =5.5% R . . .
- ——PS=1100, fading 7db, avg PER =7.4% in the video capacity calculation.
GO B S e nate (pary 2 %% %% \When all the other parameters are xed, the coded I-frame

packet error rate (PER)
size of a video mostly depends on the complexity in a scene,

Fig. 3. Cumulative distribution function (cdf) of packet @rrrate over 100 and the COde_d P-frame size depends on the m_Otlon across the
realizations of each channel in AWGN and multipath fadingiremments for frames. In Fig. 5 we plot the coded frame size of each of
100 byte and 1100 byte packets and PHY data rate as 6 Mbps 90 frames of three different videos: silent.cif, paris.aiid
stefan.cif. All of these videos are coded using QP = 22, PS =
We also study the performance variation in a single chann&00, and GOPS = 10. First, we can see that the | frames (the
realization and obtain a PSNR for each frame and each packé&t; 11" ; 21%t;::: frames) consume a much higher bit rate
loss pattern, for a combination of the codec parameters. Orityan the P frames (the remaining frames). Second, althdwegh t
the PSNR of the luminance component of the video sequendesame and P-frame sizes do vary throughout the 90 frames of
is considered and the peak signal amplitude picked in théach video, they stay close to a certain level for each video.
paper is 255. Figure 4 plots the PSNRs of each frame of tidird, among the three videos, stefan.cif, which is a sports
video silent.cif coded at QP = 26 and 30, GOPS = 15, PS = 18@leo of a tennis player in the foreground and the audience in
for 100 realizations of the multipath fading channel of aggr the background, has the busiest scene and the highest motion
SNR 7 dB and AWGN channel of SNR 3 dB, respectivelysilent.cif which is a head-and-shoulders video, encoudtere
when PHY data rate 6 Mbps is used. The thick lines in eacbgularly in videoconferencing, has the simplest scenetlaad



(a) QP =26;fading @7B;avgPER =5:5% (b) QP =26;AWGN @3B;avgPER =1:5%

(c) QP =30;fading @7B;avgPER =5:5% (d) QP =30;AWGN @3B;avgPER =1:5%

Fig. 4. PSNRs of each frame of the video silent.cif coded at GORS,#S = 100 for 100 realizations of multipath fading charofedverage SNR 7 dB
and an AWGN channel of SNR 3 dB, when PHY data rate 6 Mbps is usedthidielines in each plot represent the average PSNRs acress0h channel

realizations

lowest motion; paris.cif with two people talking with relatiye in Fig. 6, we plot the coded frame size of each frame of
stable background, most likely to be a news streaming videstefan.cif compressed at QP = 26, PS = 100 and different
has intermediate scene complexity and intermediate level GOPSs. We can see that if a frame is inter-coded, its coded
motion. The coded bit rate difference between silent.cif anflame size is almost unaffected by its distance to the pusvio
stefan.cif shown in this gure is as large as around 1 Mbpdntra-coded frame. This happens because quantizatioreis th
which cannot be overlooked when video capacity is undenajor lossy compression process in the encoder, and therefo
investigation. the same frame compressed using the same QP will have
similar reconstructed frames so that the next frames phestlic
from the similar reconstructed frames will have similar feam
sizes as well.

Fig. 5. Coded frame size of each frame of three videos comguleas QP
=22, PS = 100, GOPS = 10

The GOPS decides the I-frame refresh rate, and therefore
the smaller the GOPS, the higher the coded video data rafté. 6. Coded frame size of each frame of stefan.cif compdesseQP =
However we notice that the difference in coded P-frame siz&% 7S = 100 and different GOPSs
when different GOPSs are employed is negligible. For example



IV. DEFINITION OFPSNR;t AND ITS CORRESPONDENCE each frame, from which both average PSNR across all frames
TO PERCEPTUAL QUALITY OF MULTIPLE USERMOS, and PSNR; with f as any value can be further calculated.
Since the PSNRs and the opinion scores are of different scales

