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Abstract. The stochastic nature of oil price fluctuations is investigated over a twelve-year
period, borrowing feedback from an existing database (USA Energy Information Administration
database, available online). We evaluate the scaling exponents of the fluctuations by employing
different statistical analysis methods, namely rescaled range analysis (R/S), scale windowed variance
analysis (SWV) and the generalized Hurst exponent (GH) method. Relying on the scaling exponents
obtained, we apply a rescaling procedure to investigate the complex characteristics of the probability
density functions (PDFs) dominating oil price fluctuations. It is found that PDFs exhibit scale
invariance, and in fact collapse onto a single curve when increments are measured over microscales
(typically less than 10 days). The time evolution of the distributions is well fitted by a Lévy-type
stable distribution. The relevance of a Lévy distribution is made plausible by a simple model of
nonlinear transfer. Our results also exhibit an intermittent multifractal scaling in the higher-order
statistics.
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1. Introduction. A wide range of dynamical phenomena, such as turbulence
flows, financial stock market fluctuations, seismic activity, internet traffic, climate
change, etc., are characterized by randomness, or stochasticity [1, 2, 3, 4, 5, 6, 7,
8, 9, 10]. The analysis of non-stationary stochastic processes, involving quantities
which fluctuate widely and are random-valued, has long been identified as a problem
of fundamental interest. Fossil oil (petrol) market is a particularly good example of a
random system whose (pricing) fluctuation bears a significant socio-political impact in
modern society. Over the past two decades, oil price has increased sharply, rising from
$25 per barrel in January 1986 to a peak of close to $122 per barrel in the last week
of July 2008, yet featuring a significant degree of abruptness and erratic behaviour
in shorter time windows (intervals). The effects of oil price fluctuations on the world
economy are undeniable and particularly evident from global reports. Oil price data
as a time series is a highly nonlinear system which exhibits complex patterns.

The behavior of oil price fluctuations can be efficiently modelled by standard
statistical-analytical models, such as the Ising model, earlier proposed for stock-
price fluctuations [11], or the cascade model developed on fractal concepts, which
was employed in hydrodynamics and magnetohydrodynamic turbulence [12, 13]. In
the following, we employ the cascade technique to characterize the statistical prop-
erties of oil price time series, taking into account (and distinguishing among) the
self-similarity and multi-fractality features arising in our time series of interest. Our
model is based on two-point increments of oil price, which provide a comprehensive
and scale-dependent characterization of the statistical properties of the system via an
associated probability density function (PDF). It is necessary to stress that the data
series is represented by a finite number of records which do not constitute a stationary
process. The effect of non-stationarity on the detrended fluctuation analysis has been
investigated in Ref. [14]. The detrended fluctuation analysis (DFA) method intro-
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duced by Peng et al. [15] has became a widely-used technique for the determination
of (multi-)fractal scaling properties and the detection of long-range correlations in
noisy, non-stationary time series [14, 15]. We ought to keep in mind that, if the aim
is to analyze fractality properties of fluctuations, one need not necessarily consider a
stationary time series. The fact is that stationary stochastic systems often show scal-
ing in a statistical sense, in consistence with non-Gaussian leptokurtic (heavy-tailed)
statistics. Such a distribution is characterized by an enhanced probability of large
events, in comparison with a Gaussian behavior. Importantly, once the characteris-
tic scaling exponents have been identified, one is able to interpret and estimate the
behavior of the fluctuations, as well as to detect long-range correlations.

Numerous studies indicate the possibility that a stochastic time series may ex-
hibit self-similarity (and/or self-affinity) at short time scales, and yet this property
may break down at longer times. Such a behavior is efficiently modeled by a statistical
distribution with a truncated tail. A self-similar Brownian walk with Gaussian PDF,
which has a scaling exponent 1/2, is a good example of a process which has indepen-
dent increments over all temporal scales. Upon estimating the scaling exponents of
the fluctuations via different methods, one finds that the results are in agrement with
scaling exponents as determined through computing structure functions. It is often
stated that the fluctuations are self-similar (monofractal) if the scaling exponents de-
pend linearly on the order of moments. Nevertheless, a nonlinear dependence points
towards multifractal scaling, which is a signature of the intermittent structure of oil
price fluctuations.

