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The understanding of turbulence in magnetized plasmas and its role in the cross field transport is
still greatly incomplete. Several previous works reported on evidences of long-time correlations
compatible with an avalanche-type of radial transport. Persistence properties in time records have
been deduced from high values of the Hurst exponent obtained with the rescaled range R /S analysis
applied to experimental probe data acquired in the edge of tokamaks. In this paper the limitations
of this R /S method, in particular when applied to signals having mixed statistics are investigated,
and the great advantages of the wavelets decomposition as a tool to characterize the self-similarity
properties of experimental signals are highlighted. Furthermore the analysis of modified simulated
fractional Brownian motions �fBm� and fractional Gaussian noises �fGn� allows us to discuss the
relationship between high values of the Hurst exponent and long range correlations. It is shown that
for such simulated signals with mixed statistics persistence at large time scales can still reflect the
self-similarity properties of the original fBm and do not imply the existence of long range
correlations, which are destroyed. It is thus questionable to assert the existence of long range
correlations for experimental signals with non-Gaussian and mixed statistics just from high values
of the Hurst exponent. © 2008 American Institute of Physics. �DOI: 10.1063/1.3006075�

I. INTRODUCTION

The understanding of the nature of turbulence in magne-
tized plasmas and its role in the cross-field transport is a
problem still under study. For example, for the edge turbu-
lence measured in tokamaks, different models or concepts
are at the moment discussed. There are models relying on
avalanche processes, diffusive ones, local or nonlocal. The
validity of models based on self-organized criticality �SOC�
�Ref. 1� predicting long range correlations is still in debate.
The interpretation and hypotheses which are discussed,
mostly rely on the analysis of experimental signals. The R /S
analysis2 is in general used to characterize the self-similarity
properties of experimental time series through the calculation
of the Hurst parameter. Several previous works3 have re-
ported analyses performed on experimental data concluding
that high H values measured at long time scales was imply-
ing the existence of long-range correlations compatible with
an avalanche-type of transport.

Our study aims at clarifying the debate on the link be-
tween high values of H and the existence of long range cor-
relations. To this end in Sec. II we first give a short summary
of the basic concepts and recall the main properties of a
fractional Brownian motion �fBm� and a fractional Gaussian
noise �fGn� which are the basic models for a self-similar
process.4 In Sec. III we will investigate the limitations of the
R /S statistics in determining the Hurst exponent which char-
acterizes the self-affine properties of a time series. Then in
Sec. IV we will highlight the great advantages of wavelets as
a tool to characterize the self-similarity properties of experi-
mental signals and show that the fractal character of the sig-

nal, which is related to a power-law scaling in the spectral
domain, can be characterized through the use of discrete as
well as continuous wavelets.5,6

These tools will be then applied to experimental data,
and the results obtained from typical time records from dif-
ferent experiments will be discussed in Sec. V.

In the last section we will try to investigate the surpris-
ing relationship observed between long time and short time
behaviors for signal with mixed statistics. Our approach is
based on numerical simulations of modified fractional
Brownian motions.7,8 We have made use of a similar proce-
dure as Wang et al.9 to generate scrambled data. Indeed they
found with the help of a block shuffling procedure the a
priori surprising result that the destruction of correlations
was not modifying the high values of H obtained at long
times with the R /S statistics. Their results were later dis-
cussed carefully by Gilmore et al.10 Our goal is rather to try
to understand the particular mixing of self-similar statistics
generally observed in experimental probe data acquired in
the scrape-off-layer �SOL� of tokamaks.

II. SELF-SIMILARITY, THE HURST PARAMETER,
AND LONG RANGE CORRELATIONS

Extended and detailed discussions of the basic concepts
for self-similar and long memory processes can be found in
the books by Beran11 and Wornell;12 we just give a summary
here.

