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Abstract. The problem of investigation of temporal and/or spatial behavior of
highly nonlinear or complex natural systemshaslong been of fundamental scierti ¢

interest. At the same time it is presertly well understood that identi cation of
dynamics of processesn complex natural systems,through their qualitativ e descrip-
tion and quantitativ e evaluation, is far from a purely academic question and has an
essetial practical importance. This is quite understandable as systems with com-
plex dynamics abound in nature and examples can be found in very di erent areas
such asmedicine and biology (rhythms, physiological cycles, epidemics), atmosphere
(climate and weather change), geophysics (tides, earthquakes, volcanoes, magnetic
eld variations), economny ( nancial markets behavior, exchange rates), engineering
(friction, fracturing), communication (electronic networks, internet packet dynam-
ics) etc. The past two decadesof researd on qualitativ e and especially quantitativ e
investigations of dynamics of real processesof dierent origin brought signi cant
progressin the understanding of behavior of natural processesAt the sametime
serious drawbacks have also been revealed. This is why exhaustive investigation of
dynamical properties of complex processesfor sciertic, engineering or practical
purp osesis now recognized as one of the main sciertic challenges. Much attention
is paid to elaboration of appropriate methods aiming to measuring the complexity
of both global and local dynamical behaviors from the observed data sets - time
series. This chapter preserts a short overview of modern methods of qualitativ e and
guantitativ e evaluation of dynamics of complex natural processesuch ascalculation
of Lyapunov exponents and fractal dimensions, recurrence plots and recurrence
quanti cation analysis. Other related methods are also described. The traditional

approach to studying dynamical behavior of complex nonlinear systems is to re-
construct from obsenation scalar time seriesstate or phase spaceplot. This graph
indicates how the systemsbehavior changesover the time. We focus on the methods
of identi cation and quantitativ e evaluation of complex dynamics that are based
on the testing of evolutionary and geometric properties of phase space graphs as
images of investigated complex dynamics. For practical examples of the application

@ Cc 2006 Springer. Printed in the Netherlands.



of nonlinear methods for identi cation of complex natural processespur results on
medical, geoptysical, hydrological, and stick-slip time seriesanalysis are preserted.
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1. Intro duction

A common statemert in the scienti c literature is that the complexity
of nature has always beenan inevitable problem in our e orts towards
understanding and describing spatial forms and temporal ewlution of
natural systems.\Complex" and \complexity" are often heard scien-
tic terms, though there is little consensuson their o cial de nitions

and they still have a variety of meanings depending on the context

(Arecchi and Fariny, 1996; Shiner and Landsberg, 1999). This is be-
causethe study of complexity, in both a dynamical and structural

sense,s in its infancy and is a rapidly deweloping eld at the forefront
of many areasof scienceincluding mathematics, physics, geoptysics,
economics,biology, etc. Available current scierti ¢ de nitions of com-
plexity are often so controversial that the half-serious statement that

the complexity problem is itself complex (Yao and Davison, 2004)
looks quite reasonable.In spite of this, it is clear that natural systems
and/or processesare complex due to their nonlinearity, an intrinsic

property of the underlying laws conditioning absenceof strict deter-
minism of the universe. The presenceof this property is revealed in
the specicity of systems'temporal behavior and spatial structures,
what we hame as complex (Kantz and Sdreiber, 1997; Matcharashvili

and Javakhishvili, 2000).In order to avoid misunderstanding causedby
tradition, assaiating the term nonlinearity exceptionally with dynam-
ics, it should be stressedthat at presen the terms nonlinearity and
complexity commonly are regarded as synoryms. This is corveniert

in order to addressboth complex nonlinear temporal ewlution and
complex non-Euclidean spatial forms of natural systems.As an inher-
ent property, nonlinearity or complexity is revealedin the absenceof
a deterministic cause-e ectrelation, obsened on di erent spatial and
temporal scales.This property incorporates phenomenawith a very
broad diversity of dynamical features.Generally this diversity manifests
itself in a certain kind of hierarchy of dynamical behavior ranging from
strict determinismto total randomnessMost important isthat between
theseextremesthere are many intermediate statesthat reveal di erent
degreesof orderlinesssuc as, e.g., periodicity, quasiperiodicity, deter-



ministic chaos, low and high dimensional dynamics, hypercdiaos, etc.
(Kantz and Sdreiber, 1997; Theiler and Prichard, ). Until recenly
both qualitative detection and quartitativ e evaluation of these inter-
mediate states was impossibledue to the absenceof a corresponding
mathematical formalism and appropriate data analysis methods. It is
necessaryto mertion that traditional linear methods mostly are not
e ective for complex processesof interest. This is why in dierent
elds of scienceand practice there has been an explosion of papers
searting for methods aiming at detection of peculiarities of complex
systemsewolution in order to achieve reliable identi cation of processes
by their dynamics. At presernt a time seriesnonlinear analysis tech-
nique is elaborated (Abarbanel and Tsimring, 1993;Berge and Vidal,
1984; Eckman and Ruelle, 1985; Kantz and Sdreiber, 1997; Padard
and Shaw, 1980;Rapp and Farwell, 1993), which often (but not always
due to the samecause- complexity of nature) enablesus to acieve
correct qualitative and quartitativ e assessmenof complex processes
by measuringtheir dynamical characteristics. Thesemethods aiming to
measurethe complexity of both local and global spatial and temporal
scalesare universal and applicable to a very broad range of compli-
cated processes.There are seweral main approades to quartify the
complexity of processedy analysis of measuredtime series(Bo etta
and Vulpiani, 2002). Some of them have roots in dynamical systems
and fractal theory and include Lyapunov exponerts, Kolmogorov-Sinai
entropy and fractal dimensions (Abarbanel and Tsimring, 1993; Eck-
man and Ruelle, 1985; Kantz and Sdreiber, 1997). These methods
are basedon reconstruction and testing of phase space objects that
are equivalent to unknown dynamics. The other methods stem from
information theory including Shannon entropy (Schreiber, 1993), al-
gorithmic complexity (Shiner and Landsberg, 1999; Yao and Davison,
2004) and mostly are basedon symbolic dynamics. For di erent com-
plex systems,various approacesto complexity measuremets can be
used. The common problem of many methods, including onesbased
on phasespacereconstruction, is the requiremert of long high quality
stationary data sets, which is not always easyto fulll when dealing
with natural or laboratory systems.To overcomethesedi culties new
phase spacestructure testing measureshave been proposed, sud as
recurrence plots (RP) and recurrence quartitativ e analysis (RQA).
Thesemethods equip us to gain new understanding of complex natural
dynamics. At the sametime it should be stressedthat, notwithstanding
all e orts that are obtained by di erent modern methods, measuresof
complex dynamics sometimesmay be mutually complemertary or may



be even cortradictory and should be carefully tested.

2. Phase space structures as image of dynamics

As it was mertioned above here we focus on complex dynamics inves-
tigation methods basedon phasespacestructure testing. The practical
method to reconstruct the equivalert to real complex dynamics struc-
ture from the time seriesof a single obsenable wasinvented by Padcard
et al., (1980) and Takens,(1981). Generally, the state of an investigated
system can be described by its state variables x1(t); x2(t);:::; xq(t) .
Thesestate variablesform a vector x(t) in a d-dimensional phasespace.
The rotation of x(t) forms phasespacetra jectoresor orbits. When the
systemof interest is nonrandom it has a property known asrecurrence
(Ruelle, 1994). This meansthat after sometransients, the systemcomes
badk closeto the somepoints in the phasespaceagain and again. The
character of time ewlution of trajectory forms a phasespacestructure
- the attractor of the system.The shape of the attractor providesessen-
tial information on dynamical featuresof the investigatedprocess.Thus
the attractor in phasespacecan be consideredas an equivalert image
of dynamics under consideration. Generally a point in a phase space
is asseiated with a single state of the system which is fully de ned
by a set of m dynamical variables. It is clear that, in order to have a
complete description of the state of the dynamical system of interest,
thesem physical quantities shouldall be measured,at leastin principle.
Unfortunately, in most experimental situations, not all (and often only
a single) physical quantity of a state variable can be measured; all
that we have is a one-dimensionaltime seriesand from this series
one would like to learn as much as possible about the system that
generatedthe signal. As a rule measuremets result in discrete time
seriesg;i(t) , wheret = i ( t) and t is the sampling rate. Commonly
the sampling rate is constart, forming equidistant time series,but this
is not always the case.Time seriestaken at time intervals of di erent
length, so called unevenly sampledtime series,are also quite common
(Schreiber and Schmitz, 1999). Sofar as systemsvariables are coupled
a single componert contains essetial information about the dynamics
of the whole system (Castro and Sauer, 1997; Kantz and Sdreiber,
1997;Rapp and Farwell, 1993). Therefore the trajectory reconstructed
from this scalar time seriesis expected to have the same properties
asthe trajectory embeddedin the original phasespace,formed by all
m state variables. Loosely speaking Padcard et al., (1980) and Tak-
ens, (1981) independertly proposedthe idea of using a single sequence