In this paper, we employ data from an exact real oil-price database [16] to study
oil price fluctuations over two distinct time windows/regimes, thus distinguishing
among a “micro-” and a “macroscopic” regime. At micro scales (typically shorter
than 10 days), fluctuations are self-similar and exhibit characteristic scale similarity
properties. This suggests that they obey similar physical laws. As a matter of fact,
a similar behavior has also been found in hydrodynamic and magnetohydrodynamic
(MHD) turbulence, which is associated with lack of any characteristic spatial scale
within the inertial range, as was predicted by Kolmogorov [13, 17, 18, 19]. On the
other hand, the characteristics of macro scales (typically larger than 10 days) appear
to be uncorrelated and converge towards a Gaussian distribution.

Our results, to be exposed below, suggest that there exist various distributions
which can be fitted to the oil price fluctuations. However, the most obvious difference
between the different models involves the wings of the distribution. Distinguishing
among random processes by comparing the distribution wings can be quite difficult
because data sets are limited. According to the Generalized Central Limit Theorem
(GCLT) which can be surprisingly robust when it comes to the condition of indepen-
dent and identically distributed random variables, a Lévy process is proposed [20].
Lévy processes have been identified for example in biological systems [21], financial
markets [3, 22], and physical systems [23, 24]. We find that the oil price fluctuations
are remarkably well described by a Lévy stable symmetric distribution, exception
made for most rare events.

This article is structured as follows. In Section II we describe our data set. In
Section III, we review the rescaled range analysis (R/S) and the scale windowed
variance analysis (SWV). In Section IV we employ a recently developed technique
[13, 17, 18] that sensitively distinguishes between self-similarity and multifractality
in a time series. Moreover, the scaling exponent of oil price fluctuations is computed
by using generalized structure functions and the peaks of PDFs, and the results are
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Table 2.1
Mean value, standard deviation, skewness, and kurtosis of the oil price increments.

Mean Standard Deviation Skewness Kurtosis
0.0124274 0.729173 -0.606749 9.55225

thus compared with estimated values in Section IV. The micro-scale PDF resembles a
leptokurtic Lévy distribution which will be discussed in Section V. Finally, in Section
VI we summarize our results.

2. The data. Over a twenty-two-year period, approximately, the price of oil has
increased from $25 per barrel in January 1986 to a peak of close to $ 122 per barrel
in the last week of July 2008. Oil price, as recorded in international markets [16],
offers us a unique possibility to gain information on the stochastic dynamics state
in a very large scale range, say from one day up to 200 days. Fig. 6.1 presents the
daily fluctuations in oil price p(t) in the period 1986-2008. It is evident from the
figure that the fluctuations do not constitute a stationary process; for instance, one
may show that the variance of the signal in some window does not remain stable
upon increasing the window size. Let us introduce the increments δp(t, τ) defined
by, δp(t, τ) = p(t + τ) − p(t). The resulting series for δp(τ) is shown in the inset
graph of Fig. 6.1. It is straightforward to show, by measuring the variance of δp(t, τ)
in a moving window, that δp(t, τ) is stationary. Upon initiating the analysis of the
distribution of oil price increments, the mean, standard deviation, skewness, and
kurtosis of the return series are calculated (see Table 2.1). Throughout this paper we
have used day as the unit of time.

The skewness of a Gaussian distribution is zero, therefore the negative value of
skewness, here λ = −0.606749, is viewed as a hallmark of departure of the PDF
from the Gaussian distribution and may thus here be attributed to a stable Lévy
distribution. On the other hand, the large value of kurtosis, κ = 9.55225, with
respect to Gaussian kurtosis (κ = 3), suggests that the tails of the return distribution
are fatter than the Gaussian ones, which confirms the existence of intermittency in
the fluctuations.