é'n order to compare them, the average PSNR Br8NR+
g/ith f ranging from 0.5 to 0.99 are mapped to the opinion
scores through linear functions which yield the minimum mean
square errors in the t.
We nd that among all the values of we investigate,
SNR; with f = 90% correlates to the opinion scores
the best, whose linear mapping is plotted as solid lines in
Fig. 8. We also plot the best linear mapping of average
gSSNRs in dashed lines for comparison. As seen from these
a number between 0% to 100% according to the desir&4"Ves:P SNRy =e00, correlates signi cantly better than av-
consistency of the user experience. erage PS!\IR, _to the perceptual quality for all three videos
that are given in circles%?, dots €9 and crosses% 9 for

The proposal of using® SNRg, i.e., the lowest PSNR i . .
achieved byf % (usually set as a majority) of the frames in aeach video. _The average PSNR _underesnmates_the quality
t high quality level and overestimates the quality at low

single video sequence, to measure the perceptual qualdy of M .
single video sequence is based on three observations that %Li’al'w Ievel._ This IS because average PSNR wreats all f“’%mes
ually. At high quality level, however, only a few frames with

recognized by researchers in video quality assessment [15 latively lower quality bring down the average PSNR but do

1) the frames of poor quality in a video sequence dominal, . ?
human viewers' experience with the video; 2) however, if onInOt affect the perceptual quality. At low quality level, oreth

¥)ther hand, there are frames with extremely bad quality which

a very small portion of the video frames are of poor quality; : S :
the quality drop due to these few frames are not perceiva Igd the overall video quality signi cantly while the awagre

As shown in Section IlI-A and in particular in Fig. 4,
for video communication over WLANSs, the PSNRs of th
delivered videos vary signi cantly across the video frame
and across the different realizations of the channel. Irerord
to capture the distribution of the distortion across theewid
frames and channel uses, in this section we propose a s:taitist'l:)
PSNR based video quality measuf@SNR; , which is
de ned as the PSNR achieved 6 of the frames in each
one of ther% of the realizations. Parametercaptures the
reliability of a channel over many users and can be set

by the human viewers ; 3) when the PSNRs are higher tha NR is still quite high. This subjective experiment shows tha

threshold, increasing PSNR does not correspond to an im:rea.?] d'\iri{& schaon Izeé\ées:fa?g ﬁgeg(:é';efg;drig dqun"f‘]“ty dg]oezzlrjrzzy
in perceptual quality that is already excellent at the tho&h u u 0 ium vi

To con rm these observations, i.e., to study the correfatiorates’ such as 15 fps used in this paper. In this case the linea

betweerP SNR; and the perceptual quality of videos, as well 2PP'N9 fromP SNRy =905, t0 MOS;, the mean opinion
as to nd a suitable range for the parametera subjective score (MOS) achieved by of the transmissions, is
experiment is designed and conducted. Stimulus-compariso
methods [45] are used in this experiment, where two video
sequences of the same content were presented to the subjects
side by side and were played simultaneously. The video on the
left is considered to be of perfect quality while the video on
the right is compressed and then reconstructed with possible
packet loss and concealment. Three naive human subjects are
involved in this experiment. They are asked to pick a number
representing the perceptual quality of the processed video
compared to the perfect video from the continuous quality
scale shown in Figure 7. Fifty video pairs were tested and 20%
of them appear twice in this experiment to test the consigtenc

of the subjects' decisions.

MOS, =19+ 3 :6(PSNRyf g0  19): (1)

Fig. 8. The opinion scores given by the three subjects anththéest linear
mappings ofP SNR¢ -9qs, and average PSNR. Of the 50 tested videos, 18
are silent.cif, 16 are paris.cif and 16 are stefan.cif, nstwcted from different
levels of packet losses. They are arranged from left to nglh ascending
average of three subjects' opinion scores.

