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@ A brief explanation about Self-similar and self-affine
models

@ Motivations

@ Novel methods in multifractal analysis

@ Relation between so-called Hurst exponent and other
scaling exponent in 1 and 2 dimensions

® Trends and undesired noise in time series

@ Detrending procedures: F-DFA, SVD and EMD
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Glossary

o A system consisting of many
non-linear components.

o One dimensional array
representing value of an observable based on
dynamical variable so-called time.

: ;
1750 18(X) 1850 190X 1950 2

o A power law function describing
the behavior of a typical physical quantity.

@ A typical
system which characterized by a scaling law
with non-integer exponent in all scaling
ranges. On the other hand, multifractal has
infinite number of different fractal exponents.
Each of them are valid in proper scaling range.
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= Magnification of
systems parts in every directions have same
scaling exponent for matching to whole of
system. While self-affinity is a generalization
for anisotropic scaling behavior:

Sunspot Data
Surrogate Data
#——  Shuffeled data

@ Changing in the scaling behavior

00 150

) The weak definition s
concerned to changing the mean sftandard
deviation of time series with time. Strong
definition of stationarity requires that all
moments remain constant. Usually external
affects cause nonstationarity in time series.
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o It is an intrinsically
fitted monotonic function or a function in
which there can be at most one extremum
within a given data span. Defrending is the
operation of removing trend
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A brief History on Complex system science

Alerusston /
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A brief History on Complex system science

@ ~1700 A.D. Gottfried leibniz

@ ~1872 A.D. Karl Weierstrass
@ ~1904 A.D. Helge von Koch
@ ~1915 A.D. Waclaw SeirpinsKi
@ ~1951 A.D. H. E. Hurst

~1968 A.D. B. B. Mandelbroat
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Model construction

@ To investigate the evolution of phenomena
in the nature and probably track their
future situations.

@It should be a simple from mathematical
point of view.




Natural time series

o temperature, precipitation,
water runoff, seismic events, climate dynamics and
SO on.

o Heartbeat,
blood pressure, glucose level, gene expression data
and so on.

2 X-ray and cosmic ray,
sunspot, CMB (actually not time series),....

o Traffic, internet,
Finance, language characteristics, chemistry a
petroleum, ...

o surface roughness, spectroscopy, ...
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@ Prediction of the future behavior of the
systems

o Classification of various systems from complex
systems point of view

o Find the universality properties of underlying
systems
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Problems and Discrepancies regarding to
Observations and Models

Direct computation and determination

Indirect computation and determination
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Self-affinity in time
series

® Suppose a time series as:

y:{yv@)} 1=1,...,.N

I —>aXi So-called Hurst exponent
yaxi)=a"y(i)

y@)=x(D+x2)+x(3)+ ...+ x(1) = i x(1)




Time series

| |
Anti—correlated
Uncrorrelated

Crorrelated

® Anti-correlated: H<O0.5

® Uncorrelated: H=05
® (Correlated: H>0.5
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Fractional Brownian

Motion
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S. Kimiagar, M. Sadegh Movahed et.
al., arXiv:0710.5270
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@ Hurst’ rescaled range ( R/S ) analysis : By Hurst
(1951)

o Scaled windowed variance analysis ( SWA ) : By
Mandelbort (1985)

@ Dispersional analysis ( Disp ) : By Bassingthwaighte
(1988)

o Detrended fluctuation analysis ( DFA ) : By Peng
(1994)

@ Some state-of-the-art algorithm based on previous
idea such as: MF-DFA, MF-DCCA, MF-TWDFA, DMA
(BDMA & CDMA), WTMM
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@ Parametric: Done in DFA

@ Non-parametric: Empirical mode
decomposition (EMD)

I must point out that now a days there are
some challenge regarding to Detrending
methods in multifractal analyses




@ Part A: For stationary case without trends

@ Part B: For non-stationary case with trends




SWY method

e Step 1. Determine the ‘profile’

?

