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Abstract — This paper describes capabilities of wavelets for
financial time series analysis. In current research wavelet
analysis is provided by using Continuous Wavelet Transform.
For basic assumption of time series behavior is used so called
Fractal Brownian Motion, which is general case of classical
Brownian motion, than implies time series long-term memory
behavior. In terms of wavelets this analysis is done by filtering
financial time series that are playing the role of signal with filter,
by using Gausian mother wavelet function. Saying absolutely
precisely, Continuous Wavelet Transform is done in frequency
domain by using Fourier images of both — Fractal Brownian
motion process upper interval bound and Gausian mother
wavelet functions. The stock index analysis is completed in terms
of Fractal Brownian Motion, for specified parts of the process.
The devision of process in smaller parts is done by using
probability bands. Each part of the process was analyzed by
using modified R/S analysis. R/S indicator fitting to FBM bound
is made using least square error criteria in time domain. Similar
fitting is made by using wavelet images which are the result of
Direct Continuous Wavelet Transform.

Keywords — Wavelet analysis, Time series, Stock indexes, Stock
Market Crisis, Fractal Brownian Motion, Continuous Wavelet
Transform, Wavelet image, Fourier transform, mother wavelet
function, Gausian wavelet function, R/S analysis, Local Scaling
Exponent, Curve Fitting, Least Squares Fitting.

I. INTRODUCTION

The term of Fractal Brownian motion goes to Fractal, Chaos
and Dynamic systems, stochastic processes area The idea of
use of so called Hurst exponent goes from Harold Edwin
Hurst long-term dependence describing method developed in
early 1950-th which is called R/S method, when for the object
of research became Nile river discharges. Harold Edwin Hurst
research is based of comparing the reach of time series to its
standard deviation that brings fundamental scalability meaning
of so called Hurst exponent indicator. In current research, R/S
method is being used, but with some modifications, which are
described later.

Since early 90-th, with the development of computation
technologies, for very precious tool of analysis has become
wavelet analysis and the theory of wavelets, developed by
Haar, van Ness, Mandell, Rose, Daubeshies, which can be
considered as a part significant of signal theory.

Currently such wavelet techniques as Discrete wavelet
transform, Dyadic Wavelet transform, Continuous Wavelet
transform are used in many technical applications, e.g. JPEG
image compression technique (according JPEG 2000 standard)
is based on wavelet multire solution analysis.

Development of wavelets theory has become a necessity by
understanding of incompleteness in Fourier transform. First of
all Fourier transform is not optimal dealing with finite signals,

secondly it does not solve the problem of uncertainty in time
and frequency domains. The idea of wavelets solves this
problem, at least particularly. Wavelets has taken
opportunities of signal representation by using orthogonal
functions, which have serious analogy with vector
representation in multiple dimensions simultaneously. Vectors
are keeping an idea of signal representation in multiple
(independent) dimensions simultaneously.

Representation of financial time series in both frequency
and time domain is very beneficial to select signal of certain
frequency in certain time interval. Selecting the financial time
series in certain frequency interval keeps an idea of risk
measure analysis, while selecting financial time series in
certain time interval keeps an idea of ‘risk measure evolution’
analysis. In Continuous Wavelet Transform the role filter
which is illuminating ‘measure’ of risk is playing shifted and
scaled mother wavelet function. Mother wavelet function
shifting operation means illumination of risks in certain time
interval, while scaling operation means illumination of risk
measure (the higher risk is illuminated by lower scaling
parameter while lower risk is illuminated by higher scaling
parameter, saying absolutely precisely the measure of risk is
calculated as inner product of time series and (scaled and
shifted) mother wavelet function, and ‘lower risk’ is detected
by using higher scaling parameter, but ‘higher risk’ is detected
by using lower scaling parameter ).

In other words the idea of independence is used in
Continuous Wavelet Transform as idea of projection of the
signal on different orthogonal mother wavelet functions,
which are illuminating different frequencies in different time
intervals. This way the realization of signal representation in
both domains is done in Continuous Wavelet Transform
technique. But as it is mentioned before, the wavelet theory
has solved the problem of uncertainty in time and frequency
domain only particularly. The nature of inability to represent
signal in both domains simultaneously is also being seen in
inability to illuminate ‘higher risk components’ without
having enough information in time domain, that’s why
wavelet coefficients at highest scaling parameters and larger
shifting parameters does not have sense.

