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Abstract — This paper explores an alternative volatility
estimation approach discovering the helical structure of Fourier
coefficients of volatility wave. Volatility wave is calculated by
using wavelet decomposition with consequent logarithmic
variance indicator estimation for each decomposed part of the
signal and subsequent volatility matrix transform in a specified
way. Further, using discrete Fourier transform the Fourier image
of obtained volatility wave is analyzed. The Fourier image
coefficients of the transformed volatility indicator have a clear
helical (spiral) structure that evolves in time. This brings a new
understanding of volatility and its evolution process from signal
theory (and wavelet theory) perspective. We have found some
regularity in the volatility evolution process. The minimum total
distance indicator between Fourier coefficients is proposed as a
measure of such regularity. This indicator has a nature of
volatility lower bound.

Keywords — Continuous wavelet transform, Fourier transform,
helical (spiral) structure, minimum total distance, stock indices,
time series, volatility, wavelet analysis.

l. INTRODUCTION

This paper continues the series of papers [2]-[5] devoted to
the volatility analysis of financial time series — stock market
data. The idea of this research is to discover new properties of
financial time series using wavelet decomposition.

The main key stone of this research is a vector
representation of functions; this idea is widely used in the
Fourier transform, where a main function is represented as a
sum of elementary functions. The same idea is used in a
wavelet transform, where the compact defined function,
shifted and scaled, is used as a mother wavelet function, and
any signal can be represented as a sum of mother wavelet
functions.

In the financial time series analysis, it is important not only
to analyze the financial time series (as the signal or stochastic
process), but also the volatility indicator (amount of variation
or dispersion from the average). Volatility indicator is
evolving in time and volatility forecast is very important in the
financial time series analysis, since the price of derivative
financial instruments is volatility dependent.

The main approaches used in the current paper are as
follows:

1. The signal (financial time series) can be decomposed
in parts or components by using wavelet filtration, and each
component can be analyzed from a volatility perspective. The
sum of volatility of all components is proportional to overall
signal volatility.

2. The signal can be considered from a volatility
perspective and evolving volatility can be considered a signal,
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which can be decomposed in components by using wavelet
filtration.

Volatility components, which are evolving in time, discover
some specific properties of the signal, which cannot be
discovered in an original signal without decomposition. Since
wavelet decomposition uses the shifted and scaled mother
wavelet function, it acts like a microscope, highlighting
certain parts of the signal. These specific properties were
described in [1]-[4] with the author term <“North-East
Volatility Wind Effect”.

The main conclusion made in paper [2] is the following — a
slight increase in volatility in the low-frequency components
of the signal leads to significant disturbances in high-
frequency components that destine the entire signal volatility
growth. This effect is called “North-East Volatility Wind”.
This conclusion is important for risk management on the stock
markets. “North-East Volatility Wind” Effect described in [2]
brings out a deeper understanding of volatility evolution and
an opportunity to illuminate most dramatically market
drawdowns initially. This opportunity is explained by an
ability to see very small changes in volatility (logarithmic
variance) of the low-frequency components of the signal.

Further research of volatility evolution in components
(volatility layers) and volatility transmission between layers is
conducted in [3].

However, volatility in the perspective of scaling parameter
can also be considered the signal (defined in a space of scaling
parameter), which has a regular wave form. This signal is
named volatility wave, which is the object of current research.
Evolving volatility wave is represented by Fourier image by
using discrete Fourier transform. Here and further the research
algorithm is described.

Il. RESEARCH ALGORITHM

Research algorithm consists of 4 (four) blocks: Data
Loading & Preprocessing Block, Signal Decomposition Block,
Volatility Analysis Block and Fourier Analysis Block.
Research algorithm is described in Fig. 1. In the output of each
block, output is illustrated in figures — by 2D and 3D plots.
Number of each plot is related to the figure number in the
current paper.

A. Data Loading and Preprocessing Block

Data Loading & Preprocessing Block uses the ticker
(finance.yahoo.com data depositary ticker as id) and provides
the analyzed signal X (t) in output. This block consists of 3 main
parts: data loader operator, which downloads daily financial
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Fig. 1. Research algorithm, block-scheme.

time series (for the whole available period) by a predefined
ticker. This operator fits Log-operand, which calculates a
natural logarithm of financial time series in order to remove
the network effect in financial time series data. Log-operands
fit Norm-operand, which is normalizing additions of signal to
N(0,) process, in other words, it is calculating additions to
signal AX(t) and normalizing it to the process with zero
mathematical expectation p=0 and unit standard deviation
o=1. Norm-operand provides output of Data Loading &
Preprocessing Block, which is called analyzed signal X(t).
The algorithm is described in Fig. 2.

