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Abstract

Traffic modeling for HFC networks differs from traffic
modeling for queueing systems in the greater emphasis
on individual connections and on short-range dependen-
cies. Mixture models form an appropriate class of models
that take these characteristics into account whilst being,
at least qualitatively, consistent with long-range depen-
dence. These issues are illustrated by means of a model
for WWW usage and a simulation of a CATV network,
which is also known as a hybrid fiber coax (HFC) net-
work, that serves a number of web clients.

1 Introduction

Tele-traffic modeling is currently one of the hot topics
in the telecommunications world. The body of work de-
voted to this topic is vast and rapidly expanding. The
models are firmly based in traffic measurements. These
measurements establish that traffic on modern communi-
cation systems (e.g., an Ethernet or the Internet) differs
in significant ways from assumptions about traffic that
have been traditionally made in performance analysis.
With some simplification, one may say that the focus
in this area is on models for aggregate traffic that ex-
hibit long-range dependence. Interest in traffic due to a
single source is secondary and is motivated by a search
for a physical explanation of this long-range dependence:
this explanation is often formulated by means of heavy-
tailed distributions (for examples, see [17] or the papers
in [1]). Here, long-range dependence means that time
correlations between traffic loads exist for very long pe-
riods of time, i.e., they tail off hyperbolically instead
of exponentially as with the classical short-range depen-
dent models. It is this characteristic of the traffic that is

responsible for the excessive waiting times in queueing
systems such as the Internet.

The relevance of these new models has become par-
ticularly clear from recent results in queueing analysis.
In e.g. [6] it is shown that long-range dependence has
an enormous impact on both waiting times and cell-loss
probabilities in queueing systems. In the same vein, in
[2], it is shown that waiting times in queues with heavy-
tailed service times are considerably larger than waiting
times in queues with light-tailed service times.

So, traffic models for queueing systems rightly stress
the long-range dependence of the traffic, possibly ne-
glecting short-range dependencies.

Our interest in traffic modeling, however, is due to ca-
ble networks that are currently being standardized (e.g.
see [5] or [13]). In these networks, data transfer is more
complex than in ordinary queueing systems. This is due
to a sequential procedure for data transfer from a sta-
tion at the customer premises to a central node, which
consists of two stages. Firstly, a request stage is carried
out, in which a station requests a number of data slots in
contention with other stations. Secondly, a data transfer
stage is carried out, in which the data is transferred in
the data slots that have been reserved for this station.
For a detailed description of data transfer in such cable
networks see e.g. [12] or [7].

Traffic modeling for HFC networks is, in two respects,
different from traffic modeling for traditional queueing
systems. Firstly, in HFC networks, the short-range de-
pendencies have a considerable impact on the efficiency
of data transfer: request mechanisms, such as multi-
ple requests and piggybacking, make it plausible that
packets generated ’close to each other’ are relevant for
throughput and delay. Bursts of traffic can effectively
be dealt with, as it is not necessary to go through the



request period for each packet within a burst. Sec-
ondly, traffic modeling for HFC networks is more directly
geared to the traffic generated by individual sources than
to traffic from an aggregate of users, because it is the
single-user traffic itself that forms the basis for simula-
tion.

The sensitivity of HFC performance to traffic charac-
teristics has not yet been thoroughly investigated. How-
ever, studies that are already available indicate that cor-
rect traffic models are of great concern and that both
long-range dependencies and short-range dependencies
are relevant; [11] establishes the the importance of long-
range dependence in simulations using Ethernet traces.
However, [9] establishes the additional relevance of short-
range dependencies in simulations of HFC networks with
artificial traffic, with either exponentially or Pareto dis-
tributed times between successive packets.

