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Abstract. The increasing success of P2P-TV applications calls for theneed of
new traffic models that can effectively represent the trafficgenerated by these
applications. In this paper, we consider PPLive; we study and model the traffic
generated by PPLive clients. From the analysis of some real traffic traces, we
recognize that the peer may follow three typical behaviors,depending on the
peer degree of contribution to the video content distribution. We then propose
two simple models of the data received or transmitted by a peer: i) the Mem-
orylessmodel that fits the distribution of traffic exchanged during short time
windows; ii) theHidden-Markovmodel that introduces also some memory in
the traffic generation process so that the autocorrelation function typical of real
traces can be matched. The accuracy of the models for all three classes of peer
behavior is validated by both directly comparing synthetictraces generated by
the models with real traces and considering the performanceof a queue fed by
these traces. Our results show that the models are quite accurate and can be
effectively used as synthetic traffic generators.

1. Introduction and Motivation

Service providers, network operators and designers are very much interested in under-
standing the characteristics of Internet traffic. It is indeed clear now that the design of
any network element, including traffic engineering mechanisms, component dimension-
ing, resource management strategies, must rely on a carefulcharacterization of the actual
traffic that the network should carry. This task is made particularly challenging by the
fast evolution of Internet services. Pushed by many recent successful business stories and
relying on the increase of both computational power and bandwidth, new services are con-
tinuously offered and the pattern of applications the usersare fond of changes quickly. In
ten years, traffic transformed from being mainly generated by web browsing applications
to being composed, for a good fraction, of data exchanges between clients of peer-to-peer
(P2P) file sharing applications. Recently, the success of streaming applications has also
introduced a large amount of UDP traffic, that is delay-sensitive rather than loss-sensitive
and is often loosely controlled with respect to network conditions.

Of these streaming applications, peer-to-peer TV (P2P-TV)systems seem to be
particularly critical, due to the large volume of generatedtraffic. Several commercial
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FAPEMIG-BRAZIL through APQ-00734-09.
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P2P-TV systems such as PPLive [ppl ], TVAnts [tva ], SOPCast [sop ], among the most
popular ones, are already available and have reported a great success with an increasing
number of users watching their channels at rates that can reach 1 Mbps. These applica-
tions have the potential to completely transform traffic pattern and even push network us-
age to critical regions; some researchers claim that P2P-TVmay overload backbone links
[Choffnes and Bustamante 2008]. Indeed, their impact may bedisruptive due to the large
volume of generated traffic combined with huge number of users. For instance, PPLive
had over 200 distinct on-line channels, a daily average of400, 000 aggregated users, and
most of its channels had several thousands of users at their peaks [Vu et al. 2007]. Inves-
tigating the characteristics of this new traffic is therefore an extremely important task.

However, knowing and characterizing the traffic alone are not sufficient. There is
also the need for simple and flexible traffic models that can beeffectively introduced in
network simulators or complex dimensioning and planning tools. Traffic models should
trade-off at best the opposite needs of being simple and accurate. In this paper, we con-
tribute at both the knowledge of P2P-TV traffic and the proposal of simple traffic models.
We focus on PPLive, one of the most popular P2P-TV application. We start by charac-
terizing, through real experiments, the traffic that is received and generated by the appli-
cation peers focusing on the amount of information that is exchanged in small time win-
dows. We organize the observed traces in three classes, based on their average bit-rate,
and we study the traffic classes in terms of the bit-rate distribution and autocorrelation
function. We then propose two simple traffic models: aMemorylessmodel, that just fits
the distribution of the amount of exchanged traffic in the considered time windows; and
aHidden-Markovmodel, that catches also time correlations. We evaluate theaccuracy of
the proposed models as synthetic traffic generators, by bothdirectly comparing real traces
with the generated synthetic traces, and evaluating the performance of a simple queue fed
by either the real traces or the synthetic ones.