Data Loading&Preprocessing block

Fig. 2. Data Loading and Preprocessing Block.

Procedure of this block was described in [2]-[4].
Programming codes in Matlab language are shown in [5].
B. Signal Decomposition Block

Signal Decomposition Block is fitted by Data Loading &
Preprocessing Block. Signal Decomposition Block is placed

between Data Mining and Preprocessing Block and Signal
Analysis Block.

Signal Decomposition block

Fig. 3. Signal Decomposition Block.

The block consists of two parts: Direct Continuous Wavelet
Transform (Direct CWT) and Inverse Continuous Wavelet
Transform (Inverse CWT) operands. Direct CWT operand
provides Wavelet image W (a,b)of the analyzed signal X(t).
Inverse CWT operand loads Wavelet image W (a,b)for each
scaling parameter a and transforms it back to a part of
analyzed signal X(at). Inverss CWT operand operates in
loops (Va) (for each scaling parameter @), as a result by using
Direct CWT and Inverse CWT operands analyzed signal
X(t)is decomposed to X(a,t) [2]. Signal decomposition by
using wavelet transform keeps the following idea: the number
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of signal components only depends on scaling parameter
a and by summing all components of decomposed signal
original (analyzed) X(t) signal can be reconstructed.
Decomposition of analyzed signal X(t)to X(a,t) serves for
the subsequent volatility analysis, which has been done
for X(at). Subsequent volatility analysis is performed for the
decomposed signal, which describes volatility evolution since
and of volatility transmission. Exploration of Signal
Decomposition Block was described in [2]-[4]. Programming
codes in Matlab language are shown in [5].

C. Volatility Analysis Block

Volatility Analysis Block is fed by Signal Decomposition
Block output — decomposed signal x (a,t). Volatility Analysis
Block run in loop for each scaling parameter a. By selecting
decomposed signal x(at)for defined a the block by using a
window function selects 25-trading-day interval 7 in time
space t (in other words from X(a,t) for certain a it selects
te[1:25)) and calculates logarithmic variance In(D(X (a,z)))
(or volatility indicator V1(a,z)) [2].

After this window function is shifted in time till the last
rand the procedure is repeated for each a scaling parameter
va.

Volatility indicator V1 is stored in memory and further
shown in a 3D plot (in Fig. 8), as well as it is used for
modified volatility indicator calculation.

Volatility Analysis block

toput x(at) forVa Window function Variance calculation y
vct,v=(1:25)+ Vi(a,t)=In(D(X(a,7)))

Volatiity indicator|
Va,:Vi(a,T)

eIl for ¥Vt Window tuncton /.
_ﬁﬂ r >_7/ anVa /
|

Volatiity

b=min(V); -
(=2In(V—=b+1)y T

[ |Modified volatilty
Indicator
Va,t:V2(a,x)

Fig. 4. Volatility Analysis Block.

Modified volatility indicator calculation is based on
volatility indicator V1 data and starts from running t index
(from one to last ¢ ). For certain 7 volatility indicator

Vi(a,r)is selected along ahorizon Vi(,z) (or in other words
V(at, 7). € [ann, B 1) Here and further V(a7 )is abbreviated

as V1volatility wave. After this, specific transformation with
Vl(a,z')is done in accordance with equation (1). After this the

procedure is repeated by changing z< t+1to the lastt .

V2(a,7) =exp(-2In(V —b +1)), @
V =Vla,7),a €[a,,, amm],b=min(V).

min ?

Ilustration of this transformation is done in Fig. 9. This
modified volatility indicator V 2 by its nature illuminates local
maxima lines of V1.
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Schematic illustration of Volatility Analysis Block is
performed in Fig. 4. This block in the output provides V1and
V 2 volatility indicators, which are illustrated in 3D plots in
Fig. 9. Modified volatility indicator V2 is used for the
subsequent analysis in Fourier Analysis Block.

Detailed exploration of volatility indicator V1 calculation
can be found in [2]-[3]. Programing code in Matlab
environment is provided in [5]. Transformation from V1 to
V 2 is described in [6].

D. Fourier Analysis Block

Fourier Analysis Block uses modified volatility indicator
V2 as input and provides several outputs: Fourier image of
volatility wave U(fz), Fourier image of volatility wave
growth dU(g,7), regularity indicators L1(z) (calculated from
U(A7)) and L2(c) (calculated from dU(B.z)) . Regularity
indicators L1(r)and L2(c)are a measure of minimum total
distance between all Fourier image coefficients. Here and
further a detailed explanation is provided.