The central tenet of this paper is that mizture models,
i.e., models based on mixture distributions, constitute a
suitable class of models to describe network traffic due
to a single source. In particular, the log time between
successive packets in internet traces can be successfully
described by means of a mixture of Gaussian distribu-
tions. With these models it is possible to describe the
short-range dependencies in network traffic in a physi-
cally plausible way. This allows a view of the fine time
structure of network traffic, which is relevant in our con-
text and which has been largely ignored until now (see
[13]).

Traffic due to aggregates of such models is not, in a
formal sense, long-range dependent. However, by con-
sidering the variance plot evaluated for finite traces, we
will show that such an aggregation has at least qualita-
tive similarities to long-range dependent traffic.

This suitability of mixture models is illustrated in our
analysis of web traffic. Web traffic will be split into
two distinct components: the user-process and the TCP-
process. In the user-process, events are directly gener-
ated by the user who browses the web. Each page re-
quest constitutes an event, and the modes of the mix-
ture distribution refer to such user states as actively
navigating, thinking, and having a break. The TCP-
process concerns the events that are due to the proto-
cols. Here, packet transmissions constitute the events,
and the modes of the mixture models relate to networks
characteristics, such as bandwidth and round-trip time.

Next, we apply these models in comparison with the
traditional Poisson process to investigate the efficiency
of data transfer in HFC networks. The results show
the sensitivity of the simulation results to traffic char-
acteristics; stressing the relevance of correct traffic mod-
els. Moreover, in-line with [9], they illustrate the fact

that short-range dependencies are beneficial for HFC
networks.

The rest of the paper is organized as follows. In sec-
tion 2, we give a brief introduction to mixture models
and their relation to long-range dependence. The next
section then presents a model for web usage. The sec-
tion thereafter applies the results by simulating a typical
HFC network that serves web clients. We end with some
concluding remarks.

2 Mixture distributions

Mixture distributions are a popular tool to describe dis-
tributions that have more than one mode; for an ex-
tensive review, see [16]. In this paper, we will restrict
ourselves to mixtures of Gaussians, or normal, distribu-
tions. Even such mixtures are extremely flexible; it can
be shown that any distribution can be approximated ar-
bitrarily well using such a mixture of Gaussians. We give
a brief introduction to mixture models below, followed
by a description of their relation to long-range depen-
dence.

2.1 A brief introduction

Probability distributions are the standard tool for de-
scribing variation mathematically. A wealth of such dis-
tributions are available; the normal or Gaussian, the
exponential, and the lognormal distributions are well
known examples. In some applications, however, even
this wealth does not suffice for an accurate description
of variability. This is particularly the case if the quan-
tity of interest depends on some unknown state, which
in turn governs the variation.

Examples abound, also in traffic modeling. In traffic
modeling for example, one can hypothesize two distinct
states of the traffic on link: high and low load. Given the
state of the traffic, the time between successive packets
follows an exponential distribution, with either a high or
a low intensity parameter. Not given this state, however,
the traffic follows a distribution with two distinct modes,
which is a mixture of the two original distributions.

The formal recipe to create mixture distributions
closely follows this simple example: mixture distribu-
tions are weighted sums of standard distributions, where
the weights sum to one. The weights are usually inter-
preted as probabilities of some unknown factor and de-
scribe the relative frequency with which this factor is in
one of several states. Thus, in the example above, the
weights describe the relative frequency with which traffic
is high or low.



An example of a mixture distribution is given in fig-
ure 1, where a mixture of three Gaussians is displayed.
In the graph, the first mode corresponds to the first ele-
ment in the mixture. The second and third components
are close together and combine to form the second mode
in the graph, which is not symmetric, but skewed to the
right. These two features illustrate the increased flexibil-
ity in modeling with mixture distributions. Firstly, they
can be used to describe distributions that have multiple
modes. Secondly, they allow for increased flexibility in
the description of the shape of the individual modes.

