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ones, we will measure the running time in
generating long and short sample paths from
the FGN. We will also conduct experiments
to show that our method can generate selfsimilar traffic for specified Hurst parameters
with high accuracy.

Abstract
The present paper focuses on self-similar
network traffic generation. Network traffic
modeling studies the generation of synthetic
sequences. The generated sequences must
have similar features to the measured traffic.
Exact methods for generating self-similar sequences are not appropriate for long traces.
Our main objective in the present paper is
to improve the efficiency of Paxson’s method
for synthesizing self-similar network traffic.
Paxson’s method uses a fast, approximate synthesis for the power spectrum of the FGN
and uses the inverse Fourier transform to obtain the time-domain sequences. We demonstrate that a linear approximation can be used
to determine the power spectrum of the FGN.
This linear approximation reduces the complexity of the computation without compromising the accuracy in synthesizing the power
spectrum of the FGN. Our results show that
long traces can be generated in much less
time. To compare our method with existing

1 Introduction
Data traffic is the main component of modern
computer communication systems, and traffic models are of crucial importance for assessing their performance [19]. In practice,
stochastic models of traffic streams are relevant to network traffic engineering and performance analysis, and they are widely used
in predicting system performance. The basic
systems, of which traffic is a major ingredient, are queueing systems. Traditional traffic
models have often been devised and chosen
for the analytical tractability they induce on
the corresponding queueing systems. While
originally the validity and efficacy of models
for modern high-speed network traffic were
difficult to establish due to the unavailability of empirical data, very large sets of traffic
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measurements from working networks have
become available.
Recently, the notion of self-similarity has
been shown to apply to a variety of traffic
including wide area network (WAN) traffic
[16], local area network (LAN) traffic [13],
[21], frame data generated by variable-bitrate (VBR) video encoders [4], [10], and the
World Wide Web (WWW) transfers [5]. We
briefly review in the following some applications where self-similar traffic models have
been used.


presented. It is also shown in the papers that the burstiness of LAN traffic typically intensifies as the number
of active traffic sources increases, contrary to commonly held views.




WAN traffic. When modeling network
traffic, packet and connection arrivals
are often assumed to be Poisson processes in the past. Some recent studies have shown, however, that the distribution of packet interarrivals clearly
differs from the exponential distribution. In [16], it is concluded that Poisson arrival processes are quite limited
in modeling the burstiness of data traffic, especially when many sources are
multiplexed together. It is shown that
the WAN traffic is much burstier than
Poisson model’s prediction over all time
scales. The greater burstiness of data
traffic has implications for many aspects of congestion control and network
performance. It is suggested in [16]
that the burstiness of empirical traffic
meshes well with self-similar network
traffic models.



VBR video traffic. An analysis of a
few millions of encoded video frame
data generated by VBR video encoders
shows that the VBR video traffic appears to be statistically self-similar [4],
[10]. One advantage of the modeling
approach for video traffic based on longrange dependence/self-similarity is that
it removes entirely the subjective identification of scenes and scene changes
in some currently available VBR video
traffic modeling literature.
WWW transfers. In [5], it is observed
that traffic due to the WWW transfers
shows characteristics that are consistent with self-similarity. They trace the
genesis of Web traffic self-similarity to
the heavy-tailed distribution of available file sizes in the Web. It has been
argued in [5] and others that transferring files whose sizes are drawn from
a heavy-tailed distribution will generate self-similarity in network traffic.

All the above studies provide inspirations
for an investigation of a new type of traffic models. In particular, it is encouraged to
use stochastic processes which possess scaling properties and which have distributions
with infinite moments. Self-similar structures,
and hence fractal processes, have been employed for this purpose. The study of [21]
and others have concerned about whether it
is possible to statistically distinguish between
measured network traffic and model generated traffic. Actual traffic exhibits correlations over a wide time span (i.e., long-range