Y@)=) [oe—(z)], i=1,...,N.

k=1
e Step 2. Divide the profile Y (7) into N; = int (N/s) non-overlapping segments of equal

lengths s. \ /Y

SWV (s Z[Y Y (s))]"

="\

SWV (s) ~ st
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R/S method

e Step 1. Determine the ‘profile’

Y ()= Z [z — (x)], e
k=1

e Step 2. Divide the profile Y (7) into N; = int (N/s) non-overlapping segments of equal

lengths s.

R(s) = Max{Y(s)} — Min{Y (s)}
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Dispersional method

e Step 1. Determine the ‘profile’
Y(7) = Z [z — ()], p=:1_ ... N,

k=1

e Step 2. Divide the profile Y (7) into N; = int (N/s) non-overlapping segments of equal

(v, s) = é Z Y((v—1)s + 1

lengths s.

M) = 3 3 [0ss) = (u(s))]
M(s) ~ 2
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Multi-Fractal Detrended
Fluctuation in | D .

seris

e Step 1. Determine the ‘profile’

i
Y(2) = Z [z — ()], =] css IV, Z
k=1

o Step 2. Divide the profile Y (i) into N, = int (N/s) non-overlapping segments of equal lengths s,

e Step 3. Calculate the local trend for each of the 2N, segments by a least squares fit

of the series. Then determine the variance 1 F :
2 1 - r . 12 Z 0 “‘
F(s,v) =~ E {1Y[(v —1)s+17] —y.(2)} = Ti
T . ;1
for each segment v, v =1,.... N, and £ -1 \H
: < :
2 1 - "EAT 7 9 ; 1 iq
F(s,v) = =Y {YIN — (v — Ny)s +4] — %,(3))? =, ,ﬁ ]
'5 .
=1 o) : d
F:: 2 :
forv =N,+1...., 2N,. =3
S scale
T : . . . v=llyv=2 — 100 v==06
Here, y,(2) is the fitting polynomial in segment v. StOP 4 e

index i
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e Step 4. Average over all segments to obtain the gth-order iuctuation function. defined

- 1 2N, 1/q
= (i q/2
F(s) = {z-\—:z: [F (b,l/)] }
- =1
F,(s) is only defined for s > m %D

e Step 5. Determine the scaling behaviour of the fluctuation functions by analysing
log—log plots of F, ('s:) versus s for each value of ¢. If the series x; are long range power
law correlated, Fj(s) increases, for large values of s, as a power law,

X} Uy (s)) 195 1 1(q);

L(X|h P(h
P(h(q)|X) = f(ﬁ(‘Xf,‘?(L))(d,fg)) £OXIGa) ~ e (
xz(h(q)) _ /ds [Fobs.(s) _QFThe.(SSh(C]))]2

O obs. (S)

68-3%=/+0 L(X|h(q))dh(q) h+a+

Jan W. Kantelhart, et. al., arXiv:physics/0202070; M. Sadegh Movahed et. al., arXiv:physics/0508 149
S. Hajian and M. Sadegh Movahed, arXiv:0908.0132
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h(2) and Hurst exponent in DFAL for
fGn

NS v=1 | | (I

— <[F2(s; v)]>

’
V

2

Dt s = v T 2
F2(s;v) = < ) 1Y) = yo()] (

T oi=l

V(i)=Y x(k)— {x) (3
k=1
_yp (l) = dy + bpi (4

Thursday, July 15, 2010



iy /1! o
<[F (s v)]> - <5 ;[Y(z) a— bil? >
~ <%§ (i)> > 3(19 ) + 5 (ab) — < ZY(:)>—?<9;WU)
Y(@i) =i > Y(i)—Yk) =i — k"
(Y () — Y(R)1?) = o?|i — k|*H o? = (x(i)°) (Y (0)?) = o2
2
(Y ()Y (k) = ”2 [i2H 4+ k2H — i — k|2H]