3. Scaling analysis.

3.1. Hurst’s Rescaled-Range Analysis. The first method for analysis of long
records in time series based on random walk theory has been proposed by Harold
Edwin Hurst(1880-1978) [25]. Hurst found that the ratio (R/S) is very well described
for a large number of natural phenomena by the following empirical relation

R/S ∼ τH ,(3.1)

where τ and H are defined as the time span and the Hurst exponent, respectively.
For our oil price time series, we define R and S by the following steps.
We first divide the profile (pk), k = 1, ...., N into Ns ≡ int(N/s) non-overlapping
segments of size s. In the second step, the profile (integrated data) is calculated in
each segment ν = 1, ..., Ns − 1, as

Yν(j) =
j∑

i=1

(pνs+i − 〈pνs+i〉s) =
j∑

i=1

pνs+1 − j

s

s∑

i=1

pνs+1 .(3.2)

Piecewise constant trends in the data are subsequently eliminated upon a simple
subtraction of the local average. In the third step, the difference between the mini-
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mum and maximum values, Rν , and the standard deviations Sν in each segment are
calculated, viz.

Rν(s) = Max{Yν(s)}−Min{Yν(s)} and Sν(s) =
(

1
s

s∑

j=1

Y 2
ν (s)

)1/2

.(3.3)

Finally, the rescaled range is averaged over all segments to obtain the fluctuation
function R/S,

(R/S)s =
1

Ns

Ns−1∑
ν=0

Rν(s)
Sν(s)

∼ sH .(3.4)

The R/S analysis can be viewed as a special form of coarse-graining for a time
series. However, the method was developed long before the fractality concept. After
having calculated R/S values for a large range of different time horizons s, we plot
log(R/S)s against log s. By performing a linear least-square fit, we find the slope
of the curve which is our estimate of the Hurst exponent H. The Hurst exponent H
and the fractal dimension Df are related as Df = H − 2 [26]. The Hurst exponent
is called the scaling exponent or correlation exponent, and its value depends on the
correlation properties of the signal. If H = 0.5, there is no correlation and the signal is
an uncorrelated signal; if H < 0.5, the signal is anticorrelated, while if H > 0.5, there
is positive correlation in the signal. Fig. 6.2 presents a log-log plot of the rescaled
range (R/S) fluctuations as a function of s, which results to the value H = 0.65±0.029.
This shows that all daily price changes are correlated with future daily price changes.

3.2. Scale Windowed Variance Analysis. The Scaled Windowed Variance
(SWV) analysis was developed by Cannon et al. (1997) [27]. For oil price time series,
(pk), we define the profile Y (i) as

Y (i) =
i∑

k=1

(pk − 〈p〉).(3.5)

The profile Y (i) is divided into Ns ≡ int(N/s) non-overlapping segments of equal
lengths s. The standard deviation is then calculated within each interval by using

SWV (s) =
(

1
s

s∑

i=1

[Y (i)− 〈Y (s)〉]2
)1/2

.(3.6)

The average standard deviation of all time intervals of length s is computed. This
computation is repeated over all possible interval lengths. The scaled windowed vari-
ance is related to s by a power law

SWV ∼ sH ,(3.7)

where H is well-known Hurst exponent. In Fig. (6.3) , we plot in double-logarithmic
scale the corresponding SWV fluctuations against the coarse-graining s. Using the
above procedure, we obtain the following estimate for the Hurst exponent: H =
0.68 ± 0.022. Since H > 0.5, it is concluded that the oil price fluctuations show
persistence; i.e., strong correlations between consecutive changes.
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4. Statistical self-similarity. A set of time series δp(t, τ) is obtained for each
time lag τ . The return of the stochastic variable δp(t, τ) is said to be self-similar with
parameter α (α ≥), if for any λ

δp(τ) EL= λαδp(λτ).(4.1)

The relation (4.1) is interpreted as an equality in law (EL), that is the two sides
of the equation have the same statistical properties. For the associated cumulative
probability distribution ℘, it follows that