In order to use a mixture distribution, one must
choose the component distributions, the number of com-
ponents, and the numerical values that characterize the
component distributions. Given the component distri-
butions and the number of components, it is possible to
fit the mixture distribution to a given data set by esti-
mating numerical values for the parameters of the dis-
tributions. There is a procedure available for doing this.
It is usually simple and it is called the EM, expectation-
maximization, algorithm. It is also possible to estimate
the number of components rather than to consider this a
fixed, known, quantity. In such cases, a penalty function,
such as Akaike’s information criterion or the Bayesian in-
formation criterion, is used to decide upon the number
of components. These issues are thoroughly explored for
web traffic in [4], to which we refer for the statistical
details.

2.2 Relation to long-range dependence

There is currently wide spread interest in long-range de-
pendence as it appears to be one of the few invariants
of network traffic (e.g. see [15]). Hence, the relation of
mixture models to long-range dependence is of relevance.
First of all, it must be stressed that traffic generated by
means of mixture models is not long-range dependent in
any formal, mathematical sense. However, there is an
interesting relation between these two concepts. Infor-
mally, traffic models that give rise to long-range depen-
dence are bursty at all time scales, including those that
approach infinity. The mixture models display bursti-
ness at a finite number of time scales and can hence not
be long-range dependent. However, a finite traffic trace
from such a mixture model may be bursty on all time
scales that are present in the trace and so be similar to
long-range dependent traffic.

We now make this informal observation more precise.
To this end assume that traffic is condensed to a series
of counts: we observe a sequence of counts, where each
count represents the number of packets that appear on
a link in some small time interval. The variability of
such a sequence of counts can be expressed through its
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Figure 1: Mixture of three Gaussian distributions, with
means (-2, 1, 2), standard deviations (1,2,3), and weights
(.33, .33, .33)

variance: the average squared deviation from the mean.
This sequence of counts can be further reduced by av-
eraging the counts in m successive intervals to obtain
a new, reduced series of counts. It is well known that
the variance of the reduced series of counts equals 1/m
times the variance of the original series of counts, if the
counts in successive intervals are independent. Also, this
reduction in variance by the factor 1/m holds for large
m, if these counts are short-range dependent. For long-
range dependent traffic, however, averaging will reduce
the variance only by a factor m”, with r > —1.

This observation leads to a popular graphical tech-
nique to discover long-range dependence: the variance
plot, see e.g. [17] and references therein. In this tech-
nique, one plots the log of the block size (m) against
the log of the variance of the averaged series for various
values of m. If the slope of this plot equals -1, overall
or for large m, one concludes to independence or short-
range dependence. If the slope tails off as r > —1, one
concludes that long-range dependence is present.

We now apply this technique to two series of artificial
data. The first series is constructed from an aggregate of
100 Poisson sources. Here, the individual processes are
such that the time between successive events follows an
exponential distribution with A = 2. The aggregate traf-



fic is converted to a series of 180000 counts, by counting
the number of packets due to these sources in time inter-
vals of .01 seconds during half an hour. The variance plot
for this sequence is displayed in figure 2 and is denoted
by the symbols ”e”. This variance plot shows a decay
with a slope equal to -1, that characterizes independent
traffic.

Another sequence was constructed by simulating an
aggregate of traffic due to 100 identical mixture sources.
Here, the time between successive events is not derived
from an exponential distribution but from a mixture of
lognormals. The parameters of the lognormals were cho-
sen so that overall traffic intensity matches the intensity
of the Poisson sources above. Again, the aggregate traf-
fic due to these sources was converted to a sequence of
180000 counts. The variance plot for this sequence is
also displayed in Figure 2 and is denoted by the sym-
bols "m”. This aggregate of mixtures is not long-range
dependent. However, the decay in the variance plot ap-
pears to be linear with a slope that is distinctly above
-1, so is similar to long-range dependent traffic in this
important respect.
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Figure 2: Variance plot for aggregate traffic due to 100
Poisson sources (e) and aggregate traffic due to 100 mix-
ture sources (m).