<[172(s; v)]>v

) = 072 - (i2H+I 328 iy _jIZH).
2 ‘
_ GTz 5 (1.3H+| UoH)__ZZ,(I_j)?_H__ZZ,U_l)zH

=1 j= i=l J=3

!
2 7/ «2H43 Z2H<3 2 I
o [ s s o SH 42 f o / H
~ $ — — E I —X) 8% — [ x(l—x)""dx
2 (2H+2 2(2H+1)) 2 = ( 0 0 )

0,2S2H+3 ( 2 | )
N 4 H+1 2H+1
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h(2) and Hurst exponent in DFAL for
fBm

<[F2(S,I/)]> - <%;(Y(l) = bi)2> ;17('?‘.) A Y’(Z) o Y'(l - 1)
= 2 w(z) = x(2) —x(z — 1),
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For fBm series
( [FQ(.S’, 1/)] >v — Cy 2B

oo o? B 402
HTRH+3)(H+1)? [(H+1)(H+2)?

1202 1202

TTHTDETIE HFDAHI2HTI)

For fGn series

<[F2(s; v)]> = Cn(s)*"

'

2 2
s do- 4

1 302 1
_ _ 32 =2 - -
GH+D 2H+2 ' 7 (H+l 2H+l) (H+l)( (H+l)(2H+1)>

CH

g =2) = H
M. Sadegh Movahed et. al., arXiv:physics/0508149
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Scaling exponents

® Multifractal scaling exponent T(q)=qh(q)—1
® Generalized multifractal dimension D(g) = Lqi
g —
C(s)~s"

® Autocorrelation exponent <

CU,H~i "+ —|i—j"’
® Power spectrum scaling exponent S(®) ~ @ "

o =1'(q)

o =h(q)+qh’(q)
fla)=qla—hg)]+1

® Holder exponent

® Singularity spectrum
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Correlation and Hurst exponents
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Pt

Free energy and T~
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@ A criterion for scaling behavior of measure
at each subinterval of time series

A Holder exponent represents
monofractal process while the
existence of spectrum for
Holder exponent demonstrates
multifractality nature of time
series
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@ Integration of series should be finite
@ Derivative can be defined for series

@ Series should be periodic

In many cases, in discrete measurements, above
conditions are not satished
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Power spectrum

@ Fourier or legender transformation of
correlation function

C.. (i, )) = (x(D)x()))
=C,(li- j])=C.(v) = (x(i + 1)x(i))

IifieeT .
S(V)=— 1§ €{T)e" dt
W)=




3 T
6’ =C,(0)=] S, (o)o

C.(t)=C.(-T)
S.(0)=A4(w)+iB(w)

B(w) = 21]" J-_TT C\(l‘) sin(ot)dt =0
Sx ((')) =| JY((D) l2
5.(0) === | €, @) dr === (x()-x(1+7)) e dr
x \* VT dop % o7 1 x(7) - x( _
) ZIT J—TI%J‘_TI x(2)- x(t+7)dt " drt
- L L[ x@he™ da)([ X (@) “der)dr ed
]

-(27)*8(w-0")5 (0" + o) X (0) X (o)

2T
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Spectral density
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Power spectrum exponent

IB:2H—1 For fGn
ﬁ:2H+1 For fBm




Extended

S, (T)~ S, (1)

&, =qH —q(g—1)b
1

Cq = 5 For Gaussian data

self-similarity and Hurst exponent
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S. Kimiagar, M. Sadegh Movahed et. al.,, arXiv:0710.5270
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D( fractal — dimention) H¢pm H ¢

0.— Y0 YHme + YHf( n \ — Y}'I,((] = Y) —
Y—-D HfB-m + \ Hf( n 2l
q r(g) A C) f=qa+1(q)
dg
9=2® | —ga_,. | dy.=—Inu /Ind
. D o,
q= 0 -
g3 | i a,=—8(0)/Ino
o @y =—lnu /Inod
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Multifractality

A: h(q) depends on 'q”

B: There is a spectrum for holder exponent
C: There are various slopes for T(q) in
different scales

1) Multifractality due to a fatness of PDF

2) Multifractality due to different correlations
In small and large scales




Fq(S)/FqSth(S) AU Sh(Q)_hshuf(Q) — hcor(Q)?