℘(δp(τ) ≤ ρ) = ℘(λαδp(λτ) ≤ ρ) ,(4.2)

for any real ρ. This implies for the probability density P

P [δp(τ)] = λ−αPs[λ−αδps] ,(4.3)

introducing the master PDF Ps with δps = δp(λτ). According to Eq. (4.3), there
is a family of PDFs which may collapse to a single curve Ps, if α is independent of
τ . This is known as monoscaling, in contrast to multifractal scaling often observed.
To characterize quantitatively the observed stochastic process, we measure P (δp)
of the price fluctuations for different τ , i.e. in an interval whose breadth ranges
between 1 day up to 200 days. In Fig.(6.4) we show the PDFs (normalized with the
variance 〈δp(τ)2〉1/2) for various τ , including micro and macro time scale. A simple
comparison to a Gaussian illustrates the highly non-Gaussian nature of the tails of
the PDFs over the micro scales, as shown in the left inset panel of Fig. 6.4. For
τ ≤ 10 days, the distributions expand in an increasing manner without essentially
much changing in form, as we can see in Fig.(6.5). The similarity of the P (δp) on the
micro scales suggests the possibility of monofractality. The monofractality exponent
is expected to be scale-independent at the micro scales. Consequently, this allows
us to apply rescaling procedure given by Eq.(4.3) over the micro time scales. The
distributions lose their leptokurtic shape and converge toward a Gaussian distribution
as τ increases, i.e. for τ > 10. We can see in the right inset panel of Fig.(6.4) that a
Gaussian curve fits well to P (δp) for τ = 200 days. It is worthwhile to note that, for
experimental data, an approximate collapse of the PDF is an indicator of a dominant
self-similarity trend in the time series, i.e., this method may not be sensitive enough
to detect monofractality, which might in fact manifest itself only during short time
intervals.
The above-mentioned observations can be a hallmark of statistical intermittency over
all time scales. Accordingly, the scaling behavior of the distributions at different time
scales present two different regimes. At micro-scales, correlations between successive
price changes are dominant. Interestingly, the PDFs at micro-scales, which show
similarity, seem to obey the same physical mechanism. On the other hand, long time
effects on the oil price seem to indicate a Gaussian distribution for the fluctuations.
This is a trace of multifractality in the evolution of oil price. It is remarkable that
the micro- time scale regimes can lead to a linear scaling dependence while the entire
range may just as well present a nonlinear dependence.
For a quantitative comparison, we fit the tail of the PDFs to the following function
as [24]

P (|δp|) ∼ exp(−A|δp|µ) ,(4.4)

with an exponent µ, which describes the distribution shape at the wings. As a result,
numerical analysis on positive fluctuations implies that good fits can be obtained
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in the wings of PDFs and in the interval [10σ, 15σ], where σ is standard deviation
the data. Fig. (6.6) shows the dependence of the exponent µ on τ for PDFs of oil
price fluctuations. The exponent µ changes as τ increases. This is a signature of
the presence of multifractality in the stretched tails of PDFs. As expected, at large
scales, µ remains close to a value around 2 in which the PDFs collapse to a Gaussian
distribution.

Let us now consider the scaling as defined by the structure functions. The gener-
alized structure function of order n is simply defined as

Sn(τ ;±∞) = 〈|δp|n〉 =
∫ +∞

−∞
|δp|nP (δp, τ)d(δp).(4.5)

The analysis which follows is also valid for the moments; however, structure functions
are typically calculated for a data series. The arguments do not apply to structure
functions of odd order, which not only may have negative coefficients, but could also
even change sign of the scaling range. The proof will, however, remain valid for
odd orders when the structure functions are defined with the absolute value of the
increments. Using the relation (4.3) we obtain

Sn(τ ;±∞) = λζnSn
s (δps;±∞) ,(4.6)

where the linear function ζn = αn reflects the statistical self-similarity, in the monoscal-
ing case. On the contrary, in some cases, one may observe a multifractal scaling, in
the sense that a nonlinear dependence is observed on n where ζn = nα(n) is a convex
function of n and ζn+1 > ζn ∀n. This deviation from strict self-similarity over all
time scales τ , also termed multifractal scaling, is caused by the intermittent structure
of turbulence.