In terms of stochastic process analysis Continuous Wavelet
transform has a meaning of decomposition of stochastic signal
to smaller parts, each of them is representing ‘noise’
component in selected region of frequency. The selection of
region of frequency is done by calculating inner product of
stochastic signal (in current case- time series). By doing Direct
and Inverse Continuous Wavelet Transform, wavelet analysis
should decompose selected stochastic signal in small parts,
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each of them having standard deviation in particular time. In
terms of Direct Continuous Wavelet transform standard
deviation of stochastic process has a meaning of amplitude of
‘noise’ of certain frequency region. In terms of Inverse
Continuous Wavelet transform amplitude of ‘noise’ of certain
frequency region has a meaning of standard deviation.

II. FRACTAL BROWNIAN MOTION

Fractal Brownian motion is a generalized Classical
Brownian motion, which is extended process by ‘adding’
additional parameter H — hurts exponent, which is Classical
Brownian motion case with A = (0.5. See the next equation.

-1

PAX<x)=(27)* -o-N"- (1)

h -1 u
;[@ip(z (W))W
Where:

AX - increase of stochastic process X by Ay time units;
o - standard deviation of stochastic process;
At - increase in time units;

H - Hurst exponent.

Stochastic process can be rewritten in terms of zero-mean
normal distribution function.

P(AX <x)=®(x,0,0-At"). )

Where:
O(x,u,0) - Normal distribution function of random
variable x , with mathematical expectation 44 and standard
deviation ¢ .

In terms of Fractal Brownian Motion process upper and
lower bound can be scripted via following equation.

X,, =k(P)-o-At". 3.1)

k(P)=®, (P),®, (D(P,0,1)=X)=P,(0,1).?

inv iny

Where:

- Fractal Brownian motion process upper (if P~ ().5)
ext

X
and lower (if P < ().5) bound;
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k(P) Fractal Brownian motion process upper/lower bound
is constant, independent from o, Ay, 7, and dependent
only from p (probability criteria of upper/lower bound).

Since P is chosen, obviously there is no problem to define
intervals where the process ‘lies’ with a certain probability P ,
for example if denote that 0.05 < P < 0.95, we can estimate

two constants for lower
k(0.05) =, (0.05,0,1) ~ —1.6449 and  upper
k(0.95)=®, (0.95,0,1) = +1.6449 interval bounds.

III. CONTINUOUS WAVELET TRANSFORM

Continuous Wavelet Transform is powerful wavelet tool for
signal analysis and synthesis. Since Direct Continuous
Wavelet Transform is an operation of signal decomposition
into a wavelet matrix, representing coefficients of inner
product of original signal by shifted and scaled mother
wavelet function, Inverse Continuous Wavelet Transform
operates in synthesis side. Should say that Inverse Continuous
Wavelet Transform operation should require admissibility
condition, and not for all mother wavelet functions the signal
can be retained by its components.

As it is mentioned before Direct Continuous Wavelet
Transform is keeping an idea of signal representation by using
shifted and scaled mother wavelet function, that by shifting
operation selects signal parts in certain region of time, but by
using scaling operation, defines desired frequencies of the
signal indirectly, and selects signal part of desired region of
frequency and in particular time interval, therefore realize an
idea of signal representation in both: frequency and time
domains.

Direct Continuous Wavelet Transform in terms of
stochastic signal representation decompose original stochastic
signal in its smaller parts. The signal decomposition is made
by using different scaling parameters. Indirectly larger scaling
parameter ‘selects’ lower frequency signal, that mostly is
having smoothed form and lower standard deviation in terms
of stochastic processes, while lower scaling parameter
‘selects’ high frequency signal, that mostly is having sharp
form and higher standard deviation in terms of stochastic
processes.