Fq(S)/Fsur(S) ~ Sh(Q)_hsur(Q) _ ShPDF(Q)
q :

hcor(Q) — () For Fatness

hppr(q) = 0O For correlation

What are shuf” and “sur’?
Actually there are the abbreviation of
Shuffled and Surrogate data set
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Surrogate method

(i) Computing the discrete Fourier transform (DFT) coefficients of the series

2

XK = Z 2ty e (9)

n=»_(

FHat)} =1 XW)I" =

where v = k/NAt and At is the step of digitization in the experimental setup.

(ii) Multiplying the DFT coeflicients of the series by a set of pseudo-independent,
uniformly distributed ¢(r) quantities in the range [0, 27):

X () = X(v)el4®. (10)

(iii) The surrogate data set is given by the inverse DFT as

-11v _— ~, - i K —Nmzi./\
A :I tn 1\ e ll
(X)) W§:| 1 (11)

k=0
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0.8 F

i Original
0.7 F Surrogate
g Shuffled

0.6 F
0.54 A A AAAAAAA AA‘AAAAA‘i
I @ -.
; o g m H ]
04 g ® -

0.3 ?....Q.O-Q'.

0.4

S. Kimiagar, M. Sadegh Movahed et. al., ISTAT P03020 (2009)
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MF-DFA in higher dimension

In many cases, one encounters with self-similar of self-affine surface which i1s denoted by a two
dimensional array X(,)). For this case the MF-DFA has the following steps:

Step I: Suppose i=1,..M
xX(1,)); {j:l,...,N
A
M, = int(ﬁ
S )
\
N, :int(M
S )

.. : : .. [,=(W-1s
x,, @ )=x(,+i,l,+j) 1<i,j<s
’ L,=(w—=1)s
Step II: For each non-overlapping segment, the cumulative sum 1s calculated by:

Yv’w(i,j):iixv’w(k,l) 1<i,j<s

k=1 I=1
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Step III: The trend of constructed cumulative arrays such as:

u,, (i,j)= av,wi + bv,wj +c,,,

. . 2 .2
uv,w (l’]) = av,wl + bv,w] + Cv,w

uv,w (l’.]) — av,wlj T bv,wi T Cv,wj T dv,W

u,, (i,j)= av,wi2 + bv’wj2 + cv’wi + dv,wj +e

u, (i, ))= av,wi2 + bv,wj2 tc, gj+d, ite j+f .

Step I'V: For each non-overlapping segment, the cumulative sum 1s calculated by:

g, ,)=Y,, 0j)-u,,Qd.,/)

1 S S
F2,(s) = S—ZZZev,wa,j)z

i=1
Step V: By averaging over all segments as:

F(s)= M#Mif{ﬂ%wm}

Ky v=1 w=1

F (s)=AX s

ql2

1/q

Smm ~ 6
s =min(M,N)/4
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T Y (5,5 — g T Y ) T o

Y
s.m Y \ s.m
Z-i j=1Y 6" == sX 1 [Zz g=" Z'J
s, M s.m
Zi,j:\YZ‘]I_YZ’J \ (
m X 8" /\Y

Y iien Y= s D ey Bl ) X gt

0
R

Y
S.m . \ S.m
Z'i. L=3 JY  sXm [Zi.j:\ J]
ST Y (5,05 — B T Y6 d)
sxmY/\Y
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QLA by e By e
- il ] Bt >4 (&) s X m — " 5§ X m >4 >4J
=Y 3= =Y 3= =Yg ="y
Y == b,s ¢,m
~ Y (2,
s X m 4 (%,7) Y Y
L f="
\ S T
Y Y
F¥(si0) = — 33" V(i) — 9 i 5)]
i=Y j=\
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<[Fr(s.7’n.:z/)]> <s><7n Z[Y i,j) —a — bi — cj] >