Fourier Analysis Block uses modified volatility indicator
V2 as input. It runs a running index  and for certain 7 selects
volatility wave V2(,t) or V2(a1)0€(an am] - This
volatility wave is transformed from time to frequency domain
by using discrete Fourier transform algorithm, described in

Q).
U(B.7)=(V2(a,7),e"): @

As a result, Fourier image of volatility wave U(j,7)(where
[ is a period). Fourier analysis is repeated for each z. The
same procedure is done for volatility wave growth dvV2. The
dV 2 indicator is calculated by (3).

dV2(e,7) =V 2(a,7) -V 2(cx, 7 -1). ©)

Volatility wave growth  representation  in  frequency
domain is done by a fast Fourier transform, as a result Fourier
image of volatility wave growth dU(g,7)is calculated in the
block.

Fourier images U(pz) and dU(pz) have specific
properties — Fourier image coefficients demonstrate a clear
regular helical (spiral) structure. Fourier images of volatility
waves calculated for stock indices are shown in Figs. 10-11.

Analogical results for Fourier analysis of volatility
evolution waves for DJIA (The Dow Jones Industrial Index)
are shown in papers [6]-[7].

Authors propose Fourier imaae reaularitv indicators
L1(z) and L2(c)defined on time space 7 according equation

(4):
L(z)=->"|U(B.7)-U(B-17)|
vp

L2(c)=-YdU(B,7)-dU(B-17)
VB

(4)
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The block-scheme of Fourier Analysis Block is shown in
Fig. 5.

Fourier Analysis block
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Fig. 5. Fourier Analysis Block.

According to the block-scheme in Fig. 5, the block runs in
for loops with running index ¢ and calculates
U(B7),dU(B7) U(B7),dU(B ) Fourier images and from
them L1(z)and L2(z)regularity indicators. As a result, the
block provides output with L1,L2 which are loaded to 2D
plots.

By running for loops with running index z, U,dU Fourier
images are loaded to scatter 3D plots and the result image is
added to movie, stored in a hard drive. Detailed illustrations of
movie making and plotting are shown in Fig. 1.

I1l. FINANCIAL TIME SERIES ANALYSIS

Here and further, for the subsequent research the Dow Jones
Industrial Index financial time series data of the period
(1993 — nowadays) are selected.

By feeding Data Loading & Preprocessing Block with
ticker (“DJI), the block provides in output the signal shown in
Fig. 6.

In the Signal Decomposition Block, the analyzed signal is
decomposed in parts by using wavelet filtration — Direct CWT
and Inverse CWT. The output is provided from various
viewpoints in Fig. 7.

Decomposed signal is used as input for Volatility Analysis
Block, which provides a picture of volatility evolution shown
in Fig. 8.

WA e A

Fig. 6. Analyzed signal of the 2Dow Jones industrial average (above — the
signal, below — signal growth).
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Fig. 7. Decomposed signal of the Dow Jones industrial average.
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Fig. 8. Volatility analysis of the Dow Jones industrial average.

For the subsequent analysis, the modified volatility data
V2 are used. The difference between Volatility V1 and
Modified volatility V 2 is shown in Fig. 9. Modified Volatility
V 2 illuminates local maxima lines.
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Fig. 9. Volatility (top) and modified volatility (bottom) indicators. Fig. 10. a-c) Fourier image of volatility wave in time 7 = {5,10,25}.

For the subsequent analysis, the modified volatility data
V 2 fits Fourier Analysis Block, which analyzes volatility
waves in a frequency domain. Fourier images of volatility
wave U(f,7)are shown in Fig. 10 (a-c).

Fourier images of volatility wave growth dU(f ) are
shown in Fig. 11 (a-f).

Fourier image of Volatility Wave at tan =10
Fourier image of Volatility Wave at tau =5

Fourier image of Volatility Wave at tau =15

Fourier image of Volatility Wave at tau =10

Im e Re
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Fourier image of Volatility Wave at tau =25
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Fig. 11. a-f) Fourier image of volatility wave growth in time

7={10,15,25,30,30,155}.

Evolving in time ¢ Fourier images of both
U(B.7),dU(B,7)are saved together with a volatility indicator
in the prepared movie. According to Figs. 10-11, the Fourier
images U(f,7),dU(8, 7)show a clear helical (spiral) structure.

Fourier imagesU(43,7),dU(f,7) evolve in time = and show
some degree of regularity at each z . The measure of
regularity described by indicators L1, L2 measuring minimum
total distance of scatter plot points is shown in Fig. 12.
Indicators L1, L2 are shown together with overall volatility.