Direct Continuous Wavelet Transform in terms of Fourier
transform can be found by using following equation:

CWT(a,r)= j)”((w)ﬂi'(a.w).\/z e dw. (4

Where:

CWT(a,7)" a Continuous Wavelet Transform with scaling

parameter 4 and shifting parameter 7 ;
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o - Fourier image of function (for .
Xw) ~° X, (At o

( ) e (A1) ) Wl(a,7)= —a-k-0'~th”-jf(h+Ljh@-Uh@’h’l- (12)
conveniences lets rewrite 2 J
X, — x(0),At — t, X (w) «L—x(¢)’ e

ex v Jaw t

e af (=+—F+) |dw
2 - a Fourier image of mother wavelet function \/E x/§
Y(a-w)
function.

w(1) neton Provided algorithm explains Fractal Brownian Motion

For case specified the Gausian wavelet function is chosen;
the choice is made because this function has very simple
analytic form, see the next equation:

yiny=e? ©

Where:

v (Z‘) - Gausian wavelet function defined in time domain.

Since mother wavelet function and signal (that implies
upper/lower bound function in time domain) are defined, the
following function representations in frequency domain can be
calculated, first signal function is represented:

X)L X(w)= [k-o- At -edt. (6)

Xw)=-T(h+1, jtw)-k-o-t""-(jow) ™. (D)

T(4,2)=[t*"-edT . )
V4

Where:

I'(A4, Z) - under defined incomplete Gamma function
Analogically Fourier image of Gausian mother wavelet
function could be estimated:

w(t)L)‘i’(w) = J‘ei7 e ™dt. )
¥ (wa) = \/7 erf(JaW %). (10)
2 f
erf(A)=—==-|e " dT. (11)
7o

Therefore CWT (a,7) could be estimated in following way:

upper/lower bound behavior by using shifted and scaled
Gausian mother wavelet function, which has most simple
analytical form. Expect computational analysis should bring
more light on calculation results.

IV. STOCK INDEX RESEARCH

In current research financial time series are analyzed.
Objects of research are worldwide stock indexes. Stock index
data is beneficial for research because it shows behavior of
various stock markets in different regions and includes only
general information of stock market and does not include too
much specific information about underling industries or
companies. World stock indexes are liquid, usually no gaps in
data excluding holidays is presented. In current research world
stock indexes daily close prices from 1. Jan 2000 to nowadays
are used.

World stock indexes are analyzed in terms of stochastic
processes. For process representation the reach indicator is
being used. Saying absolutely precisely, for current research
the R/S indicator is being used, when the process reach is
normalized by process standard deviation, which is the most
classical method being used for Hurst exponent estimations.
But in current research some R/S modifications are made,
which are described next.

The general idea of research is to compare the reach
indictor to correspondent theoretical Fractal Brownian motion
(FBM) upper/lower bound interval — the process reach
function of time is fit to FBM upper/lower bound function of
time by changing underlying FBM parameters described in
equation 3.1. For FBM estimation the least squared error
criteria is used.

Since the general idea can be realized for the whole process
data, it can be realized also for filtered data. In other words in
current research data filtering is being used. The criteria of
filtering proposed are interval bounds, which are calculated
from process probability distribution.

The idea of filtering comes from idea of multifractality. The
main questions to be answered is: “Does the Hurst exponent
indicator is representative for all process, or some parts of
process with different Hurst exponent can be identified, is the
behavior of different parts of process the same?”

Identification of process parts should be reliable. Since the
process is contains stock index data, which include ‘stock
market crisis times’ and ‘calm times’ it would be wise to split
the stock index data by using stock index increase filtering by
interval bounds, in other words to split the data in percentiles
and analyze splited data separately. If split parts do not vary in

107



Technologies of Computer Control

2013/14

their behavior significantly the split has no meaning and data
should be analyzed in together.

In current research the data are splited in intervals; the
splited data are analyzed separately by using R/S method
which is described in details next. In this case Hurst exponent
is not appropriate term — since we are speaking not about
whole process but about part of it, Hurst exponent should be
replaced with local scaling exponent /1 .