A stochastic process X�t� is statistically self-similar, with
parameter �Hurst exponent� H, if its statistics is scale-
invariant, i.e., it obeys for any real a�0 the scaling relationa�Permanent address: CReA/MAS’Air, BA701, F-13661 Salon air, France.
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X�t�=
d

a−HX�at� , �1�

where =
d

means equality in a statistical sense. If we restrict to
Gaussian processes or to wide-sense self-similar processes
the equality may be equivalently expressed in terms of
second-order statistics, i.e., mean and covariance functions,
as

E�X�t�� = a−HE�X�at�� , �2a�

E�X�t�X�t��� = a−2HE�X�at�X�at��� . �2b�

Most physical processes that exhibit self-similarity are non-
stationary. For example the Brownian motion is statistically
self-similar with H=1 /2, but has a stationary derivative, i.e.,
the zero-mean, white Gaussian noise. This process whose
autocorrelation function is a �–function is also self-similar
with parameter H=−1 /2 �see below�.

The most important class of models for such processes
are the so-called 1 / f processes. The 1 / f family of statisti-
cally self-similar stochastic processes are defined as pro-
cesses having power spectra obeying a power-law relation-
ship of the form

SX��� �
�X

2

����
, �3�

where the spectral parameter � is related to H according to
�=2H+1. ��1 corresponds to processes having predomi-
nance of low-frequency energy and inherent nonstationarity.
For ��1 the spectrum reflects on contrary a preponderance
of high-frequency energy.

From the generalized Fourier pair ����−1 /2	
��� cos��
 /2�↔1 / ����, where 	�·� is the gamma function,
valid for ��0 but ��1,2 ,3 it is seen that the autocorrela-
tion function RX��� associated with the above spectrum for
0���1 is characterized by a slow algebraic decay of the
form,

RX��� � ����−1 �4�

which is typical for such 1 / f processes and corresponds in-
deed to persistent statistical dependence and long range cor-
relation.

The most popular mathematical models for Gaussian 1 / f
processes are the fractional Brownian motion �fBm� and the
fractional Gaussian noise �fGn�.4 fBm are nonstationary
Gaussian processes and correspond to 1���3. The classi-
cal Brownian motion is a special case corresponding to
�=2.

A fBm is a self-similar process X�t��BH�t�, with param-
eter H, defined in such a way that its corresponding incre-
ment process �X�t ;�t� defined as

�X�t;�t� =
1

�t
�BH�t + �t� − BH�t�� �5�

is self-similar and stationary for every �t�0. Its autocorre-
lation function reads13,14

RX�t,t�� = E�BH�t� · BH�t���

=
�H

2

2
��t�2H + �t��2H − �t − t��2H� , �6�

where �H
2 =	�1−2H� cos�
H� /
H. This nonstationary

Gaussian process, with variance E�BH�t�2�=�H
2 �t�2H, and

satisfying �2 and 3� and is obviously self-similar with
parameter H.

The normalized increments of a fBm are stationary and
self-similar, and have the autocorrelation12,15

R�X��;�t� � E��X�t;�t� · �X�t − �;�t��

=
�H

2 �t2H−2

2
�	 ���

�t
+ 1
2H

− 2	 ���
�t

2H

+ 	 ���
�t

− 1
2H� . �7�

At large lags ��� � ��t�, the autocorrelation is asymptotically
given by

R�X��� � �H
2 H�2H − 1����2H−2. �8�

The fractional Gaussian noise �fGn� corresponding to the
limit �t→0, i.e., GH�t�� lim�t→0�X�t ;�t�, is the generalized
derivative of the fBm. This derivative process is stationary
and statistically self-similar with parameter H�=H−1,
i.e., the fGn has zero mean and RGH

���=a−2H�RGH
�a�� �from

Eq. �8��.
Flandrin has shown16 that the associated power spectral

density �PSD� might be expressed as

SGH
�f� = WH · �f �−�2H−1�, �9�

where WH=�2 /2	�2H+1� · sin�
H�. By integrating, one can
associate a time-averaged power spectral density to the fBm,

SBH
�f�  �f �−�2H+1�. �10�

Relations �9� and �10� clearly correspond to power law spec-
tra. Furthermore the character of the increment process �fGn�
depends strongly on the value of H. For 1 /2�H�1 the
derivative process exhibits long-term dependence, i.e., per-
sistent correlation structure �according to Eq. �4��. Indeed H
is a measure of the correlation among signal increments in a
time series and is related to the lag n autocorrelation coeffi-
cient �n, by �n= 1 / 2 ��n+1�2H−2�n�2H+ �n−1�2H�, which is
Eq. �7� applied to a discrete time series ��� � /�t=n�.10,11,15

The well-known Brownian motion corresponds to H=0.5,
which increment process is a white Gaussian noise with un-
correlated samples. For a fBm H is in the range 0–1 and for
0�H�0.5 the derivative exhibits persistent anticorrelation.