Figure 8 plots the opinion scores given by the three subjects
in circles @9, dots 9 and crosses’ 9. Of the 50 tested From here onwards in this paper, we call the new mul-
videos, 18 are silent.cif, reconstructed from differentels tiuser perceptual video quality indicatttSNR s /MOS;.
of packet losses. They are arranged from left to right witR SNR.; focuses on the distribution of the video quality
ascending average of three subjects' opinion scores. Tihe saacross the video frames and channel uses, whi@S,
is done for the 16 videos of paris.cif and the 16 videos also provides guidance on the perceptual quality across dif
stefan.cif. For each tested video, the PSNRs are calculated ferent users. TheMMOS in MOS,; can be calculated from

Fig. 7. Perceptual video quality scale in MOS



PSNR¢ =909 Using Eg. (1). More subjective experimentgalculation is that all video frames of all users shouldvarri
involving more human subjects need to be conducted to coat the playout buffer before their respective playout dieadl
rm Eqg. (1). The de nition of PSNR; /MOS; is motivated If we do not consider extra buffering at the playout buffer,
by the AVC/H.264 coded video over IEEE 802.11a WLANafter an unavoidable initial delay for the rst video frame t
simulation, but this indicator is independent of the sirtiola be transmitted to the receiver, the playout deadline of each
setup and can be exploited in different video communicatidiollowing frame is simply 1 over the frame rate (FR) (in frames
systems. In real video communication systems, the receiyegr second, or fps) of the video sequence after the time this
can be set up to monitor the decoded video quality at regultame is generated at the transmitter. For example, if theos
intervals. With a xed frame rate of transmitted video, it isare to be displayed at the receiver side at a FR of 20 fps, the
then straightforward to calculate the number of frames undeurrent frames of all users need to be transmitted within 0.05
investigation for that period of time. Here we brie y discusssecond, or 50 ms. In the following we rst calculate the time
an example of how SNR¢ /MOS, can be used. required to transmit one frame of a single video user. We then
In Fig. 9 we plot theMOS, of three videos coded by divide the transmission deadline by that transmission time
AVC/H.264 using QP = 26, GOPS = 10, PS = 100 bytes amglculate the number of users that can be supported.
transmitted over an 802.11a WLAN with a PHY data rate of 6 IEEE 802.11 de nes two different MAC mechanisms: the
Mbps at average channel SNRs of 5 and 7 dB, respectively.d¢ontention based Distributed Coordination Function (DCF)
the 7 dB channel (the three curves on the right) for exampland the polling based Point Coordination Function (PCF).
if all users are assumed to be communicating the same typeAdfpresent, only the mandatory DCF is implemented in most
videos and an 80% consistency in user experience is desir8d2.11 compliant products. DCF achieves automatic medium
i.e., r=0.8, the videoconferencing users (silent.cif)exignce sharing between compatible stations by implementing Carrier
an “excellent” video quality; the news watchers (paris.cifsense Multiple Access with Collision Avoidance (CSMA/CA).
experience a “good” video quality, but the sports fans onlin Appendix A we discuss this mechanism in more detail
receive “bad” quality videos, corresponding to a MOS of 3@nd calculate the transmission timBpacker (P S; DR) (in
out of 100, which is 40 to 50 points lower than those omilliseconds) of a packet of a certain payload size, PS, over
the other two groups of users. This information can then leecertain 802.11a PHY data rate, DR, under DCF.
utilized for link adaptation, system performance evaluator With Tpacket (PS; DR) calculated, we only need to know
system design purposes. For example, depending on the tymev many packets are in a video frame in order to calculate
of videos a speci c communciation system targets, a lowehe total time required for a video frame to be transmitted
PHY data rate might need to be used, if one is availablsuccessfully. We already investigated the AVC/H.264 coded
in order to achieve a good user experience. We discuss \iitleo frame sizes of different types of videos in Sectior8)I
more detail the multiuser perceptual video quality indécht where we show that when all the other parameters are xed,
by PSNRt /IMOS; together with the video capacity boundshe coded I-frame size and P-frame size stay close to amcertai
in Section VI. level for each video. We us®, andSp to denote the average
I-frame and P-frame sizes of each video. The values,oand
Sp depend on the video source, the video codec employed, and
the schemes and parameters used in video coding. In [46] we
study this dependence extensively and propose two heuristi
formulas to predict the compressed | frame and P frame sizes
from the coding parameters.
In the following video capacity calculation, we assume that
all the video users are communicating the same type of videos
i.e., videoconferencing, news streaming, or sports stregmi
We also assume that H.264/AVC is the default video codec
used by all users and that similar values of the video codec
parameters are chosen for all users. Therefore, the values
for S, and Sp are considered the same for all video users.
Although in reality a WLAN will possibly transmit a mix
of different types of video streams, it is still important to
Fig. 9. MOS. of three videos coded by AVC/H.264 using QP = 26, GOPgnow the maximum number of users that can be supported for
rzatleobf g ,\z/lblr?soegyg’,zrzg‘i tgﬁgf]fgltest%VSegsgfdlgzgv LAN with @ PHY dg iviqual streams. The reasons are: 1) it provides the ortw
operators an idea of how many users can be supported in the
network in an identical traf ¢ category; 2) if there is a mix o
V. VIDEO CAPACITY OF AN IEEE 802.11 WLAN WITH  yjdeo users, the capacity number can be approximated by an
DCF interpolation of the capacity values for each traf ¢ catggo
In this section we investigate video capacity of an 802.1l&esent. For instance, if video "Stefan” has a capacity of X
WLAN with DCF. The rule of thumb in the video capacityusers and "News” has a capacity of Y users, the total number