The core idea of represented R/S analysis is to compare
‘normalized reach indicator’ which is a function of time, to
correspondent FBM upper/lower bound, which also is a
function of time. In other words FBM upper/lower bound (lets
call FBM ‘curve’) should be fit to R/S indicator by changing
specified parameters of FBM, which are described in equation
3.1. One of them is parameter k(P) which is a function of
P . 1t is intuitive clear that selected k(P) parameter should
be related to interval bounds which are used for filtration of
process or spiting of process in different parts. The formal
exploration of relation k(P) parameter to FBM is described
next.

Since R/S indicator fitting to FBM ‘curve’ can be made in
time domain, the same operation can be made with wavelet
images (which are Direct CWT result of underling R/S
function and FBM ‘curve’ function represented in time
domain).

The switch from functions represented in time domain to
wavelet images should bring more flexibility in understanding
of local scaling exponent /2 . First assume that there is not only
one local scaling exponent /4 but the scope of local scaling
exponents representing specified splited part of the process,
which also vary dependently on wavelet scaling
parameter /4 =h(a) . If local scaling exponent vary
significantly depending on wavelet scaling parameter, local
scaling exponent /1 has interpretation in terms of periodicity,
otherwise it does not has meaning.

Fitting of wavelet image of FBM ‘curve’ to wavelet image
of R/S function is done in a similar way as it done in time
domain by using least squares error criteria. In terms of
wavelet image fitting the FBM ‘curve’ R/S function and error
function in time domain is transformed to wavelet image and
its energy criteria is used for fitting. The algorithm is
described next.

V.RESEARCH ALGORITHM

Here and further stock index research algorithm is
described. The first step is obtaining financial time series data.
After the correspondent index daily close prices are obtained,
the data pre-processing step should be made.

X ) =In(X ().t =1.T,t € Z,

13)
Xc (t) < Xlog (t)9

For simplicity the new X, (#) variables are let to older
abbreviated X _(¢) This is done in order to not use a lot of
indexes.
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After logarithm of the price data is taken, price increase
should be found by using next equation.

AX()=X,(6)- X, (t-1),t=1.T-1LteZ. (14)
In the next step stock index increase AX (¢) is normalized.

AX(t) )7

AX () = (——) . (15.1)

T
y:T’IjAX(t)dt. (15.2)
1

T
=T (AX(?) — u)*dt
o J( (t) - 1) .

AX(1) < AX,,,, (1)

In current normalization operation, normalization is done
for all AX () variables. This step normalizes the process to
N(0,1) parameters. Normalization operation makes filtering
operation possible, which is undertaken further. After
normalization the change in variables is done:
AX(1) « AX,, (1).

In the next step AX(¢) splits process in some parts to
realize further research separately. See split realization in next
equation.

, (16.1)
AX_ﬁzmw(l):AX(m
{(AX,, 2AX()>AX,, ) |
A)(min = (Dinv (PL 90’1) . (162)
A‘}(min = q)inv (PH 70’1) = q)inv (PL + AP’Oﬁl) (163)

In current step AX (¢) is assigned to AX fhered(l) in case
it satisfies AX . >AX(¢)>AX where and

min max min

AX .. are interval lower and upper bounds, calculated via
normal inverse distribution function @, (P,0,1). In such
case bounds are defined by lower P, and

higher P, probability variables, let’s call it probability band.

Here and further filtered process AX ﬁ,m,ed(i) research is
described. For convenience let’s
rewrite AX (£) <= AX ,,,.,(i) , taking on account we are
operating with filtered data (another words with a part of the
process). By analogy let’s consider t =1..T,f € Z and T is
the last index of specified part of the process.
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In the next step, normalization should be done, in this case,
for a filtered data.

AX(t) U

AX o (D) = (——). (17.1)

T
y=T“jAX(z)dt. (17.2)
1

T
a=T“j(AX(z)—y)2dr (17.3)
1
After  normalization the change of  variable
AX (1)« AX,,,, (t) is done.

In the next step the splited process part X () is recovered
by using underlying increase variables AX (¢) . See the next
equation.

