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Abstract. Long-range dependence and self-similarity are two basic properties of
network traffic time series. Fractional Brownian motion (fBm) and its increment
process fractional Gaussian noise (fGn) are commonly used to model network
traffic with the Hurst index H that determines both the regularity of the sample
paths and the long memory property of traffic. However, it appears too restrictive
for traffic modeling since it can only model sample paths with the same
smoothness for all time parameterized by a constant H. A natural extension of
fBm is multifractional Brownian motion (mBm), which is indexed by a
time-dependent Hurst index H(z). The main objective of this paper is to model
multi-fractality of traffic using H(¥), i.e., mBm, on a point-by-point basis instead
of an interval-by-interval basis as traditionally done in computer networks. The
numerical results for H(f) of real traffic, which are demonstrated in this paper,
show that H(r) of traffic is time-dependent, which not only provide an alternative
evidence of the multifractal phenomena of traffic but also reveal an challenging
issue in traffic modeling: multi-fractality modeling of traffic.

Keywords: Network traffic modeling, fractals, multi-fractals, multifractional
Brownian motion, local Hurst function.

1 Introduction

Experimental observations of long-range dependence (LRD) and self-similarity (SS) of
traffic time series in computer communication networks (traffic for short) were actually
noted before the eighties of last century [1]. The description of traffic in [1] was further
studied and called “packet trains” during the eighties of last century [2]. However, the
properties of LRD and SS of traffic were not investigated from a view of self-affine
random functions, such as fractional Brownian motion (fBm) or fractional Gaussian
noise (fGn), until the last decade, see e.g. [3], [4], [5], [6], [7], and our previous work
(81, [91, [10], [11], [12].
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Further research of traffic exhibits that traffic has multifractal behavior at small
time-scales. However, the multifractal behavior of traffic is conventionally described
on an interval-by-interval basis by using H(n), where H(n) is the Hurst parameter in the
nthinterval forn=1,2, -, see e.g. [13], [14], [15], [16], [17], [18], and our recent work
[19]. Note that H plays a role in computer networks, see e.g. [20], [21], and our recent
papers [19], [22], [23]. Hence, modeling multi-fractality of traffic becomes a
contemporary topic in traffic modeling. From a practice view, any models of
multi-fractal phenomena of traffic are desired as they may be promising to understand
and or find solutions to some difficult issues, such as simulation of the Internet,
performance evaluation, network security, and so forth, in networking as can be seen
from [15], [19], [34]. [35].

Owing to the fact that a monofractal model utilizes fractional Brownian motion
(fBm) with the constant Hurst index H that characterizes the global self-similarity,
see e.g. [24], we need studying the possible variation of scaling behavior locally. To do
so, fBm can be generalized to multifractional Brownian motion (mBm) by replacing the
constant H with a time-dependent Hurst function H (), which is also called the local
Holder exponent see e.g. [26], [27], and our work [28], [29], [30]. In this paper, we
discuss and describe the multi-scale and multi-fractal properties of real traffic based on
H(f). We shall exhibit that H(¢) of traffic change erratically with location ¢. Itis noted

thatif H(¢) is allowed to be a random function or a random process, then the mBm is a
multifractal process. We note that H(r) differs substantially from H(n) on an

interval-by-interval since it can reflect the multifractal behaviors on a point-by-point
basis. To the best of our knowledge, modeling multi-scaled and multi-fractal
phenomena of real traffic using H(r) is rarely seen.

The rest of paper is organized as follows. We address modelling the multi-fractality
of traffic based on the local Hurst function in Section 2. Discussions are given in
Section 3, which is followed by conclusions.