of measuremets to transform processdynamics into the phasespace
structure (the image of investigated dynamics) to gain the information
on the unknown underlying dynamics from this structure. According to
the embedding theorem, there exists a one-to oneimage of an attractor
in embedding space,if the embedding dimension is su cien tly high
(Heggerand Sdreiber, 1999). The idea was successfullyrealized after
Takens, (1981) proved that it is possibleto reconstruct from a single
scalartime seriesa new attractor which is di eomorphically equivalent
to the attractor in the original state spaceof the system under study.
Esserially two methods of reconstructions are available, delay coor-
dinates and derivative coordinates techniques. Derivative coordinates
were originally proposedby Padkard et al., (1980) and consist of using
the higher order derivatives of the measuredtime seriesas the inde-
pendent coordinates. Since derivatives are more susceptible to noise
this technique is usually not very practical for real life data, which are
inherently very noisy. Therefore the method of delay coordinates was
recognizedas a more practical tool. Data delayed by a lag T helpsto
excludedistortions of analyzeddynamics causedby temporal closeness
of obsenations. The T value should be large enoughto avoid insub-
stantial functional dependencebetweendata and not too large to make
them be statistically completely independert. If these conditions are
fullled, a set of d dimensional vectorsin d dimensional spacecan be
reconstructed:

X)) = [x(i);x(i+ T);x(i + 2T);uu5x(n+ (d DT)]: QD

The Takens,(1981)theoremguaranteesthat the dynamicsreconstructed
in this way, if properly embedded,is equivalernt to the dynamics of the
original, underlying system (Padkard and Shaw, 1980; Takens, 1981).
Equivalence of these two dynamics means that their dynamical in-
variants (e.g. generalizeddimensions, the Lyapunov spectrum, to be
described below) are identical. The delay time, T, for the reconstruc-
tions can be calculated from the autocorrelation function or from the
mutual information (MI) rst minimum. The averaged mutual infor-
mation evaluates the amount of bits of information shared between
two data setsover a range of time delays and is de ned as: | (X;Y) =

Px (1)py (1)
1991; Kantz and Sdcreiber, 1997; Kraskov and Grasshkerger,) , where
px(i) and py(j) are probabilities of nding measuremets x(i) and
x(i + T) in the time series,p(i; j) is the joint probability of nding
measuremets Xx(i) and x(i + T) in the time series,and T is the time

™
~p(i; ) log, (i) (Abarbanel and Tsimring, 1993;M. and Thomas,
1)



lag. It isimportant to mertion that in contrast to the linear correlation
coe cient (which also can be used for delay time calculation), Ml is
also sensitive to dependencieswvhich are not linear, i.e. do not manifest
themsehesin the covariance. Ml is zeroif and only if the two random
variables are strictly independert. The MI calculation is not only used
to nd the correct time value delay, it is alsoimportant as a tool for
providing information on the probability distribution of phase space
points.

In order to de ne the correct value of the embedding dimension
de 2d, + 1 (where dg is the dimension of the embedding space
and d, is the attractors dimension) one usesthe so-calledfalse nearest
neighbor method (Heggerand Sdireiber, 1999;Kennel and Abarbanel,
1992). The percertage of false nearest neighbors (phase points pro-
jected into neighborhoods of points to which they would not belongin
higher dimensions) approades zero while the dimension of the phase
spaceincreases.Generally recurrenceto certain states or phasespace
locations is a feature of deterministic dynamics (more generally non-
random dynamics with someextent of determinism). Therefore many
complex dynamics analysis statistical tools are basedon the inspection
of neighborhoods in a reconstructed phase space (e.g. see Casdagli,
1997). Indeed, if phasestructures of two processedocated in correctly
embeddedphasespaceare closethen the dynamics of interest will also
be close by their characteristics (of course they will not completely
coincide due to dynamical instability and/or noise).

We will shortly describe seweral methods of phase spacestructure
testing.

Sincethe attractor (phasespaceimage of dynamics) is formed, two
most popular ways for the quartitativ e evaluation of complexity of the
analyzeddynamicsare: quanti cation of the averageewlution patterns
of neighboring trajectoriesin a state spaceand/or quarnti cation of the
geometric patterns of state spaceobject.

Evolution of phase spacetrajectories could be analyzed by calcu-
lation of the spectrum of Lyapunov exponerts or by calculation of
the maximal Lyapunov exponert nax. Generally Lyapunov exponerts
quartify the average exponertial rate of divergenceof neighbouring
trajectories in a state space,and thus provide a measureof the sen-
sitivity of a system to local perturbations (Rosenstein and Deluca,
1993;Kantz and Sdreiber, 1997).For measureddata setsthe maximum
Lyapunov exponert qax for a dynamical system can be determined
from d(t) = doe m*! , where d(t) is the mean divergence between
neighboring trajectories in a state spaceat time t and dg is the ini-



tial separation betweenneighboring points. There are seweral methods
(Wolf and Vastano, 1985; Sato and Sawada, 1987; Rosenstein and
DelLuca, 1993) for estimating max, Which often suer from serious
practical drawbadks. Namely, they are unreliable for small data sets
and need essetial computational resources.Generally, if < 0 phase
trajectories are drawing together and the dynamical system has an
attractor in the form of a xed point. When = 0, the systemtendsto
the stable limit cycle. > 0 meansthat phasetrajectories are moving
away and such a system may be chaotic or random (Rosenstein and
Deluca, 1993). In order to characterize unknown dynamics by the ge-
ometry of reconstructed phasestructures the algorithm for calculation
of fractal dimensionsof phase spacepoint sets should be used. It is
known that the fractal dimensionof an attractor roughly characterizes
the complexity of a systemand givesa lower bound for the number of
equations or variables neededfor modeling the underlying dynamical
process.There are seweral sudh measuresbasedon the quanti cation
of self similar properties of phase spaceobjects. These measuresare
information dimension (d;), Hausdorf dimension dy, etc.(Abarbanel
and Tsimring, 1993;Kantz and Screiber, 1997). We shortly describe
here only the method of computing the correlation dimensionor fractal
dimension as proposed by Grassberger and Procaccia, (1983)(GPA).
In spite of diculties, when applied to real data sets, GPA remains
the most popular and often used method of quantifying geometrical
features of phase spaceobjects. This is probably due to the simplic-
ity of the algorithm (Bhattacharya, 1999) and the fact that the same
intermediate calculations are usedto estimate both fractal dimension
and entropy. The correlation sum, C(r; N ), quanti es the way in which
the density of points in state spacescaleswith the size of the volume
cortaining those points. The correlation sum C(r) of a set of points in
a vector spaceis de ned as the fraction of all possiblepairs of points
which are closerthan a given distancer . The basicformula useful for
practical application is

2 XN
(N w)(N w+1).

i=1 j=i+w

C(r;N) =

(r kxy Xxjk) (2)

where ( x) is the Heaviside step function, ( x) = 0 if x < 0 and
( x)=0if x 0;kx; Xjkisthe Euclidian norm (i = j is excluded);
w is Theiler's window. For fractal systemsfor long enoughtime series
and for small r, the relationship C(r) / r is correct. Ordinarily sudc
a dependenceis correct only for the restricted range of r values, the



so-calledscaling region. Correlation dimension or d; is de ned as

logC(r).

= 0= im, log(r) °

3)
In practice the value of d; is found from the slopesof logC(r;N) logr
curvesfor di erent phasespacedimensions.The correlation dimension
of an unknown processis the saturation value of d,, which does not
change with increasing phase spacedimension. If saturation does not
take place the correlation dimensionis in nitely large, which is typical
for random processes.