Fractional Brownian motions are indeed fractals and the
Hurst exponent is generically linked to the fractal dimension
�Hausdorff dimension� D of the time series of the increments
of the signal by the relationship D=2−H.17 This fractal di-
mension gives a quantitative measure of the roughness of the
graph, e.g., for a continuous function one simply gets D=1
�H=1� and D=2 for H=0. For a highly correlated process,
i.e., nearly deterministic signal, H will thus be close to 1.
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III. THE R /S STATISTICS
AND THE HURST EXPONENT

The existence of cross-field avalanches of energy and
particles at all spatial scales associated with a SOC behavior
of the plasma would imply that the corresponding turbulent
fluctuations exhibit persistence at long time scales. One way
to quantify the self-similarity and its domain of existence is
the use of the R /S statistics �rescaled range statistics�2 which
allows us to determine H. One defines the ratio R /S in the
following way: for a time record segment of length n which
is a subset of the total time series of length N �n�N�, i.e.,
Xi : i=1,n�, the ratio R /S is

R�n�
S�n�

=
max�0,W1,W2, . . . ,Wn� − min�0,W1,W2, . . . ,Wn�

�S2�n�
,

�11�

where Wk=X1+X2+ ¯ +Xk−kX̄�n�, and where X̄�n� and
S2�n� are the mean and variance of the signal, respectively. It
can be shown that R /S behaves asymptotically as nH if the
method is applied to raw data Xi having fractional Gaussian
noise �fGn� statistics, i.e., a Gaussian stationary stochastic
process. H is found to be equal to 1 /2 if the random samples
Xi are statistically independent and their probability density
function �PDF� has finite variance �white Gaussian noise�.2

In fact, the R /S statistics has been used intensively to
characterize self-affine processes, such as, fBm. In such a
case the R /S analysis must be applied to the successive in-
crements of the signal, i.e., to the fGn associated with the
signal. This very important point has been already pointed
out by Cannon et al.18 and again more recently by Gilmore.10

In this case H expresses the dependencies or correlation be-
tween past and future increments, which for fBm data BH�t�
reads �e.g., from R�X�−�t ;�t�=�H

2 �t2H−2�22H−1−1� given by
Eq. �7��

C��t� = ��BH�0� − BH�− �t��

��BH��t� − BH�0���/�BH��t�2� = 22H−1 − 1. �12�

This incremental correlation function is independent of �t
and its sign depend on H. If H�1 /2, then C��t��0 and this
expresses the trend in the fBm at a given time to be followed
likely by a similar one �persistence�. On the contrary if
H�1 /2, then C��t��0 and there is a tendency for a change
in the sign of the next increment �antipersistence�.

There is, in this case, a direct relationship between the H
parameter given by the R /S statistics and the spectral prop-
erties of the time series.15 The power spectral density �PSD�
of the successive increments �fGn� exhibits the power-law
scaling f−�2H−1�, and the PSD of the signal �fBm� behaves as
f−�2H+1� �see Sec. II�. Thus, for H=1 /2, the related power
frequency spectra have a slope �in log-log scale� �=0 for the
increments of the signal, and a slope �=2 for the signal
itself.

To summarize, the relationship between H calculated
with the R /S method on the increments of the signal �time
derivative� and the absolute value � of the slope of the PSD
of the signal �in log-log scale� is �=2H+1.

It is useful to complete this information by indicating
that taking the derivative of the signal modifies the relation-
ship between H and the slope � that becomes �=2H−1. This
shows the limitations of the R /S statistics which is only able
to measure values of H between 0 and 1, corresponding to
the exponent � of the related power-law scaling of the PSD
being between −1 and +1 for the increments of the signal
and between 1 and 3 for the signal itself. This is clearly a
great drawback when analyzing experimental signals with
mixed statistics, making it necessary to apply successively
the method to the signal and then to its increments. Another
approach without these disadvantages relies on the wavelet-
based method.