To test if the above-mentioned interesting observations in oil price are a phe-
nomenon related to inherent properties of stochastic processes, structure functions
Sn(τ) for different τ , given by Eq. (4.5), are computed. A difficulty that can arise
in the experimental determination of the ζn is that for a finite length times series,
the integral Eq. (4.5) is not sampled over the range (−∞; +∞), rather the outlying
measured values of y determine the limit, [−y; +y]. The structure functions for the
data interval studied here are shown in Fig. (6.7). On this log-log plot the slopes
as shown give estimates of the scaling exponents, ζn. Importantly, the higher-order
structure functions progressively capture the more intermittent, larger fluctuations.
The micro and macro ranges of scaling are well-defined with a sharp transition at the
break point at ∼ 10 days. We plot ζn vs. n for the micro range in the main panel
of Fig. (6.8), and for the macro range in the inset. Surprisingly, the micro range
is monoscaling i.e. globally scale-invariant; in contrast to the macro range which is
multifractal.

To apply the rescaling procedure given by Eq. (4.3) the exponent α is extracted
from the underlying data by two independent technique[17, 13]. First, the standard
deviation which is defined by the root of the second-order structure function, σ(τ) =
[S2(τ)]1/2 and has the minimum of statistical error, exhibits power-law behavior with
respect to the increment distance, σ(τ) ∼ τα as depicted in Fig. 6.9. A linear least-
square fit is carried out to obtain α. The characteristic exponent deduced in this way
is α = 0.66±0.065, which is called the generalized Hurst exponent (GH). Second, in the
micro scales, τ ≤ 10, the characteristic exponents can be obtained via the amplitude
of P (0, τ) ∼ τ−α, to profit from the fact that the peaks of the PDFs are statistically
the least noisy part of the distributions. The logarithmic plot of P (0, τ) versus τ is
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Table 4.1
The values of the Hurst exponent for an oil price time series, as obtained via different approaches.

R/S SWV GH P (0, δτ)
0.65± 0.029 0.68± 0.022 0.66± 0.065 0.66± 0.012

similar to Fig. 6.9, and is omitted here. The scaling exponent obtained by using this
method is in good agreement with the value of α obtained via the PDF variance and
values estimated in Section III (see Table 4.1). Fig. 6.10 shows the rescaled PDFs
according to Eq. (4.3) over the micro scales. As expected, the PDFs collapse for
up to 3σ with weak scattering on the master PDF, Ps, when using the characteristic
exponents given above. These rescaled PDFs are leptokurtic rather than Gaussian
and are thus strongly suggestive of an underlying nonlinear process. We may model
this PDF by a Lévy distribution, which thus turns out to be a successful fit to the
distribution of oil price fluctuations. On the other hand, the PDFs over all time scales
do not collapse onto a single curve when rescaling Eq. (4.3) is applied (see Fig.(6.11)).
The lack of monoscaling is evident and indicates a multifractal process.

5. Lévy distribution model. Lévy stable laws are a rich class of probabil-
ity distributions (non-Gaussian) that comprise heavy tails and have many intriguing
mathematical properties. They have been proposed as models for many types of
physical and economic systems which exhibit heavy tails. A Lévy process is a time-
dependent or position-dependent process that at an infinitesimal interval has the Lévy
distribution of the process variable. The characteristic function of the Lévy process
is

Kµ(q, s) = exp(−cs | q |µ) ,(5.1)

where s can be a characteristic time or space scale and α = 1/µ is equal to Hurst
exponent. If µ = 2 the Lévy collapses to the Gaussian distribution. If µ = 1 the
Lévy becomes a Cauchy distribution. The original Lévy process is given by its inverse
Fourier transform, i.e.

Pµ(x, s) =
∫

dqeiqx−cs|q|µ ,(5.2)

and the symmetric Lévy distribution becomes

Lµ(δx∆s) ≡ 1
π

∫ ∞

0

exp(−γ∆sqµ) cos(qδx∆s)dq ,(5.3)

where the increment is δx = xs − xs−∆s; here, 0 < µ < 2, and γ > 0 is a scale factor.
The maximum event probability leads to

P (0) = Lµ(0) =
Γ(1/µ)

πµ(γ∆s)1/µ
.(5.4)