For a correct analysis it is necessaryto have long enough data
sequencesat leastN 1092, where N is the length of the time series
and d is the dimensionof the attractor (Abarbanel and Tsimring, 1993).
The three dimensions above satisfy the relation d, < di < dy, with
equality when the points in the state spaceare distributed uniformly
over the attractor. In spite of the popularity of the d, calculation
method, GPA results must be interpreted with great care asit is well
known that linear stochastic processesan also mimic low-dimensional
dynamics (Rapp and Farwell, 1993; Theiler and Prichard, ). In other
words, the saturation of a correlation dimension and the existence of
positive Lyapunov exponerts cannot always be consideredas decisive
proof of deterministic chaos, a dynamical regime which is predictable
in the senseof patterns, and is closestto quasiperiodicity (Kantz and
Sdchreiber, 1997; Rapp and Farwell, 1993). Since linear correlations
lead to many spurious conclusionsin nonlinear time seriesanalyses,
it is important to verify results obtained using the so-calledsurrogate
data approad. This is a method to test the null hypothesisthat the
analyzedtime seriesis generatedby a speci ¢ processwith known linear
properties (Theiler and Farmer, 1992).1t should be stressedagain that
the above phase space measureshave strict restrictions in the sense
of time serieslength and are mostly relevant for the analysis of low
dimensional or deterministically chaotic systems.When the dynamics
of the investigated processis more complex or when the dimension
of the underlying attractor is moderately large, say d, > 5, results
of dimensional analysis on a nite amount of real data seriesare not
reliable enough (Schreiber and Schmitz, 1999). Moreover the real data
seriesare often very noisy and contain measuremeh noiseaswell asdy-
namical noise (noiseinteracting with dynamics); then the corvertional
estimatesfail aswell. Therefore when we deal with complex dynamics,
a lessambitious and more realistic goal commonly is to seard for the
inherent nonlinearity of the processespr to rank them by the extent



of nonlinearity. The practical importance of this statemert becomes
clear in the light of known facts that in most casesthe dynamical
behavior of natural scale-irvariant processess non-random, revealing
nonlinear structure. Very seldom is there some evidence of a deter-
ministic chaotic type of dynamics (C., 1998; Marzochi, 1996; Theiler
and Prichard, ). The mentioned method of surrogate data equips us
for testing the nonlinear structure of complex dynamics. Indeed, the
concept of surrogateswas introduced (Theiler and Farmer, 1992) in
order to detect nonlinearity in time series.The surrogate data is inher-
erntly a stochastic signal which mimics certain statistical properties of
the original signal, such astemporal autocorrelation and Fourier power
spectra. The surrogatescan be constructed from the original time series
on the basisof di erent null hypotheses.The three typesof surrogates
usedmost often addressthe three main hypothesesnamely, temporally
independen noise,linearly Itered noise,and nonlinear transformation
of linear ltered noise. So whenewer we try to quantify the degreeof
nonlinearity, the results of calculating the above measuresshould be
compared with the similar quartities for surrogate data sets. Phase
randomized surrogate sets (PR - obtained by destroying the nonlinear
structure through randomization of the phasesof a Fourier transform
of the original time seriesand the following inversetransformation) is
often usedto test the null hypothesisthat the time seriesare linearly
correlated with Gaussian noise (Theiler and Farmer, 1992). Also the
Gaussianscaledrandom phase(GSRP) surrogate set can be generated
to addressa null hypothesisthat the original time seriesis linearly
correlated noisethat hasbeentransformed by a static, monotone non-
linearity (Rapp and Jumenez-Mortero, 1994;Rapp and Farwell, 1993).
GSRP surrogates are generatedin a three-step procedure. At rst a
Gaussianset of random numbersis generated,which hasthe samerank
structure asthe original time series.After phaserandomizedsurrogates
of theseGaussiansetsare constructed. Finally the rank structure of the
original time seriesmust be reorderedaccordingto the rank structure of
the phaserandomized Gaussianset (Theiler and Farmer, 1992). Gener-
ally thesetwo methods of generationof surrogatesare basedon shu ing
of the original data setbut, in the caseof Gaussianscaledrandom phase
surrogates,cortrolled shu es (Rapp and Jumenez-Mortero, 1994) can
give more preciseand reliable results than the unstructured shu es of
the random phasesurrogates.

Commonly, for testing the null hypothesis, d, is used as the dis-
criminating metric. There are seweral ways to measurethe di erence
betweenthe discriminating metric measureof the original (M ¢rig) and



the surrogate (Mg, ) time series.The most common measureof the
signi cance of the di erence betweenthe original time seriesand the
surrogate data is given by the criterion S = jiMgy i Morig] = surr,
where ¢, denotesthe standard deviation of Mg, . The details of the
procedure,aswell asan analytic expressionfor S - the uncertainty in
S, are described in (Theiler and Farmer, 1992). Alternativ ely, Monte
Carlo probability can be used, de ned as Py = (number of cases
M Morig)=(numker of caseg, where Py is an empirical measure
of the probability that a value of Mgy will be lessthan Mgig. It
is particularly appropriate when the number of surrogatesis small,
or when the distribution of values of M obtained with surrogatesis
non-Gaussian (Rapp and Jumenez-Mortero, 1994). For rejecting the
null hypothesis,the Barnard and Hope nonparametric test (Rapp and
Farwell, 1993) can be used. With this criterion, the null hypothesisis
rejected at a con dence level pc = 1=(Ngyrr + 1), if Mgrig < Mgyrr for
all surrogates.One seriousreal data analysis problem is the in uence
of noise.One often usesthe so-callednonlinear noisereduction method
(which in fact is phase spacenonlinear Itering) instead of common
linear Itering procedures.The latter, asis well known, may destroy the
original nonlinear structure of analyzedcomplex processegHeggerand
Sdhreiber, 1999). Nonlinear noisereduction relies on exploration of the
reconstructed phasespaceof the considereddynamical processinstead
of using frequencyinformation of linear lters (Heggerand Sdreiber,
1999; Kantz and Sdireiber, 1997; Schreiber, 1999). As pointed out
above, most methods of analysis needrather long and stationary data
sets,which is commonly not typical for measuredtime series.This limi-
tation gave a strong impetusto further developmert of new techniques
to get an insight into the complex processeshaving relatively short
and noisy obsenable time series. For this purpose sewral measures
of complexity, mostly basedon a symbolic dynamics approad, have
been proposed. These include Renyi ertropies, e ective complexity, "
complexity etc. (Rapp and Jimenez-Mortano, 2001; Wadkerbauer and
Scheingraber, 1994). Here we will not discussall these methods but
focus on the approad basedon the study of attractors organization
(or testing of topology of phase spaceimagesof unknown dynamics).
This relatively new technique, oriented on the exploration of the phase
spacestructure-image of dynamics, is the method of recurrence plots
(RP) (Marwan, 2003). Let us recall here that if a dynamical system
under investigation has any deterministic structure, an attractor ap-
pearsin state space.As was already mentioned, an attractor is the
set of points in phasespacetowards which dynamical tra jectories will



corverge. Again, recurrenceis a fundamental property of nonrandom
dynamical systems, which exponertially diverge under small distur-

bancesalthough, after sometime, return to a state that is arbitrarily

closeto a former state. Recurrence plots visualize such a recurrernt
behavior of dynamical system.Usually real processesre characterized
by complexdynamics embeddedin a high dimensional phasespace.RP
enablesto investigate the structure of these high dimensional phase
spacesthrough a two-dimensional represenation of their recurrences.
It is important to obsene that the recurrence plot method is e ec-
tive for even nonstationary and rather short time series (Gilmore,
1993;Gilmore, 1998).Generallyrecurrenceplots are designedto locate
hidden recurring patterns and structure in time seriesand are de ned
by the N N symmetric matrix:

Rij = (" Xi Xj); i) = LuuiN; (4)

where X ij are reconstructed phase spacevectors, using Taken's time
delay method. Insofar as RP is basedon Takens delay-coordinate em-
bedding,the dynamical invariants of the true and reconstructeddynam-
ics are identical when that embedding is correctly chosen.Therefore it

is natural to assumethat the RP of a correctly reconstructedtlrajectory
bearssimilarity to an RP of the true dynamics. In fact in (4) X; stands
for the point in phasespaceat which the systemis situated at time i,
"i is a prede ned cut-o distanceand ( x) is th'e Heaviside function.