2=\
N S.mn Y SY bY '71" ‘Y
N s><mZ lJ < >+?< >+T<(>
=1
S.m b ST . | |
- <q X m Z ¥(s,j) > <s X m Z Z'Y(?‘])>
$. =" 5=
c sSm | . S X m
=¥ <S w— ‘Z\ ‘7Y(z,..])> + s (ab) + m (ac) + v (be)
i, 5=
Y (i,5) = (i5)"

Y (3,5) - Y (k1) Y(3,0) +Y(k,g)+ i — k7|7 — 1|2

= [(-il)H + (k)2 + i — k|75 - llH] 1,8
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—Y|i — k|75 =" [GD™ + (kj)"]

—i — k|"H |5 — 4" — ¥ (i5ki)"],
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Y (s,m; v)
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\ vYo+ H(Ae+H\NYY+H(Y+H)YA+YH(V+ H))|)
Y (N + H)Y(Y + H)Y(\ + YH)"

\Y(YT[Y + H]Y +T[Y + YH])
(N + H)Y(Y+ H)T[Y + YH|T'[¥ + YH]"

4 —

xnnf+rm(nv+nmﬁyﬁun+V40Hrn+4ﬂ+rﬁ+ng. r+HrW+vH0

+TU+HFHO+Hﬂ%+( : Y”\+Hr)

N+ H)Y  T[Y+VH

v \ N YI[\ + H]' N YA
O +E) T vH | T+ H)(Y+ O+ YH)

xQTW+HTnv+rm+(n\+er+Hwﬁ+Hv+rw+vHDrm+vyom

.9

Nx)=(x— V) = / = Ve tdt

o
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Some important exponents

T(q) = qh(q)—d,

D,=3-H

f(x)= u(x)®|x|

7(q) = q(l

—-(1-H)

H)_l_logz[pq

H € (0,])

(1-p)’ |




& n:gn:;cion by Eq (2) g
| o regression by Eg (3)
X regression by Fxp. (4)
1 O pegression by Eg (5
10 o regression by Eq. (6)
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Gao-Feng Gu and Wei-Xing Zhou, PHYSICAL REVIEW E 74, 061104 (2006)
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More about cumulative sum

X(@i,j)= - 4 (e
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More about cumulative sum

X(lv+i,lw+j)= + + ik

1
\®)

S, cﬂ
|| 1l
Sl N

S
1

||
O paed?

L,
[

Thursday, July 15, 2010
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@ Step I: Consider two time series as:

@ Step II: Construct profile and trend functions.
Polynomials or based on empirical mode decomposition
(EMD, non-parametric)

B. Podobnik and H. Eugene Stanley, PRL 100, 084102 (2008)
Wei-Xing Zhou, PRE 77, 066211 (2008)
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@ Step IV: Averaging over all segments as:

@ Step V: Demanding a scaling relation according to:

@ If two underlying series to be equal so one finds
nothing except the Hurst exponent:

Thursday, July 15, 2010
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2D version of MF-DCCA
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FIG. 2. (Color online) Multifractal nature of the power-law

q

10

cross correlations of two MRWs. (a) Power-law scaling in F . F ..

and F,, with respect to s for ¢=2 and 5; (b) power-law exponents

heo hy. and h,.
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FIG. 3. (Color online) Multifractal nature of the power-law
cross correlations of the absolute values of daily price changes for
DJIA and NASDAQ indices in the period from July 1993 to No-
vember 2003. (a) Power-law scaling in F,,, F . and F,, with re-
spect to s for g=2 and 5. The scaling range is the same as in Ref.
[15]. (b) Dependence of the power-law exponents h,, h,, and hy,
as nonlinear functions of ¢, indicating the presence of multifracta-

lity. There is no clear relation between these exponents.
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FIG. 3. One-dimensional version of a cascade model of ed-

dies, cach breaking down into two new ones. The flux of kinet-
ic energy to smaller scales is divided into nonequal fractions p,
and p;. This cascade terminates when the eddies are of the

size of the Kolmogorov scale, 7.

