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Resum en

Los modelos matemáticos tradicionales relacionados 

con el análisis de los terremotos son lineales y en 

algunos casos son incapaces de predecir determinados 

comportamientos, porque los datos que modelan 

pueden ser altamente no lineales y complejos. En 

este trabajo se describe la implementación de un 

método alternativo para el análisis sísmico en series 

de tiempo. La herram ienta Mapas de Recurrencia 

(MR)  perm ite el reconocim iento y el t ratam iento 

de las aceleraciones m edidas. Un Mapa de 

Recurrencia (MR)  obtenido de datos sísm icos 

rgtokvg"wpc"kpvgtrtgvcek„p"oƒu"gÝekgpvg"fg"nqu"
m ovim ientos del suelo y la aplicación de esta 

gzrnkecek„p"c" nc" fgÝpkek„p"fg" guvtcvkitch‡c" {" fg"
las tendencias de respuesta. Los at r ibutos no 

lineales obtenidos a part ir  del análisis de Mapas de 

Tgewttgpekc"ug"rwgfgp"wvknk¦ct"eqoq"Ýnvtqu"rctc"
revelar pat rones, o en com binación para predecir 

una propiedad sísm ica. La caracter ización 

autom at izada de datos sísm icos, basada en los 

at r ibutos sísm icos no lineales, podría rescribir  las 

reglas de interpretación del fenóm eno sísm ico. 

El objet ivo de este t rabajo es establecer una 

m etodología para la aplicación práct ica de la 

dinám ica no lineal en el reconocim iento de 

pat rones sísm icos, un cam po de la ingeniería 

fgucÝcpvg"{"gp"eqpuvcpvg"gxqnwek„p0

Palabras clave:  m apas de recurrencia, series 

de t iem po sísm icas, caos análisis no lineal, 

m ovim ientos fuertes de terreno, periodo 

fundam ental del suelo, vibraciones en m asas de 

suelo.

Abstract

The current  analysis of earthquakes is typically 

based on linear mathemat ical models that  may 

fail to describe and forecast  part icular behaviors, 

because in many cases the data complexity may 

induce a highly non linear behavior. I n this paper 

the implementat ion of an alternat ive method for 

seism ic t ime series analysis is presented. The 

RPs (Recurrence Plots)  enables recognit ion and 

t reatment  of measured accelerat ions. An RP 

qdvckpgf"htqo"ugkuoke"fcvc"cnnqyu"c"oqtg"ghÝekgpv"
interpretat ion of the ground mot ions and this 

explanat ion contributes to characterize materials 

and responses. The nonlinear at t r ibutes from RPs 

cpcn{uku"ecp"dg"wugf"cu"Ýnvgtu"vq"tgxgcn"rcvvgtpu"
or be combined to predict  a seism ic property. 

Automated seism ic data characterizat ion, based 

on nonlinear seism ic at t r ibutes, could rewrite the 

rules of earthquake phenomena interpretat ion. 

The object ive of this work is to establish a new 

methodology for pract ical applicat ion of nonlinear 

dynamics in seism ic pat tern/ at t r ibutes recognit ion, 

cp"gxqnxkpi"cpf"ejcnngpikpi"gpikpggtkpi"Ýgnf0

Key words:  recurrence plots, seism ic t ime series, 

nonlinear analysis chaos, st rong ground mot ions, 

soil natural periods, soil vibrat ions.
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I nt roduct ion

Data analysis often requires the drawing of 

m eaningful conclusions about  com plicated 

system s using t im e-series data from  a 

single sensor. The problem  is rather com plex 

because there usually exists sim ultaneously 

overabundance and lack of data:  m egabytes of 

t im e-series data about  one param eter but  no 

inform at ion regarding other im portant  quant it ies. 