IV. WAVELETS AND THE HURST EXPONENT

The continuous wavelet transform �CWT� of a function f
consists of the decomposition of this function into a sum of
elementary wavelets which are built from dilatation and
translation from a single mother wavelet �. Thus, the con-
tinuous wavelet transform of f is defined as5,15

T��f��a,b� =
1
�a
�

−�

�

f�x��̄	 x − b

a

dx �13a�

 �f ,�� , �13b�

where �· , · � means inner product.
The CWT allows any arbitrary choice of scale but is

very demanding on computer time. Among the different pos-
sible choices, we have chosen the Daubechies mother wave-
lets. This latter allows us to define a discrete wavelet trans-
form �DWT� for which very powerful algorithms exist,
but for which the analysis is limited to scales expressed in
octaves.

It has been shown6,15 that the wavelet transform allows
us to characterize the self-affine properties of a time series
simply from a log-log plot of the variance of the wavelets
coefficients as a function of the scale a. The self-affinity
properties of the time series are reflected by the existence of
a constant slope of value 2H+1 on this curve. This is de-
picted in Figs. 1 and 2 for a simulated classical Brownian
motion �H=0.5�.

Let us examine the reasons why the wavelets offer a
very highly suitable tool to study processes with PSD having
a power-law scaling.

First, wavelet techniques can be used to generate a sta-
tionary, at all scale, self-similar process.12 Actually x�t� being
a self-similar process with parameter H, one can build, by
using a CWT, the filtered process xa�t�=CWT �x��a , t�,
t�R, where a is the scale parameter. Its autocovariance
function Rxa

, reads19–21
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Rxa
= E�xa�t� · xa�t��� �14a�

=
�2

2
� �a,t�u�du ·� �v�2H�a,t��v�dv

+
�2

2
� �a,t��v�dv ·� �u�2H�a,t�u�du

− �2a2H+1� �u�2Hs�	 t − t�

a
− u
du . �14b�

The wavelet having zero mean �i.e., the number of vanishing
moments is M �1, where M is the integer such as
∀k� 0, ¯ ,M −1�, �tk ,��t��=0�, one has

Rxa
= − �2a2H+1� �u�2Hs�	 t − t�

a
− u
du . �15�

As Rxa
depends only on the time delay �= t− t�, xa is a

stationary process. Its PSD is obtained from the Fourier
transform of Eq. �15� and behaves as

Sxa
�f�  �2�f �−�2H+1�a���af��2 �16�

in the case of a fBm for which SBH
�f��2�f �−�2H+1� �see

Eq. �10��.
In this case, the bias �systematic error� of the estimator,

i.e., E�Sxa
�f��−�2�f �−�2H+1� can be obtained from22–25

�17�

where f� is the central frequency of the analyzing wavelet,

and RK̃ is the Fourier transform of the CWT reproducing
kernel,26 with RK�a , t ;a , t+u�= ��a,t ,�a,t+u�=R�a,t

�u� that is
a measure of the correlation between two analyzing wave-
lets. The factor �i� does not depend on the analyzed fre-
quency f and consequently, if a power law exists, the
wavelet-based estimator will be able to highlight it in an
unbiased way.

Second, let us consider the link between the power-law
behavior of the process x�t� and the scale invariance property
characteristic of the CWT. This one is based on a scaling
operator S,

��t�→
S

�a�t� =
1
�a

· �	 t

a

 , �18�

where ��t� is the mother wavelet and �a�t� is the wavelet
analyzing the process at scale a. Thus, the CWT has by con-
struction the scale invariance property. Consequently, the
variance E�xa�t�2� has necessarily a power-law behavior19

E�xa�t�2� = a2H+1P�H� , �19�

where P�H� denotes a polynomial function. The estimation
of H is obtained from a linear regression in a logE�xa�t�2��
versus log a representation.

The CWT makes it possible to locate with great preci-
sion in the time domain the analyzing unit box on the signal.
But the resulting strong redundancy �correlation between co-
efficients and a very high number of coefficients� implies
very long computer time and implementation difficulties.