LAN traffic. An analysis of Ethernet
LAN traffic is performed in [13] and
[21]. It is shown that irrespective of
when and where the Ethernet measurements are collected, the LAN traffic is
self-similar with different degrees of
self-similarity depending on the load
on the network. Traffic models based
on self-similar stochastic processes are
5

dependence), while traditional traffic models typically focus on a very limited range of
time spans and are thus short-range dependent in nature.
A fundamental feature of a synthetic traffic generator is to provide reliable data that
can be used instead of experimental traffic
traces to assess the performance and/or to dimension the network elements that deal with
such traffic. Another important issue for the
success of traffic modeling in teletraffic practice is the ability to quickly generate traces of
synthetic traffic from a chosen traffic model.
While exact methods for generating traces
from some basic self-similar processes exist,
they are in general only appropriate for short
traces and becomes impractical when the required number of samples becomes exceedingly large.
This paper presents a fast method for generating long traces of self-similar traffic. Our
method will also guarantee to generate selfsimilar traffic with high degree of accuracy
in terms of burstiness measures (i.e., the Hurst
parameter estimated from the traffic trace).
There are three mathematical models used
often to model the self-similarity effect: The
fractional Gaussian noise (FGN), the fractional Brownian motion (FBM), and the fractional autoregressive integrated moving average (F-ARIMA) process. We will investigate
in this paper the use of FGN for generating
self-similar network traffic. Our goal is to
develop a fast method in generating the spectral density function for the FGN so that the
FGN can be generated by taking the inverse
Fourier transform (FFT).
Approaches for generating self-similar sequences based on the three mathematical models mentioned above have been reported in
the literature. Paxson [15] reported a fast approach using FFT to generate the FGN. The
present approach constitutes an improvement

to Paxson’s and our simulation results in this
paper will show that the present approach and
Paxson’s approach can generate high quality
self-similar sequences (i.e., the Hurst parameters of the generated sequences agree with
the target values). An approach for generating self-similar traces based on the FBM was
reported in [12]. However, our simulation results show that the approach of [12] fails to
provide stationary increments which violates
one of the desired properties of FBM [11].
Hosking’s method reported in [9] for generating self-similar sequences based on the FARIMA is known to be very slow. In addition, due to the iterative use of equations in
this approach, an improvement to the speed
of computation seems difficult. All these motivate the choice of FGN to model the selfsimilar processes in the present study.
The present paper is organized as follows.
In Section 2, we present a brief review of the
FGN. In Section 3, we develop a method using a linear approximation to calculate the
power spectrum of the FGN. In Section 4, we
compare the method developed herein with
existing methods for generating self-similar
traffic in terms of the computation time. We
will also show the accuracy of the present approach in generating self-similar traffic with
given Hurst parameters. Finally, in Section 5,
we conclude the present paper with a few
pertinent remarks.

2 The Fractional Gaussian
Noise
Long-range dependence in a time series is
the presence of a significant correlation between observations of signals separated by
large time spans. It is closely linked with
self-similar stochastic processes and random
fractals which have been considered exten6

sively, though only recently, for signal processing applications.
Let      be a
covariance stationary (also called wide-sense
stationary) stochastic process with mean  ,
variance  and autocorrelation function "!$#"% ,
#& ''( . In particular, we assume
that  has an autocorrelation function of the
form
"!$#"%*)+#-,/.  , 1032$4 !$#"%
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respect to their autocorrelation functions. The
fractional Gaussian noise (FGN) [13] and the
fractional Brownian motion [11] are examples of exactly self-similar processes and the
fractional autoregressive integrated moving
average process is an example of asymptotically self-similar processes [3].
The simplest models with long-range dependence are self-similar processes, which
are characterized by hyperbolically decaying
autocorrelation functions. Self-similar and
asymptotically self-similar processes are particularly attractive traffic models because the
long-range dependence can be characterized
by a single parameter : . Self-similar traffic models offer parsimonious descriptions of
complex traffic processes, though the complete analysis of these models is an area where
further research is needed [7]. Self-similarity
manifests itself in a couple of different ways:
A spectral density that diverges at the origin
[ o3!qpr%s)  I_p-t" uXwvZXx ], and a nonsummable autocorrelation function (indicating long-range dependence) [4]. Another characteristic that spans many time scales is the
heavy-tailed nature of the density function
describing self-similar processes [5].
In [14], the FGN is introduced as a family of random processes that the interdependence between values of the process at instants of time far distant from each other is
small but non-negligible. The term “fractional noise” can be explained from spectral
theory. Classically, a white noise is defined
as a random process having a spectral density
independent of the frequency o . As a result,
the time integral and derivative of the white
noise, and its repeated integrals or derivatives, all have spectral densities of the form
o , zy , with { an integer. Fractional noise,
on the contrary, can be defined as having a
spectral density of the form o , zy , with { a
non-integer fraction. This explains the term