2 Multi-fractality of Real Traffic

A direct generalization of fBm to multifractional Brownian motion (mBm) can be
carried out by replacing the Hurst index with a function H(f), satisfying

H :[0, o] — (0, 1). This was first carried out independently by Peltier and

Levy-Vehel [27] and Benassi, Jaffard and Roux [31] based on the moving average and
harmonizable definitions respectively. Following [24] and [26], we define mBm X ()

by Eq. (1), where >0 and H :[0, ] = (a, b) (0, 1) is a Holder function of
exponent >0, and B(r) is the standard Brownian motion. The variance of By, is

_T(2-H(t))cos(wH (1))
@ TH(H(2H (t)-1)

given by Eq. (2), where o7, . Since o is time-dependent,



1014 M. Li et al.

it will be desirable to normalize B, such that E [(X (t))2J=|t|2H“) by replacing

X (1) with X@)
H(r)
1 0
_ NHO-12 _ \H(n)-1/2
X0 = e U(t 9 (=)0 ] aBs)
. ) (1)
+Ia—sf””4”d3m1
0
E[(X0) |= 0, [ @)

For the subsequent discussion, X () will be used to denote the normalized process.

The explicit expression of the covariance of X (¢) can be calculated by

E[Xt)X(1)]=

(3
H(t)+H(ty) H(t)+H(ty) H(1)+H (1)
N(H), H(,)) |:|t1| It,| |t -1 J
where
I'Q-H(t)—-H(t,)))cos (HH(II)-;H(tz)j

N(H(tl)’ H(tz))=

H(H(tl);H(tz)j(H(tlHH(tz)—l)

With the assumption that H(¢) is f -Holder function such that 0 <inf(H (¢)) <
sup(H (¢)) < (1, f), one may approximate H (¢ + pu) = H(t) as p — 0. Therefore, the
local covariance function of the normalized mBm has the following limiting form

E[X(t+D)X ()]~ %(|t + T|2H(t) +|t|2H(” —|T|2H(t) ) 0. 4)

The variance of the increment process becomes

2H (1)
-[7

E{[X(t+r)—X(t)]2} , 70 )

implying that the increment processes of mBm is locally stationary. It follows that the
local Hausdorff dimension of the graphs of mBm is given by
dim{X (¢), t€[a, b]}=2—min{H(?), t€ [a, b]} (6)

for each interval [a, b]c R".

Due to the fact that the Hurst index H is time-dependent, mBm fails to satisfy the
global self-similarity property and the increment process of mBm does not satisfy the
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stationary property. Instead, standard mBm now satisfies the local self-similarity.
Recall that fBm B, (¢) is a self-similar Gaussian process with B, (at) and a” B, (t)

having identical finite-dimensional distributions for all a > 0. For a locally self-similar
process, therefore, one may hope that the following expression can provide a
description for the local self-similarity of X (¢):

X(at)=a"" X (t), Va >0, 7

where = stands for equality in distribution. However, this definition of locally
self-similar property would lead to a situation where the law of X (s) depends on

H(t) when s is far away from 7: X (s) = (s/t)"" X (t). A more satisfactory way of

characterizing this property is the locally asymptotical self-similarity introduced by
Benassi, Jaffard and Roux [31]. A process X (¢) indexed by the Holder exponent

H(t)e C? such that H(t):[0, ] — (0, 1) for e R and B >sup(H (t)) is said to be

locally asymptotically self-similar (lass) at point ¢, if

lim
p—0,

X -X
( (tO +pp['lllt30) (tO)J = (BH(fo)(u))ueR ’ (8)

where the equality in law is up to a multiplicative deterministic function of time and
By, 1s the fBm indexed by H(z,). It can be shown that mBm satisfies such a locally
self-similar property. In passing, the property described by (8) is also analyzed in our

recent work [32] from a view of the Cauchy class.
Based on the local growth of the increment process, one may write a sequence

J+k

S, () =——=S|X(i+D-XG), 1<k<N, )
N-175

where m is the largest integer not exceeding N /k. The local Hurst function H(¢) at

point ¢t = j/(N —1) is then given by

_logVT/28,(j))

B === v —1)

(10)
The function H(¢) in (10) can serve as a numerical model of multi-fractality of
traffic. Now, we select 4 widely-used real-traffic traces in computer networks. They are

DEC-PKT-n.tcp (n = 1, 2, 3, 4) [33]. Fig. n (a) shows their time series, where X (i)

implies the number of bytes in the ith packet (i =0, 1, 2, ...). Fig. n (b) illustrates the
corresponding local Hurst function.

