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ON THE CONVERGENCE OF FARIMA SEQUENCE TO
FRACTIONAL GAUSSIAN NOISE

Joo-Mok Kim*

Abstract. We consider fractional Gussian noise and FARIMA
sequence with Gaussian innovations and show that the suitably
scaled distributions of the FARIMA sequences converge to frac-
tional Gaussian noise in the sense of finite dimensional distributions.
Finally, we figure out ACF function and estimate the self-similarity
parameter H of FARIMA(0, d, 0) by using R/S method.

1. Introduction

Many researchers have studied long range dependent process and
self-similar processes which appear in many contexts, for example, in
the analysis of traffic load in high speed networks([6], [7]). On the
other hand, self-similarity, long range dependence and heavy tailed pro-
cess have been observed in many time series, i.e. signal processing and
finance([4], [6]).

Though the various models proposed for capturing the long range
dependent nature of network traffic are all either exactly or asymptoti-
cally second order self-similar, their effect on network performance can
be very different([8], [9], [10]). Various methods for estimating the self-
similarity parameter H or the intensity of long-range dependence in a
time series has investigated([9], [11]).

In particular, fractional Gaussian noise and FARIMA sequence in
packet network traffic has been the focus of much attention ([5]). And,
there has been a recent flood of literature and discussion on the tail be-
havior of queue-length distribution, motivated by potential applications
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to the design and control by high-speed telecommunication networks([1],
[2], [3]).

In this paper we consider fractional Gussian noise and FARIMA se-
quence with Gaussian innovations and show that the suitably scaled
distributions of the FARIMA sequences converge in sense of finite dimen-
sional distributions. On the other hand, we describe the R/S method
to estimate the self-similarity H of FARIMA sequence.

In section 2, we define long range dependence, self-similar process,
fractional Brownian motion, fractional Gaussian noise and FARIMA
processes with Gaussian innovations. In section 3, we prove the weak
convergence of FARIMA sequence to fractional Gaussian noise. In sec-
tion 4, we figure out autocorrelation function and estimate the self-
similarity parameter H of FARIMA(0, d, 0).

2. Definition and preliminary

In this section we first define short range dependence and long range
dependence. Let τX(k) be the covariance of stationary stochastic process
X(t).

Definition 2.1. A stationary stochastic process X(t) exhibits short
range dependence if

∞∑

k=−∞
|τX(k)| < ∞.

Definition 2.2. A stationary stochastic process X(t) exhibits long
range dependence if

∞∑

k=−∞
|τX(k)| = ∞.

A standard example of a long range dependent process is fractional
Brownian motion, with Hurst parameter H > 1

2 .

Definition 2.3. A continuous process X(t) is self-similar with self-
similarity parameter H ≥ 0 if it satisfies the condition:

X(t) d= c−HX(ct), ∀ t ≥ 0, ∀c > 0,

where the equality is in the sense of finite-dimensional distributions.
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Self-similar processes are invariant in distribution under scaling of
time and space. Brownian motion is a Gaussian process with mean zero
and autocovariance function

E[X(t1)X(t2)] = min(t1, t2).

It is H self-similar with H = 1/2. And Fractional Brownian motion is
important example of self-similar process.

Definition 2.4. A stochastic process {BH(t)} is said to be a frac-
tional Brownian motion(FBM) with Hurst parameter H if

1. BH(t) has stationary increments
3. BH(0) = 0 a.s.
4. The increments of BH(t), Z(j) = BH(j + 1)−BH(j) satisfy

ρZ(k) =
1
2
{|k + 1|2H + |k − 1|2H − 2k2H}

Definition 2.5. Let

Gj = BH(j + 1)−BH(j), j = · · · ,−1, 0, 1, · · · .

The sequence {Gj , j ∈ Z} is called fractional Gaussian noise (FGN).

Since fractional Brownian motion {BH(t) : t ∈ R} has stationary
increments, its increments Gj form a stationary sequence. Fractional
Gaussian noise is a mean zero and stationary Gaussian time series whose
autocovariance function τ(h) = EGiGi+h is given by

τ(h) = 2−1{(h + 1)2H − 2h2H + |h− 1|2H},
h ≥ 0. As h →∞,

τ(h) ∼ H(2H − 1)h2H−2.

Since τ(h) = 0 for h ≥ 1 when H = 1/2. the Gi are white noise. When
1/2 < H < 1, they display long-range dependence.

We introduce a FARIMA(p, d, q) which is both long range dependent
and has heavy tails. FARIMA(p, d, q) processes are capable of modeling
both short and long range dependence in traffic models since the effect
of d on distant samples decays hyperbolically while the effects of p and
q decay exponentially.