The main contributions of our work are twofold. First, our analysis enlightens
some interesting properties of the traffic generated by the considered P2P-TV application.
We would like to mention two of these properties. First, timecorrelations are relatively
short (they basically span over a few seconds). Second, while real traffic traces taken from
different peers can be quite different one from the other, the aspect that mainly influences
them is probably the mean bit-rate. This makes traffic tracesclassification extremely sim-
ple. Second, traffic seems simpler to engineer than other kinds of Internet traffic. A simple
probabilistic traffic source already emulates pretty well real traffic traces; the further in-
troduction of a short memory allows us to even catch the dominating time correlations.
Such simplicity is probably due to two reasons: first, the nature of the video-stream makes
incoming traffic profile quite regular; second, these applications have a certain degree of
“aggressiveness” towards the network that simplifies traffic characteristics: no congestion
control mechanism seems to be applied and generated traffic loosely adapts to network
conditions.

2. Traffic measurement and analysis
Our work is based on real traces collected during an experiment performed in the context
of the NAPA-WINE Project, funded by the EU [nap ]. From the experiment we extracted
a number of traces corresponding to peers in a Campus, with potentially high bandwidth
in transmission. The collected traces involved 27 controlled-peers from 4 NAPA-WINE
partners’ Institutions, in 3 European Countries and in 3 different Autonomous Systems.
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Figure 1. Characteristics of a larger contributor peer (Class C peer).

The diverse geographic locations in which traces were collected allow us to define the
main relevant P2P-TV traffic characteristics for our modeling purposes, under a wide
variety of network conditions. The experiment lasted one hour during which packet-
level traces were collected and later, offline, analyzed. The experiment was performed on
February 29th, 2008; all peers were watching at the same popular PPLive channel, i.e.,
“CCTV-1” selected at 14:00-CET.

From the packet level traces we measure the bit-rate during time intervals of 1s
separating incoming (received) and outgoing (transmitted) traffic. PPLive has an average
streaming rate of about 5 Mbps in transmission and of about 600 kbps in reception. From
the40, 000 peers that each PPLive client contacts, we observed that only 3, 000 peers re-
ally contributes to the stream. Incoming traffic corresponds basically to the video content,
and it is pretty much the same in all the traces. On the contrary, when the transmission
side is considered, there can be dramatic differences in thepeers’ behavior. Some peers
act as strong distributor of the traffic, and retransmit several times the video content they
have received, some others retransmit only a limited portion of it, if any. As an example,
Fig.1 reports the transmitted and received traffic traces ofa peer which contributes much.
The received traffic, even if composed of many packets comingfrom different peers, re-
sults in a video stream that is relatively regular. The transmitted traffic, on the contrary,
may be quite bursty depending on the number of neighbors to which the peer is distribut-
ing the video flow. For this reason, in what follows we focus ontransmitted traffic only
which is typically larger in volume, more variable, and morechallenging to model.

As observed in [Ciullo et al. 2008], the packet size distribution is bi-modal. Pack-
ets are either large, almost constant around 700 B, or smaller than a few hundreds bytes;
this distribution suggests that a simple criterion to distinguish signaling from video pack-
ets is based on their size. In this set of traces, we consider packets smaller than 1000 B as
pure signaling packets; while packets longer than 1024 B arecarrying video information.
Given the packet size distribution presented in [Ciullo et al. 2008], our choice do not dis-
agree with that one used previously. Clearly, this simple criterion is not perfect, it cannot
account for video packets piggy-backing signaling information or small video packets
possibly deriving from fragmentation of larger packets; however, it allows us to have a
first view of traffic composition. Also in Fig. 1 we report the signaling and data bit-rate
for a large contributor peer. The signaling bit-rate is almost negligible with respect to the
data bit-rate.
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In what follows, we represent a trace by a series{Zt}
T
t=1 taking values in theℜ

set, where thet−th element represents the total number of bits transmitted by the probing
peer, over 1s time intervals. We then derive a number of characteristics of the series, such
as the distribution of the values and the autocorrelation. We denote byFZ(z) andfZ(z)
the empirical cumulative distribution function (CDF) and probability density function
(pdf) of a collected series; the autocorrelation isA(τ) and is computed as