(1)

where : is called the Hurst parameter and
4 !;<% is slowly varying at infinity, that is,
?= >A@
=?=
4 !GF7H%JI 4 !KH%LMNPOQR5
FTSU
CBED

(2)

An example of such slowly varying functions
=
which satisfies (2) is given by 4 !PH%V OW-!KH% .
The Hurst parameter : in (1) is in the range
 IYXZ:
X[ and it characterizes the process in terms of the degree of self-similarity
and long-range dependence. The degree of
self-similarity and long-range dependence increases as :[8  . For each \]^_'`(a
let  .cb 2d  e .cb 2 #f '` denote a new time series obtained by averaging
the original series  over non-overlapping
blocks of size \ ; that is, for each \]^'`'
  e .cb 2 is given by
 e .cb 2 

 e

bg,hb3ikjl


\

l

 e

b 

#m^`

Note that for each \ , the aggregate time series  .nb 2 defines a covariance stationary process.
The notion of self-similarity and asymptotic self-similarity has been introduced in the
literature (see, e.g., [4], [13], [15], [20]). A
process  is exactly or asymptotically secondorder self-similar if the corresponding aggregate processes  .cb 2 are the same as  , or,
become indistinguishable from  at least with
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“fractional noise,” or more precisely “fractional white noise.” By repeated integration
or differentiation, one can restrict { to any
interval of unit length. It can be shown that
for the FGN, {|}:
~< [14].
l
In the present paper, we adopt the notation in [2], where the power spectrum of the
FGN is given by
o!qp:|%3 !$p:%$p , 10 ,/j

l

displacement [12], spatial renewal process
[18], and wavelet transformation [8].
An approach is proposed in [15] for generating the FGN using FFT. Suppose that the
power spectrum o!qp:|% of the FGN process
in (3) is known. Then, we can construct a
sequence of complex numbers corresponding to this power spectrum, i.e., construct a
frequency-domain sample path. An inverse
Fourier transform can then be used to obtain
the time-domain counterpart sequence. The
main difficulty with this approach lies in accurately computing o3!qp:|% in a timely manner. Another problem is to find a frequencydomain sample path that truly corresponds to
the FGN power spectrum. In [15], an approximation is performed by using the midpoint value of two integrals and by retaining
some terms of the infinite summation that is
used to calculate the FGN power spectrum.
As we can see from equation (4), each
term in equation (4) is a function of the index # of the summation and the frequency
p . The calculation of the power spectrum of
the FGN implies the computation of an infinite summation for every frequency p . In
order to find a fast and accurate way to approximate equation (4), we need to analyze
the terms in the summation. Usually, p takes
values in the range from  to  due to symmetry of the spectrum. The number of frequency samples depends on the length of the
trace required. The best way to evaluate the
summation consists of exploiting the speed
improvement of vector operations offered by
the programming languages. In this case, p
is a vector which contains the different discrete frequency values.
Consider the first term in (4),

!qp:|%

(3)

for mXU:X and Epdu , where
 !$p:|%*}6

>A

!K:|%g!q_:

%(!;VO6kpk%
l

and


!qp:|%*

l

D
e
j



!q #
l

pr%, 10 ,/j

!q #pk%, 10 ,/j

(4)

In the above expression for  !qp:|% , g!1¡% indicates the Gamma function. Simple calculations show that the FGN is exactly secondorder self-similar with self-similarity parameter : , as long as ~n XU:X [7], [13].