Definition 2.6. A stationary process Xt is called a FARIMA(p, d, q)
process if

φ(B)∇dXt = θ(B)Zt

where φ(B) = 1− φ1B − · · · − φpB
p, θ(B) = 1− θ1B − · · · − θqB

q and
the coefficients φ1, · · · , φp and θ1, · · · , θq are constants,
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∇d = (1−B)d =
∞∑

i=0

bi(−d)Bi

and B is the backward shift operator defined as BiXt = Xt−i and

bi(−d) =
i∏

k=1

k + d− 1
k

=
Γ(i + d)

Γ(d)Γ(i + 1)
.

For large lags d, the autocovariance function satisfies for 0 < d < 1/2,

τ(h) ∼ Cdh
2d−1 as h →∞

where Cd = π−1Γ(1 − 2d) sin(πd). Thus, for large lags d, the autoco-
variance function has the same power decay as the autocovariance of
fractional Gaussian noise. Relating the exponents gives

d = H − 1
2
.

3. Weak convergence of FARIMA sequence to fractional
Gaussian noise

Lemma 3.1. Fix 0 < H < 1 and let {Zj , j = · · · ,−1, 0, 1, · · · } be a
stationary Gaussian sequence with mean zero and autocovariance func-
tion τ(j) = EZ0Zj satisfying:

(i) Case 1/2 < H < 1 :

τ(j) ∼ cj2H−2 as j →∞ with c > 0;

(ii) Case H = 1/2 :

∞∑

j=1

|τ(j)| < ∞,
∞∑
−∞

τ(j) = c;

(iii) Case 0 < H < 1/2 :

τ(j) ∼ cj2H−2 as j →∞ with c < 0 and
∞∑
−∞

τ(j) = c;

Then the finite dimensional distributions of {N−H
∑[Nt]

j=1 Zj , 0 ≤ t ≤ 1}
converge to those of {σ0BH(t), 0 ≤ t ≤ 1} where

σ2
0 =





H−1(2H − 1)−1c if 1/2 < H < 1,
c if H = 1/2,
−H−1(2H − 1)−1c if 0 < H < 1/2.
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Proof. (Theorem 7.2.11 of [5])

Theorem 3.2.

1
NH

1
M1/2

(i+1)N∑

k=iN+1

M∑

j=0

bj(−d)ak−j

converges to σ0Gi in the sense of finite dimensional distributions, as

M →∞ and T →∞, where, σ2
0 = −Γ(2−2H) cos(πH)

πH(2H−1) .

Proof. By Lemma 2 of [4],

lim
M→∞

1
M1/2

M∑

j=0

bj(−d)ak−j = GH(k).

Here, GH(k) represents a stationary Gaussian process whose covariance
function has the form τ(k) ∼ ck2H−2 and 1/2 < H < 1.
And, the covariance function of

∑∞
j=0 bj(−d)ak−j ,

τ(k) ∼ Γ(1− 2d) sin(πd)
π

k2d−1

=
−Γ(2− 2H) cos(πH)

π
k2H−2

where H = d + 1/2 , has the same form as ck2H−2. Therefore,

lim
N→∞

lim
M→∞

1
NH

1
M1/2

(i+1)N∑

k=iN+1

M∑

j=0

bj(−d)ak−j =
1

NH

(i+1)N∑

k=iN+1

GH(k)

converges to σ0Gi in the sense of finite dimensional distributions.
By Lemma 3.1, with σ0 =

√
−Γ(2−2H) cos(πH)

πH(2H−1) ,

N−H

(i+1)N∑

k=iN+1

GH(k) = N−H

(i+1)N∑

k=1

GH(k)−N−H
iN∑

k=1

GH(k)

converge to
σ0BH(i + 1)− σ0BH(i) = σ0Gi.

Theorem 3.3. Let Xi be the autoregressive process of order one, i.e.
Xi = φ1Xi−1 + ai, where ai ∼ N(0, 1) for each i. Then

lim
N→∞

1
NH

(i+1)N∑

k=iN+1

Xk = σ0Gi,
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where, σ0 =
√

φ1/1− φ1

Proof. We know that

(1− φ1B)Xi = ai,

i.e.

Xi =
∞∑

k=0

φk
1ai−k.

And, we get
CovX(k) = φk

1, k ≥ 1, |φ1| < 1.

Therefore,
τ(k) = φk

1.

Since
∞∑

k=1

τ(k) =
∞∑

k=1

φk
1 =

φ1

1− φ1
< ∞,

by Lemma 3.1 (b), we get

lim
N→∞

1
NH

(i+1)N∑

k=iN+1

Xk =
√

φ1/(1− φ1)Gi.

For each N ≥ 1, the transformation

TN : Z → TNZ = {(TNZ)i, i = · · · ,−1, 0, 1, · · · },
where

(TNZ)i =
1

NH

(i+1)N∑

j=iN+1

Zj , i = · · · ,−1, 0, 1, · · · .

Let {XH(t) : t ∈ R} be a H self-similar with stationary increments.
Then its increments

Yj = XH(j + 1)−XH(j), j = · · · ,−1, 0, 1, · · ·
is a stationary sequence.

Theorem 3.4.