A(τ) =
E[ZtZt+τ ] − E[Zt]

2

E[Z2
t ] − E[Zt]2

. (1)

As previously mentioned, the traces can have quite different characteristics one
from the other. Finding a way to categorize PPLive traces is not that easy. However,
we choose a simple approach and grouped traces according to their mean bit-rate. We
identify 3 classes of traces that have quite homogeneous characteristics:

• Class A, small contributors: the mean bit-rate is in the range [0,1]Mbps.
• Class B, medium contributors: the mean bit-rate is in the range [1,4]Mbps.
• Class C, large contributors: the mean bit-rate is in the range [4,9]Mbps.

Table I reports for each trace (named after the university short name and the client
identification number inside the institution) the mean and maximum bit-rate observed
during the trace. Notice that most of the clients of the same institution falls in the same
class, with only a few exceptions. Most of POLITO (Politecnico di Torino) and UNITN
(Universita di Trento) traces belong to the same class, class C, while WUT (Warsaw
University of Technology) and BME (Budapest University of Technology and Economics)
are on separate classes (classes A and B, respectively). Letus now focus on the pdf of
the transmitted traffic. Fig.2 shows the transmitted trafficpdf for all traces, grouped in
different plots according to the criterium reported above.The pdf are created considering
bins that are 500 kbps wide. Reflecting the different mean values of the transmission bit-
rate, the three classes have different shapes that correspond to: an L-shape for class A, a
bell-shape for class B and a more uniform like distribution over a wide support for class C
traces. Despite the simplicity of the grouping criterion, the traces of the same class have
quite the same behavior: there is some gap between curves, but limited in size and the
overall shape is preserved.

Table 1 reports also, in the last columns, the mean and maximum number of neigh-
bors with which the peer has exchanged traffic during a time window. As expected, this
number reflects the overall bit-rate; the larger the bit-rate is, the larger the number of
neighbors is. Fig.3(a) shows the distribution of the observed neighbors per time window
for a class C peer. Two peaks are clearly visible: one around 150 and one around 270
peers. To investigate further the relationship between neighbors and traffic, we plot also,
in the same figure ((b)), the number of neighbors versus the bit-rate for each time win-
dow: the x-coordinate of the points is the bit-rate observedduring a time window, the
y-coordinate is the number of neighbors. Three points are reported for each time window
(with the same x-coordinate but different y-coordinate); they are the number of neighbors
that exchanged signaling information with the peer, the number of those that exchanged
video content and the total. Signaling and video information are, as before, discriminated
based on the packet size. The plot shows that the occurrence of low bit-rates is associated
to time windows in which signaling information is the solelyexchanged information (no
video is delivered). In general, the bit-rate mainly depends on the number of neighbors
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Table 1. Video traces characteristics.
Class Peer Transmitted Mb Neighbors

Mean Max Mean Max
9*A WUT-1 4.64 52.96 266 87

WUT-2 3.28 32.32 36 92
WUT-3 1.12 11.04 43 100
WUT-4 1.2 10.08 55 140
WUT-5 1.84 16.56 81 267
WUT-6 3.84 53.2 35 71
WUT-7 0.72 8.08 34 71
WUT-8 0.48 9.84 38 74

POLITO-1 0.08 0.96 197 328
5*B BME-1 13.76 49.84 135 422

BME-2 15.28 77.36 147 425
BME-3 17.04 49.12 153 325
BME-4 23.28 63.2 168 346

UNITN-3 10.56 28.96 152 352
13*C POLITO-2 69.36 181.68 220 433

POLITO-3 51.84 141.84 216 402
POLITO-4 54.40 169.12 208 469
POLITO-5 46.88 109.60 211 563
POLITO-6 58.00 189.20 208 494
POLITO-7 72.40 170.96 230 418
POLITO-8 48.80 164.24 200 343
UNITN-1 46.80 159.52 204 556
UNITN-2 50.00 160.00 205 314
UNITN-4 50.32 144.48 207 316
UNITN-5 43.04 130.96 213 367
UNITN-6 60.64 187.12 207 341
UNITN-7 50.24 163.12 210 356