The cut-o distance de nes a spherecertered at X;. Recurrenceof the
phasespacetrajectory to a certain state is a fundamenal property of
deterministic dynamical systems (Argyris and Haase, 1994; Marwan
and Kurths, 2002). If the trajectory in the reconstructed phase space
returnslat time i into Ithe - neighborhood of its location at time |

(i.e. if Xj is closerto X; than cut-o distance) Rjj = 1 and these
two vectors are consideredto be recurrent. Otherwise Rjj = 0.1t is
possibleto visualize values of R;; by black and white dots (Marwan,
2003; Zbilut and Weber, 1992), but often the recurrenceplot relates
distancesR;; to colors, e.g. the larger the distance, the \cooler" the
color. Thus, the recurrence plot is a rectangular plot consisting of
pixels whose colors correspond to the magnitude of data valuesin a
two-dimensional array and whose coordinates correspond to the loca-
tions of the data valuesin the array. The black points indicate the
recurrencesof the investigated dynamical system, revealing its hidden
regular and clustering properties. By de nition RP is symmetric and
has a black main diagonal (line of identity) formed by distancesin



the matrix compared with themseles. In order to understand RP it
should be stressedthat it visualizesa distance matrix which represens
autocorrelation in the seriesat all possibletime (distance) scales.As
far as distancesare computed for all possiblepairs, elemers near the
diagonalon the RP plots correspond to short rangecorrelation, whereas
the long range correlations are revealed by the points distant from the
diagonal. Henceif the analyzeddynamics (time series)is deterministic
(ordered, regular), then the recurrenceplot shows short line segmeits
parallel to the main upward diagonal. At the sametime if dynamics
is purely random, the RP will not presernt any structure at all. One
of the crucial points in RP analysisis selectionof cuto distance" or
radius. If " is selectedtoo low, no recurrent point will be found. At the
sametime it cannot be settoo high becausesvery point by mistake can
be assumedas recurrent. Exhaustive overviews on this subject can be
found in (Zbilut and Jr., 1998;Marwan, 2003) etc. The primordial aim
of RP testing was the visual inspection of structures located in high
dimensional phase spaceswhere other methods are useless,especially
when we deal with real data sets. The view of recurrenceplots provides
a unigue possibility to obsene time ewlution patterns of phasespace
trajectories both at large and small scales.By the large scalepatterns
or topology the recurrenceplots can be characterized as homogeneous
(dynamics with uniformly distributed characteristics), periodic (dy-
namicswith distinct periodic componerts), drift (dynamics with slowly
varying parameters) and/or disrupted-intermittent (dynamics charac-
terized by abrupt changes)(Marwan, 2003). At small scalespatterns
(or texture) of recurrence plots can be characterized as single dots,
diagonal lines, vertical lines and horizontal lines. The exact recurrert
dynamics generatelong diagonal lines separatedby a xed distance.
A large amount of single isolated scattered dots and the vanishing
amourt of lines is typical for heavily uctuating dynamics under in-
uence of non-correlated noises(in this caseinsu cien t dimension of
the embedding spaceis not excluded). The non-regular occurrenceat
short as well as at long diagonal lines is characteristic for low dimen-
sional chaotic processesand the non-regular occurrence of extended
uniform areascorresponds to irregular high dimensional dynamics. In
a more general sensethe line structures in an RP exhibit the local
time relationship betweenthe current phasespacetra jectory segmets.
Stationarity of the whole time seriesrequires that the density of line
segmets be uniform. RP was developed for single data setsbut Zbilut
et al., (1998) have expandedit by consideringtwo di erent time series.
The cross-recurrencebetween two seriesfxjg and fy;g is de ned as



| |
CRjj = " Xj Xj . Here,the two time seriesare embedded

in the same phasespace.The represenation is analogousto the RP,
and is called a cross-recurrenceplot (CRP)(Marw an, 2003). Qualita-
tive patterns of an unknown dynamics preseried asa ne structure of
RP or CRP often are too dicult to be consideredin detail. Zbilut
and Webber have deweloped a tool which quanti es the structures in
RPs called Recurrence Quantitativ e Analysis (RQA)(Zbilut and We-
ber, 1992). They de ne measuresusing the recurrence point density,
the length of diagonal and vertical structures in the recurrence plot,
the recurrencerate, the entropy of recurrent points distribution etc.
Preserily at least8 di erent statistical RQA characteristics are known
(Zbilut and Weber, 1992; Ivanski and Bradley, 1998; Marwan, 2003),
though their practical meaningis not always quite clear. Computation
of thesemeasuresin small windows moving along the main diagonal of
the RP reveal the time dependert behavior of thesevariables, making
possiblethe identi cation of unknown dynamical patterns in time series
(Zbilut and Weber, 1992; Marwan and Kurths, 2002). Here we brie y
touch only on main RQA statistical values.The rst of thesestatistics,
termed recurrence(%REC), is simply the percertage of points on the
RP that are darkenedor, in other words, those pairs of points whose
spacingis below the "; - prede ned cut-o distance. It quarti es the
number of time instants characterized by a recurrencein the signals:
the more periodic the signal dynamics, the higher the %REC value.
The secondRQA statistic is called determinism (%DET); it measures
the percertage of recurrent points in an RP that are contained in lines
parallel to the main diagonal. The main diagonal itself is excluded
from these calculations becausepoints there are trivially recurrent.
Intuitiv ely, %D ET measureshow \organized" an RP is. This variable
discriminates between the isolated recurrent points and those form-
ing diagonals. Since a diagonal represetts points closeto ead other,
%DET also contains information about the duration of a stable inter-
action: the longer the interactions, the higher the %DET value. The
third often used RQA statistic, called entropy, is closely related to
%DET.

Entropy (ENT) is the Shannoninformation entropy of a line dis-
tribution measuredin bits and is calculated by binning the diago-
nal lines according to their lengths and using the formula: ENT =

Px log, Px whereN is the number of bins and Py is the percertage
k=1
of all linesthat fall into bin k. In other words Py is de ned asthe ratio

of the number of k-point-long diagonalsto the total number of diag-



onals. ENT is measuredin bits of information, becauseof the base-2
logarithm. Thus,whereas%D ET accouris for the number of diagonals,
ENT quarti es the distribution of the diagonalline lengths. The larger
the variation in the lengths of the diagonals, the more complex the
deterministic structure of the RP. A more complex dynamic requires
a larger number of bits (ENT) to be represetted. The fourth RQA
statistic, termed TREND, measureshow quickly an RP goes away
from the main diagonal. As the name suggests,TREND is intended
to detect nonstationarity in the data. The fth RQA statistics is called
length of the maximal deterministic line (M AX LI N E) and is equalto
the longest line length found in the computation of DET. Eckmann,
Kamphorst, and Ruelle claim that line lengths on RPs are directly
related to the inverseof the largest positive Lyapunov exponert (Zbi-
lut and Weber, 1992; Marwan , 2003). Small M AX LI N E values are
thereforeindicativ e of random-like behavior. In a purely periodic signal,
linestend to bevery long, soM AX LI NE is large. This completesour
short overview of qualitative and quantitativ e methods of nonlinear
time seriesanalysisbasedon testing of phasespaceimages.

3. Investigation of dynamics of complex natural pro cesses
and lab oratory models

The last two decadeswitnesseddevelopmert of robust nonlinear meth-

ods of time seriesanalysis for detection and identi cation of complex
dynamical processesThe importance of qualitative and quartitativ e

analysisof such complicated processess well recognizedin almost every

eld of science Below we describe someof our results demonstrating the

ability of the universalmethods of time seriesanalysisbrie y discussed
above to detect hidden dynamical properties in seeminglyrandom pro-

cessesln order to avoid repetition we state that, from the classical
linear data analysis point of view, almost all processesaind time series
consideredbelow appear random.

3.1. DETECTION OF NONRANDOM NONLINEAR STRUCTURE IN
GEOPHYSICAL PROCESSES

Signi cant variability, both in time and space,makesthe problem of
identi cation and quarti cation of complexgeoptysical phenomenaex-
tremely dicult. There are no mathematical models formulated (and
found appropriate) for describing spacetime dynamics of these phe-
nomena; all attempts to formulate a \univ ersal" mathematical model



for describing geoplysical phenomenahave proven futile (Sivakumar
and Jinno, 2002). Therefore it is acceptedthat the only way to under-
stand dynamical features of complex geoptysical processess through
the analysis of measureddata setsusing modern nonlinear methods.

3.1.1. Dynamical structure of seismicity

Earthquakes are one of the strongest natural calamities, causing a
great human and material losses.The earthquake in China in 1976
took 255000human lives, Armenia (1988) - 25000,Iran (1990) - 50000
etc. Earthquakesare the expressionof the corntinuing ewlution of the
planet earth, more precisely of the deformation of its crust. According
to modern plate tectonics, the Earth's lithosphere is mobile and is
divided into seweral blocks (plates) that are forcedto move due to con-
vection in the underlying viscous asthenosphere.The relative motion
of these plates results in accurrulation of stresseson their bound-
aries. These stressescan be releasedby a fast slip (earthquakes) or
by seismiccreep.Most strain energyaccunulated in the fault is trans-
formed into heating, deformation and destruction of rocks. Only a small
part (1 to 10%) is corverted into seismicwavesthat propagatein the
lithosphere. The energyradiated during a moderate earthquake is com-
parable with that of seweral large nuclear explosions.The lithosphere is
an extremely complex systemfrom the point of view of both its struc-
ture and processesherein (Turcotte, 1992;Korvin, 1992;Kagan, 1994;
Keilis-Borok, 1994). Dynamics of seismic processess viewed as ex-
tremely complicated, sothat the level of \turbulence" of the lithosphere
exceedsthat of the atmosphere (Kagan, 1994; Kagan, 1997). During

more than one hundred years of instrumental obsenations sewral im-
portant characteristics of spatial, temporal and energeticdistributions

of earthquakes have beenrevealed (C.H., 1990; Turcotte, 1992;Keilis-
Borok, 1994;C., 1998; Matcharashvili and Javakhishvili, 2000;Rundle
and Klein, 2000).Neverthelessthe character of dynamics of seismicpro-
cessegemains the subject of intense discussionsbecauseit is directly

related to the problem of earthquake prediction. Critics of earthquake
prediction (Kagan, 1994; Kagan, 1997; Geller, 1999; Kanamori and
Brodsky, 2001), etc. regard seismicprocessascompletely random, while
its proponerts consider it as complex and high-dimensional though
not random (Main, 1997; Wyss, 1997; Chelidze and Matcharashvili,