X() :jAX(u)du;. (18)

The reach indicator is calculated by using X (#) in next
equation.

Seq(t) ={X(1), X(2),...,(X (1)}, (19
R(t)=0.5 - (max {Seq(f)} — min{Seq(£)}),

The cumulative standard deviation S(t) can be found by
equation scripted next.

S(t) = t_IJ.(AX(u) —u®))du.  0.1)

(20.2)

ut)=t" j AX (u)du .

After this R/S indicator could be estimated by using
classical Hurst method, see the next equation.

R@)

RS(1) = S0

2]

In next actions the R/S indicator. which is reach indicator
normalized with standard deviation, is compared to
correspondent FBM upper interval bound (which is a FBM
‘curve’), with parameters described in equation 3.1. The next
equation describe an ‘etalon” FBM curve.

_ H
RS,(H)=k(P)-o-t (22)
Current k(P) parameter is a calculated via inverse normal
distribution function by equation 16.3.
Since least square error criteria is selected for fitting, let’s
write an approximation ‘error’ function in next equation.

e(H)= ln(j (RS (H,t)—RS(1)*dt). (23)

For each H should be calculated RS, (H) in order to find
such H, which provides &(H ) minimum.

VH:¢(H)

(24)
H=H_ :¢(H

i) = Min(e(H)

By analogy in case of fitting of local scaling exponent
h(a) least square error is found in terms of wavelet image.
For each local scaling exponent correspondent FBM ‘curve’ is
constructed. FBM ‘curve’ is transformed to wavelet image by
using CWT. By analogy using the same technique wavelet
image is constructed for RS function.

Then for each scaling parameter a FBM ‘curve’
RS, (h,t) wavelet image W, is compared to correspondent
RS(¢) function curve image W . See the algorithm scripted
in next equation.

Vh:RS, (ht)=k(P)-c-t"
RS, (t)—2=M W (a,7),(RS, (h,1));
RS(t)—2" LW, (a,7),(RS(1));

(25)
Va,a=12,..4:¢,(h)

g,(h)=1og([ [ W, (a,7,h) =W (a, 7)) dwda)

According least error criteria minimization task should find
the best fitting parameter / for each @ scaling parameter.

Vh:e, (h)

, . (26)
h=h, :e,(h. )=mine,(h))

Provided algorithm is illustrated for stock index research
next.

VI. RESEARCH EXAMPLE

Here and further provided algorithm is illustrated on
example of Japan Stock Exchange Nikkei 225 index, which is
considered in a period from 1985 Jan 1 to nowadays. An
algorithm is written in Matlab code form.

% Loading the data
load Datafile.mat
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% Signal preprocessing
Data =log(Data);
wn = diff(Data);

%
S
T

S

Time space and std
1;
length(Data); t = 1:T;

% Normalization
wn = (wn - mean(wn))./std(wn);
Nikkei 225 index after algorithm realization is illustrated

S

next.
Fig. 1. Nikkei 225 Index data in log scale

Filtering operation or in other words operation of process
splitting in parts is scripted in following way.
% Loading data
% Filtering:

P_m = linspace(0+sqrt(eps),1-sqrt(eps),100);

for pind = 1:length(P_m)-1
PI = P_m(pind); x_1
Ph = P_m(pind+l); x h
Pd(pind) = 0.5*(PI+Ph);

norminv(Pl, 0, s);
norminv(Ph, 0, s);

%Spliting in intervals
xind = find( wn>=x_1 & wn<x_h );x = wn(xind);

%0THER CODE PLACED HERE IN FOR LOOP
end

In this code lower and upper bounds are defined, after this
the process of specified bounds is selected.

One remark should be made here — all code considered next
should be placed in specified place in for loop!