The discrete wavelet transform �DWT� is a nonredun-
dant transform but performs a spectral analysis only by oc-
taves. On the other hand, an implementation by means of the
Mallat algorithm27 results in a very low computation cost. Its
spectral estimator, relying on the energy of the detail coeffi-
cients, reads28

Sd,x�j� =
1

2−jN
�
k=1

2−jN

�x,� j,k�2, �20�

where j is the scale, N the number of points at scale 0, and
�x ,� j,k� are the detail coefficients. In the case of a fBm,
Eq. �17� providing the bias becomes

FIG. 1. �Color online� Discrete wavelet transform �DWT�: Brownian motion
H=0.5.

0 2 4 6 8 10 12 14
−5

0

5

10

15

20

scale

lo
g 2
(v
ar
ia
nc

e)

H = 0.49

Relative precision = 2%
Mean Square Error (MSE) = 0.0489

FIG. 2. Hurst parameter from the DWT: Brownian motion H=0.5.
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E�Sd,x�j�� = �22−j�2H+1� · f�� ���−�2H+1�������2d� . �21�

Taking into account the respective advantages of the two
transforms, the Daubechies wavelets have been chosen for
CWT and DWT transforms.

The use of the wavelet-based method to the experimental
data is now discussed below.

V. ANALYSIS OF EXPERIMENTAL DATA

First we have used the R /S analysis to characterize self-
similarity properties and to calculate the Hurst exponent for
Langmuir probe data acquired in the SOL of tokamaks. We
discuss here the results obtained from the analysis of two
typical signals measured in the Tore Supra9 and Castor29,30

tokamaks �Figs. 3 and 4�.
A first observation is that the density power spectra show

two distinct behaviors at different time scales. Actually the
presence of an elbow on the spectrum �Figs. 5 and 6� is
indicative of the different statistical properties of the signal
at large and small time scales, the breakpoint occurring at a
time scale corresponding to the characteristic autocorrelation
time, denoted �L in all the figures, of the order of 100 �s.
Such a mixed statistics is common feature of fluctuations
data from SOL turbulence.

Indeed we observe that the experimental signal behaves
at small time scales �the slope of the frequency spectrum in
log-log scale is ��2� as a fractional Brownian motion sig-
nal. However, at large time scales �corresponding to the low
frequency domain with a very weak slope on the spectrum�
the behavior is analogous to one of the successive increments
of a fractional Brownian motion signal, i.e., a fractional
Gaussian noise. As a direct consequence of this observation
we have to use the R /S method differently depending on the
time scale. The analysis is first performed directly on the
signal itself, then on its increments �time derivative of the
signal�. Each curve R /S shows two distinct regions in agree-
ment with the spectral properties.

The properties at large time scales are deduced from the
R /S curve calculated on the signal itself �Figs. 7 and 8�. For
the Tore-Supra case this curve gives for large time scales a

value of H=0.50 to which corresponds a power law of the
frequency spectrum with �=0 in the low frequency region,
the relationship in this case being �=2H−1. We can imme-
diately check on the PSD �see Fig. 5� that this relationship is
indeed verified. For the Castor time series the R /S curve
�Fig. 8� gives H=0.84 again in agreement with the f−0.7

power-law �see Fig. 6�, taking into account the accuracy of
the measurement.

As far as the behavior at large time scales is concerned,
in most cases we do measure H values larger than 0.5 and
such results are in agreement with the ones of Carreras
et al.,3 and this would lead us to the same conclusions,
namely the existence at large time scales of a self-similar
behavior displaying persistency, compatible with transport
theories based on the SOC behavior.1 However, the turbulent
signal does not have characteristics of a pure fractional
Brownian motion, because it possesses two regions with dif-
ferent self-similar properties and is moreover non-Gaussian.
If we look at the properties of the signal at small time scales

FIG. 3. Experimental data: A subrecord of density fluctuations �Tore-Supra
shot #22253�.

FIG. 4. Experimental data: subrecord of density fluctuations �Castor shot
#9525�.
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FIG. 5. Tore-Supra shot #22253: power spectral density.
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by computing the R /S statistics on the time derivative of the
signal �Figs. 9 and 10�, we obtain from the slope at small
time scales a Hurst exponent H=0.59 in good agreement
with the exponent of the power law of the frequency spec-
trum �=2.1 for the Tore-Supra case, the relationship being in
this case �=2H+1, and H=0.86 in perfect agreement with
the f−2.8 power law for the Castor case as well.

