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Abstract— The traffic engineering of IP networks requires
accurate characterization and modeling of network traffic,
due to the growing diversity of multimedia applications and
the need to efficiently support QoS differentiation in the net-
work. In recent years several types of traffic behavior, that
can have significant impact on network performance, were
discovered: long-range dependence, self-similarity and, more
recently, multifractality. The extent to which a traffic model
needs to incorporate each of these characteristics is still the
subject of much research. In this work, we address the
modeling of network traffic multifractality by evaluating the
performance of three models, which cover a wide range of
traffic types, as mathematical descriptors of measured traffic
traces showing multifractal behavior. We resort to traffic
traces measured both at University of Aveiro and at a Por-
tuguese ISP. For the traffic models, we selected a Markov
modulated Poisson process as an example of a Markovian
model, the well known fractional Gaussian noise model as an
example of a self-similar process and the conservative cascade
model as an example of a multifractal model. These models are
evaluated comparing the density function, the autocovariance
and the loss rate queuing behavior of the measured traces and
of traces synthesized from the fitted models. Our results show
that the fractional Gaussian noise model is not able to perform
a good fitting of the first and second order statistics as well as
the loss rate queuing behavior, whereas the Markovian and the
conservative cascade models both give similar and very good
results. The cascade model is intrinsically multifractal, thus
the obtained results are not surprising. The good performance
of the Markovian model can be attributed to the parameter
fitting procedure, that aggregates distinct sub-processes oper-
ating in different time scales, and matches closely both the first
and second order statistics of the traffic. The poor performance
of the self-similar model can be explained mainly by its lack of
parameters.

Index Terms— Traffic modeling, self-similar, multiscaling,
multifractal.

1. INTRODUCTION

Efficient design and control of telecommunications net-
works need to take into account the main characteristics of
the supported traffic. Therefore, it is important to measure
packet flows and to describe them through appropriate
traffic models. Traffic modeling comprises three steps: (i)
selection of one or more models that may provide a good
description of the traffic type, (ii) estimation of parameters
for the selected models, and (iii) statistical testing for
election of one of the considered models and analysis of
its suitability to describe the traffic type under analysis.
Parameter estimation is based on a set of statistics (e.g.
mean, variance, density function or autocovariance function,

multifractal characteristics) that are measured or calculated
from observed data. The set of statistics used in the
inference process depends on the impact they may have in
the main performance metrics of interest.

An effective traffic model has, at least, to reproduce
the first and second order statistics of the original traffic
trace. The density function defines the first order statistics
whereas the second order statistics can be accounted for
by the autocovariance function. The second order statistics
play an important role in traffic modeling, because traffic
correlation is an important factor in packet losses due to
buffer and bandwidth limitations. However, the first two
order statistics may not be sufficient to characterize real data
traces, that are known to be bursty and spiky in nature. In
these cases, higher order statistics must also be included
in the models and fitting procedures in order to get a real
picture of network data.

It has been shown through experimental evidence that
network traffic may exhibit properties of self-similarity
and/or long range dependence (LRD), which have signif-
icant impact on network performance. Matching LRD
is only required within the time scales specific to the
system under study and one of the consequences of this
result is that, in principle, more traditional traffic models,
such as Markovian models, can still be used to model
traffic exhibiting LRD. The use of Markovian models also
benefits from the existence of several mathematical tools
for assessing queuing behavior, such as average delay and
packet loss ratio.

However, more recent analysis of measured Internet
WAN traffic has revealed that multifractal structures,
such as random cascades, can help explaining the scaling
behavior typically associated to networking mechanisms
operating on small time scales (e.g. TCP flow control).
A cascade (or multiplicative process) is a process that
fragments a set (typically an interval) into smaller and
smaller components according to a fixed rule, and at
the same time fragments the measure of the components
by another (possibly random) rule. Random cascades
were introduced by Mandelbrot as a physical model for
turbulence [1] and in this paper we consider a conservative
cascade model, which is a special case of a random cascade.
The multifractal nature of network traffic was first noticed
by Riedi and Lévy Véhel [2]. Subsequently various
studies have addressed the characterization and modeling
of multifractal traffic, essentially within the framework of



random cascades [3] [4] [5] [6] [7] [8] [9] [10].