of users that can be supported, if there is a mixture of "8&tefa
and "News” users, would probably be something between X
and Y depending on the distribution of "Stefan” and "News”
users.

Since collisions are a function of traf ¢ mix, traf ¢ load@
retransmission limits, and QoS constraints, we do not conside
collisions in our capacity calculation. We do acknowledge
that the collisions will possibly reduce both the upper and
lower bounds of the video capacity. Also during the course
of the capacity calculation, we assume that the frames are
always received without errors, however, we study the effect
of transmission errors extensively when we investigate the
delivered quality of the videos in Sections IV and VI.

In the following we derive the video capacity both with and
without extra buffering at the receiver.

A. Video capacity when there is no extra buffering at the
receiver

As shown in Section IlI-B, there is a signi cant difference
betweenS, and Sp, the compressed | and P frame sizes.
Since the contention based DCF does not have the capabiljD;y
of coordinating the video users, we need to investigate the

P-frames and the corresponding denominator calculates
the total time required to transmit a P-frame.

The above equation can be solved fof; . When the
timing is such that the video frames of all users are
transmitted contiguously end-to-end without collisions,
Cwm is caéculated based on a group of pictures, as

5 %
GOPS %
Tpacket (P S; DR)

Cm = S, +Sp (GOPS 1)

PS

(4)
The numerator in this formula calculates the total trans-
mission time allowed for a group of pictures, with a
group of picture size GOPS, of all users. The denom-
inator in the formula calculates the total transmission
time of one video user, which iSpacket (P S; DR), the
transmission time of a packet of a certain payload size,
PS, over a certain 802.11a PHY data rate, DR, under
DCF, multiplied by 25 _(SOPS 1 "the number of
packets contained in a compressed group of pictures of
a single video user.

Video capacity with a playout buffer bfmilliseconds

following two extreme cases, in terms of the timing of | frame The playout buffer at the receiver can allow some extra

refreshing among the users, to calculate the upper and lovgglay of the video framesl00

500 ms for videoconfer-

bounds of video capacity. The gap between the upper agacing and up to a few seconds for video streaming. We
lower bounds of video capacity might be reduced if a speci ¢iseb in milliseconds or ms to denote the buffer length. The
rate control scheme is employed such that the differenééarting time of playing a video is normally delayed for

betweenS, andSp is reduced. This issue will be discussedns to ensure smooth video playing once it starts. However,

as part of the application in Section VI.

the existence of a playout buffer is not for each frame in

1) Worst case: all users happen to have I-frames to gevideo to have some extra transmission time. For example,

transmitted at the same time, such that the capaci
denoted byCp,, és decided by I-frame size, as
0,

When FR = 20 fps and if we were to allo&ms extra delay
for each video frame, which gives only 0% increase in