Normalization within filtered process is
following code.

realized in

% Normalization 2
X = (X — mean(x))./std(x);

R/S indicator is calculated by using following code:
X = cumsum(x);

% R/S calculation
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R = zeros(size(X)); S = R";

for 1 = 2:length(X)
arg = X(1:1);
darg = x(1:1);
Lo(1) = min(arg);
Up(i) = max(arg);
S(1) = std(darg);
clear arg darg

end

R =0.5*(Up - Lo); RS = R./S; RS(1) = 0;

Constructed R/S indicator, which is a process reach
indicator, normalized with its standard deviation, had to be
compared to correspondent FBM 'curve' with appropriate
process parameters. Fitting is realized by code scripted next:

% Fitting in 2D
t e = 1:length(RS);
H m = linspace(0,1,100);

for ind = 1:length(H_m)
H = H_m(ind);
RS e = abs(x_h) * s * t_e.”H; WFBM "curve"
Err = RS_e - RS;
Er(ind) = log(sum(Err."2));
end

h(pind) = H_m(Er == min(Er));

Fitting results are represented in the next figure.

Fig. 2. Nikkei 225 process fitting in FBM curve

Same operation of fitting could me made by using R/S
indicator and FBM curve wavelet images. At first wavelet
image of R/S indicator is obtained by using following script

% Wavelet image construction (CWT of RS)

A = floor(7/4);
a = 1:A;
W = cwt(RS, a, "mexh");
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Fitting results are represented in the next figure .Fig. 1.
Nikkei 225 process fitting in FBM curve

Fig. 3. A wavelet image of Nikkei 225 Index RS indicator

The same operation of fitting could me made by using R/S
indicator and FBM curve wavelet images. At first wavelet
image of R/S indicator is obtained by using following script.

Construction of wavelet image of FBM curve for each local
scaling exponent / and scaling parameter @ , error estimation
and minimization is done by following code.

for aa = 1:A
erp = inf;
ind = 1;
step = 10;

while ind < length(H_m)
H = H_m(ind);
RS e = abs(x_h) * s * t_e.H;
WRS e = cwt(RS_e, aa, "mexh");
WEra = WRS_e-W(aa,:);
er = log(sum(WEra.”2));
if (ind+step>length(H m)) && (step > 1)

step = 1;
elseif (ind+step>length(H_m)) && (step == 1)
break

end
if (er<erp) && (step == 10)
ind = ind+step;
erp = er;
elseif (er>=erp) && (step == 10)
ind = ind - step;
step = 5;
ind = ind + step;
elseif (er>=erp) && (step == 5)
ind = ind - step;

step = 1;
ind = ind + step;

elseif (er>=erp) && (step == 1)
break

elseif (er<erp) && (step == 1)
ind = ind+step;
erp = er;

else
H m(ind) = Hcom(pind);
break

end

end

h_a(pind,aa) = H_m(ind);
end

Since wavelet image construction by using Direct CWT
requires a lot of machine time, it’s is beneficial to check
squared error &, for only specified h local scaling exponents
and check the dvnamics of ¢, . By increasing h parameter,
squared error £, should decrease to minimum.

After fitting correspondent FBM 'curve' wavelet image is
illustrated in next figure.

Fig. 4. A wavelet image of FBM curve estimated for Nikkei 225 Index

As it is shown here, visually fig.4 look similar to fig.3, as
FBM 'curve' approximates R/S indicator.

Taking mentioned procedure step by step for each
probability band Nikkei 225 local scaling exponents /4 are
obtained. Analogically Nikkei 225 local scaling exponents
h a) are obtained for each scaling parameter a for each
probability band.

Nikkei 225 local scaling exponent / estimation results are
shown in the next figure.
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Fig. 5. Nikkei 225 local scaling exponent estimation, 2D plot

For convenience let's call figure 5 a multifractal spectrum of
Nikkei 225 index.

As it is sown in figure 5, local scaling exponent /4 vary in
each orobability band significantly. At probability bands
P =~ (0.5 local scaling exponent / reaches it maximum , but
towards the edges local scaling exponent /1 is lower.
Obviously the figure has left asvmmetry, and some peak is
observed in probability band P = 0. This is very interesting
property, which is also described in other stock indexes. The
exploration of this phenomenon is provided further.

As local scaling exponent /1 is estimated in terms of
wavelet image for each a scaling parameter for each
probability band, flowing estimation results are observed, see
the next figure.