In this study we evaluate the need for including different
descriptors (e.g. the first and second order statistics, the
Hurst parameter, the multiscaling or multifractal charac-
teristics) of real multifractal network traffic in order to
obtain an accurate fitting of its main statistics and queueing
performance. This is accomplished by comparing the first
and second order statistics and the queueing behavior of
(1) original measured data traces and (ii) traces generated
via discrete event simulation of the traffic models whose
parameters are inferred from the measured data. Different
types of models are considered as candidates to characterize
the measured traffic traces, ranging from Markovian to
multifractal models: specifically, the selected models are
the Markov modulated Poisson process (MMPP) as an
example of a Markovian model, the fractional Gaussian
noise model (fGn) as an example of a self-similar process
and the conservative cascade model as an example of a
multifractal model. These models cover a wide range of
traffic characteristics, enabling us to assess their relevance
for an accurate fitting of multifractal traffic. The traffic
traces used were measured both at the University of Aveiro
and in the premises of a Portuguese ISP.

The fitted traffic model can be used to enable Quality of
Service (QoS) deployment in the network. For example,
dimensioning Differentiated Services (DiffServ) networks
requires the calculation of the traffic parameters of each
service class, which can only be done accurately through
appropriate traffic models.

The results obtained in this paper show that the fractional
Gaussian noise model is not able to perform a good fitting
of the first and second order statistics as well as the loss
rate queuing behavior of the original traffic traces, because
it is a too parsimonious model having only two adjustable
parameters: the mean and the Hurst parameter. The fit-
ting procedure selected for the MMPP model performs an
accurate fitting of the first and second order statistics, and
this accuracy reveals itself sufficient in the prediction of
the empirical queuing behavior. Finally, the conservative
cascade model also gives very good results (actually, they
are close to the ones predicted by the MMPP model) in
predicting the empirical queuing behavior and fitting the first
and second order statistics. This result is not surprising,
since this model has the ability to include time-varying
scaling characteristics in its framework, which are present
in the real traces considered in this paper.

The paper is organized as follows. Section II presents
the traffic models considered in this study, as well as their
fitting procedures, identifying also their main characteris-
tics, advantages and drawbacks. Section III briefly presents
the data traces used in the simulations and in section IV
we discuss the results of applying the proposed models and
fitting procedures to the measured and synthesized traces.
Finally, section V presents the main conclusions.

II. SELECTED MODELS AND FITTING PROCEDURES

A stationary stochastic process with finite second order mo-
ments is long range dependent if its autocorrelation function
r (k) is nonsummable, that is }°, r (k) = oo. Thus, in a

rigorous way the definition of LRD applies only to infinite
time series, but generally this definition is also used for finite
series as well. Using an equivalent definition, one can say
that a stationary stochastic process is LRD if its spectrum
diverges at the origin, that is f(v) ~ cs|v|"® v = 0,
where « is the dimensionless scaling exponent, takes values
in [0, 1) and is the most important parameter describing the
qualitative nature of the scaling. The parameter c; takes
positive real values, it has the dimensions of variance and
describes the quantitative aspect or “’size” of the LRD. The
value of ¢y has a large impact in the overall correlation:
for example, confidence intervals around mean estimates of
LRD data are essentially proportional to the square root of
cys. A short range dependent (SRD) process is simply a
stationary process which is not LRD. Such a process has
a = 0 at large scales, corresponding to white noise at
scales beyond the so called characteristic scale or correlation
horizon.

There are several estimators of LRD: the estimator used
in this study was proposed in [6] and is semi-parametric. In
this case, prior to the estimation an analysis phase it is nec-
essary to determine the lower cutoff scale at which the LRD
”begins” and to see if LRD is present at all. To do this one
looks for alignment in the Logscale Diagram (LD), which is
essentially a log-log plot of variance estimates of the wavelet
details, against scale, complete with confidence intervals
about these estimates at each scale. It can be thought of
as a spectral estimator where large scale corresponds to low
frequency. More precisely, the LD consists in a graph of
y; against j, together with confidence intervals about the
y;, where y; is a function of the wavelet discrete transform
coefficients at scale j. Traffic is said to be LRD if, within
the limits of the confidence intervals, the y; fall on a straight
line, in a range of scales from some initial value j; up to the
largest one present in data.