TNY
d= Y
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Proof. For any θ1, θ2, · · · , θd, d ≥ 1, and N ≥ 1,

d∑

i=1

θi
1

NH

(i+1)N∑

j=iN+1

Yj =
d∑

i=1

θi
1

NH
(XH((i + 1)N)−XH(iN))

d=
d∑

i=1

θi(XH((i + 1))−XH(i))

=
d∑

i=1

θiYi.

Corollary 3.5. Fractional Gaussian noise is the only Gaussian se-

quence satisfying TNY
d= Y.

Proof. It follows from the fact that fractional Brownian motion is the
unique Gaussian H self-similar process with stationary increments.

4. Estimation of the self-similarity parameter of ARIMA
sequence with Gaussian innovations

When d < 1/2, the FARIMA process is stationary and the covariance
function of a FARIMA(0, d, 0) process with zero mean and unit variance
Gaussian innovations has the form

τ(k) =
(−1)k(−2d)!

(π − d)!(−k − d)!

∼ Γ(1− 2d) sin(πd)
π

k2d−1 as k →∞

The covariance function of the generalized FARIMA(p, d, q) proce-
sses with Gaussian innovations has additional short-term components
but follows the same asymptotic relation as the covariance function as
FARIMA(0, d, 0) processes.

Hence, we consider FARIMA(0, d, 0) in terms of d = 0.2 and estimate
the self-similarity parameter H.

The R/S method which was used by Taqqu and Willinger([10]) is
one of the better known method. For a time series X = {Xi : i ≤
1}, with partial sum Y (n) =

∑n
i=1 Xi, and sample variance S2(n) =
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(1/n)
∑n

i=1 X2
i − (1/n)2Y (n)2, the R/S static, or the rescaled adjusted

range, is given by
R

S
(n) =

1
S(n)

[
max0≤t≤n(Y (t)− t

n
Y (n))−min0≤t≤n(Y (t)− t

n
Y (n))

]
.

For fractional Gaussian noise

E[R/S(n)] ∼ CHnH , as n →∞,

where CH is positive, finite constant not depend on n.

Figure 1. Simulated FARIMA(0, 0.2, 0), n = 1, 000

Figure 2. Estimating H

The following figure 1 and figure 3 illustrate FARIMA processes in
the case n = 1, 000 and n = 10, 000.
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To determine H using the R/S statistic, proceed as follows. For a
time series of length N , subdivide the series into blocks. Then, for each
lag n, compute R(n)/S(n). Choosing logarithmically spaced values of
n, plot log[R(n)/S(n)] versus log(n) and get, for each n, several points
on the plot.

In figure 2 and figure 4, we estimate H as 0.6859 and 0.6968.

Figure 3. Simulated FARIMA(0, 0.2, 0), n = 10, 000

Figure 4. Estimating H

References

[1] N. G. Duffield and N. O’Connell, Large daviations and overflow probabilities
for the general single-server queue with applications, Math. Proc. Com. Phil.
Soc. 118 (1995), 363-374.

[2] N. Laskin, I. Lambadaris, F. Harmantzis, and M. Devetsikiotis, Fractional Levy
Motions and its application to Network Traffic Modeling, Submitted.



420 Joo-Mok Kim

[3] P. Rabinovitch, Statistical estimation of effective bandwidth, Information and
System Sciences, 2000.

[4] B. Sikdar and K. S. Vastola, On the Convergence of MMPP and Fractional
ARIMA processes with long-range dependence to Fractional Brownian motion,
Proc. of the 34th CISS, Prinston, NJ, 2000.

[5] G. Samorodnitsky and M. S. Taqqu, Stable non-Gaussian processes: Stochastic
models with Infinite Variance, Chapman and Hall, New York, London, 1994.

[6] O. I. Sheluhin, S. M. Smolskiy, and A. V. Osin, Self-Similar Processes in Tele-
comunications, J. Wiley and Sons, 2007.

[7] H. Stark and J. W. Woods, Probability and Random Processes with Applica-
tions to Signal Processing, Prince Hall, 2002.

[8] M. S. Taqqu and V. Teverovsky, Robustness of Whittle-type estimators for time
series with long-range dependence, Stochastic Models 13 (1997), 723-757.

[9] M. S. Taqqu and V. Teverovsky, On Estimating the intensity of long-range
dependence in finite and infinte variance time series, A practical guide to
heavy tails : Statistical Techniques for Analyzing heavy tailed distributions,
Birkhauser, Boston, 1996.

[10] M. S. Taqqu, V. Teverovsky, and W. Willinger, Estimators for long-range de-
pendence : Empirical study, Fractals 3 (1995), 785-798.

[11] M. S. Taqqu, W. Willinger, and R. Sherman, Proof of a fundamental result in
self-similar traffic modeling, Computer Communication review 27 (1997), 5-23.

*
School of General Education
Semyung University
Jecheon 390-711, Republic of Korea
E-mail : jmkim@semyung.ac.kr