Data-m ining techniques (Fayyad, 1996)  provide 

som e useful ways to deal successfully with the 

sheer volum e of inform at ion that  const itutes one 

part  of this challenge. The second part  is m uch 

harder. I f the target  system  is highly com plex say, 

a sudden release of st rain/ energy accum ulated 

during extensive t im e intervals in the upper 

part  of the Earth in the form  of seism ic waves 

radiated out  in all direct ions from  the source 

region through the Earth’s inter ior and recorded 

at  large distances by sensit ive seism ographs, 

but  only a few of its im portant  propert ies (e.g., 

surface accelerat ion)  is sensor accessible, the 

data analysis procedure would appear to be 

fundam entally lim ited. 

Figure 1 shows a sim ple exam ple of the kind of 

problem  that  this work addresses:  a m echanical 

spring/ m ass system  and two t im e-series data 

sets gathered by sensors that  m easure the 

posit ion and velocity of the m ass. This system  

is linear:  it  responds in proport ion to changes. 

Pulling the m ass twice as far down, for instance, 

will elicit  an oscillat ion that  is twice as large, not  

one that  is 21.5 as large or log2 t im es as large. A 

pendulum  in cont rast  reacts according to a non 

linear relat ionship:  if it  is hanging st raight  down, 

a sm all change in its angle will have lit t le effect , 

but  if it  is balanced at  the inverted point , m inor 

ejcpigu"jcxg"ukipkÝecpv"ghhgevu"kp"kvu"tgurqpug0"
This dist inct ion is ext rem ely im portant  to science 

in general and for data analysis in part icular. I f 

the system  under exam inat ion is linear, data 

analysis is com parat ively st raight forward and 

the tools are well developed. The data can be 

character ized by using stat ist ics (m ean, standard 

fgxkcvkqp." gve0+." Ýv" ewtxgu" vq" vjgo" *hwpevkqpcn"
approxim at ion) , and plot  various kind of graphs 

to aid understanding of the behavior. I f a m ore-

detailed analysis is required, the system  can be 

represented in an “ input  +  t ransfer funct ion ›"
output ”  m anner using any of a wide variety of 

t im e-  or frequency-dom ain m odels. This kind of 

form alism  adm its a large collect ion of powerful 

reasoning techniques, such as superposit ion 

and the not ion of t ransform ing back and forth 

between the t im e and frequency dom ains. 

Nonlinear systems pose an important  quest ion 

to intelligent  data analysis. Not  only they are 

ubiquitous in science and engineering, but  their 

mathemat ics is also vast ly harder and many 

standard t ime series analysis techniques simply 

do not  apply to nonlinear problems. Real systems 

exhibit  broad band behavior which makes that  

many t radit ional signal processing operat ions 

become useless. Non linear problems cannot  be 

decomposed in the standard “ input  +  t ransfer 

funct ion › output ”  manner, nor can the noise 

dg"tgoqxgf"d{"ukorn{" nqy/rcuu"Ýnvgt"fcvc0"Vjg"
concept  of a discrete set  of spect ral components 

does not  make sense in many nonlinear problems, 

so using t ransforms to move between t ime and 

frequency domains does not  work. 

Another com m on com plicat ion in data analysis 

is observabilit y :  access to enough inform at ion to 

fully describe the system . The spring/ m ass system  

in Figure 1, for instance, has two state variables, 

the posit ion and velocity of the m ass, and both 

of them  can be m easured in order to know the 

state of the system . But  for com plex problem s, 

the quest ion is how to ident ify all of the internal 

state variables of the system  and infer their  

values from  the signals that  can be observed. 

Geoseism ic (geotechnical and seism ological)  

procedures require accurate conclusions about  

reconst ructed dynam ics because fully observable 

system s are rare in geotechnical and earthquake 

engineering pract ice;  as a rule, m any often, 

m ost  of a system ’s state variables either are 

physically inaccessible or cannot  be m easured 

with available sensors.