Since matching LRD is only required within certain
time scales, Markovian models can still be used to model
traffic exhibiting this property. These models have been
widely used in traffic modeling, specially Markov Mod-
ulated Poisson Processes (MMPPs), which are the most
popular. Several fitting procedures have been proposed in
the literature for estimating their parameters from empirical
data [11], [12], [13], [14], [15] and [16]. In this paper we
use a fitting procedure for MMPPs, proposed in [17] and
[18], that matches both the autocovariance and marginal
distribution of the counting process. A major feature of the
procedure is that the number of states is not fixed a priori. It
is an output of the fitting process, thus allowing the number
of states to be adapted to the particular trace being modeled.
The MMPP is constructed as a superposition of L 2-MMPPs
(two-state MMPP) and one M-MMPP. The 2-MMPPs are
designed to match the autocovariance and the M-MMPP
to match the marginal distribution. Each 2-MMPP models
a specific time-scale of the data. The procedure starts by
approximating the autocovariance by a weighted sum of
exponential functions that model the autocovariance of the
2-MMPPs. The autocovariance tail can be adjusted to cap-
ture the long-range dependence characteristics of the traffic,
up to the time-scales of interest to the system under study.



The procedure then fits the M-MMPP parameters in order
to match the marginal distribution, within the constraints
imposed by the autocovariance matching. The number of
states is also determined as part of this step. The final
MMPP model with M2% states is obtained by superposing
the L 2-MMPPs and the M-MMPP. The proposed MMPP,
with its associated fitting procedure, matches the first and
second-order statistics of the empirical data, but it does
not enable to incorporate directly time-dependent scaling
behavior in its mathematical framework.

The simplest models exhibiting LRD are self-similar
processes, which are characterized by hyperbolically de-
caying autocorrelation functions. A process is exactly self-
similar (H-SS) if it has a statistical scale invariance property
that holds for all of the distributions and moments of the
process, not just the second order ones. More precisely, the
statistics of an exact self-similar process X are equivalent
to those of a{~H) X (at),a > 0. The Hurst parameter
H is the scaling parameter of self-similarity. Using the
LRD estimator described above, the Hurst parameter can
be obtained knowing that the slope « is related with H
by H = (a + 1)/2. Note that strictly speaking the Hurst
parameter characterizes H-SS processes, although it is often
also used to describe the LRD of “derivatives” of such
processes, which can lead to some misunderstanding in
some situations.

Looking at the autocorrelation function, 7(k), one can say
that a stationary stochastic process is exactly self-similar if
its autocorrelation function is given by

r(k) =1/2 [(k +1)2H —9k2H 4 () — 1)2H] )

for Hurst parameter H satisfying 1/2 < H < 1, and is
known to be asymptotically self-similar if its autocorrelation
function behaves like

r (k) ~ k=@2H L (k) 2)

as k — oo, where L(k) is a slow varying function.

Self-similar processes have gained much attention since
it was empirically observed that LAN traffic was positively
correlated and long range dependent. These facts defi-
nitely challenged Poissonian and Markovian traffic mod-
eling, leading to other modeling approaches that could
account for these new features. One of the most widely
studied self-similar processes is fractional Gaussian noise
(fGn), a stochastic process that is the formal derivative of
fractional Brownian motion (fBm). Fractional Brownian
motions are a family of Gaussian processes that are indexed
by the Hurst parameter, H, in the interval (0,1). These
processes are exactly self-similar, that is, the distribution
of Z (at) is identical to that of o Z (t), where Z(t), t €
(—o00, +00), represents the fBm process. For H in (1/2,1),
these processes have a LRD property that is characterized by
the relatively slow decay of the correlation (or covariance)
function:

(Z(0) 2 (1) = 5 (87 + 87 ~ 0 - 7))

Several analytical closed-form results are available for
these models, which is another important advantage sup-
porting their use. Norros, for example, has derived several

results for the queueing behavior obtained by driving a de-
terministic service time queue with a fBm process, including
asymptotic lower bounds for the probability P (V' > z) that
the queue length V exceeds x [19].