2003;Knopo, 1999), etc. Indeed, a completely random processis un-
predictable on any spatial and temporal scales.On the other hand,
for processesvith nonrandom dynamical structure there always exist
speci ¢ spatial and temporal scalesat which systemsbehavior is deter-



ministic, i.e. predictable. From this point of view a nonrandom seismic
processcan not be regarded as completely unpredictable. Of course
it is clear that predictability in this sensedoesnot necessarilymean a
\real" forecastof every hazardousevert for practically meaningful time
scales.At presen, the evidenceof a nonrandom structure of seismicity
has mainly sciertic importance becauset givesground to looking for
predictive markers. This is alsoimportant for testing modern ideason
possiblecontrol of practically unpredictable seismicprocessesTo bring
somelight in this eld let us considerseismicprocessesrom the point
of view of their dynamic structure. As mentioned above one of the
most popular approadesto the problem of identi cation of patterns of
complex dynamics, including seismicity, is basedon the evaluation of
the nonlinear structure (or what is the same,nonlinear structure of the
appropriate time series)(Rappand Farwell, 1993; Theiler and Farmer,
1992).In this way it is possibleto achieve reliable detection of dynam-
ical regime(s) of seismicprocessedy calculation of their measurable
characteristics. Thesecharacteristics can alsobe calculated prior to and
after strong earthquakes. This is important in the seard for possible
earthquake predictive dynamical markers. In order to answer the above
guestion on nonlinear structure in earthquake generation (or in other
words its predictability) it is necessaryto investigate dynamical prop-
erties of seismicprocessesn all three characteristic domains: energetic,
spatial and temporal. For this purposeltime series"of inter-evert time
intervals (waiting time), magnitude sequencesnd inter-evert distances
of earthquakesin the ertire Caucasianregion have beenused.All these
time serieswere taken from the earthquake cataloguefor the Caucasus
and the adjacert territories for the 1962-1993time period (Seismologi-
cal Data Baseof Institute of Geoplysics, Thilisi, Georgia). It wasshown
(seeFig. 1)that despitethe fact that the sizeand temporal distribution
of earthquakes both obey a power law, they are dynamically quite
di erent. The magnitude distribution of earthquakesin the Caucasian
region is undoubtedly high-dimensional, d, as a rule is larger than
8 (d> > 5 is the high dimensionality threshold)(Sprott and Rowlands,
1995). According to our results aswell asto the reports of other authors
(Korvin, 1992; Smirnov, 1995) the fractal dimension for the distribu-
tion of inter earthquake distancesis low (d> < 2). Most interesting
is that the waiting time interval distribution revealsan obviously low
dimensional nonlinear structure (d» of the order of 1.6-2.5and positive
max Of the order of 0.2-0.7), although it can not be recognizedas a
deterministic chaos (Matcharashvili and Javakhishvili, 2000)(seeFig.
1). This low dimensionality of earthquakes'temporal distribution is in
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Figure 1. Typical plot of correlation dimension d, versus embedding dimension
p for the Caucasus,the Greater Caucasus, and the Javakheti region, magnitude
(middle curve) and inter-event time intervals (lower curve) sequences.The upper
curve represerts the random numbers set.

complete agreemen with earlier results for other parts of world (C.,
1998).

After the low dimensional temporal distribution iof earthquakes
is found it is important to reveal the character of this dynamics be-
fore and after strong earthquakes. So as a next step on the way to a
better understanding of the underlying dynamics of earthquake genera-
tion, we have undertaken comparisonof the properties of waiting time
distribution before and after large events. For this purposewe have
considered waiting time sequencesof a seismic catalogue separately
before and after the largest everts, using the above-mertioned tests
such as correlation dimension and Lyapunov exponert calculation as
measuresof non-linearity. According to our results the general proper-
ties of dynamics of earthquakes'temporal distribution beforeand after
the largest regional everts does not indicate a qualitativ e di erence
from the integral dynamics obtained by consideration of time series
from the complete original catalogues(sedrig. 2). Indeed, correlation
dimensionsof all consideredwaiting time sequencedrom the original
catalogue(containing all independert events and aftershocks above the
threshold magnitude), both precedingand following the largest everts
in the Caucasus,corverge to a limit value. At the sametime it is
important that these valuesare not coinciding. Consequetly, as long
asall investigatedtime serieshave correlation dimensionlower than the
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Figure 2. Variation of 1000time interval width sliding windows correlation dimen-

sion - d2 along Paravani earthquake region inter-event time interval sequencesat 50
event steps.

low dimensional threshold (d> < 5) seealso (C., 1998), it can be de-
ducedthat earthquakes'temporal distribution is characterizedby a low
dimensionaldynamics before,aswell asafter the largestregional evert.
At the sametime in the energeticdomain earthquakes' magnitude dis-
tribution remains high dimensional before and after strong events. As
stressedabove, results of dimensional calculations, especially when a
low-dimensional processis detected, should be veri ed using special
methods. While testing low-dimensional waiting time sequencesfor
deterministic chaos we have the typical problems always encourtered
in testing real, usually short and noisy time series.In order to overcome
discrimination problems, asin the caseof high-dimensional processes,
one has to test time seriesfor evidence of nonlinearity (Theiler and
Prichard, ). One additional reasonwhy this approad hasbecomepop-
ular is that, from the practical point of view, the goal of detecting
nonlinearity in low dimensional data is easierthan a con dent identi-
cation of chaotic dynamics (Theiler and Farmer, 1992). It was found
that, in all cases,time interval sequencesobtained from the origi-
nal catalogue above threshold magnitudes before and after the largest
everts reveal evidenceof a nonlinear structure. In other words, the null
hypothesis that these sequencesare generated by linearly correlated



noise or by static monotone nonlinearity should be rejected. The sig-
ni cance of di erences of S-measureof natural sequencesefore and
after the earthquakes consideredfrom the appropriate phaserandom-
ized (Spr) and Gaussian scaled random phases(Sgsrp) Surrogates
are signi cant at the p < 0:005 con dence level; thus the signi cance
of di erences for waiting time sequencedeforeand after the Dagestan
(M = 6:6) earthquake are Spr = 556 0:27,Sgsrp = 159 0:20and
Spr = 505 0:15, Sgsrp = 171 0:13; for the Paravani (M = 5:6)
earthquake Sgp = 511 0:21, Sgsrp = 162 0:13 and Spr =
642 0:27,Sgsrp = 115 0:17;for the Spitak (M = 6:9) earthquake
SPR = 492 0:121SGSRP = 11:4 0:12and SPR = 522 0:271SSRP =
152 0:19; for the Racha (M = 6:9) earthquake Spr = 57.:6 0:23,
Sesrp = 163 0:23and Spr = 515 0:17,Sgsrp = 184 0:11.To
understand the above di erences in the correlation dimension values
before and after the largest earthquakes, we used a sliding window
technique. We consideredthe sequenceof 6695 events of the Paravani
earthquake's inter-evert time intervals. Here No = 5300is the ordi-
nal number of the time interval, which directly precededthe largest
earthquake. We have calculated d, for 1000 event sliding windows
with a step of 50 everts starting with event No = 3200 up to event
N o = 5800.Hencethe rst window consistsof time interval sequences
between earthquakes in the range 3200 4200. As shown in Fig.2,
valuesof d, decreasefor the windows following the largest event. The
decreasebeginswhen a sliding window corntains about 20 inter-event
time intervals after the largest event and becomessigni cant when 40-
50 such events are included in the sequence.Note that the window
4310 5310,like the window 4300 5300, revealsthe badkground value
of a correlation dimensionfor waiting time sequencedeforethe largest
earthquake. It seemsdoubtful that sudh an essetial change in the
dynamical properties of the consideredsequencecan be causedby the
addition of so few new data, unlessthere is a hidden regularity in a
su cien tly long waiting time sequencecortaining data precedingthe
largest event. These results indicate that measuring of complexity of
seismictime seriesmay provide markers having precursory meaning
and in the future may help to elaborate earthquake prediction tests
(Matcharashvili and Ghlonti, 2002).