to which some video was transmitted (the green points form a linear trend); while the
number of neighbors that receive signaling information is large and does not significantly
influences the bit-rate. Signaling information from time totime involves twice the num-
ber of neighbors that are usually involved; this is probablydue to the periodic signaling
information sent to a number of peers much larger than the number of those the video is
sent to. Similar observations can be drawn from the results obtained for a class B peer,
whose values are reported in Fig. 4.

3. Models

Based on the preliminary analysis of the traffic traces reported above, we can now proceed
to develop some traffic models. The two models we propose, calledMemoryless(ML) and
Hidden-Markov(HM) models, have an increasing degree of complexity. The objective
is to provide simple and efficient synthetic traffic generators; in other terms, the traffic
generated by synthetic traces,{Xt}, should be as much as possible “similar” to the real
traces,{Zt}. As we will show, while both models match pretty well the distribution of
the real trace, autocorrelation is matched only by the HM model.

3.1. Memoryless Model

The ML model is based on the assumption that elements of the series {Zt} are inde-
pendent and identically distributed random variables. Thus, ML model setting means
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Figure 3. Class C peer.

defining a distribution,GX(x) (and the pdfgX(x)), that well matches the empirical dis-
tributionFZ(z). We operate as follows. We chooseL discretization levelsof FZ(z) that
are equally spaced over the finite set of possible values of{Zt}; if the values of{Zt} span
over the interval[Zm, ZM ], theL levels have size∆ = (ZM − Zm)/L, and thei−th level
corresponds to the interval[Zm + (i − 1)∆, Zm + i∆]. The series that is obtained after
discretization is denoted by{Z(d)

t }. Then, the ML model is defined by the probabilities
pi that the synthetic trace{Xt} takes a given valuexi: the probabilitypi is set toni/T
whereni is the number of samples of{Zt} that fall in thei−th discretization level andT
is the total number of samples; the valuexi is computed as the mean of theseni values.
The probabilitiespi form the pdfgX(x).

Fig.5 reports the QQ plot of the synthetic versus real tracesfor a class C peer.
Two different values of the numberL of discretization levels are considered: 10 and 40.
Clearly, the larger the number of levels is, the better the QQplot is. However, the plot is
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Figure 5. ML model: QQ plot of the synthetic versus real traces of a class C peer,
10 discretization levels (top plot) and 40 discretization levels (bottom plot).

pretty good in both cases. Fig.6 shows that the pdfgX(x) of the ML model well matches
the pdffZ(x) of the{Zt} series.

Consider now the autocorrelation function shown in Fig.7. The real trace presents
several regular peaks that reflect the periodic pattern of the traffic. Periodicity is around
5s and peaks are present for values of the time lagτ = {5, 10, 15, · · ·}. This periodicity is
caused by the fact that peer activity appears bursty, so thatevery 5 seconds new bulks of
data are exchanged with other peers. Synthetic traffic traces generated by the ML model
cannot catch this correlation, due to the memoryless property. Indeed, autocorrelation is
approximately equal to zero for all time lags greater than 0.