% their transmission time, within 1 minute, the last frame is

10%
Cm = FR ; )
" Tpacket (P S; DR) PS_|S

already delaye®ms=frame
which is obviously too large for any type of video application

20fps 60sec=6 seconds

The playout buffer is only for the frames that have more bits
whereTpacket (P S; DR) (in milliseconds) refers to the than the other frames, such as | frames, to take more time
transmission time of a packet of a certain payload sizgy transmit, and then the extra time taken by these frames is
PS, over a certain 802.11a PHY data rate, DR, undgpmpensated by the following less intensive frames, such as P
DCF; 2%, the compressed I-frame sif& divided by frames. Therefore when the buffer is longer than the timedsave
the payload siz€ S, is the number of packets containedyy || P frames in a GOy, the video capacity with a buffer

3

in a compressed I-frame; the numeratgk, is the of lengthb (in milliseconds), is simply calculated based on a
transmission deadline for the current frames of all videgroup of pictures, which is exactly the upper bound of video
users, as we discuss in the rst paragraph of this sectiogapacity'CM , when there is no buffering at video playout.

2) Best case: all users happen to be coordinated in I-For the video capacity to achieve its upper bound, the buffer

frame refreshing, i.e., if a WLAN supportsy, video
users, at any time, there are at mosfggmfS users
sending/receiving their | frames. The video capacity
in this case, which forms an upper bound for all the

different timing of the I-frame refreshing, is

j k
03 c s )
Cu = R cors 5 Tpacket (PS;DR)
Tpacket (PS;DR) i—; (3)
Cm_ .
+ GOPS

where the numerator in the rst part of the summation
calculates the time left for other users to transmit their

lengthb needs to be

103

S
Tpacket(Ps;DR)P—PScM (GOPS 1); (5)

i.e., b needs to be larger than the time saved by the trans-
mission of each P frame, multiplied by the total number of P
frames in a group of pictures. If we substitute 0, with

the expression in Eq. (4), we get

108 (& 1)(GOPS 1)
FR 3. +(GOPS 1)

b (6)



In Fig. 10 we plot the minimum buffer lengtifor the video video over WLAN simulation results as an example, and we
capacity to achieve its upper bourigh, for typical values discuss how to use our method in other practical systems.
of g—; and GOPS and a FR of 20 fps. Clearly when there Table | lists the lower and upper bounds of video capacity
is no difference in the compressed I-frame and P-frame, i.€,, and Cy for silent.cif and stefan.cif, coded in our sim-
g—; =1 andGOPS = 1, the required buffer size is 0. As seerulation using all the combinations of PS, QP and GOPS, at
from Fig. 10,bis always less than 1 second, which is smalldPHY data rate = 6 Mbps and FR = 15 fps. The corresponding
than the buffer length of typical streaming applicationsr F MOS,-754, , i.€., the MOS achieved by 75% of these video
these two scenarios, is always equal taCy . For video users, are listed in Table Il. By looking at Table | and Table |
conferencing, ifg—;, and/or GOP S are set to be relatively together, we can nd out not only the number of video users
large numbers, the requirement for buffer size might not bee WLAN can support under different conditions but also the
satis ed. In this caseC, uctuates betweerCy, and a lower quality experienced by a majority of the users.

bound with buffering, denoted b@ m as Throughout this paper we have pointed out the impact of
$ 10° % the video characteristics on both the delivered quality thed
Conp = Rt Db . ) coded video rate, such as in Figs. 5 and 9. In this section
mb =

we can see the dramatic difference due to the different videos
. ) . in terms of video capacity bounds as well OS ;-75¢, In

The increase fromCr, the lower bound of V|_deo capac!ty Tables | and Il, respectively. For example, when PS =100, QP
without buffering, toCmy, , the lower bound of video caggcny: 26 (the underlined numbers in both Tables), from Table |
with buffering, can be approximated by comparngith £ the WLAN can support up to 8 videoconferencing (silent.cif)