In this paper we use the method proposed in [20] for
synthesizing fGn traffic. This method is based on the
discrete time Fourier transform and only requires an esti-
mation of the Hurst parameter of the empirical data. The
mean and variance of the generated trace are then adjusted
to the empirical mean and variance (using simple linear
transformations), and the negative values of the generated
trace are eliminated because they have no physical meaning.
Since we are looking for a traffic process, the generated data
values can be interpreted as the number of arrivals, packets
or bytes within a time interval.

If a process has scaling in some second order statistic, for
example if the variance Sy (j) of the wavelet coefficients at
octave j obeys Sa(j) ~ Cj%, then it will very often have
scaling for all moments: S;(j) = E[|d(j)|?] ~ Cuj*e.
For simple scaling processes such as H-SS processes, the
function a,, is simply given by a, = Hq + ¢/2, a simple
linear relationship. The Hurst parameter H controls each
exponent, and this constitutes an example of a monofractal
process. If on the other hand «, is not linear, then we
say that it exhibits multiscaling. Multifractals fall into
this category. The S,(j) are known as the structure or
partition functions. They are often based on the increments
of a process, rather than the statistically more advantageous
wavelet coefficients. It is common to define the exponents
in a slightly different way: {, = @, — ¢/2, which gives
the elegant relation {; = Hgq for H-SS processes. (; is
then the slope read directly in the so called Zeta Diagram
(ZD) or Multiscale Diagram (MD), (, as a function of g,
in an analogous way to a, which was the slope observed
in the LD. Usually, a Linear Multiscale Diagram (LMD)
is constructed, representing h, = (,/q as a function of ¢.
Non-trivial multifractal scaling behavior is detected when
there is no horizontal alignment in this diagram (within
the limits of confidence intervals), reflecting the non-linear
nature of (; in the MD [21]. Note that the range of ¢
is typically semi-infinite, from some value up to positive
infinity. If the partition functions display the power-law
scaling at small scales, then (; can be estimated and thought
of as a function of a continuous moment parameter g.
The Legendre transform of this function is the Legendre
Multifractal spectrum, another experimentally accessible
form of the Multifractal Spectrum describing and defining
Multifractals. The estimation of the (, is semi-parametric
based, and is analogous to that used at second order in the
LD.

The third traffic model considered in this study is a
conservative cascade model, a special case of a random
cascade able to fit the multiscaling characteristics of the
empirical data. A random cascade can be used to construct
traffic processes in an iterative way. It is characterized by
an initial mass, uniformly distributed over a single interval,
which is subdivided along the different stages of the cascade
construction. In the case of a traffic process the mass can
be interpreted, as the number of arrivals or bytes within



a time interval. Each interval is divided in two (or more)
identical subintervals and the mass is randomly assigned to
each subinterval, according to a random variable W called
the generator. Let W;;,i = 1,...,N;,5 = S —1,...,0,
denote an (independent) random variable, having the same
distribution as W, that redistributes mass from time scale
7 into time interval ¢ (belonging to subsequent time scale
j=1.

The construction of the traffic process, starts at the coars-
est time scale S — 1 with an initial mass M distributed
uniformly over a unit time interval. We will restrict our
discussion to the case where a (parent) interval is subdivided
in only two (child) intervals. In the first iteration, a
finer time scale is produced, by dividing the time inter-
val in two new subintervals of length 1/2, and assigning
mass M Wi s—1 to the left subinterval and M W5 s_1 to
the right subinterval. At the second iteration, producing
time scale S — 2, each of these intervals generates new
subintervals, one at the left and another at the right, giv-
ing rise to four subintervals of length 1/4 with masses
MW s 1Wi,s—2, MWis_1Wa s 2, MWy s 1W3 5 2
and MWy s_1 Wy s_o, respectively. Iterating this construc-
tion process, the mass of parent interval ¢ from scale j is
redistributed into child subintervals 2¢ — 1 and 2¢ of scale
j — 1 with probabilities Wa;_1 ; and Wa; j, respectively.
Note that the mass at each time scale is only preserved in
expectation. Note also that the way mass gets redistributed
is independent from mass itself, since the W; ; are indepen-
dent of mass.