Thus it is clear that seismicity in two domains (temporal and spa-
tial) out of three (energetic, temporal and spatial) revealslow dimen-
sional nonlinear structure. This and similar results obtained in the last
decadelead to understanding that, in spite of extreme complexity, the
processesrelated to the earthquake generation are characterized by



someinternal dynamical structure and thus are not completely random
(Smirnov, 1995;C., 1998;Rundle and Klein, 2000; Matcharashvili and
Ghlonti, 2002).Despitethe proofsthat seismicactivity is a non-random
process,the physics of the internal or external factors involved is still
poorly understood; but it can be assertedthat the general problem of
earthquake prediction and/or earthquake triggering, one of the most
challenging targets of current science,should not be consideredas an
\alchemy of presern time" (Geller, 1999). In other words, the quest
for earthquake predictive markers or triggering factors should be rec-
ognized as an obviously di cult, but scierti cally well-grounded task
related to the seard for determinism in the complex seismicprocess.

3.1.2. Detection of changesin earthquake dynamics causal by
external anthropogenic in uenc es

As discussedabove, dynamics of earthquake related processesn the
earth's crust are nonrandom, having low and/or high dimensionalstruc-
tures. One sign of such processesjn nonrandom systemswhich are
closeto the critical state, is their high sensitivity to initial conditions
aswell asto relatively weak external in uences. This generalproperty
of complex systemsacquires special signi cance for practically unpre-
dictable seismicprocessesindeed, insofar as we cannot govern initial
conditions of lithospheric processesgven the possibility of cortrol of
seismicprocessediasimmensescierti ¢ and practical importance (e.qg.
to induce by speci c external in uences the releaseof accunulated seis-
mic energyvia a seriesof small or moderate earthquakesinstead of one
strong devastating event). To beginto understand such possiblecortrol
we investigate the dynamics of seismicprocessesand modeling natural
seismicity in laboratory systems. According to recert investigations,
Earth's crust in seismicallyactive regionscan be in the critical state or
closeto it (Bak and Wiesenfeld,1988;C.H., 1990). This can explain the
known phenomenaof e ectiv enesf relatively smallin uences (such as
tidal variations, lling large resenoirs, pumping of water into boreholes
etc. (Sibson, 1994), adding an insigni cant cortribution to the existing
tectonic strains, on seismicprocess.In the experimerts, initially aimed
towards nding resisitivity precursorsof strong earthquakesin the up-
per layers of earth's crust by MHD-sounding, an unexpected e ect of
microseismicity activation after these discharges has been discovered
in the Bishkek, Central Asia test area (Tarasos, 1997). Experiments
demonstrating the triggering e ect of MHD (magnetohydrodynamic)
soundings on the microseismic activity of the region have been per-
formedin 1975-1996by IVT AN (Institute of High Temperaturesof the



Russian Acadeny of Sciences)in the Central Asia test area (Tarasov,

1997; Jones, 2001). During these experiments deep electrical sounding
of the crust was carried out at the Bishkek test site from 1983to 1989.
The source of electrical energy was an MHD generator, and the load
wasan electrical dipole of 0:4 Ohm resistancewith electrodeslocated at

a distanceof 4:5 km from ead other. When the generatorwas red, the
load current was0.28- 2.8kA, the soundingpulseshad durations of 1.7
to 12.1s, and the energygeneratedwasmostly in the rangeof 1.2- 23.1
MJ (Volykhin and Zubaovich, 1993). In order to test the possibility of
external anthrophic impact on seismicregimethe dynamics of temporal

distribution of earthquakesaround the test areawas analyzed. For this

purpose sequencesof time intervals in secondsbetween consecutive
earthquakes, compiled from the seismic catalogue of the Institute of
Physics of Earth (Moscow), were investigated using tools of nonlinear
time seriesanalysis(Chelidze and Matcharashvili, 2003). The main goal
was to nd out whether strong EM discharges may lead to changes
in dynamics of temporal distribution of seismicity. The time period
before beginning the experiment (1975-1983),the time period of cold
and hot runs (1983-1988)and the time period immediately after accom-
plishment of experiments (1988-1992),as well asthe time period long
after the experiment (1992-1996)were consideredseparately Interevent

time sequencesgcorresponding to these periods, have approximately

equal lengths (about 3660evens). The integral time series(5297 time

intervals) for the whole period of obsenation (1975-1996)containing

waiting time sequencedetweenall events above the threshold reveals
clear low correlation dimension (d, = 1:22 0:43) (Fig. 3). Shorter
time seriesalso were considered. Namely 1760 waiting times before
(1975-1983),1953waiting times during MHD experiments (1983-1988)
and 1584 waiting times of the period after experiments (1988-1992).
Time seriesbefore and especially during MHD experiments also have
low correlation dimension (d> < 5). Namely d, = 3:83 0:80 before
and d, = 1:.04 0:35 during experiments. On the other hand, opposite
to what was mentioned above, after cessationof experiments (Fig. 3,
triangles) the correlation dimension of waiting times sequencesotice-
ably increases(d, > 5:0), exceedingthe low dimensional threshold
(d2 = 5:0). That meansthat after termination of experimerts the ex-
tent of regularity or extent of determinism in the processof earthquake
temporal distribution decreasesThe processbecomesmuch more ran-
dom both qualitativ ely (Fig. 4) and quartitativ ely (Fig. 3. triangles).
For comparison, in Fig. 3, results for random number sequenceare
shown too (diamonds). The found low correlation dimension of integral
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waiting time seriesin certral Asiais in good agreemenm with the above
results on low dimensional dynamical structure of earthquake temporal
distribution for other seismoactie regions (C., 1998; Matcharashvili
and Javakhishvili, 2000). On the other hand Fig. 3 shows that a rela-
tively short ordered sequencecan decreasecorrelation dimension of a
long integral time series,which cortains much larger sequence®f high
dimension. Thusthe low value of d, of along time seriesdoesnot mean
that the whole sequences ordered - ordering can be intermittent. The
data on correlation dimension, together with qualitative RP results
shown in Fig. 4, provide evidencethat after the beginning of EM dis-
chargesthe dynamics of temporal distribution of earthquakes around
IVT AN test areaundergoesessetial changes;it becomeanore regular,
or events of corresponding time seriesbecomefunctionally much more
interdependent.

Theseresults were tested against the possiblein uence of noiseus-
ing a noisereduction procedure (Sdireiber, 1993;Kantz and Sdreiber,
1997) as well as against trends or non-stationarity in interevert data
sets (C., 1998). The tests conrm our conclusions.Thus the changes
before,during and after experiments (Fig. 3) are indeedrelated to dy-



Figure 4. Qualitativ e RP analysis of temporal distribution of earthquakes (M
> 1.7) before the beginning of EM experiments (1975-1983), during experiments
(1983-1988)and after experiments (1988-1992). Recurrence plots analysis of waiting
times sequencesa) before experiments, b) during experiments, c) after experiments.

namics of the temporal distribution of earthquakescausedby external
anthropic inuence (MHD discharges)(Chelidze and Matcharashvili,
2003).

Subsequetly, in order to have a basisfor a more reasonablerejec-
tion of spurious conclusionscausedby possiblelinear correlations in
the data sets considered,we have used the surrogate data approad
to test the null hypothesisthat our time seriesare generated by a
linear stochastic process(Theiler and Farmer, 1992; Rapp and Farwell,
1993; Rapp and Jumenez-Mortero, 1994;Kantz and Sdireiber, 1997).
Precisely PR and GSRP surrogates sets for the waiting times series
were used (Chelidze and Matcharashvili, 2003). Surrogate testing of
waiting time sequencedefore (a) and during (b)experiments using d;
as a discriminating metric for ead of our data sequenceshas been
carried out. 75 of PR and GSRP surrogates have been generated.
The signi cance criterion S for analyzedtime seriesbeforeexperimerts
is:224 0:2 for PR and 5:1 0:7 for GSRP surrogates. After begin-
ning of experiments the null hypothesisthat the original time series
is linearly correlated noise was rejected with signi cance criterion S:
397 0:8for PR and 6:0 0:5for GSRP surrogates.Theseresults can
be consideredas strong enoughevidencethat the analyzedtime series
are not linear stochastic noise.The above conclusionabout the increase
of regularity in an earthquake's temporal distribution after beginning
of experimerts (external in uence on seismicprocess)is con rmed also
by results of RQA; namely RR(t) = 9:6, DET(t) = 3:9 before experi-
ments, RR(t) = 25, DET(t) = 18 during and RR(t) = 3, DET = 1.5
after experiments. It was shavn in our previous researt that small
earthquakes play a very important role in the general dynamics of
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Figure 5. a) Variation of water level in Enguri high dam reserwir above sea
level in 1978-1995.b) RQA %DET of daily number of earthquakes calculated for
consecutive one year sliding windows, c) Cumulative sum of releaseddaily seismic
energy. d) RQA %DET of magnitude (black columns) and interearthquake time
interval (grey columns) sequenceq1) before impoundment, (2) during o oding and
resenwir lling and (3) periodic change of water level in resenoir.

earthquake temporal distribution (Matcharastvili and Javakhishwili,

2000). This is why we also have carried out the analysis of time se-
ries cortaining all data available from the ertire catalogue of waiting

time sequencesincluding small earthquakes that are belov the mag-
nitude threshold. This test is also valid for chedking the robustness
of results in the caseof adding a new, not necessarilycomplete, set
of data to our original set. The total number of events in the whole
catalogue increasedto 14100, while in the complete catalogue for all
three above-menioned periods (before, during and after MHD exper-
iments) there were about 4000 data in ead one. Both the complete
and whole cataloguesof waiting time sequenceseveal low dimensional
nonlinear structure in the temporal distribution of earthquakesbefore
and especially during experiments.