Volatility and regularity indicators

O VYolatility
4+ ] L1 regularity indicator
Q A ™'="'L2 regularity indicator

1 1

1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500
Time, tau

-3 1 1 1
Fig. 12. a) L1 and L2 indicators, overall volatility indicator.

As it is shown in a plot, regularity indicators
L1, L2 approximate a volatility trend. In order to check this,
by using wavelet filtration (discrete wavelet transform
decomposition till the 10th level with Dobeshi wavelet “db7”)
high frequency components of volatility indicator were
removed. The result is shown in Fig. 12.

103



Information Technology and Management Science

2014 /17

Volatility LF components and regularity indicators
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Fig. 12. b) L1 and L2 indicators, LF components of overall volatility indicator.

Regularity indicators L1,L2 have high correlation with
volatility indicator low frequency components. The Pearson
correlation results are shown in Table I.

TABLE |
Pearson Cross-correlation Matrix
Volatility indicator | L1 indicator L2 indicator
Volatility indicator 1 0.7443 0.7145
L1 indicator 0.7443 1 0.9665
L2 indicator 0.7145 0.9665 1

In order to bring clearness to the analyzed process — the
process of wavelet filtration, evolving volatility measure and
Fourier analysis of the so-called volatility wave — the process
and output of this process are to be described next.

IV. RESEARCH RESULTS AND DISCUSSION

Suppose that each investor reacts to the events happened on
financial markets by making their individual decisions taking
into account their own investment horizon. Moreover, this
decision is based on filtering the time series of stock prices.

If the situation is stable in the market, individual investors
will not change their open positions rapidly, otherwise
market instability and price volatility should rise. By itself
volatility is a measure of strikes between individual investors.
More strikes, more jagged the index is.

Understanding of the so-called volatility wave starts with
understanding of interrelations between various investment
horizon investors. Local maxima of volatility wave dedicate
an investment horizon, where the strike between investors is
more noticeable.

Understanding of Fourier image of volatility wave is
similar. Maximum magnitude Fourier harmonics should
indicate frequency (which is inverse to an investment
horizon), which responds to volatility wave local maxima.
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The second important understanding of Fourier image of
volatility wave is illumination of structure. As it is shown in
Fig. 10 and Fig. 11, markets definitely have a structure, since
various investment horizon investors should interrelate to each
other. This structure is evolving in time, can take different
forms. Increase of regularity or emanation of certain
harmonics normally means running a volatility wave, which
results in the market crisis. This statement becomes clear,
understanding L1,L2 measures, while the total distance
between all Fourier coefficients turns to minimum, a volatility
indicator trend (low frequency component) rises.

Discovering the structure of volatility wave Fourier image
is very important, currently the minimum total distance
L1,L2 indicators need modification to describe different
regularity structures.
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Andrejs Pu¢kovs, Andrejs Matvejevs. Akciju tirgu struktiiras izmainu atklasana, izpétot volatilitates vilnu Furjé attela spiralveida struktiru

Saja raksta tiek apliikoti alternativie volatilitates raditaji, kas balstiti uz volatilitates vilna Furje attgla spiralveida regularitates mérfjumiem. Volatilitates vilnis
tiek iegiits ar veivlet filtraciju (ar tieSo un apgriezto nepartraukto vilnpu parveidojumiem), veicot analiz&jama signala (finansu laikrindu) dekompoziciju ar
turpmako volatilitates (jeb logaritmiskas dispersijas) pétfjumu katra signalu komponenté. Turpmak volatilitates raditajs tiek parveidots noteikta veida, ta ka ir
aprakstits $ai raksta. ST parveidojuma jédziens ir volatilitates indikatora mérogo$ana un lokalo maksimumu izskir§ana. Modificéts volatilitates raditajs tiek
analizets merogoSanas raditaja griezuma katra laika momenta ,.tau”. Modificéts volatilitates raditajs merogoSanas parametra griezuma veido vilnveida formu,
dévétu par volatilitates vilni. Ar Furjé analizi volatilitates vilnis tiek parveidots Furjé attéla. Rezultata realas un imaginaras Furjé attéla dalas veido regularas
formas spiralveida strukttiru. Furjé att€la regularitate tiek noteikta ar L1 un L2 raditajiem, kas tiek aprékinati, ka minimala distance starp visiem volatilitates vilna
Furje attéla koeficientiem. L1 un L2 raditaji péc savas dabas ir alternativi volatilitates raditaji. Sis raksts atklaj jaunu skatu uz volatilitati un to evoliiciju Furjé
attéla koeficientu spiralveida struktiiras griezuma. S pieeja lauj prognozet jaunas finangu krizes raganos.