Fig.6 . Nikkei 225 local scaling exponent estimation, 3D plot

Nikkei 225 index local scaling exponent estimation in 3D
has shown that local scaling exponent in current probability
band does not vary significantlv for all a scaling parameters.
Despite this, some changes in @ 'depth' occur, and for some
scaling parameters a the local scaling exponent /1 is greater,
but the changes are not significant. This phenomenon is
illustrated in next plot.
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Nikkei 225 local scaling exponent / estimation results are
shown in the next figure.

] TN

Fig. 7. Local scaling exponent estimation in scaling parameter depth

Changes in local scaling exponent / changes depending on
scaling parameters @ implies the presence of periodicity of
local scaling exponent /1 , that assume some stable periods of
stock index. If this is true, there should be some optimal
investment horizons.

VII. RESEARCH RESULTS AND DISCUSSIONS

In current research were analyzed following worldwide
stock indexes - The Dow Jones Industrial Average,
Amsterdam Stock Exchange, DAX30, IBEX 35, Hang-Seng
Index, S&P BSE SENSEX' Nikkei 225, CAC 40.

Each of mentioned indexes was analyzed in similar way
like Nikkei 225. Local scaling exponent estimation results for
all of them are 'quite' similar. See illustrated estimation results
in next figure.

Nikkei 225 local scaling exponent estimation results are
shown in the next figure.

Fig. 7a. The Dow Jones Industrial local scaling exponent estimation, 2D plot
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Fig. 7b. DAX30 local scaling exponent estimation, 2D plot

Fig. 7c. Hang Seng index local scaling exponent estimation, 2D plot

Looking at figure 7a, 7b and 7c, conclude all of indexes
have own shape of multifractal spectrum's, on the other hand
all figures obviouslv have left asymmetry — so in the
probabilitv band P =~ 0 higher values of local scaling
exponent /1 .

First of all this is a very specific property, which is not
peculiar for Classical Brownian motion. In case of Brownian
motion the value of local scaling exponent /1 decrease in
edges to minimum (equallv on both sides).

The probability band P =~ 0 selects extremely low stock
index parts, which actually are dramatic stock index
dropdowns.

In terms of Fractal Brownian motion, the local scaling
exponent /2 which in some sense is synonym of Hurst
exponent shows the presence of persistent properties of time
series. Higher local scaling exponent /1 is associated with a
'smooth', 'trendy' processes while lower scaling exponent /1
is associated with antipersistent properties, which usually
mean the recovery to average.

In terms of stock markets higher local scaling exponent /
for probability band P = 0 means that in case of significant

dropdowns the backup or recovery to average is hardly
possible. In case of dropdowns markets will remember the fail
and negative trend will remain for sure.

On the other hand, in case of lucky the 'reversion' to
average will be soon. while local scaling exponent /1 for
probability band P =1 is quite low and antipersistent
properties should do the job and reversion to the mean will
come soon.

Looking at figure 7a, 7b and 7¢, sumarize local scaling
exponent /1 values in the centre of figure are the highest. This
interesting property show that in probability band P ~ 0.5
local scaling exponent /1 is high, consequently specified part
of the process is 'smooth', 'trendy'. So this part of the process
should be the most predictable.
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Andrejs Pu¢kovs, Andrejs Matvejevs. Pasaules akciju indeksu veivlet koeficientu varbiitibu sadalijuma analize

Sis raksts parada finanu laikrindu analizes iesp&jas. Saja raksta veivlet analize ir veikta, izmantojot Tie$o nepartraukto vijpu parveidojumu (TieSo NVP).
Raksta ir izvirzits piepémums par akciju indeksu uzvedibu — par pamatu tika nemta Fraktalu Brauna kustiba (FBK), kas ir klasiskas Brauna kustibas vispargjs
gadTjums. Tika definéts FBK intervala aug$&ja robeza, kas aridzan tika analiz&ta, izmantojot veivlet analizi. FBK intervala augsgja robeza jeb FBK Itkne ar TieSo
NVP tika parveidota uz veivlet att€lu. TieSais NVP tika veikts ar Furjé parveidojumu. Furjé parveidojums tika veikts gan FBK liknei, gan mates veivlet
funkcijai. Liela pétijuma dala tika veltita pasaules akciju indeksu analizei. Akciju indeksu dati tika parveidoti uz stohastisko procesu, kas tika sadalits dalas.
Sadalijums tika veikts, izmantojot varbiitibu joslas. Katra procesa dala tika analizéta, izmantojot R/S analizi. Nosakot lokalo mérogosanas eksponenti, R/S
raditajs tika aproksiméts ar attiecigo FBK likni. Aproksimacijas kritérijs ir mazaka kvadratiska kliida. Analogiski R/S raditaja jeb R/S funkcijas veivlet attéls tika
aproksiméts ar FBK liknes veivlet att€lu.