3.2. Hidden-MarkovModel

As Fig.7 shows, the ML model cannot catch the typical autocorrelation exhibited by traf-
fic. To also capture time correlation, some memory needs to beintroduced. As a mod-
eling approach we use a discrete timeHidden MarkovModel (DT-HMM). Following the
definition presented in [Rabiner 1989], aHidden-Markovmodel is a doubly embedded
stochastic process with an underlying stochastic process that is not observable (it is hid-
den), but can only be observed through another set of stochastic process that produces a
sequence of observations. The basic idea is to use a discretetime Hidden Markov chain to
introduce time correlation; in each state of the chain thereis a different pattern of bit-rate
generation. The Hidden Markov chain is derived by means of a training phase, during
which the best fitting with the real trace is found.
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Let {Ht} be the DT-HMM that we wish to learn and to use as a synthetic traffic
generator. Each element of{Ht} contains two components: the hidden stateSt ∈ S =
{si : i = 1, 2, · · · , N}, which provides the process time memory, and the observation
symbolOt ∈ O = {ok : k = 1, 2, · · · , M}, that represents the amount of bits that are
transmitted in one time slot. Following the notation in [Rabiner 1989], the one step tran-
sition probability between any two hidden states(i, j) is given by the(i, j)−th element
of a matrix denoted byA. The observation symbol probability distribution in statej,
is given by thej−th row of matrixB, denoted byBj, and such thatBj = {bj(ok)}
wherebj(ok) = P [Ot = ok|St = sj]. The initial state distribution is given byπ = {πi},
with πi = P [S1 = si] ∀ i. We use the compact notationΛ = (A, B, π) to indicate the
complete model parameter set. In what follows, we describe how the main DT-HMM
elements are defined in our application case.

a) The number of hidden states.We set the number of statesN to 5, since the auto-
correlation function, as shown in Fig.7, suggests that traffic patterns occur with periodicity
of 5s (i.e., 5 time windows). Indeed, although the states arehidden, for many practical
applications there is often some physical meaning attachedto them. In our case, the set of
hidden states gives the process memory of 5s that is shown by the autocorrelation function
in Fig.7. The same figure also shows that the HM model can catchautocorrelation of the
real traces pretty well (observe the dashed green line).

b) The number of distinct observation symbols per state.As we are interested
in defining how much traffic is generated or received by a P2P-TV client, the set of ob-
servation symbols is the set of values of the bit-rate in the real trace (corresponding to
observations in the DT-HMM model). These are real values that we discretize intoL val-
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ues, in the same way as for the ML model. Thus, the number of observation symbols is
equal to the discretization levels,M = L. For all results reported in Sections 4 and 5,L
was set to40. (We have also experimented other values forL, larger than 40, but we did
not achieve any significant improvement of the accuracy. )

c) Model parameters:Λ = (A, B, π). The definition of model parameters is the
answer of the following question:How do we adjust the model parametersΛ in order to
maximizeP ({Ot} = {Z

(d)
t }|Λ)? In other words, the model parameters are chosen so as

to best represent how a given observation sequence comes about. The sequence{Z(d)
t }

used to adjust the model parameters is calledtraining sequencesince it is used to “train”
the DT-HMM. The training algorithm is theBaum-Welch algorithmwhich main ideas
of parameter estimation are similar to theExpectation-Maximizationapproach. We refer
the reader to [Rabiner 1989] for further details on the training algorithm. To give some
highlights into the model parameter definition, observe theA matrix as it comes out after
the training phase of a class C peer that we use in this sectionas a sample case:

A =















0 1 0 0 0

1.70e−2 0 9.83e−1 0 0

8.00e−3 0 0 9.92e−1 0

3.10e−2 0 0 0 9.69e−1

1 0 0 0 0















.

As we can see from the matrix structure, the training phase preserves the temporal corre-
lation. With high probability, the hidden process moves through 4 states before returning
to the initial state. For completing the model parameters definition, Fig.8 shows the pdf
of the observation symbols in each hidden state, i.e., the probabilitiesBj .

Let us now focus on the accuracy of the HM model. Fig.9 shows the comparison
of the pdf obtained from the HM model against the pdf of the real trace. Similar to the
ML model, the pdf matches very well the pdf of the real trace. However, as already
mentioned, Fig.7 states that the autocorrelation is only captured by the HM model. These
results show that the traces generated by the HM model can well represent the real traces,
when basic stochastic characteristics are considered.