The exponent µ of the best fits is constant at the micro time scales and amounts
approximately to µ ∼ 1.51 or α = 0.66 (see Fig. 6.9). Similar findings have been
reported, for example, in financial systems, e.g. the Tehran price stock market, where
µ ∼ 1.36 [2], and in physical systems such as the solar wind, where µ ∼ 3.3 [23]. From
Fig. 6.10, we conclude that the central region of the distribution is well described by
Lévy stable distributions. On the other hand, the tail of distributions deviates from a
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Lévy stable distribution and is approximately exponential as discussed at the previous
section, ensuring that the variance of the distribution is finite. These observations
might at first sight seem to contradict the Lévy process which has an infinite variance
for µ < 2. But, there is no contradiction, as a recent study finds that the Lévy
process may hold over a long period of time for dynamics of “quasi-stable” stochastic
processes having a finite variance [28].

6. Summary. In this paper, we have presented a statistical analysis of oil price
fluctuations for the period of January 1986 to July 2008. For oil price time series
we have obtained a Hurst exponent greater than 0.5, indicating that the series has
long term dependence (persistence). However, the scaling properties that we have
found via analyzing of the PDFs allow us to detect the occurrence of mono-(multi-)
fractality features in the distribution. Oil price fluctuations are found to be self-
similar, and exhibit a leptokurtic nature for micro time scales, τ ≤ 10. Fluctuations
on the macro temporal scales, τ > 10, are uncorrelated, in that their PDFs converge
toward a Gaussian distribution. We found that the PDFs have exponential tails and
the associated exponent µ is not constant as time scale τ change, ranging from micro
to macro time scales. This behavior can be interpreted as an indication of the presence
of multifractality in the system. We have also obtained a good collapse, according
to the rescaling procedure (4.3), onto a single curve over at least three standard
deviations for micro scales. The closeness of the PDFs to Lévy stable distributions is
made plausible by a simple model mimicking nonlinear spectral transfer.

Acknowledgments. This work was supported by a grant from Shahrood Uni-
versity and Technology. M.M. would like to thank the University for this financial
support. The work of IK was supported by the UK EPSRC via a Science and Inno-
vation award (to Centre for Plasma Physics, Queen’s U. Belfast).

REFERENCES

[1] U. Frisch, Turbulence, Cambridge University Press, Cambridge, 1995.
[2] P. Norouzzadeh and G.R. Jafari, Application of multifractal measures to Tehran price index,

Physica A., 356,(2005), pp. 609.
[3] R.Mantegna and H.E. Stanley, Scaling behaviour in the dynamics of an economic index,

Nuture., 376,(1995), pp. 46.
[4] J.-P. Bouchaud and M. Potters, Theory of Financial Risks, Cambridge University Press,

Cambridge, 2000.
[5] F. Farahpour, Z. Eskandari, A. Bahraminasab, G.R. Jafari, F. Ghasemi, Muhammad

Sahimi, and M. Reza Rahimi Tabar, A Langevin Equation for the Rates of Currency
Exchange Based on the Markov Analysis, Physica A., 385,(2007), pp. 601.

[6] K. Kiyono, Z. R. Struzik, and Y. Yamamoto,Criticality and Phase Transition in Stock-Price
Fluctuations, Phys.Rev.Lett., 96, (2006), pp. 068701

[7] B. Voight, A method for prediction of volcanic eruptions, Nature., 332, (1988), pp. 125;
Science., 243, (1989), pp. 200.

[8] E. Koscielny-Bunde, A. Bunde, S. Havlin, H.E. Roman, Y. Goldreich, and H.-J.
Schellnhuber, Indication of a Universal Persistence Law Governing Atmospheric Vari-
ability, Phys. Rev. Lett., 81, (1998), pp. 729.

[9] K. Fraedrich, U. Luksch, and R. Blender, 1/f model for long-time memory of the ocean
surface temperature, Phys. Rev. E., 70, (2004), pp. 037301.

[10] M. Sadegh Movahed, G.R. Jafari, F. Ghasemi, S. Rahvar, and M. Rahimi Tabar, New
Computational Approaches to Analysis of CMB Map: The Statistical Isotropy and Gaus-
sianity, J. Stat. Mech., (2006), pp. 02003.