Then we take advantage of the ability of a wavelet-based
method to pick up at once self-similarity properties at all
scales. All the previous results are compared with those ob-
tained by means of a wavelet-based method. The variance
plots corresponding to the CWT using Daubechies db2 are
shown in Fig. 11 and Fig. 12, respectively. The variance of
wavelets coefficients obtained from a discrete transform �us-
ing Daubechies db2 as well� is depicted in Fig. 13. Hurst
exponents are obtained from a linear regression based on a
weighted least squares estimator.15

We immediately see that the Hurst exponents obtained
with this method are in excellent agreement with the ones

obtained by using the R /S method in both frequency do-
mains, i.e., large scales and small scales. Explicitly, for the
Tore-Supra case, the obtained values H=0.53, and −0.47
�Fig. 11� correspond, respectively, to the power laws f−2.06

and f−0.06 in good agreement with the experimental spectrum.
For the Castor case the obtained values H=0.82 and −0.16
�cf. Fig. 13� would give f−2.64 and f−0.68, respectively, also in
very good agreement with the spectrum �Fig. 6�.

A decisive advantage of the wavelet-based method is
that it makes it possible to obtain directly at all scales the
self-similarity properties and the corresponding exponents.

A very surprising result is the unexpected closeness of
the H exponents calculated in the two different time or fre-
quency domains. Indeed for all the studied time series one
notices that the Hurst exponent characterizing the behavior at
small scales is very close to that obtained for large scales
�Figs. 7 and 9 and Figs. 8 and 10, respectively�. This would
correspond, if the temporal series were generated by frac-
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tional Brownian motions, to a large-scale behavior
fGn-like, and at small scales fBm-like with very nearby char-
acteristic exponents.

VI. ANALYSIS OF SIMULATED MODIFIED
FRACTIONAL BROWNIAN MOTIONS

In the next step of this work, we study modified frac-
tional Brownian motion signals and try to understand the
origin of this surprising relationship, and to investigate the
link between a high value of the Hurst parameter H, and
long-time correlation. To this end we applied the test pro-
posed by the authors of Ref. 9 and discussed carefully later
by Gilmore et al.10

Data from simulated fGn or fBm have been broken into
blocks of length M, and the blocks scrambled randomly. The
scrambled and unscrambled data were then used to calculate
H parameters by using the R /S method and the wavelet
techniques as well. The shuffling of blocks of length M
should destroy any correlation existing for time scales larger
than M.

In the above cited work10 the test was applied to time
series of fGn data broken into blocks of length from M =10
to 500 samples and the main result was that indeed M must
be very small in order to destroy completely these correla-
tions. The breakpoint lag in the R /S curve reflecting the ef-
fect of the randomization of blocks is larger than the ex-
pected autocorrelation time.

We have performed the same procedure first on
scrambled fGn and compared the results of the R /S analysis
and the wavelet-based method. The results we have obtained
are in full agreement with Gilmore et al. and some examples
are depicted in Figs. 14–16. Figure 14 shows the result of the
R /S analysis, and in Fig. 15 the results obtained from the
discrete wavelet decomposition are depicted. Figure 16
shows for comparison the result obtained with a continuous
wavelet transform.

But further we have carried out a similar analysis on
broken fBm, which provides a very simple, though a bit
crude, model of data with mixed statistics. In the case of
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short blocks �M =32� and when the R /S analysis is applied
directly to the signal we get H�0.5 at large time lags which
corresponds to a classical Brownian motion and in agree-
ment with the destruction of the correlations by the shuffling
procedure.

But in the case of larger blocks the results obtained with
the R /S method depicted in Figs. 17 and 18 show that we get
similar values H�0.7, both at small time lags �H=0.75
when the analysis is performed on the increments, Fig. 18�
and large ones �0.6�H�0.7 when the analysis is performed
directly on the signal, Fig. 17�. These results are also in
agreement with the power-law scalings observed on the PSD
�Fig. 19�. Obviously the high H value measured at large time
lags much larger than M cannot be related to the existence of
long-time correlations �they have been destroyed� and thus
must be entirely determined by the statistics at small time
scales.