4. Queuing Analysis

The objective of this section is to assess the goodness of theproposed models as synthetic
traffic generators. We consider the simple case of a single bottleneck queue. We feed
the queue with real and synthetic traces and evaluate queue performance in terms of loss
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probability mean buffer occupancy and the CDF of buffer occupancy. We define the
relative error as the difference between the measure value given by proposed model and
that one given by the real trace, divided by the measure givenby the real trace.

The queue is fluid and modeled as follows. Time is divided into1s long slots. In
each slot, the queue receives an amount of bits specified by a given trace (either a real
trace or a synthetic one). The output rate is constant and setso as to obtain a desired
load, defined as the ratio of the mean input bit-rate and the output rate. Input bit-rate is
constant during a time slot. For performing the fluid simulation, TANGRAM-II tool was
used [de Souza e Silva and et al 2006].

In the set of results reported here, we compare the queue performance obtained
feeding the queue with a real trace and with synthetic tracesderived from the associated
models. We consider buffer size equal to 128Kb and a class C peer. Fig.10 reports the
mean buffer occupancy versus load obtained by the real trace, the ML and HM models.
For the loss probability measure, the models are almost indistinguishable. However, for
the mean buffer occupancy, HM model is more accurate: the maximum relative error is
8% against 22% of error provided by ML model. The HM model alsooutperforms the
ML model for the CDF of buffer occupancy, providing a maximumrelative error equals
7% against 16% error of the ML model. The apparent contradiction of a not perfect
buffer occupancy and distribution of the buffer occupancy estimations and very accurate
prediction of loss probability is due to the fact that lossesare dominated by the length of
heavy traffic periods. For the the other analysed traces, theHM model captures better the
behavior of the real trace, even being a simple model.

Interestingly, the results presented in this section suggest that P2P-TV traffic is
not that difficult to model, and this traffic is probably easier to engineer than other kinds
of more traditional Internet traffic. The reason is probablytwofold. First, the streaming
nature of the traffic makes the stream bit-rate quite smooth,continuous, and not that
bursty and time variable as other traffic is. Second, these applications are quite aggressive
towards the network, they barely apply any congestion control mechanism, and they tend
not to adapt to network conditions. Indeed, many of the difficulties in modeling traditional
Internet traffic are due to the combination of the long file sizes and the closed-loop nature
of TCP. Similar results were obtained with other traces in the same class or belonging to
other classes.
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Figure 10. A class C trace and their HM and ML models. Load equal to 0.8.

5. Representativeness of model

In previous section, we have evaluated the accuracy of the models as synthetic traffic
generators by comparing the impact on a queue of a real trace and of the synthetic traces
generated by models that were fit on the trace itself. In this section, instead, we aim at
assessing how representative the model derived from a giventrace is of other similar P2P-
TV traffic, i.e., of other traces belonging to the same class.This is interesting because it
can be considered as a measure of the degree of “homogeneity”of classes; and, if traces of
a class are similar, it is enough to derive the model of one trace to have a traffic generator
that represents the whole class. For example, for testing some traffic engineering solution,
it would be enough to test the solution with three models (oneper class) to consider the
solution tested under a wide range of possible traffic patterns generated by PPLive clients.
Since the HM model seems more accurate and promising, while still being simple, in this
section we focus only on it.

We consider again the performance of a fluid queue, modeled and simulated as
described in previous section. Of all the traces of a class, we select one trace, and call it
thebasetrace of the class. We then check the queue performance fed bysynthetic traces
derived from the model of the base trace, and from all the realtraces belonging to the
class.

5.1. Class APeers

Let us start our analysis by the peers that belong toClass A. The results for mean buffer
and loss probability measures are show in Fig.11. The HM model is not that representative
for all traces of this class, as we will see on sections 5.2 and5.3. Analysing the traces and
the bit-rate distribution reported on Fig.2, although the mean is almost the same for all
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Figure 11. Class A traces and HM Model. Load equal to 0.8.
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Figure 12. Class B traces and HM Model. Load equal to 0.8.

traces, the their bit generation shape is not that uniform. For instance, the WUT-1 trace
has a high transmission peak at the beginning of the video generation. The base trace,
however, has this peak at the end of the video generation (a similar behavior for almost all
traces in this Class). As a last remark, these peaks on the first minutes of the trace or on
the last minutes of it can explain the poor approximation forthe loss probability measure.