1) B. B. Mandelbrot, J. Fluid Mech. 62,
331 1974.

2) C. Meneveau and K. R. Sreenivasan,
Phys. Rev. Lett. 59, 1424 1987.

3)E. A. Novikov, Phys. Fluids A 2, 814
1990

4) C. Meneveau and K. R. Sreenivasan,
J. Fluid Mech. 224,429 1991.
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FIG. 4. Multifractal detrended cross-correlation analysis of two
cross-correlated synthetic binomial measures from the p model. The
size of each multifractal 1s 4096 X 4096 and the cross-correlation
coefficient is 0.48. The numerical exponents h,(q) and h(q)
obtained from the multifractal detrended fluctuation ana‘]‘ysis
of X and Y are located approximately on the analytical curves
H,.(q) and H,,(q). This example illustrates the relation /,,(q)
=[hy(q)+hy(q)]/2.

H_(q)=[2 -log,(p{, + p{,+ P3, + P3,) V4.




Cross-correlation exponent for stationary series
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Cross-Correlation in the presence of trends
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@ For stationary anti-correlated signal i.e. H<O.5,
SAAY

@ For stationary correlated signal, H>0.5,
R/S

@ For signal with superimposed trends,
WTMM, MF-DFA, MF-TWDFA, DMA
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More about DFA

1) The longer the time series, the better the agreement with the
theory in all methods but DFA behaves more reliable than others

2) DFA cannot give correct results when h(q=2)~0, In this case it
is recommended to construct double profile and use DFA method

¢ DMA

¥* WDMA-1
ODFA-0
> DFA-1

= DFA-2
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DMA (BDMA & CDMA)
and MF-TWDFA

Refer to :

|) arXiv:cond-mat/0507395
2) PRE71,051101 (2005)
3) PRE 73,016117 (2006)
4) JSTAT P06021 (2010)
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Crossover and effect of
trends

@ Polynomial trends: MF-DFAmM

@ Sinusoidal trends: F-DFA, SVD, chaotic SVD
and Empirical mode decomposition(EMD)

Z. Wu et al., PNAS, 104, 38 (2007)




Polynomial Trends
It has been demonstrated that by MF-DFAm, polynomial

of order m-1 to be diminished
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Anticorrelated noise

Sinusoidal Trends

Anticorrelated noise + sin. trend 10° E—
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Competition between noise
and sinusoidal trends

S. Kimiagar, M. Sadegh Movahed ef. al., ISTAT P03020
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Fourier-Detrended

® |ndeed, this method bases on High-pass filter

We transform the data set to the

Fourier space and then truncate the first

few coefficients of the Fourier
expansion, finally by inverse

transformation, the clean data will be

retrieved

Physica A 357, 447-454 (2005); Physica A 354, 182-198 (2005); Chaos, Solitons and fractals 26, 777-784

(2005), Jstat PO3020 (2009)
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Singular Value Decomposition (SVD)

{:1:@},2 — 1, cees N

d<N—-(d-1)1+1

p will be given by power
spectrum

Ld4+N—(d—1)1—1 /

The p dominant eigenvalue and associating
eigendecomposed vector represent the
superimposed trend and the remaining (d-p)
demonstrates intrinsic fluctuations

S. hajian and M. Sadegh Movahed, arXiv:0908.0132
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Empirical Mode decomposition (EMD)

@ This method is known as non-parametric method

@ There is a good review by Norden E. Huang

Proceedings: Mathematical, Physical and Engineering Sciences, Vol.
454, No. 1971 (Mar. 8, 1998)

@ In this case, the intrinsic mode functions (IMFs)
satisfy two conditions:

Thursday, July 15, 2010
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1) Identify the local extrema and find their average (Generating
upper envelop and lower envelope)

2) Subtracting the envelop mean from signal
3) Check the IMF conditions

& .i-M.' T ﬁw—h{‘w Lahhafhhalhnalhl habhdahhah, D. Kim €'|'.
ol I [ 1 || | | [l [} ' ( ‘
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Signal = 1-51 IMF + 1-s! residue