This meansthat our resultson the in uence of hot and cold EM runs
on the general characteristics of earthquakes' temporal distribution
dynamics remain valid for small earthquakestoo. Thus the conclusion
drawn from this analysisis that the anthrop ogenicexternal in uence,
in the form of strong electromagnetic pulses,invokes distinct changes



in the dynamics of earthquakes' temporal distribution - dynamical
characteristics of regional seismic processesare changed. Though en-
ergy releasedduring these experiments was very small compared to
the energy in even small earthquakes, it still can be considered as
a strong enough man made impact. It was recertly found that it is
possible to cortrol the dynamics of complex systems through small
external periodic in uences. In this respect we have investigated the
possiblein uence of water level periodic variation on dynamics of re-
gional seismic activity. For this purposedata sets of the water level
variation in the Western Georgia Enguri high dam reserwir and the
seismicity data sets for the surrounding area for 1973-1995were in-
vestigated. The height of the dam is 272 m, the (average) volume of
water in the resenoir 1:1  109m3. The Enguri resenoir was built
in 1971-1983.Preliminary o oding of the territory started at the end
of Decenber 1977; since 15 April 1978 the resenoir was lled step
by step to a 510 m mark (above the sealevel). Since 1987 the water
level in the resenoir has beenchanging seasonally almost periodically.
Thus we have de ned three distinct periods for our analysis, namely,
(i) before impoundmen, (ii) o oding and resenoir lling and (iii )
periodic change of water level. Fig. 5a shows the daily record of the
water level in the Enguri dam resenwir for the period 1978-1995.The
relevant size of the region to be investigated, i.e. the area around the
Enguri high dam which can be considered sensitive to the resenoir
in uence (90 km), was evaluated based on the energy releaseaccel-
eration analysis approadh (Bowman et al., 1998) as it is described
in (Peinke, et al., 2006). The number of earthquakes which occurred
above the represenativ e threshold (1200) wastoo small to carry out a
correct correlation dimension and Lyapunov exponert calculation for
these three periods. So the RQA calculation was carried out. It was
shown that when the external in uence on the earth's crust causedby
resenoir water becomesperiodic the extent of regularity of the daily
distribution of earthquakesessetially increases(seeFig. 5aand b). It
is also clear that during o oding and nonregular resenoir lling the
amourt of releasedseismicenergyincreaseqFig. 5aand c) in complete
accordancewith well-known concepts of resenoir-induced seismicity
(Talwani, 1997; Simpson and C., 1988). It is important to mertion
that the in uence of an increasingamount of water and its subsequeh
periodic variation essetially a ects the character of earthquake's mag-
nitude and temporal distribution (seeFig. 5d). In particular the extent
of order in earthquake's magnitude distribution substartially increases
when an external in uence becomesperiodic (black columns). At the



same time dynamics of earthquake's temporal distribution changed
even under irregular in uence, though not so much as under periodic
in uence. Similar conclusionsare drawn from other RQA measuresAll

theseresults indicate that a slow periodic in uence (loading - unload-
ing) may changedynamical properties of local seismicity. Assuming the
possibility of cortrol of dynamics of seismicprocessesinder small peri-
odic in uences of the water level variation, the following question might

arise: if there exists the cortrol causedby periodic resenwir loading,
why do the earthquakescorrelate weakly with the solid earth tides (see
Vidale et al., 1998;Beelerand Lockner, 2003). A possibleexplanation
is that the cortrol strength depends not only on the amplitude of
forcing, but also on its frequency If both parameters are varied, the
syndironization area between external periodic in uence and seismic
activity forms the so-called Arnold's tongue with some preferred fre-
guencythat needsminimal forcing (Pikovsky and J., 2003;Chelidzeand
Devidze, 2005). At larger or smaller frequenciesthe forcing neededfor
adhieving syndironization increasesdrastically and at large deviations
from the optimal frequency the syndironization becomesimpossible.
According to (Beeler, 1988) the daily tidal stressis changing too fast
in comparison with the characteristic time of the moderate seismic
event nucleation, which is of the order of months or years. On the
other hand, the frequency of periodic loading exerted by the resenoir
exploitation is one year and that is closeto the characteristic time
of signi cant earthquake preparation. Therefore, the syndronization

e ect of resenwir periodic loading of seismiceverts can be acceptedas
a realistic physical medanism for related dynamical changes.

3.2. DETECTION OF DYNAMICAL CHANGES IN LABORATORY
STICK-SLIP ACOUSTIC EMISSION UNDER PERIODIC FORCING

The above results provide seriousargumerts that, under external peri-
odic in uence, the dynamics of natural seismicity can be changed. This
is very important from both the sciertic and engineering points of
view. At the sametime, real eld seismicdata often are too short and
incomplete to draw unambiguous conclusionson related complex dy-
namics. Therefore,in orderto test our eld data results, similar analysis
on the acoustic emissiondata sets, during stick-slip, has been carried
out (Chelidze and Matcharashvili, 2003; Chelidze and Devidze, 2005).
Acoustic mission accompairying stick-slip experimerts is consideredas
amodel of a natural seismicprocesqA. and Sornette, 1999;Rundle and
Klein, 2000). Our laboratory setup consistedof two samplesof roughly
nished basalt. One of the samples(plates),the lower one, was xed;



the upper one was pulled with constart speed by the special mover,

connectedto the sample by the rope-spring system; acoustic and EM

emissionsaccomparying the slip were registered. The following cases
were studied: i) pulling the samplewithout any additional impact; ii)

the slip with applied additional weak medanical (periodic) impact;

iif) slip with applied periodic EM eld. Thus, experimens have been
carried out under or without periodic medanical or electromagnetic
(EM) forcing, which simulates the external periodic in uence. If the

large pulling force can be modulated by a weak periodic force of EM or

medanical nature, this could show high sensitivity of critical or \nearly

critical" systemsto small external impact. As was merntioned the aim

was to prove experimentally the possibility of cortrolling the slip dy-

namical regime by a weak mechanical or EM impact. The elemernary

theoretical model of EM coupling with friction can be formulated in

the following way. It is well known that application of an EM eld to

a dielectric invokes someforcesacting upon moleculesof the body; the

resultant of them is called the ponderomotive or electrostriction force
Fp that is a ecting the whole sample. The force is proportional to the

gradient of the eld intensity squaredand it carries away the sample
in the direction of the largest intensity. Quite di erent regimesof time

distribution of maximal amplitudes of acoustic emissionwere obsened
depending on the intensity of the applied external weak (relative to

the pulling force) perturbations. As shown in Fig. 6, increasedperiodic

forcing rst leadsto a moreregular temporal distribution, while further

increasedecreaseshe extent of regularity. This experiment con rms

the above eld results on the possible cortrolling e ect of external

periodic in uence on the seismicprocess.

3.2.1. Changesin dynamics of water level variation during increasel
regional seismic activity

As the next example of using the phasespacestructures testing meth-

ods of dynamical changesdetection in earthquake related natural pro-

cesseswe presern results of our investigation of water level variation

in deepboreholes.Variation of water level in deepboreholesis caused

by a number of endogenousand exogenoudactors.