Based on the exist ing parameters, count less 

seism ic at t r ibutes (measurements derived from  

ugkuoke"fcvc+"jcu"dggp"fgÝpgf"cpf"kpvtqfwegf"kp"
seism ic explorat ion (Sheriff, 1991;  Brown, 1996;  

Chen and Sidney, 1997;  and Eastwood, 2002) . 

Many of these at t r ibutes play except ionally an 

important  role in interpret ing and analyzing 

data (Chopra and Marfurt , 2005)  however, 

many quest ions remain unanswered about  the 

effect iveness and pract icality of using these 

convent ional ( linear and stat ionary)  techniques 

on earthquake phenomena. I n this work a more 

useful t ime-series analysis procedure is presented. 

The aim  of this invest igat ion is to apply the 

concepts of chaos theory to global character izat ion 

Figure 1 . A spring/ mass system and the vert ical posit ion 
and velocity t im e series (m easured by two sensors)
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of the soil deposits through the st ructures of 

the two-dim ensional im ages, Recurrence Plots 

RPs (Eckm ann et  al.  1986)  const ructed from  

accelerat ion t im e series. The RPs-m ethodology 

proposed here, general and pract ical, uses 

the st ructures of the accelerogram s for a 

“ topological”  interpretat ion of the data. Through 

visualizat ion and quant itat ive assessm ent  of 

vjgug" eqpÝiwtcvkqpu." vjg" ocpkhguvcvkqpu" qh"
soil (heterogeneous m aterials vibrat ing)  can 

be described. We dem onst rate the potent ial 

capabilit y of RPs using events recorded in Mexico 

City ( rock and soft-soil deposits)  during m inor 

and ext rem e seism ic events. 

Studying Com plex System s 

When a researcher m ust  deal with large data 

sets, the expert  should adopt  or develop 

urgekÝe"cpcn{ugu"hqt"encuukÝecvkqp."xkuwcnk¦cvkqp."
understanding and m anipulat ion of the t im e 

series in order to understand m ore about  the 

underlying system  and to determ ine the direct ion 

of future research. Tradit ional m ethods of t im e 

series analysis com e from  the well-established 

Ýgnf" qh" fkikvcn" ukipcn" rtqeguukpi" *Cdctdcpgn."
1996) . One of the m ost  fam iliar and widely used 

tools is the Fourier t ransform . I ndeed, m any 

t radit ional m ethods of analysis, visualizat ion, or 

processing uses the Fourier t ransform  in order 

to change a set  of linear different ial equat ions 

into an algebraic problem  where powerful 

m ethods of m at r ix m anipulat ion m ay be used. 

However, these m ethods are designed to deal 

with a rest r icted subclass of possible data. The 

data is often assum ed to be stat ionary - that  

m eans, independent  of t im e. I t  is also assum ed 

that  the dynam ics are fair ly sim ple, both low-

dim ensional and linear. Com pound this with 

the addit ional assum pt ions of low noise and a 

non broad-band power spect rum , then it  can be 

seen that  a very lim ited class of data is im plied. 

With experim ental nonlinear data, as the ground 

accelerat ions m easured during an earthquake, 

this t radit ional signal processing m ethods m ay 

fail because the system  dynam ics are, at  best , 

com plicated, and at  worst , ext rem ely noisy.

An exam ple to illust rate this point  is depicted 

in Figure 2. Fourier t ransform  is applied to data 

(accelerat ion t im e series)  from  a soft  soils deposit  

(site nam ed as SCT)  when is affected by seism ic 

load ( four events) . I f natural period ( fundam ental 

frequency) , st rat igraphy and topographical/

geom etr ical condit ions are held constant  (sam e 

recording stat ion)  then the differences between 

the response representat ions m ust  be related 

with the fault  m echanism , m agnitude, distance 

(source-site)  and direct ivity. See the spect ra 

of two events from  the sam e seism ogenic 

zone (epicenters circled together that  m eans 

for pract ical purposes, sam e fault , distance 

and radiat ion pat tern)  shown in Figure 2a. The 

frequency content  is very sim ilar and the obvious 

Figure 2 . Fourier spect ra exam ples from  Mexico City seism ic recordings, site:  SCT (Lake zone, soft  soils)
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difference between these representat ions is the 