3 Computation of the FGN
Power Spectrum Using a
Linear Approximation
There are several existing methods reported
in the literature for synthesizing sample paths
of self-similar processes including the FGN.
The existing methods include autoregressive
processes [13], [20], fractional autoregressive integrated moving average process [3],
[4], [9], fast Fourier transform (FFT) [15],
alternating renewal process [21], queueing
processes [13], [16], [20], random midpoint

!$¢#
l

pk%, 10 ,/j£~

This term decreases as # goes to infinity. Actually, for big values of # this term remains
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performed starting with #M  and ending
at a # that the remaining error in the compuD is less than ~c' ¸ . In this
tation of
 J·
case,
D is almost a linear function of p .
 J·
For ~n¬X©: Xw the linear approximation
does a better job than for ~<Xw: X¹~n¬ .
D can be perfectly apOn the other hand,
±º ·
proximated, for any : , using a linear function of p , as illustrated in Figure 2. In the
sequel, we will develop a method for using
a linear approximation to evaluate equation
(4).

approximately constant for all the values of
p in the range ¤p¥ . Table 1 shows
pr% , 10 ,/j
the relative errors between !$¢#
l
and its linear approximation in the form of
¦ p
for several values of # and p , where ¦
l|§
and are determined by minimizing a mean§
squared error. We can see from the table
that the error is much larger for #w than
that for #¨S© . As the value of # increases,
!q #
pk% , 10 ,/j is approximately a linear
l
function of p . For #&ª«` the deviation is
very small. Table 2 shows the relative errors between the second term in (4), !q # 
pr% , 10 ,/j , and its linear approximation. We
can draw conclusions similar to the above
from Table 2.

Table 2: Deviation of !$¢#pr% , 10 ,/j
from linearity ( :¹}~n¬ ).
p

#m

0.314
0.628
0.943
1.257
1.571
1.885
2.199
2.513
2.827


1
6.03%
1.64%
_~n®¯¬ %
°²~n`³ %
µ~n³³ %
µ~n³ %
°²~n³ %
±'~n® %
4.31%
11.48%

#m

2
2.14%
0.65%
°~n' %
´~c` %
´~n¬ %
´~n¬ %
´~n_³ %
°~c`` %
1.10%
3.06%

#T

3
1.09%
0.34%
°~<7` %
°~n³ %
°~n® %
°~n® %
°~n³' %
°~A¬ %
0.49%
1.39%

#m

4
0.65%
0.21%
±'~A` %
±'~n`³ %
±'~c²¯® %
±'~c²¯® %
±'~n`³ %
±'~A %
0.28%
0.79%

#T

1
49.21%
19.70%
°~n¬ %
´`~c`¯ %
´»~n7² %
´»~n' %
´ '~n_` %
±¬'~c`¯¬ %
3.13%
15.4%

~c`²
~c³¯_®
~c»_²¯`
~n¬
~n¬'
~c®®¯
'~C»»
'~n'`
'~c®¯¬


pr% , 10 ,/j
Table 1: Deviation of !$¢#
l
from linearity ( :w~n¬ ).
p

#m

# 

2
5.68%
2.08%
±'~< %
µ~A» %
±`'~n %
±`'~n` %
µ~n`¯ %
±'~n»_² %
1.03%
3.54%

3
2.07%
0.37%
°~n7² %
°~c®® %
´~C» %
´~C» %
°~c» %
°~c`¯ %
0.47%
1.53%

#m

4
1.06%
0.37%
°~A(² %
°~c²¯¬ %
°~n³_` %
°~n³_` %
°~c²® %
°~A® %
0.27%
0.85%

Using (3) to get the power spectrum involves the infinite summation as in (4). We
will now write (4) as

As shown in Tables 1 and 2, each term
in (4) ( #¶ª ` ) can be approximated using
a linear function of p . Because the addition of linear functions is also a linear function, it is possible to use a linear approximation to estimate the infinite sum in equation
(4). The illustration in Tables 1 and 2 suggests that a better approximation using a linear function for in (4) should not include

the terms for #  and #}« . Figure 1
shows
D for different values of : . The
 J·
index 39 means that the summation was



l



 

!qp:|%*

e

!$¢#

j

l

!$¢#¨pr%, 10 ,/j

pr%, 10 ,/j

l¼±º ·

D

where
°º ·

D

l
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D
e
º



!$¢#
l

pr%, 10 ,/j

!q #¨pk%, 10 ,/j1

D using a linear
In order to approximate
±º ·
function of p , we define ½|!qp:|% as
½|!qp:|%*