3 A model for web usage

In this section, we outline a model for web usage by
means of mixture models. Basically, such a model has

the following ingredients:

e The times at which packets are generated by the
web client. This can equivalently be described by
means of the inter-arrival times: the time between
successive packets.

e The size of these packets.

The model then consists of the probability distribu-
tion functions that describe the variability of both inter-
arrival times and packet sizes, and a description of the
correlation between these. The familiar Poisson process
is an example of a candidate model which substitutes an
exponential distribution for the inter-arrival times, sub-
stitutes a constant distribution for the packet sizes, and
assumes independence of all quantities.

However, the Poisson process falls short of our goals.
Actual web client traffic is much more variable than a
realization of a Poisson process, and artificial traffic can
easily be distinguished from actual traffic.

To understand the deficiencies of the Poisson process,
observe that web client traffic is governed by two pro-
cesses:

The user-process  This is the process as perceived by
users who are browsing the web. A web browser
requests a succession of web-pages, e.g., by clicking
with the mouse.

The TCP-process This is the actual packet exchange
that goes on between the web client and the web
server. After a user requests a page, one or several
(such as when a requested page contains several im-
ages) TCP connections are opened. The web client
traffic in each connection consists of an open con-
nection, an information request, a series of acknowl-
edgements, and a close connection.

Each of these two processes has its own time scale, as
users typically act much slower than computers. Hence,
the existence of two time scales makes it untrue that
just one, uni-modal probability distribution function will
suffice to describe the time between successive events.

Now this argument can be extended. Again, the TCP-
process does not consist of a homogeneous generation of
packets with identically distributed inter-arrival times.
Rather, the traffic at this level consists of flights of pack-
ets. The time between packets in the same flight is
largely determined by the speed with which a packet
is handled by a computer; the time between successive
flights is determined by the round-trip time of the net-
work.

In addition, the user-process will not be homogeneous
in time as a user does not request pages at a constant



rate. Rather, he will alternate between various states
and these states can be characterized, e.g., as actively
navigating, thinking, and having a break. The time be-
tween successive page requests will depend on the user’s
state. So, in order to describe the inter-arrival time at
the user level, one probability distribution function is
required for each such possible state, and mixture distri-
butions are appropriate.

These states can be argued about theoretically, but
they can also be observed in measurements: see Figures 4
and 3. They are both based on publicly available data,
that can be found at the Internet traffic archives [10].
The TCP-process will be analysed using the LBL-TCP
packet traces, see [14]. For the user-process, we have
used the UCB home IP usage study. Both data sets
contain time stamps of all events, due to a community
of users, on a given network connection. The analysis of
both data sets was performed along similar lines:

e Disaggregation of the data into a number of traces
due to individual source destination pairs, as in [17].

e Fitting a mixture of Gaussian distributions to the
log time between events, in each of these traces.

e Comparison of the results, i.e. comparisons of the
number of component distributions and the numer-
ical values for the parameters of these distributions
for all these traces.

In the following section, we summarize the conclusions,
first for the TCP-process, next for the user-process.

As for the TCP-process, figure 3 shows the histogram
of the log inter-arrival times of the packets in one of the
individual traces, many traces being similar to the one
shown. The multi-modality makes it clear that there
are distinct time scales that play a role, and that mix-
ture distributions are appropriate. Here, the reason for
multiple time scales as explained above, is motivated by
the nature of the protocols, and should cause no sur-
prise. The mixture distributions are a convenient tool
for extracting the information relevant to each of the
time scales in each the individual traces.

Two further remarks concern the models for the TCP-
process that we derive from these fitted mixture distribu-
tions. Firstly, the sequence of times between successive
packets does not form an independent sequence. This is
ignored when using mixture distributions. However, in
building the actual simulation models, autocorrelations
are incorporated using knowledge about the protocols,
rather than using statistics. Secondly, the fact that the
time between flights of packets corresponds roughly to
the round trip time can be exploited: the round trip time
can be shortened (artificially) so that faster networks or
caching-techniques can be investigated.
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Figure 3: Histogram of the log inter-arrival times of suc-
cessive packets in the TCP-process, based on one trace
from LBL-TCP-3. The multi-modality of the histogram
reflects the various time scales of the TCP-process.