1-61 residue = 2-nd IMF + 2-nd residue
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Year

1950

2000

gray corresponds t
variance and black
corresponds to IMF
various stopping cri




Advantages and
disadvantages

@ The size of underlying data wont be invariant
by using F-DFA, while the size will be
preserved in SVD and EMD
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As an example:
Application of DCCA
Sunspot and River flow

solar irradiance to be
increases when sun
activity increases and
the cloud cover to be
increase resulting

stream flow increase
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Discharge (m?/s) Series length

French broad 1896.1-2005.12

Daugava 1953.1-2002.12

Holston 1931.1-2005.12

Nolichucky 1921.1-2005.12

Drainage area (km?)

Location

35°36'N
82°34' W

56°57" N
24°6" E

36°39'N
81°50' W

36°10°N
82°27' W
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Holston vs sunspot
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El Nino index3 (ENSO) and sun activity

Daugava River + ENSO
Holston River + ENSO
French Broad River + ENSO
Nolichucky River + ENSO

El nino warwing the
surface

La nino cooling the
surface

120 180 240300

s (month)

ENSO sunspot
River sunbpot ~ %

Nolichucky [0.89 :t 0.03 ‘>2 + 0.0610.94 == 0.0110.12 4= 0.02
French Broad 0 89 1+ 0.0310.22 £ 0.06]10.98 £ 0.0210.04 £ 0.02
()8":!:00 3():1:()0 0.90 £ 0.0110.:

Daugava  |0.74 £ 0.03(0.52 4 0.06 [0.77 4= 0.01 [0.46 = 0.02
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Main results

® There is a universal behavior for river flow
fluctuation during "12-24 < s < 130" months.
A=1.17+0.04

® There is a crossover at sx~130 months for
all mentioned rivers.

@ The contribution of sun activity represented
by sunspot is larger than ENSO effect at
least since 1950.

@ Due to various values of As for different
rivers, we conclude that beside sun activity,
the geographical position, human activity,
drainage network have also reasonable
impact on the runoff water fluctuations
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User manual for MF-DFA code written by Sadegh Movahed

1: You should write the name of your data file in it

2: To shuffled data set you should select YES here.

3: If you want to surrogate your data, select YES for

this option \

4: This value shows the number of shuffling data —
set.

i

5: Here you should determine the maximum and
minimum no. of windows, i.e. if you select “10” for/
maximum and “2” for minimum, your data set is

divided to 2 up to 10 non-overlapping windows.

_~~RUN CANCEL

6: If you want to calculate just H=h(g=2) you should
determine g=2., namely, g_max=q_min=2. To find

the generalized Hurst exponent i.e. h(qg) versus g(mom
this case you can find the singularity spectrum for data get.

t exponent), must q_min and q_max to be different, Justin

7: Here the step of moment exponent is determined.
8: In some case, we have to use double profile for data. It is done by the proper option in my program.
The name of output files are as follows:

1) hurst.txt gives generalized Hurst exponent versus g

2) log_f_s.txt gives the In (F(s)) versus In(s)

3) f_s.txt gives the fluctuation function versus “s”

4) tau.txt gives classical multifractal scaling exponent

5) D.txt gives generalized multifractal dimension

6) singularity.txt gives singularity spectrum

7) PDF.txt gives probability density function
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@ I demonstrated the general view about
fractal and multifractal time series.

® Some novel and robust methods in data
analysis, in various dimensions were explored

@ The relation of derived exponents and more
relevant ones from complex systems point of
view were developed

@ I investigated the effect of various trends in
methods

@ An application in climate and hydrology was
considered




Future perspective

® Method construction (More robust and reliable),
effect of trends and detrending procedures

@ Applications: Due to robustness technologies for
recoding various type of data set, ranging form
nano-scales to MPc scales, we expect that there
are many fantastic opportunities, especially in
multidisciplinary sciences to get deep insight and
new interpretfations regarding to phenomena.
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Thank you
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