Feldmann et al. [3] proposed to use conservative cas-
cades, a special case of random cascades, as a model for
IP traffic. In conservative cascades, the generator W takes
on values in (0, 1), has mean 1/2 and is symmetric about its
mean. Furthermore, mass is redistributed such that the total
mass assigned to left and right child subintervals remains
equal to that of the parent interval. Thus, the mass is
preserved throughout the splitting process: if the mass of
the i*" parent interval is @, the mass of the left child interval
will be QW»;_1 ; and that of the corresponding right child
interval will be Q(1 — Wa;_1 ;). As a result, the mass at
all stages will be (exactly) M, if the initial mass is M.
This is the mass preservation property. Feldmann et al.
supported the adoption of conservative cascade models in
the networking context by observing that the transmitted
traffic is constructed through fragmentation at successive
network layers, and that the total number of bytes is roughly
preserved during this fragmentation process. A typical
example is the dynamics of a Web session, where user
clicks results in requests, requests give rise to connections,
connections are made up of flows, and flows consist of
individual packets.

In this study, we use the conservative cascade model
proposed in [3] as an example of a traffic model that
is able to characterize multiscaling behavior. The model
parameters are inferred using the procedure presented in
[3], where each time scale is fitted to a truncated normal
distribution with a mean that is always equal to 1/2 but with
a variance that is adjusted individually at each time scale.

III. OVERVIEW OF THE TRAFFIC TRACES

The selected traffic models and their associated fitting pro-
cedures were applied to three traces of IP traffic, one that
was measured at the University of Aveiro (trace UA) and
the others at the premises of a portuguese ISP (traces ISP1
and ISP2).

The UA trace is representative of Internet access traffic
produced within a University campus environment. The
University of Aveiro is connected to the Internet through a
10 Mb/s ATM link and the measurements were carried out
in a 100 Mb/s Ethernet link connecting the border router
to the firewall, which only transports Internet access traffic.
The UA trace consists of 20 millions packets captured on
July 10** 2001 from 10.15 AM to 3.08 PM. The traffic
analyzer was a 1.2 GHz AMD Athlon PC, with 1.5 GBytes
of RAM, running WinDump. The measurements recorded
the arrival instant and the IP header of each packet. The
mean arrival rate is 1138 pkts/sec and the sampling interval
was 0.1 seconds.

The ISP1 and ISP2 traces are representative of IP traffic
generated by a group of corporate clients. Trace ISP1
consists of 12 millions packets captured on July 27" 2001
from 10.00 AM to 10.09 AM and trace ISP2 consists of
12 millions packets captured on July 27¢* 2001 from 09.00
PM to 09.09 PM. The traffic analyzer was the same referred
above. The measurements also recorded the arrival instant
and the IP header of each packet and the mean arrival rate is
24000 pkts/sec for trace ISP1 and 26000 pkts/sec for trace
ISP2. The sampling interval was 0.01 seconds for both
traces.

Both ISP traces comprise only 9 minutes of traffic due
to buffer space limitations, since we were measuring at
a high rate link carrying aggregated traffic from several
users. However, we have analyzed several traces belonging
to successive time periods, concluding that the general
statistics were very similar within the same daily period.
The sampling interval used in the ISP traces is 10 times
lower than the one used for the UA trace, in order to have
average values for the number of packets per interval with
similar orders of magnitude in both cases.