Next, we turn to the user-process. Figure 4 displays
the histogram of the inter-arrival times for page requests,
as observed in a collection of 100 individual traces ex-
tracted from the UCB home IP usage study. Clearly, the
histogram has several modes. Each mode reflects one of
the time scales of the user process and each mode can
be labelled with one of the user states.

A closer analysis was performed by fitting separate
mixture models to each of the individual traces. It was
found that each of these traces could be fitted well with
mixture distributions with between two and five com-
ponents, and that the majority fit well using only three
components. In addition, these three component distri-
butions were present in most of the traces, making them
an appropriate candidate for the list of invariants of web-
traffic. These components correspond to the following
time scales:

.15 sec. : multiple page requests, such as when a web
document requires other documents.

1.5 sec. : actively navigating from a small web page.

15. sec. : actively navigating from a large web page.

These three components represent the bulk of the time
between events in these traces. An occasional compo-
nent, present in only a few of the traces, was found at
the very small time scale of .0025 seconds. This was al-
ways the time between requests for various images from
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Figure 4: Histogram of the log inter-arrival times of suc-
cessive page requests in the user-process, based on a set
of traces, selected from the UCB home IP usage study.
The multi-modality of the histogram reflects the various
time scales of the user-process.

a requested web page. Larger components at time scales
around 150 seconds were also incidentally encountered,
representing downloading of larger web pages or having
a break.

A final remark concerns the numerical values, such
as the time scales above, that must go into every model
used for traffic simulations. We are well aware of the
ever changing nature of network traffic (see [15]), and
that no absolute importance can be attached to these
values. Having said this, however, it is still so that
traces within a given data set show considerable sim-
ilarity. E.g. in case of the home IP usage study, we
extracted 100 traces corresponding to the users that gen-
erated most of the traffic, and 100 traces from randomly
chosen users. Comparison of the distribution of the time
between events for the heavy users versus the randomly
chosen users revealed no significant difference, see [4].

To this we add that the ever changing nature of net-
work characteristics necessitates frequent ’re-calibration’
necessary of the numerical values that go into the dis-
tributions. The attractiveness of an approach based on
mixture distributions is enhanced by the fact that es-
timation of these numerical values can be automated
with relative ease: re-fitting the models to new data is
straightforward and can be done routinely as new mea-
surements are being performed.

4 Application to HFC networks

The sensitivity of the performance of HFC networks to
traffic characteristics has been noted in [11] and [9].
They establish that both long-range dependencies and
short-range dependencies play a role. As to the rele-
vance of long-range dependence, in [11], the authors com-
pare simulations with actually observed Ethernet traffic
traces to simulations with artificial traffic, that was ob-
tained by time-permuting these observed traces. Here,
the traffic used in these two simulations is identical in
one respect: the same data values are used in the simu-
lations. However, the traffic streams differ in their time
structure: the observed Ethernet traffic is long-range de-
pendent, whereas the permuted traces are independent.
Therefore, differences obtained in these simulations can
be attributed to this time dependency. Their simulations
show that the performance of an HFC network (mea-
sured in terms of average transmission delay) in the case
of the actual Ethernet traffic is much worse than the
performance in the case of the artificial traffic. They
conclude that the correlation structure also plays an im-
portant role for HFC networks.

In [9], the authors investigate the relevance of short-
range dependencies: they compare the performance of
HFC networks for traffic streams with exponential inter-
arrival times to the performance for traffic streams with
Pareto inter-arrival times. Again, the traffic assump-
tion (exponential or Pareto) has an enormous impact on
the outcomes of the simulations; the delays in simula-
tions with Pareto inter-arrival times compare favorably
with the delays in the simulations with exponential inter-
arrival times. In this section, we extend the investigation
into the impact of short-range dependencies on network
performance.