¦ p

l¨§
¦
To show the dependence of and on : , we
§
should express them as ¦ !$:|% and !$:|% , re§

 ¦
l


Ç

§



D

À Â Á ÊÉ
e

!q¢#

!q #¨pk% , 10 ,/jHÌ ! ¦ p
l

¾

Ç
§

Mµ

D
e

ºÎ

ÀÂ Á !$¢#

}ÓÐ!G:|%
§

(7)

º*Î

!q #3% , 10´s!q¢#
% , 10
l
Ï
7:

(8)

(6)

 D
e
º

É À Â Á pR!$¢#
l

pr%, 10 ,/j Æ p

¦
pk% Æ p
À¼Â Á pR!$¢#k±pr%, 10 ,/j Æ p Í  
À Â Á ! p 
lµ§
l

After some manipulations, we get
 º ¦
l
`



ÔÐ!G:|%
§



(9)

where ÔT!$:% is given by

l§

l



We proceed in the same manner to calculate
Ç
Ç
Ç
Ç
¾_I ¦ . By letting ¾_I ¦  , we get

%ÍV!;´ % Æ p

l

É

e
º

!q¢#%(!q #
Ë

l

% , 10

!q #"%(!$¢#ÕY%, 10 "!q #"%, 10 ikj;ÌI_:


!q¢#
Ë

pr%, 10 ,/j Æ p

D


ÔÐ!G:|%*

The summation inside the integral defines a
function which is continuous on the closed
and bounded interval [0,  ]. We can interchange the order of the summation and the
integral [6] to obtain
Ç

e

pk% , 10 ,/j
l

ºrË

D

ÓT!$:|%

The integral goes from  to  because we
need to minimize the error only in that interval.
The minimum value of ¾ is obtained when
Ç
Ç
Ç
Ç
¾_I ¦ È and ¾_I
x . Hence, using
§
Leibnitz’s rule [17] to derive under the integral sign, we get
¾

% Æ p

where ÓT!$:% is given by

spectively. Nevertheless, to avoid using cumbersome notation, we will use ¦ and with§
out forgetting their dependence on : . We
will determine ¦ and through optimization
§
in the sense of a mean-squared error. We define the mean-squared error ¾ as

Ç

lÒ§

which implies that

(5)

¾¿À¼Á
D !qp:|%R¨½|!$p:|%1Å rÆ p
ÂÄÃ °º ·

À¼Â Á ! ¦ p

À¨Â Á !$¢#±Ñpr%, 10 ,/j Æ pÏT
l

l

%, 10 ikj
l

!q #Y%, 10 ikj

±"!q #"% , 10 ikj ÌI"!$_:Äu % Í

(10)

We note that (10) is for the case when : S
~n . For comparison studies in Section 4, we
also derived ÔT!$:|% for :[~< as

 À Á !¦ p
% Æ p
À Â Á !$¢#LTpr%, 1 0 ,/j Æ pÏ
Â
l
l
l §
Ð
Ç
Ç
  , we get

By letting ¾I
§
D

 #
pr%, 10 ,/j Æ p
À¨Â Á !$¢
l
e
º3Î

ÔT!$:%*

10



D
e
º

É

 #
¢
 #

l
l

 #
¢
¢# 

=?
l

!q¢#
l

=A

%

µÖ¨

!$¢#Y%

l
=?

!q¢#% Í

approach and that of [15], an inverse Fourier
transform (i.e., FFT) is performed to obtain
the time-domain sequence. We will perform
a comparison study of the present approach
with that of [15] in the next section.