If we consider the case when there is no extra buffering @gers, but it can only support at most one sports streaming
a special case of buffer lengiv 0, the results in this section (giefan.cif) user. Now we further consider the video quality

can be summarized as experienced by these users. When the channel SNR = 5 dB,
75% of the 8 videoconferencing (silent.cif) users expeen
Crb Cob Cwm; ®)  a “fair quality, a MOS of around 50; however the single
i.e., the video capacity with extra buffer (length bfms), Stefan.cif user only gets very poor quality, a MOS close to 0.
uctuates between the lower bour@h,;, and the upper bound Even though the results of only three videos are shown in this
Cwm , which are calculated in Egs. (7) and (4) respectively. Paper, these results demonstrate clearly that when degignin
reaches its upper bour@, when the buffer length satis es €valuating a video communication system, the charadtesist
Eq. (6), which is normally the case for video streaming bR typical videos to be transmitted need to be decided rst.
not always for video conferencing. Now we focus on the video stefan.cif, i.e., a typical sports
streaming video, and discuss different ways to employ the
video capacity and® SNRs =MOS,. First, they can be
jointly considered to derive perceptual quality constedin
video capacity. For example, at PHY DR = 6 Mbps and
FR = 15 fps at PS = 1100 and QP = 26 (the underwaved
numbers in both Tables), from Table | a maximum of 5 sports
streaming users can be supported; however from Table I if the
channel SNR is on average 5 dB, 75% of the 5 users actually
experience poor quality, a MOS of 0 out of 100. If the channel
SNR is on average 7 dB, 75% of the 5 users experience a
quality between “fair” and “good”, a MOS between 59 to 68.
Therefore if we set the quality constraint as “75% of users
are guaranteed a fair video quality”, the video capacity of
PHY DR = 6 Mbps at channel SNR = 5 dB is not 5 but 0.
Second, video capacity almISNR s =MOS; can be used to
Fig. 10. The minimum buffer lengtb for the video capacity to achieve its choose the compression and communication parameters. For
upper boundCy, , for typical values ofSS—F') andGOPS and a FR of 20 fps example, between PS = 100 and PS = 1100, the larger payload
size needs to be chosen if higher video capacity is desired,
and the smaller payload size is chosen if the quality thesuser
experience needs to be higher. We do not show the results for
other payload sizes or other PHY data rates, but it is clear tha
In Sections IV and V, we propose a new multiuser pethese parameters can be chosen based on similar criteria.
ceptual quality indicatoP SNR . /MOS, and video capacity = Some of the numbers in these two tables are a bit surprising.
bounds, respectively. In this section we exploit these twoeaf For example, as we increase GOPS from 10 to 45, the video
mentioned contributions jointly to investigate video ceipa quality in MOS,-750, does not necessarily decrease even
with a perceptual quality constraint. We present some of otlough the I-frame refreshing becomes less and less fréequen

Tpacket (P S; DR) ps_ls

V1. PERCEPTUAL QUALITY CONSTRAINED VIDEO
CAPACITY AND ITS APPLICATIONS



TABLE |
ONE WAY VIDEO CAPACITY: PHY DATA RATE=6 MBPS, FR=15FPS

oS QP=26 QP=30
Video Cwm Cwm
(bytes) | Cn sops=tor 157307 45| " [GOPS=T0] 151 30 45
silent.cif 100 0 7 617 8 1 8 10 12| 14
(videoconferencing) 1100 2 9 11| 14| 15| 4 18 211 27| 30
stefan.cif 100 0 1 11111 0 2 3 3 3
(sports) 1100 1 5 5| 5] 5 2 8 9 [10] 11
TABLE I
MOS =750, CALCULATED FROMP SNR =750, f =909 FOR SILENT.CIF AND STEFAN.CIF
Channel Video PS QP=26 QP=30
SNR(dB) (bytes) [GOPS=I0[ 15[ 30] 45| GOPS=10] 15| 30] 45
<lent.oif 100 75 52| 46| 43 55 51| 48| 45
c : 1100 0 0] 0] 0 0 O[O0 0
<tefan.cif 100 0 27 0] 9 13 10 10| 13
: 1100 0 000 0 0] 0] 0
— 100 84 84| 84| 84 75 751 751 75
; silent.cif -—755 84 84| 84| 84 75 751 75| 74
<tefan.cif 100 75 82 741 73 71 72 71 70
: 1100 68 5O [ 62 | 62 60 62| 63| 51