Amnapeii ITyuxkos, Anapeii MaTBeeB. AHA/IM3 pacnipe/ie/ieHUs1 BEPOSITHOCTH BeiiBJ1eT-K03((PUIHEHTOB MHPOBBIX OUPIKEBbIX HHAEKCOB.

JlaHHAs CTaTbsi pacKphIBaeT BO3MOXKHOCTH BeHBIIeT-aHann3a (PHHAHCOBBIX psAOB. B maHHOII cTaThe BelBIeT aHaNMU3 OCYNIECTBICH ¢ IoMoInbio IIpsmoro
HenpepsiBHoro BeiiBner-IIpeoopaszosanust (IIpsimoro HBII). B nanHOii cTaThe OCHOBHOE NIPEAIIONIOKEHIE KacaTeIbHO OBEJCHHS OHPIKEBBIX HHIEKCOB CIEIaHO
B nosb3y ®PpakransHoro bpoyHosckoro napmwxenus (OB/); OB/] seusercs oOumM ciyyaeM Kiaccuueckoro bpoyHoBckoro nBukeHus. B xone nccienoBanus
ompeseneHa BepxHssa rpanuna uaTepsana dbJ], xoTopas crama oObeKTOM BeiBieT-aHanu3a. B xoxe BeifBneT-aHamm3a BepxHssd rpaHuia uarepBan ®BJ] ¢
nomotipio IIpsimoro HBII npeoGpazoBana B Beiiier-o0pa3. Ilpsimoe HBII Obulo BBINOJHEHO MOCpEACTBaM IpeobOpaszoBaHus Dypbe-00pa3a CHraaia u
MaTepuHcKkoro BeiiBiera. OCHOBHas 4YacTh pPabOThl MOCBELIACTCS AaHAIU3Y OUPKEBBIX HHJEKCOB. JlaHHbIE OUpPXKEPHIX MHAEKCOB INpeoOpa3oBaHbl B
CTOXAaCTUUYECKHH IIpolecc, KOTOPBIA pa3feleH Ha YacTH, KaKHas U3 KOTOPHIX OblIa NpOaHAIU3HPOBaHA IO OTACIbHOCTH. PasmeneHue mpoiecca Ha 4acTd
OCYIIECTBIISIACH C TIOMOIIBIO TIOJIOC BEPOATHOCTHU ONpe/ielieHHo mmupensl. Kaxias yacTs npoliecca npoaHaan3upoBana rnocpeactsoM R/S anammsa. ITokasarens
pa3maxa R/S ammpokcumupyercst BepxHeil rpanuneil untepsan ®BJ] (wim xpusoit PBJI) Bo BpeMeHHOH 007acTH; B Ka4eCTBE KPUTEPHUS alIPOKCUMAIIUH
UCIIONBb3YETCS HAaMMEHbIIas KBajpaTHyHas oumOka. [1oxoxum o0pa3oM ammpoKCUMHpPYETCsl BeHBieT o0pa3 mokaszaTens pa3smaxa R/S cooTBeTcTBYIOMIMM
BeliBier obpasom kpusoil ®BJI. Ilpu sToM nemaercs momymieHue, 4To Hokaszatens OBJl (IokanbHas CKeWIMHroBas SKCIOHEHTA) MEHSETCS Ha Pa3IHIHBIX
Macmrabax BelBieT-o0pa3sa kpusoii ®B/I.
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