Amnppeii IlyuxoB, Anapeii MaTBeeB. BbIsiBi1eHre CTPYKTYPHBIX H3MeHEeHHI (JOHIOBBIX PHIHKOB, HCCJIEAYIOUINX CIIMPATEBUIHYIO CTPYKTYPY Dypbe
00pa3a BOJIH BOJIATHIBHOCTH

B naHHOII cTaThbe paccMaTpHBAIOTCS albTEPHATHBHBIC OLECHKU BOJATHIBHOCTH, OCHOBAHHBIC HA OLICHKE PEryIIPHOCTU CIUPANCBUIHOH CTPYKTYpsl Pypbe
oOpa3a BOJIH BOJATWIBHOCTH. BoJTHa BOJIATHIIFHOCTH, ITOTydaeMasi ¢ IOMOIIbI0 BelBieT-nekommosunny (IIpsimoro HenpepsiBHOTO BeifBiIeT-npeoOpa3oBaHust U
ObpatHoro HenpepbiBHOTO BelBIIET-IIpeoOpa3oBaHus), IIOCPEACTBOM IEKOMIIO3UIUM AHAIM3MPYEeMOro CHrHaja ((HHAHCOBOrO BPEMEHHOrO psija) ¢
HOC/IEAYIOIMM BBIYMCICHHEM IIOKA3aTelsl BOJATHIBHOCTH (JIOorapu(MHYECKOil AMCIEPCHM) I KaKJOro KOMIIOHEHTa curHaia. Jlanzee mokasaTenb
BOJNIATHJIBHOCTH TIpeoOpasyeTcsi COrJacHO NpeoOpa3oBaHMIO, ONMMCAHHOMY B Hacrosmiedl padore. CyTh JaHHOTO NpeoOpa3’oBaHHs 3aKIIOYAeTCs B
MacIITaOMPOBAaHUU ¥ BBINCJICHUM JIMHMH JIOKAIBHBIX MaKCHMYMOB JUIL IIOKas3aTellsl BOJIATHIBHOCTH. B pesymbrare mpeoOpa3oBaHUS IONy4aeM
MOIU(UIMPOBAHHBIN OKA3aTelb BONATHIBHOCTH. MoOAUGUUMPOBAHHBIN MOKA3aTellb BONATHIBHOCTH aHAJIM3UPYETCS B paspese MoKasaTels maciraba Juist
Ka’kJIOTO BPEMEHHOT'0 TToKa3aTeNs «Tay». MoaupuiupoBaHHbI MOKa3aTelb BONATHIFHOCTH B pa3pese MoKa3aTeNs MacmTada oOpasyeT BOIHOOOpasHyo (hopMmy,
Ha3BaHHYIO BOJIHOH BojaTwibHOCTH. [locpencrBom @ypbe aHanm3a BONHBI BOJNATHILHOCTH BhIsBIsieTcss Dypbe 00pa3 BONHBI BOJNATHIBHOCTH. B pesynbraTe
MHHMBIE H ACHCTBUTENbHBIE YacTH Kod(duumeHToB Dyppe 00pa3ylOT UETKYI0 CHHPAJIECBHIHYIO CTPYKTYpY pPeryssipHoil ¢opmbl. PeryiaspHocTts win
cTpyKTypHOCTE Dypre oOpasza ompezensercss ¢ HOMOIbIo mokasarened L1, L2, paccuuTeiBaeMBIX Kak MHHUMAJIBHOE PACCTOSIHHE MEXTY BCEMH
koo dunnenramn Dypre obOpaza BOIHEI BOJATWIBLHOCTH. [lokaszaTtemu perymspHocTd L1, L2 sBISsIOTCS anbTepHATHBHBIMH ITOKAa3aTeNsIMU BOJIATHIBHOCTH.
JlaHHast CTaThsl OTKPHIBACT HOBOE BUACHHE BOJATUIBHOCTU U €€ 3BOJIIOLMY C TOYKHU 3PEHHUS CIUPAICBHIHON CTPYKTYphI Koa(duimeHToB Pypbe 06pasza BOIHBI
BOJIATHIIBHOCTH. J[aHHOE BHIEHHE MI03BOJISIET OTKPBITH HOBBIE CIIOCOOBI IIpe/icKa3aHusl (PMHAHCOBBIX KPH3UCOB.
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