[11] V. Plerou, P. Gopikrishnan, X. Gabaix, and H. E. Stanley,Quantifying stock-price re-
sponse to demand fluctuations, Phys. Rev. E., 66, (2002), pp. 027104.

[12] S. Ghashghaie, W. Breymann, J. Peinke, P. Talkner, and Y. Dodge,Turbulent cascades
in foreign exchange markets, Nature., 381, (1996), pp. 767.



SIAM MACRO EXAMPLES 9

[13] M. Momeni and W.-C. Müller, Probability distributions of turbulent energy, Phys. Rev. E.,
77, (2008), pp. 056401.

[14] K. Hu, P.Ch. Ivanov, Z. Chen, P. Carpena, and H.E. Stanley, Effect of trends on detrended
fluctuation analysis, Phys. Rev. E., 64, (2001), pp. 011114.

[15] C.K. Peng, S.V. Buldyrev, S. Havlin, M. Simons, H.E. Stanley, and A.L. Goldberger,
Mosaic organization of DNA nucleotides, Phys. Rev. E., 49, (1994), pp. 1685

[16] Data obtained from USA Energy Information Administration:
http://tonto.eia.doe.gov/dnav/pet.

[17] K. Kiyani, S. C. Chapman and B. Hnat, Extracting the scaling exponents of a self-affine, non-
Gaussian process from a finite-length time series, Phys. Rev. E., 74, (2006), pp. 051122.

[18] K. Kiyani, S. C. Chapman, B. Hnat and R. M. Nicol, Self-Similar Signature of the Active
Solar Corona within the Inertial Range of Solar-Wind Turbulence, Phys. Rev. Lett., 98,
(2007), pp. 211101.

[19] N. Goldenfeld, Roughness-Induced Critical Phenomena in a Turbulent Flow, Phys. Rev.
Lett., 96, (2006), pp. 044503.

[20] F. Bardou, J. Bouchaud, A. Aspect, and C. Cohen-Tannoudji, Lévy Statistics and Laser
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Fig. 6.1. Semi-log plot of oil price series over the period 1986-2008. Inset: daily return of the
oil price index.
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Fig. 6.2. Rescaled Range (R/S) of fluctuations versus box size s.
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Fig. 6.3. Behavior of Scaled Windowed Variance (SWV) of fluctuations as a function of s.
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Fig. 6.4. The PDFs of oil price fluctuations δp for various τ ; here, τ =
1, 10, 20, 40, 60, 80, 120, 140, 160 or 200 days. Examples of the PDFs for the smallest (τ = 1 day)
and largest (τ = 200 days) time lags are shown in the left and right inset panels, respectively. The
solid line is a Gaussian PDF for comparison.
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Fig. 6.5. The PDFs of oil price fluctuations at micro scales τ ≤ 10. We can see that the shape
of the PDFs does not change fundamentally as a result of monofractality.
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Fig. 6.6. Exponent µ of the positive tails of the PDFs for different time scales, τ =
1, 10, 20, 40, 60, 80, 120, 140, 160, 200 days.
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Fig. 6.7. The structure functions are depicted, as computed from Eq. (4.5). In order to obtain
the scaling exponents, we consider the logarithmic slope via a sequence of linear least-square fits.
The vertical dashed lines show the micro range.
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Fig. 6.8. The scaling exponents ζn of the structure functions are depicted versus the correspond-
ing order n. Main plot: a linear relationship between ζn and n on this plot indicates monoscaling
behavior within the micro scales. Inset: ζn vs. n for the macro range, this is concave , consistent
with the multifractal nature of the macro range.
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Fig. 6.9. Standard deviation of oil price increments within the desired range. The dashed line
shows a good fit over the micro scales, i.e. for τ ≤ 10.
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Fig. 6.10. Rescaled PDFs of oil price fluctuations at micro-scales, τ ≤ 10. The Lévy distribu-
tion with µ = 1.51 is represented( dashed line).
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Fig. 6.11. Rescaled PDFs of oil price fluctuations over some micro-macro time scales. This
shows that the collapse of the PDF’s to a single curve is broken.