The most important factor is the strain changein the upper Earth
crust. Deepboreholesrepresen somekind of sensitive volumetric strain-
meters, where the water level is reacting to the small ambient defor-
mation. Hence, water level variations obviously will also re ect the
inherent responseof the aquifer to the earthquake related strain redis-
tribution in the earth's crust (Kump el, 1994; Gavrilenko and Kum-
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siashvili, 2000). Therefore investigation of water level variations in

deep boreholesmay provide additional understanding of dynamics of
processeselated to earthquake preparation in the earth's crust (King

et al., 1999). We have investigated dynamics of water level variation

in deepboreholesin Georgia. Analysis was carried out on water level
hourly time seriesfrom 3 (about 2000mdepth) boreholes:Lisi (44.45N,

21.45E), Akhalkalaki (43.34N, 41.22E), and Kobuleti (41.48N, 41.47
E) (01.03.1990-29.02.992). Sewral strong seismic events took place
during this time period in the CaucasusNamely, M = 6:9 (29.04.1991)
M = 6:3(15.06.1991)and M = 6:3 (23.10.1992)earthquakes. The aim

wasto answer the question whether strain redistribution in the earth's
crust related to earthquake preparation may lead to dynamical changes
of water level variation in deepboreholes.Ast is showvn in Fig. 7 in most
casesregularity of variation of water level in deepboreholesessetially

decreaseseweral months prior to a strong earthquakes. At the same
time the extent of such decreasds di erent for di erent boreholesand
obviously dependson the geologicalstructure of area.

3.3. DETECTION OF DYNAMICAL CHANGES IN EXCHANGE RATE
DATA SETS

Evidence of increasedinterest of economistsin the eld of investiga-
tion of complex processesas often beendemonstrated during the last
decade(Bunde and J., 2002). In fact, though economistshave postu-
lated the existenceof economiccycles,still there are seriousproblemsin
the practical detection and identi cation of di erent typesof behavior
of economicsystems(M., 1993;McCauley, 2004). Here we show results
of our analysisof time seriesof the GeorgianLari - US Dollar exdhange
rate.

Data setswere provided by the National Bank of Georgia for the
03.01.2000- 31.12.2003time period. This 7230data length time series
consistsof GEL/USD exdangerate valuescalculated 5 times per day.
It follows from our analysis that the dynamics of the GEL/USD ex-
change rate is characterized by a clear internal structure. Indeed, as
seenin Fig. 8a, the recurrenceplot of GEL/USD excange rate time
seriesrevealsvisible structure in the phasepoint distribution. The same
time seriesafter dynamical structure distortion (data shuing), PR
and GSRP proceduresdo not reveal visible structure (seee.g.Fig 8b).
We concludethat the revealed dynamical nonrandom structure of the
analyzed GEL/USD exdange rate time seriesis an inherent charac-
teristic and is not causedby linear e ects. Quantitativ ely, GEL/USD
exdchange rate time serieswere analyzed using shifted, 7 days span,
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Figure 8. Recurrence plots of a) original and b) GSRP, GEL/USD exchange rate
time series.
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sliding windows. Quantitativ e analysis of the recurrenceplot structure
shows that the dynamics of GEL/USD excange rates is a complex
processwith a variable share of deterministic componerts (Fig. 9).
The approximate period of this variation is one year (seeFig. 9). The
maximal extent of GEL/USD exdangerate regularity was detectedin
the beginning of 2001.



3.4. DETECTION OF DYNAMICAL CHANGES IN ARTERIAL
PRESSURE DATA SETS

Detection and identi cation of dynamical aspects of physiological pro-
cessesemain two of the main challengesof current clinical and ex-
perimental medicine. In this regard signi cant attention was paid to
changesin heart dynamics under di erent cardiac conditions (Elb ert,
1994; Pikkujamsa and Huikuri, 1999; Weiss and Chen, 1999; Bunde
and J., 2002). Physiological time seriesof di erent origin have been
investigated. For previous years, basedon the correlation integral ap-
proad, it was suggestedhat there is someevidenceof nonlinear struc-
ture in normal heart dynamics (Lefebvre and Fallen, 1993; Govindan
and Gopinathan, 1998). Moreover it has been established for physi-
ological data sets of di erent origin that a high degreeof variability
is often a feature of young healthy hearts, and that an increasein
variability of physiological characteristics is common for aging and
diseases(Zokhowski.M. and Nowak, 1997; Pikkujamsa and Huikuri,
1999). According to the demands of the GPA algorithm, these re-
sults were obtained for long data time series,e.g. 24-h Holter monitor
recordings. At the sametime, despite a number of important ndings,
from the practical point of view the method of nonlinear analysis of
medical time seriesdiscussedabove is problematic. This is conditioned
by problems related to the absenceof stability in the obtained data
sequencesi.e., the measuredsignal dependson the patients' emotional
and physical condition at a given momert (Zokhowski.M. and Nowak,
1997; Zhang and Thakor, 1999). Due to the dicult y of obtaining
long time seriesthe RQA method becameincreasingly popular among
physiological researtiers. In the presen study time seriesof indexesof
the myocardial cortractile function have beeninvestigated, including
time seriesof maximal velocity of myocardial b erscircular cortraction,
time of intravertricular pressureincrease,mean velocity of myocardial
b ers circular corntraction and maximal rate of intraventricular pres-
sure. These time seriesconsist of apex cardiograph records (Mason,
1970;Antani and Kuzman, 1979).A total 120adult maleswerestudied,
including: 30 healthy subjects, 30 patients with rst, 30 with second,
and 30with sewerethird stageof arterial hypertension(accordingto the
classi cation of 1996). Thesetime seriescorrespond to a composite set
of concatenatedsubsequencesortaining 15-200obsenables(calculated
contractile indexes) for eat of 30 peoplerelevant to the samegroup.
These subsequencedorm a total of 500 data length time seriesfor
separateindexes.

A similar approad of multiv ariable reconstruction was successfully



Figure 10. RQA %DET of indexes of myocardial contractile function time se-
ries versus the state of health. Diamonds - maximal velocity of myocardial b ers
circular contraction, squares- time of intraventricular pressureincrease, triangles -
mean velocity of myocardial b ers circular contraction. Asteriscs - maximal rate of
intraventricular pressure.

Figure 11. a) RQA %DET and b) Laminarity of blood pressuretime seriesver-
sus the state of health. Diamonds - systolic pressure, squares - diastolic pressure,
triangles - heart rate.

applied earlier for the calculation of correlation dimension of di erent
composite time series(Elb ert, 1994; Rombouts and Stam, 1995; Yang
and Madronich, 1994). Besidessystolic and diastolic pressure the heart
rate variability in healthy subjects and patients with di erent stagesof
arterial hypertension were investigated. The analyzedtime seriescon-
sist of 24h ambulatory monitoring of blood pressurerecordingsfrom 160



patients. Their agewas between 30 and 70. The patients under study

were not given medicinesfor 2-3 days precedingthe examination. Blood

pressurerecording wascarried out in a calm environment, in the sitting

position according to the standard method provided by hypertension
guidelines.The 24 hr monitoring of blood pressurewascarried out from

11:00a.m. to 11.00a.m. of the next day, taking into considerationthe

physiological regime of the patients. Intervals between the measure-
ments was 15 min. Systole, diastole, averagetension as well as heart
rate werede ned. The analyzedmultiv ariable time serieswerecompiled
as consecutive sequence®f appropriate data setsof ead patient from

the consideredgroups. Integral time seriescorntain about 1300 data
for ead healthy and pathological group analyzed. As seenin Fig. 10,
the extent of regularity of time seriesof myocardial indecesincreases
in pathology. A similar result was obtained for systolic pressuretime

series(Fig. 11 diamonds). An increaseof regularity is also visible for

heart rate time series,although this is not so essetial. At the same
time the dynamics of diastolic pressurewas practically unchanged. It

is important to mertion that time seriesused were multiv ariable as
they contain data from di erent patients of the samephysiologic group.

Moreover myocardial indecesand arterial pressuredata setsweretaken
from di erent groups. Taking into accourt all thesefacts it is very im-

portant that dynamical changeswith the extent of pathology increase
are similar. In other words, in almost all casesconsidereddynamics
of physiological processesn pathology becamemore regular than in

healthy conditions.

These results are in accord with our and other authors' results
(Elbert, 1994; Gar nk el and Weiss, 1997; Pikkujamsa and Huikuri,
1999;Weissand Chen, 1999; Matcharashvili, 2001)and shaw that non-
linear time seriesanalysis methods enable the detection of dynamical
changesin complex physiological processes.

4. Conclusions

Modern methods of qualitative and quartitativ e analysis of the com-
plexity of natural processesare able to detect tiny dynamical changes
imperceptible with classicaldata analysismethods. In this chapter the
main principles of modern time seriesanalysis methods, basedon re-
constructed phasespacestructure testing, have beenbrie y described.
It was shown, using data setsof di erent origins, that correctly using
thesemethods may indeed provide a unique opportunit y for qualitativ e



detection and quartitativ e identi cation of dynamical peculiarities of
complex natural processes.
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