These results are fully confirmed by the wavelet analy-
sis. Long times series �220 samples� of simulated fBm with
H=0.7 have been broken into blocks of three different

lengths �M =32,256,2048� and shuffled. The results ob-
tained by applying a DWT analysis to the scrambled fBm
and to its increments are shown in Figs. 20 and 21, respec-
tively. It is clear that the original properties remain not only
at very small scales, but also to large scales far beyond the
block size.

In order to understand this result we must realize that
even if the shuffling procedure does destroy long-time corre-
lations the long-time behavior of a shuffled fBm is not that of
a fractional Gaussian noise. The block shuffling procedure
creates jumps between the blocks and furthermore each in-
dividual block still possess a trend resulting from the initial
fBm. This could explain the reason why an R /S analysis
performed on the signal at large time scales gives a H value
which is in fact a measure of a relic of the self-similarity of
the original fBm.

In order to test the validity of this intuition we have
applied a detrending procedure to each block. To this pur-
pose we have made use of the so-called Empirical Mode
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Decomposition introduced by Huang et al.31 The result is
quite clear: the Hurst exponent characterizing the long-time
behavior of shuffled fBm consisting of detrended blocks with
zero mean is close to 0.5. The result is depicted in Fig. 22. In
conclusion by applying a procedure of random shuffling of
blocks to simulated fractional Brownian motions we get the
result that, for the simulated data, H�0.5 measured at large
time scales still reflect the original self-similar behavior and
gives no evidence at all of long range correlations which do
not exist.

VII. DISCUSSION AND CONCLUSIONS

Our first conclusion is that a great care must be taken
when using the R /S method to characterize time series with
different statistics at long and small time scales. It is indeed
the case when analyzing time series of plasma fluctuations
data acquired at the edge of tokamaks. The H parameter
which characterizes the self-similarity of the signal at small

time scales �fBm-like behavior� can be obtained by applying
the R /S method on the increments �time derivative� of the
signal. On the other hand the properties of the signal at large
time scales �fGn-like behavior� could be obtained with the
R /S same analysis directly performed on the signal itself.

Then we have shown that using a wavelet decomposition
technique, it is possible to deduce the self-similarity proper-
ties of the signal at once on all time scales. The Hurst expo-
nents obtained with this method are in excellent agreement
with the ones obtained by the using the R /S method. More-
over we have shown that the wavelets method does not have
the limitations of the R /S analysis, in the sense that they
allow to quantify the self-similarity of signals having arbi-
trary Hurst exponents.

Numerical simulations performed with modified frac-
tional Gaussian noise and fractional Brownian motion sig-
nals �by random shuffling of blocks of length M of data�
helped us to understand the results obtained by Wang et al.9
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who applied the same shuffling technique to experimental
data to test the existence of correlations at large time scales.
Our results based on a comparison between R /S and
wavelet-based methods are in agreement with the Gilmore
et al.10 discussion which was based on the structure function
method. Moreover we have shown by applying this test to
fBm instead of fGn, that for blocks larger than the autocor-
relation time, and in spite of the shuffling process the H
value of the original fBm is still present not only at small
scales, i.e., smaller than the block size, but also at large
scales. The original self-similarity parameter is still con-
tained in the statistics of the jumps between the blocks and
their individual trends. In this particular case it originates
from the dynamics at small time scale and is in no way
connected to the existence of correlations at long time scales.
This ultimately provides a clear explanation of the surprising
results reported by Wang et al.

Of course the experimental time series, although they
also exhibit mixed statistics properties are not shuffled fBm.
Nevertheless the results we have obtained could open a track
to explain the surprising results obtained in different ma-
chines, i.e., an unexpected relationship between the H expo-
nents relative to large and small time scales, respectively. At
large time scales, the measured H parameter clearly depends
on the non Gaussian statistical properties of large amplitude
events but of short duration �i.e., bursts�. As a result, large
values of H can be measured even without any long-range
correlation and thus does not imply necessarily the existence
of persistency at large time scales and this would put back
into question the picture of a radial transport caused by ava-
lanches at all scales.

The important question is to understand the origin of the
mixed statistics property of experimental signals, and the re-
lationship between the statistical properties of the intermit-
tent bursts and the self-similarity behavior at small and large
time scales. However, it is clear that to this end and with the
intention of choosing among the different transport models,
analysis of longer time series obtained from synchronous
multipoint measurements are needed.
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