We consider an HFC network that is largely compliant
with the forthcoming Digital Video Broadcast (DVB)
and Digital Audio Visual Council (DAVIC) standard,
with a single upstream and a single downstream channel
and a transmission capacity of approx. 3 and 30 Mbit/s,
respectively. Within this context, we compare the delay
as experienced by upstream traffic resulting from a num-
ber of Poisson sources with the delay as experienced by
a number of web clients, simulated by means of mixture
models as outlined in Section 3.

In the network, the transmission of application data
upstream from the application in the homes to a central
point, called the head end (HE), is governed by a request-
grant mechanism. Requests for transmission slots are
sent by the applications to the HE in contention, and the
resulting grants guarantee contention-free transmission
of the application data in the allocated slots. Contention
resolution is done using a ternary, blocked tree algorithm
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Figure 5: Time series of cell transmission delays (CTDs) (a) equivalent Poisson client traffic, (b) web-client traffic,
(c) bulk Poisson traffic that accompanies equivalent Poisson client traffic, and (d) bulk traffic that accompanies

web-client traffic.

(see [3]) When a request has to be retransmitted, the
request size in terms of the number of requested slots
may be updated to reflect current need.

As a single web client only produces a moderate
amount of upstream traffic, i.e., in the order of 1 or 2
ATM cells per second on average, a bulk Poisson source,
generating single ATM cells, is used to consume the bulk
of the upstream bandwidth. The remaining bandwidth
is (partly) consumed either by a number of web clients
or an equal number of equivalent Poisson clients. An
equivalent Poisson client generates on average the same
amount of ATM cells as a web client, but with exponen-
tially distributed inter-arrival times. In this way, pairs
of corresponding simulations were carried out.

Table 1 lists the simulation settings. Note that
the simulation corresponds to a network condition with
heavy traffic load: the system has to transfer about 5100

ATM cells of application data per second, on a maximum
of 6000 cells per second.

simulation sources cell rate
Web client 1 bulk Poisson 4400/s
400 web clients 1.72/s

1 bulk Poisson 4400/s
400 eq. Poisson 1.72/s

Poisson

Table 1: Simulation settings. Note that the web-client
cell rates are time averages observed in simulations and
these deviate from the long-term average of 1.76/s.

Figure 5 illustrates time series of individual cell trans-



mission delays (CTDs) for the bulk Poisson traffic, web
client traffic and equivalent Poisson traffic relating to the
simulations.

The figure shows a number of notable differences.
Firstly, the CTD of the aggregate web-client traffic is
significantly lower on average. Secondly, the bulk Pois-
son traffic CTD that accompanies the web clients is lower
and less variable than the bulk traffic that accompanies
the Poisson sources.

However, what is most striking is that the differences
are caused by a change in only a relatively small portion
of the total traffic.

The large differences in mean CTD are to be put down
to the influence of the more bursty behavior of the web
clients primarily on the contention resolution process.
This bursty behaviour generally causes successive web-
client cells to be generated by a relatively small number
of web clients as compared to the uncorrelated genera-
tion of successive cells by the equivalent Poisson clients.
As a result, fewer web clients with larger requests will
contend in each tree, causing less delay in getting the
requests to the scheduler.

5 Conclusions

In this paper, we have illustrated the importance of ac-
curate traffic modeling for HFC networks. Only using
Poisson processes only to describe traffic does not give
a clear picture of HFC network performance. There is
a clear need for application-specific traffic models for an
accurate prediction of QoS versus load in service sce-
nario studies. Most notable in this context is the need
to also consider short-range dependencies in traffic, as
well as single sources, as they significantly influence the
contention-resolution process in HFC networks. Models
based on mixture distributions form an appropriate class
of models for doing this.
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