(11)

Solving for ¦ and in equations (7) and (9),
§
we get
³

¦ ^

§

ÓÐ!G:|%



 



²

 
l

ÓT!$:|%

 º
³
 

ÔT!$:|%

ÔÐ!G:|%

4 Simulation Studies

(12)
In this section, we will compare the computation time in generating self-similar network traffic based on the FGN, the fractional
Brownian motion, and the fractional autoregressive integrated moving average process,
and compare the accuracy of the traffic generated with given Hurst parameters.
To compare first the approximation error
of the present approach with [15], we calculated the relative error of our approach for the
computation of !$p:% . The relative error

is defined as

(13)

Equations (12) and (13) are the core of
our approximation. Figure 3 shows plots of
the functions ¦"× versus the number of terms
used in the summation (Ø ) for several values
of : . The slope of the linear approximation,
¦ , converges very fast, and a value of ØÙ7
seems to be sufficient. The illustration for
function shows that does not converge
§
§
that fast, and a minimum value of ØÚ¥__
is required. We also performed experiments
for × using Ø¥²¯ , which resulted in no
§
significant improvements.
We note that in the computation of (3)
and (4) for the power spectrum of the FGN,
infinite summations are required for every p .
In the present approach, using the linear apD as in (5), we do not
proximation for
°º ·
need to perform infinite summations for any
p . Instead, we only need to perform two infinite summations as in (8) and (10)/(11) for
the computation of parameters ! ¦  % in the
§
linear approximation. This is a significant
computational reduction.
The approximation in [15], as described
earlier, utilizes the midpoint value of two integrals and retains some terms of the infinite
summation for the calculation of the FGN
power spectrum. In comparison, the present
approach utilizes linear approximation for the
infinite summation of the FGN power spectrum. It is emphasized that in both the present

ÛÜ


!$p:%R




±º ·

¦ p
!qp:|%
Å
Ã ¿j · 
l
l¨§
!qp:|%


D !$p:|%R! ¦ p
%
l§
!qp:|%


(14)

In the calculation of !$p:% in (14), we used

10,000 terms in the summation which is the
same number of terms as used in [15]. In
all our simulation studies, a Sun SPARC 20
workstation and Matlab were used to run our
algorithms. As we can see from Figure 4, the
relative error does not exhibit any bias and it
is almost independent of : with a maximum
value of 0.15%. On the other hand, it has
been reported in [15] that Paxson’s approximation exhibits an error up to 0.5% with a
positive bias.
There are three different methods to estimate the Hurst parameter of self-similar processes [4]: (1) time-domain analysis based
on the R/S statistics; (2) frequency-domain
11

show the time for the computation of !qp:|% ,

and it does not include the computation time
for the inverse FFT, for example. We can
see from Table 4 that Paxson’s approximation takes about twice as much time as ours
in all cases considered. By carefully comparing Paxson’s method with ours, we can
see that Paxson’s method requires more than
double vector operations than our method and
hence, it requires more computation time and
more memory space than our method.

analysis based on the periodogram; and (3)
analysis of variances of the aggregate processes, i.e., the variance-time plot method.
We conduct in this paper a comparison study
of the three methods for estimating the Hurst
parameter of sequences generated using our
approach. The results are shown in Table 3.
For each value of :ÈM~n_'~<k~n» ,
we synthesized 100 sample series of length
32,768 using the present approach. Then, we
used the above three methods to estimate the
value of : . Table 3 shows the mean (the
first row) and the standard deviation (the second row) for each value of : estimated using
each method. As we can see from Table 3,
the variance-time plot method, with a maximum deviation 9%, has the smallest deviation in most cases, while the periodogrambased method shows the smallest bias among
the three methods. For aggregation of traffic
generated using the present approach at levels of \]^_'²"®³`¯'³_² _®_³'
¯¢² , we estimated the Hurst parameters using the three methods mentioned above. The
estimates were extremely stable and practically constant over the range of aggregation
levels Ý©\ ¹¯¢² . The standard deviation was below 0.005 for both the variancetime plot method and the periodogram-based
method. For the R/S statistics method, the
standard deviation was a little higher than the
other two methods, and values around 0.07
were observed. Because the range includes
small values of \ , the synthetic series can be
regarded as exactly self-similar [4], [13]. We
recall that the FGN is exactly second-order
self-similar.
Our next simulation compares the computation time of the present approach and that
of [15] in approximating the infinite summation !$p:|% for the computation of the FGN

power spectrum. The results are shown in
Table 4. We note that in Table 4, we only

Table 3: Comparison of the three methods
for estimating the Hurst parameter.
Target
:

0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95

VarianceR/S
PeriodoTime
Statistics
gram
0.500
0.553
0.506
0.006
0.017
0.004
0.550
0.595
0.551
0.006
0.018
0.020
0.598
0.633
0.604
0.006
0.021
0.009
0.650
0.675
0.656
0.005
0.019
0.009
0.697
0.712
0.707
0.006
0.021
0.008
0.747
0.751
0.759
0.007
0.023
0.008
0.793
0.783
0.807
0.006
0.021
0.008
0.839
0.819
0.858
0.007
0.023
0.009
0.877
0.847
0.908
0.009
0.019
0.010
0.912
0.877
0.959
0.009
0.020
0.007

To compare the total time needed for generating self-similar sequences, we conducted
the following simulation study. Table 5 shows
the running time of several algorithms for generating self-similar sequences. The second
column of Table 5 shows the running time
12

of our approach based on the linear approximation. This table also shows the running
time using Paxson’s approximation [15]. In
our approach and the approach of [15], an inverse Fourier transform is performed to generate the time sequence for self-similar traffic. Again, because Paxson’s method requires
more than double vector operations than our
method, it requires more computation time
and more memory space than our method.
The rest of Table 5 shows the running time of
the random midpoint displacement method
(RMD) for generating the fractional Brownian motion [12], the spatial renewal process
(SRP) method for generating the FGN [18],
and the Hosking’s method for generating the
fractional autoregressive integrated moving
average process [9]. Each method has advantages and disadvantages. Hosking’s method
is the slowest one, while our method is the
fastest of all the methods in Table 5.

requires a minimum aggregation level of ten.
The running times shown in Table 5, for the
SRP model, were calculated using an aggregation of ten independent processes; the probability distribution was approximated using
a piecewise function of five linear functions.
The quality of the generated traffic using the
SRP is not satisfactory, and the value of the
Hurst parameter does not remain constant for
several levels of aggregation, which agrees
with the findings in [18]. The RMD method
is one of the fastest, as shown in Table 5.
Nevertheless, it fails to provide stationary increments when : ©
Þ ~n which implies that
the resulting process is only an approximation of FBM [8]. Furthermore, the wavelet
interpretation of the RMD method indicates
that the system is not orthonormal [8]. The
FFT method, using Paxson’s approximation
and the present approach based on a linear
approximation, generates high quality selfsimilar sequences, where the Hurst parameters of the samples agree with the target values. We observed that the Hurst parameter
remains constant for several levels of aggregation in the variance-time plot, in the R/S
statistics, and in the periodogram.
Finally, we use Figure 5 to show a few
synthetic self-similar series generated using
the present method. From this figure, we can
clearly see that strongly correlated data are
generated for large values of : . For large
: , the series tends to exhibit low frequency
cycles, which is a typical behavior of selfsimilar/LRD traces. It is also observed in the
figure that for values of : close to 0.5 (shortrange dependence) the sequence resembles
white noise, as expected.
It is worthwhile to say that using the linear approximation method presented in this
paper to calculate the FGN power spectrum
allows us to quickly generate high quality
self-similar sequences.

Table 4: Running time in seconds for
approximating !qp:|% .


Length
Our approach
8,192
0.18
16,384
0.37
32,768
0.84
65,536
1.64
131,072
3.27
262,144
6.49
524,288
13.00
1,048,576
86.99
2,097,152
379.36

Paxson’s
0.37
0.80
2.06
3.38
6.84
14.97
27.12
168.69
724.50

The method based on the alternating renewal process [21] requires the multiplexing
of an infinite number of independent process.
This is one of its disadvantages, and a balance between speed and quality of the generated sequence must be determined. The
SRP method has the same disadvantage. It
13

Table 5: Running time in seconds for
generating self-similar sequences.
Length
Our approach
65,536
5
131,072
10
262,144
22
524,288
45
1,048,576
94
2,097,152
259

to compare the present approach with existing ones in terms of the computation speed
and the accuracy in generating self-similar
traffic with given Hurst parameters. We concluded that our approach is the fastest in computation speed among all the methods in our
simulation and our approach guarantees to
generate self-similar traffic with high degree
of accuracy in terms of burstiness measures.

Paxson
7
12
24
48
260
659
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Figure 5: Traces generated using the present approach for several values of : .
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