Recall that the mBm is a locally self-similar process. For H(¢) which is a

continuous deterministic function, the resulting mBm is a multi-scale process. On the
other hand, if H(¢) is a random function or a random process, then the mBm is a
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Fig. 1. (a) Traffic time serie s X(i) of DEC-PKT-1.tcp. (b) Local Hurst function of X()
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Fig. 2. (a) Traffic time series X(i) of DEC-PKT-2.tcp. (b) Local Hurst function of X(7)
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Fig. 3. (a) Traffic time series X(i) of DEC-PKT-3.tcp. (b) Local Hurst function of X(7)
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Fig. 4. (a) Traffic time series X(i) of DEC-PKT-4.tcp. (b) Local Hurst function of X(7)
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Multifractal process. From the above figures, it is obviously seen that H(¢) appears
random. Thus, H (¢)s illustrated in Fig. 1 (b) ~ Fig. 4 (b) are numerical models of
multi-fractality of real traffic DEC-PKT-n.tcp (n=1, 2, 3, 4).

3 Discussions

The previous figures provide verifications that traffic has the nature of multi-fractal.
Recall that the Hurst parameter characterizes the burstness of process from a view of
networking. From the above figures, we see that the local Hurst function of a
real-traffic series is time varying. Thus, a traffic series may have different burstness at
different points of time. As known, if the space of a buffer is occupied, some packets
will be dropped and they will be retransmitted late when traffic load becomes light but
these packets suffer from delay. The above H(f)s provide evidences that, during a

communication process, why packets are delayed due to traffic congestion and why
delay is usually a random variable.

Further, the local Hurst functions in Figs. 1 (b) ~ 4 (b) verify that traffic has strictly
alternating ON/OFF-period behavior, where the term “strictly alternating ON- and
OFF- periods” implies 1) the length of ON-periods are independent and identically
distributed (i.i.d.) and so are the length of OF F-periods, and 2) an OF F-period always
follows an ON-period [16].

The assumption that the Hurst function is continuous implies H(t+7) = H(¢t) for

7 — 0. Therefore, the normalized mBm has the covariance in the following limiting
form:

EX(+0X O1= 05" +|r+2"" =[z""), 70, (11)
The variance of the increment process is given by
E|:|X(t+T)X(t)|2:| :|z'|2H('), 0. (12)

Therefore, one sees that the increment process of mBm is locally stationary.
In practice, a process is causal. Hence, we consider X, (#) which stands for a causal

process with the starting point ¢ = 0. In this case, one has the one-sided mBm based on
fractional integral of Riemann-Liouville type as follows [30]:

X, () HO-03 4B(u). (13)

=—|(t—u
I"(H(t)+1/2)-([( )
For t, <t,, we have the covariance

E[X.(t)X,(1t)]=
H ())+05 (H(1,)-0.5 14
S X F(0.5—H(,), 1, H@t)+1.5, 1,/1,). 14)
(Ht)+DI'(H(#,)+0.5I(H(t,)+0.5)
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The variance of X, (f) has the similar form as that of X(¢), i.e., ~ |t|2H(t) up to a
deterministic (or random) function of H ().

Though the previous discussed H(f) appears time dependent as can be seen from

Figs. 1-4, its analytic model remains unknown. Clearly, the multi-fractality of traffic
may be quantitatively modelled if analytic models, either deterministic or statistic, of
H(t) achieve. Either is greatly desired in practical applications such as pattern

recognition of traffic as can be seen from [12], [19]. Finding analytic models of H (¢)
is our further aim that is certainly attractive.

4 Conclusions

We have given and demonstrated the multi-fractality of real traffic based on the local
Hurst functions. The present results exhibit that the local Hurst functions of
investigated real traffic show that H(z) of traffic is time-varying. The significance of the
present results is not only to show multifractal phenomena of traffic on a point-by-point
basis instead of an interval-by-interval basis as conventionally done in computer
networks but, more importantly, to make the research of the multi-fractality of traffic a
step further towards modeling multi-fractality of traffic.
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