5.2. Class BPeers

In this section we analyse how the model performs considering theClass Bpeers. Fig.12
shows the results for the mean buffer occupancy and loss probability. The HM model
provides satisfactory results for the loss probability, being more accurate than the mean
buffer occupancy. For both measures, only the BME-2 resultsdiverge from the model
results, with high maximum relative errors (64% for the meanbuffer measure in a low
load scenario and 43% for the loss probability measure).

5.3. Class CPeers

Let us focus our discussion in the peers that belong toClass C. Fig.13 shows the set of
measures performed using the HM model and the real traces. The HM model captures
quite well the overallClass Cbehavior, confirming that it is possible to parametrize a very
simple model that can be used as a synthetic trace for a set of real traces. For the mean
buffer occupancy, the maximum relative error reached is around 17%, excepted for three
peers in which the approximation is not that good for low buffer load: if the losses are
resulted by the the long range dependence autocorrelation,in some cases, the measure for
the low load can be less accurate. For the buffer distribution, not shown here due to space
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limitation, the maximum relative error is around 15%; for the loss probability measure
the error of almost all traces fluctuates around 10%.

Concluding the analysis of the model representativeness, we can see that, even
for the case in which the model does not represent very well the traces in the same Class
(Class A) the HM model provides highlights about the behavior of different real traces,
with almost the same mean bit-rate generation. The results presented here are very im-
portant for a first step on the direction of understanding andmodeling P2P-TV traffic.
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Figure 13. Class C versus HM Model. Load equal to 0.8.

6. Related Works

Despite the only recent deployment of P2P-TV applications,there already are in the liter-
ature a number of studies about the impact of P2P-TV traffic onthe Internet.

Most of these works present results from measurements takenon a single P2P-
TV system, as well as its characteristics. For instance, Heiet al. [Hei et al. 2007a] de-
velop a dedicated crawler to measure and characterizes PPLive traffic. The author of
[Vu et al. 2007] focus in on the node degrees of popular versusunpopular channels in
PPLive. Instead, the results presented in [Hei et al. 2007b]are focused in inferring QoS
metrics. Another set of works compare different P2P-TV systems. Authors in [S.Ali et al. 2006]
analyze and compare PPLive and SOPCast, presenting metricslike transmitted/received
bytes, etc. Silverston and Formaux in [Silverston and Fourmaux 2007] present statistics
from a large-scale live event broadcasted on P2P networks byPPLive, PPStream, SOP-
Cast and TVAnts. To the best of our knowledge, no synthetic P2P-TV traffic generator
has been proposed so far in the literature.

Finally, over the years, HM models have proved to be useful for a number of
applications, given their simplicity and nice mathematical characteristics. Traditionally
used for speech recognition [Rabiner 1989], one can cite different examples of their ap-
plication in the field of telecommunications, including modeling of network channels
[Salamatian and Vaton 2001], network performance evaluation [Wei et al. 2002], devel-
opment of adaptive FEC algorithms [Duarte et al. 2003] and modeling short-term dynam-
ics of packet losses [Silveira and de Souza e Silva 2006].

7. Conclusions

In this paper, we focused on the traffic generated by PPLive. Starting from the analysis
of real traces collected by running the application clientsfrom several peers spread over
the Internet, we focused on the bit-rate generated by a client in short time windows of
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1s. We proposed two traffic models: aMemorylessmodel that fits the distribution of
the bit-rate observed in real traces, and a slightly more complex model based onHidden
Markovchains which fits also the autocorrelation function of the bit-rate. We tested the
proposed models as synthetic traffic generators by considering the impact of the synthetic
traffic traces and real traces on a queue in terms of the mean buffer occupancy and loss
probability. Despite their simplicity, our models are pretty accurate.
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