The analysis of the autocovariance function (Figure 1) of
trace UA lead us to suspect that it exhibits LRD behavior,
due to the slow decay for large time lags. This is confirmed
by the scaling analysis, since the y; values in the logscale
diagram are aligned between a medium octave (8) and
octave 14, the highest one present in data. We will group
the time scales of the original trace in time scale ranges
having distinct scaling behaviors [22]. Classically, there
will be scaling if the log-log plot of the ¢t order energies
(usual energy is ¢ = 2) as a function of scale behaves
linearly; if the plot is (globally) non-linear, different time
scale ranges can be detected where linearity is observed (see
[21], for example). The second-order logscale diagram for
trace UA (Figure 2) identified 3 time scale ranges (within
a total of 14 time scales) defined by {(j1,72) = (1,3)},
{(Gr,32) = (3,8)} and {(j, o) = (8,14)}.

Multifractality is assessed using the LMD referred in pre-
vious section, where non-trivial multifractal scaling behav-
ior is detected when there is no horizontal alignment (within



Fig. 1. Autocovariance of packet counts,
trace UA.
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Fig. 2. Second order Logscale Diagram,
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time scale range {(j1,j2) = (1, 3)}, trace
UA.

the limits of confidence intervals). Figures 3 and Figure
5 reveal trivial multiscaling behavior over small and large
time scales whereas Figure 4 shows non-trivial multiscaling
behavior over medium time scales. The behavior observed
at small and large time scales suggests a trivial multiscaling
model, such as a self-similar one, as a good approach at
these time scale ranges, but at the medium time scales a
good fitting will theoretically require a model having non-
trivial multifractal scaling characteristics.

A similar analysis was made for traces ISP1 and ISP2,
also revealing non-trivial multiscaling behavior in some
time scale ranges. This evidence suggests the use of
multifractal traffic models for an accurate fitting of their
main statistics and queueing behavior. Among the models
selected for this study, only conservative cascades possess
intrinsically these characteristics, so we expect this model
to give the best fitting results.

IV. NUMERICAL RESULTS

We assess the suitability of the different traffic models and
the accuracy of their fitting procedures using several criteria.
Firstly, comparing both the probability and autocovariance
functions of the packet counts (number of packet arrivals
in the sampling interval) obtained with two traces: (i) the
original data trace and (ii) a trace synthesized according to
the fitted model. Secondly, analyzing the queuing behavior
by comparing the packet loss ratio obtained, through trace-
driven simulation, using those two traces. The simulations
were carried out using a fixed packet length (equal to the
mean packet length of the trace) because the selected models
only deal with packet arrival instants.

Considering trace UA, we see that it was possible to
achieve a good fitting of the first and second order statistics

time scale range {(j1,j2) = (3, 8)}, trace
UA.

time scale range {(j1,72) = (8,14)},
trace UA.

using a 12-MMPP: Figure 6 reveals a relative good agree-
ment between the probability functions of the packet counts
corresponding to the original and the fitted MMPP trace, and
from Figure 7 we can see that there is also a good fitting of
the autocovariance functions.

For the selected self-similar traffic model (fGn), only
three parameters of the original trace were adjusted: the
Hurst parameter, estimated from the second-order logscale
diagram (the estimated value was 0.971), the variance and
the average packet count. We can see that there is a
reasonable fitting of the first order statistics (Figure 8), but
the fitting of the autocovariance functions is much poorer
(Figure 9).

Taking the conservative cascade model, we can see that
there is a quite good fitting of the first (Figure 10) and
second order statistics (Figure 11) of the packet counts. Note
that the generator W in conservative cascades is assumed
to be symmetric, which makes it difficult for conservative
cascades to fit asymmetric probability distributions. How-
ever, in our case the empirical probability distribution is
symmetric, so this drawback has no impact.

To assess queuing behavior, the buffer size was varied
from 10 KBytes to 3.8 MBytes. The service rate was 547
KBytes/s (corresponding to an utilization of 0.95). The
results for all considered traffic models are presented in
Figure 12. We can observe that the fitting of the queuing
behavior was very good for the MMPP and the conservative
cascade traffic models but significant differences occurred
with the self-similar model. For this model, the result is
not surprising since the fitting of the original autocovariance
function was poor. This also shows that second-order
statistics have a significant impact on network queueing
performance, and that the fGn traffic model is too parsimo-
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Fig. 6.  Probability function of packet
counts, traces UA and MMPP fitted.

nious, being unable to approximate complex traffic streams.