Also the effect of QP on the delivered video quality with We show that for the same video coded using the same
possible packet loss and concealment is quite complicated gparameters for the same average channel SNR, the quality
dynamic. On one hand, lower QP means ner quantization araf the concealed video varies signi cantly across différen
yields better video quality when there is no packet loss. On thealizations. The PSNRs also vary from one frame to another
other hand, lower QP corresponds to more packets for a videnthe same processed video sequence. Neither the average
sequence, and when there is packet loss, more packets migER nor the average PSNR across all of the frames and all
be lost, and the quality improvement in the received packetd the realizations is a suitable indicator of the quality a
because of ner quantization is jeopardized by the qualityideo user experiences, and therefore they should not serve
deterioration caused by the lost and concealed packets. A& the basis for video communications quality assessment. A
discuss these observations and the interplay of the pagasnenew multiuser perceptual video quality indicatBISNR
in a packet loss environment in [47]. IMOS; is proposed to capture the distribution of the distortion
ThePSNR.¢ /IMOS, constrained video capacity can alscacross the video frames and channel uses (realizations or
be employed by a video application which might use a speci sumber of users» SNRy; is de ned as the PSNR achieved
RC/RDO scheme, and/or a speci ¢ channel coding schemy f % of the frames in each one of6 of the transmissions.
With RC/RDO, the bit stream should be smoother in termd subjective experiment sets up a linear equation conrgctin
of the compressed I-frame and P-frame sizes and there MRAHNR —900, and MOS;, the mean opinion score (MOS)
be intra-coded blocks in some P frames. This only mages achieved by % of the transmissions.
smaller than that in our simulation, which brings the upper an Due to the signi cant difference in the intra-coded and
lower bounds of video capacity closer. In some cases, even ifrder-coded frame sizes of a compressed video, the upper
GOPS is xed initially, there might be a sudden scene chang#d lower bounds for video capacity of an 802.11a WLAN
in a video sequence, in which case a new GOPS will need eperated under the Distributed Coordination Function (DCF)
be incorporated in the capacity bounds and minimum buff@re formulated for the case when there is no buffering at the
size calculations. If we include channel coding, the packeeceiver. The video capacity when there is buffering at the
size and therefore the time required for a video packet to lseceiver is also studied, and the minimum buffer length for
transmitted successfully needs to be calculated basedeon the video capacity to reach its upper bound is obtained.
coding scheme and its parameters. Combining the multiuser perceptual quality indicator and
the video capacity calculation, a methodology for videorove
WLAN communication system design and evaluation is pro-
posed, which consists of determining the video capacity of a
In this paper we investigate multiuser perceptual qualitWLAN in the context of the delivered video quality constraint
constrained video capacity for WLANsS. As a particular exealculated byP SNRs /MOS;. This work appears to be the
ample, we investigate the delivered quality and coded datat such effort to address this dif cult but important prigm.
rate of AVC/H.264 coded video over IEEE 802.11a WLANd-urthermore, the methodology employed is perfectly gdnera
in a frequency selective multipath fading environment. and can be used for different networks, video codecs, trans-

VII. CONCLUSIONS



mission channels, protocols, and perceptual quality nreasu For the PSs of 100 bytes and 1100 bytes, and the DR of 6
Mbps that we implement in our simulation and that is used as

APPENDIXA examples in Section VI,
TRANSMISSION TIME OFISDCI:\JE PACKET UNDERB02.11a tpacket (100bytes;6Mbps) = 248 s;
tpacket (1100bytes;6Mbps) = 1584 s; (12)
IEEE 802.11 de nes two different MAC mechanisms: the tack (BMbps) =44 s:

contention based Distributed Coordination Function (DCF.}
and the polling based Point Coordination Function (PCF R .
At present, only the mandatory DCF is implemented in mog lotTime =15=2 9 =67:5s .