intensity level. What  addit ional variables ( if any)  

are needed to explain the rem arkable distance 

between shaking energies? I n Figure 2b two 

responses due to seism ic events generated by 

different  fault  m echanism s, thus having dissim ilar 

direct ivit ies and distances, are shown. As can be 

seen, these Fourier representat ions have very 

sim ilar frequency- intensity dist r ibut ion and it  can 

be assum ed that  they m ight  produce the sam e 

st ructural or architectural dam age. Since they 

result  from  very different  seism ic act ivity, which 

eqpfkvkqpu"qt"rctcogvgtu"owuv"dg"fgÝpgf"kp"qtfgt"
to just ify the st rong sim ilitude between these 

responses? I n these cases, the t ransform at ion 

to the frequency dom ain is rest r ict ive and m any 

im portant  geological and seism ic aspects could 

be ignored or m isinterpreted. 

What  is needed is an alternat ive and 

reliable recording-based approach to explore, to 

character ize and to quant ify earthquake- induced 

effects. Analysis from  a nonlinear dynam ics 

perspect ive m ay yield m ore fruit ful results;  st ill,  

this is not  a st raight forward task. Calculat ion 

of em pir ical global nonlinear quant it ies, such 

as Lyapunov exponents and fractal dim ension, 

from  t im e series data is known to often yield 

erroneous results (Ding et  al.,  1993;  Parlitz, 

1992) . The literature is replete with exam ples 

of poor or erroneous calculat ions and it  has 

been shown that  som e popular m ethods m ay 

produce circum spect  results (Eckm ann and 

Ruelle, 1992;  Vastano and Kostelich, 1986) . 

Lim ited data set  size, noise, nonstat ionarity and 

int r icate dynam ics are presented as addit ional 

com plicat ions. The concerns about  the data are 

com pounded by concerns about  analysis. I t  is 

expected that  the following consistent  synthesis 

of the RP-analysis will enable researchers to 

rgthqto" uvwfkgu" oqtg" ghÝekgpvn{" cpf" oqtg"
eqpÝfgpvn{0"Vjwu"kv"ku"gpeqwtcigf"vjcv"Ýtuv"cv"cnn."
the user fam iliar izes him  with the background 

and the m ethodology before at tem pt ing any 

analysis. To m ake the paper self-contained, som e 

key concepts of Chaos Theory and Recurrence 

Plots are presented in the following paragraphs. 

Chaos At t ractor

State Space Descript ion

Vjg" uvcvg" qh" c" u{uvgo" ku" fgÝpgf" cu" vjg" xcnwg"
of the sm allest  vector such that  at  t im e t

0
 it  

com pletely determ ines the system  behavior for 

any t im e v"œ"v
0
 (Cao, 1997) . The com ponents of 

the state vector x
h

 are called state variables. The 

evolut ion of a system  can be visualized as a path 

in state space. Since a dynam ical system  m ust  

contain m em ory elem ents, integrators can be 

used to describe the state space representat ion. 

The evolut ion of the state space can therefore be 

described with the following equat ions:

�
ɺ

� �
x t f x u t( ) = ( ), ,

 (1)

h h h
y t g x u t( ) = ( ), ,

 (2)

where 
h
u  and 

h
y  are the system input  and output  

respect ively. This set  of different ial equat ions 

completely describes the system. The collect ion of 

all possible states is called the phase space. Thus, 

the phase space is a subset  of the state space.

Equilibrium Points, Periodic Solut ions, Quasiperiodic 

Solut ions and Chaos. 

Cu"vkog"iqgu"vq"kpÝpkv{."vjg"cu{orvqvke"dgjcxkqt"
of a system  that  is not  purely noise-driven can 

be categorized as being one of four general 

types:  equilibr ium  points, periodic solut ions, 

quasiperiodic solut ions, or chaos (Horai et  al.,  

2002) . 