For the MMPP traffic model, there was a very good fitting
of the probability and autocovariance functions of the packet
counts. At least for this trace, the accuracy of this fitting
seems to be sufficient to predict packet loss ratio perfor-
mance. However, this can be attributed to the particular
MMPP and the fitting procedure being considered, which
results from the aggregation of distinct sub-processes that
operate in different time scales. This in fact reproduces the
way multifractal traffic processes are constructed and can
help explaining the good performance in terms of queuing
behavior.

For the conservative cascade model, the fitting of the
autocovariance function was not perfect for all lag values,
although the tail of the function was conveniently cap-
tured. Despite these differences in the fitting of the second
order statistics, the queueing performance was accurately
predicted, because the time-varying scaling characteristics
of the input trace can be accounted for by the intrinsic
multiscaling characteristics the cascade model.

For the original traces ISP1 and ISP2 the fitting of the first
and second order statistics lead to similar conclusions.

In order to assess queuing behavior for the original
trace ISP1, the buffer size was varied from 10 KBytes
to 7.7 MBytes. The service rate was 12.30 MBytes/s
(corresponding to an utilization of 0.98). The results for all
selected traffic models are presented in Figure 13. In this
case, we can observe that the fitting of the queuing behavior
was good for both the MMPP and the conservative cascade
traffic models but significant differences occurred for the
self-similar model. Note that, near the origin one can see a
slight deviation between the PLR curves of the original and
the fitted traffics, since for these low buffer size values even
small differences in some peaks of the traces can produce
significant changes in PLR values. So, these discrepancies
are not too significant.

For the original trace ISP2, the queuing behavior was
evaluated considering buffer sizes varying from 10 KBytes
to 0.7 MBytes. The service rate was 12.99 MBytes/s
(corresponding to an utilization of 0.95) and the results for
all considered traffic models are presented in Figure 14. In
this case the differences between the various models are not
so pronounced. However, the self-similar model leads to
a significant deviation in the knee of the queuing behavior
curve.

In summary, the traffic multifractal behavior, clearly

Fig. 7. Autocovariance of packet counts, Fig. 8.
traces UA and MMPP fitted.

Probability function of packet
counts, traces UA and fGn fitted.

illustrated in figures 2, 3, 4 and 5, is captured by the
Markovian and the conservative cascade models. These
traffic models are able to reproduce the different scaling
behaviors observed, which is not the case with the fGn
model.

We have analyzed many other traces measured at UA
and at the portuguese ISP, and obtained similar conclusions.
Thus, our main conclusion is that MMPPs (with an appropri-
ate fitting procedure), in addition to conservative cascades,
can be used to model traffic with multifractal characteristics.

V. CONCLUSIONS

In this paper, we addressed the modeling of network traffic
multifractality by evaluating the performance of three mod-
els, covering a wide range of traffic types, as mathematical
descriptors of measured traffic traces showing multifractal
behavior. We resorted to traffic traces measured both at
University of Aveiro and at a Portuguese ISP. For the traffic
models, we selected a Markov modulated Poisson process
as an example of a Markovian model, the well known frac-
tional Gaussian noise model as an example of a self-similar
process and the conservative cascade model as an example
of a multifractal model. These models were evaluated
comparing the density function, the autocovariance and the
loss rate queuing behavior of the measured traces and traces
synthesized from the fitted models. Our results showed that
the fractional Gaussian noise model was not able to perform
a good fitting of the first and second order statistics as well as
the loss rate queuing behavior, whereas the Markovian and
the conservative cascade models both gave similar and very
good results. The cascade model is intrinsically multifractal,
thus the obtained results were not surprising. The good
performance of the Markovian model can be attributed to
the fitting procedure that aggregates distinct sub-processes
operating in different time scales, reproducing the way
multifractal traffic processes are constructed, and matches
closely both the first and second order statistics of the traffic.
The poor performance of the self-similar model can be
explained mainly by its lack of parameters.
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