802.11 compliant products. DCF achieves automatic mediumsumm"jlrIZIng the above calculations, the time needed to

sharing between compatible stations by implementing C.s\rriésrucceSSfUIIy transmit 100 byte and 1100 byte video packets

Sense Multiple Access with Collision Avoidance (CSMA/CA).OVer a PHY DR of 6 Mbps is

A station using the DCF has to follow two medium access Tpacket (100bytes;6Mbps) = 0 :4095ms;
rules: 1) the station will be allowed to transmit only if its Tpacket (1100bytes;6Mbps) = 1 :7455ms:
carrier-sense mechanism determines that the medium has bee
idle for at least a Distributed Inter Frame Space (DIFS) time,

and _2) in O,rder to redyce the CO'!ISIOn probaplllty _among[l] M. van der Schaar and P. A. Chou, editoMultimedia over IP and
multiple stations accessing the medium, the station wikctel Wireless Networks: Compression, Networking, and Systeisevier /

a random backoff interval after deferral or prior to atteimgt Academic Press, publishers, Mar. 2007.

to transmit another packet after a successful transmisgion 2] K. Nahrstedt, W. Yuan, S. Shah, Y. Xue, and K. Chen, “Quality of
service support in multimedia wireless environmenhdyiltimedia over

acknowledgment (Ack) packet will be sent by the receiver |p wireless Networks: Compression, Networking, and Systsmsan
upon successful reception of a data packet. It is only after der Schaar and P. A. Chou eds. Elsevier / Academic Press,shaio§

receiving an Ack packet correctly that the transmitter agsum _ Mar. 2007.

. . 3] IEEE Std. 802.11e/D10.0, “Draft supplement to part 11: aidiss
successful delivery of the corresponding data packet. Thb Medium Access Control (MAC) and Physical Layer (PHY) speci-

Short Inter Frame Space (SIFS), which is smaller than DIFS, cations: Medium Access Control (MAC) enhancements for Quality o
is the time interval between reception of a data packet and_ Service (Q0S).” Nov. 2004.

. . . [4] Y. Wu et al., “Network planning in wireless ad hoc networkscross-
transmission of its Ack packet. The timing of successful gack layer approach,1EEE Journal on Selected Areas in Communications,

transmissions is shown in Fig. 11. For a detailed explanation special issue on wireless ad hoc networksl. 23, no. 1, pp. 136-150,

on the 802.11a DCF the readers are directed to [48]. Jan. 2005. _ N _ _

[5] T. Stockhammer and W. Zia, “Error-resilient coding aretdding strate-
gies for video communicationMultimedia over IP Wireless Networks,
M. van der Schaar and P. A. Chou eds. Elsevier / Academic Press,
publishers Mar. 2007.

[6] P. A. Chou and Z. Miao, “Rate-distortion optimized streagiof
packetized media,1IEEE Transactions on Multimedjavol. 8, no. 2,
pp. 390-404, Apr. 2006.

[7] G. Cote, S. Shirani, and F. Kossentini, “Optimal mode s#&actnd
synchronization for robust video communications over repmne net-

Let Tpacket (p S: DR) be the total time (in miIIiseconds) works,” IEEE Journal on Selected Areas in Communicatjons. 18,

. . . no. 6, pp. 952-965, Jun. 2000.
required for a packet of payload size of PS to be transmltte%] C. Hsu, A. Ortega, and M. Khansari, “Rate control for robustedd

successfully over a certain PHY data rate of DR under 802.11a  transmission over burst-error wireless channelEEE Journal on Se-

DCF. According to Fig. 11T packet (P S; DR) is composed of lected Areas in Communications, Special Issue on Multimedisvdik
. pa . . Radios vol. 17, no. 5, pp. 756-773, May 1999.

the DIFS time, the backoff time, the time to send the wdqul

. . . . Q. Li and M. van der Schaar, “Providing adaptive QoS to lager
packet itself, the SIFS time, and the time to transmit the Ack ~ video over wireless local area networks through real-timeey rémit

he backoff time tgackotf IS Set as aCWmin=2

(13)
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