An equilibr ium  point  can be either stable or 

unstable. Stable equilibr ium  points are called 

sinks, and unstable points are called sources. A 

sink causes that  near t rajector ies m ove towards 

the self-sink with an increase in t im e, and this 

is an exam ple of an at t ractor. When a t rajectory 

precisely returns to itself,  the system  has a 

rgtkqfke"uqnwvkqp"ykvj"c"Ýzgf"rgtkqf"T.  The value 

of T is the t im e needed to reach the sam e point  

in state space again. A lim it  cycle is an exam ple 

of an at t ractor that  has a periodic solut ion. The 

rgtkqf" qh" c" swcukrgtkqfke" u{uvgo" ku" pqv" Ýzgf."
i.e. the phase space is form ed by the sum  of 

periodic solut ions that  have periods whose rat io 

is irrat ional. 

Nqtgp¦" *Nqtgp¦." 3;85+" fkueqxgtgf" vjg" Ýtuv"
exam ple of a chaot ic at t ractor while searching 

for the solut ion of a weather predict ion m odel. 

Qualitat ively speaking, a chaot ic at t ractor is an 

at t ractor that  is not  of the previous three types. 

A system  of this type is very dependent  on init ial 

condit ions, i.e. two points in state space that  

are separated by a sm all distance will diverge 

exponent ially as the system  evolves. Thus, the 

term  “chaot ic”  describes a dynam ical property of 

a system . 

Modeling the At t ractor

Having established that  a system  contains a 

chaot ic at t ractor, the process can be m odeled 

by reconst ruct ing the state space. Two m ethods 

are available:  the m ethod of delays and principal 

com ponent  analysis. We will not  give a detailed 

descript ion of pr incipal com ponent  analysis 
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because in this invest igat ion the m ethod of delays 

is used. Thus, we refer the reader interested 

on the form er m ethod to Broom head and King 

(1986) . 

Mutual I nform at ion.  Frasier and Swinney 

(Fraser and Swenney, 1986)  proposed m utual 

inform at ion m ethod to obtain an est im ate 

for delay t im e, v (March et  al.,  2005) . Mutual 

inform at ion provides a general m easure for the 

dependence of two variables, thus, the value of v for which the m utual inform at ion goes to zero 

is preferred. Addit ional argum ents for choosing 

vjg"Ýtuv"¦gtq"ecp"dg"hqwpf"kp"*Ucwuuqn"cpf"Yw."
2003) . 

Mutual inform at ion is a m easure found in 

vjg" Ýgnf" qh" Kphqtocvkqp" Vjgqt{0" Ngv" S be a 

com m unicat ion system  with s
1
,s

2
,…,s

n
 a set  of 

possible m essages with associated probabilit ies 

P
s
 (s

1
 ), P

s
 (s

2
 ),…,P

s
 (s

n
).

The ent ropy H of the system  is the average 

am ount  of inform at ion gained from  m easuring s 

cpf"kv"ku"fgÝpgf"cu

H S P s P ss

i

i s i( ) = − ( ) ( )∑ log

 (4)

For a logarithm ic base of two, H is m easured 

in bits. Mutual inform at ion m easures the 

dependency of x(t + T).  Let  [s,q]=[x(t),x(t+T)],  and 

consider a coupled system  (S,Q).  Then, for sent  

m essage s and corresponding m easurem ent  s
i
,

H Q s P q s P q s

P s q

i q s j i

j

q s j i

sq i j

( ) = − ( ) ( )⎡
⎣

⎤
⎦

=
( )

∑  log

,

PP S

P s q

P s
s j

sq i j

s ij ( )
( )
( )∑ log

,

(5)

where P q s
q s j i( )  is the probabilit y that  a 

m easurem ent  of q will result  in q
j
,  subject  to the 

condit ion that  the m easured value of s is s
i
.  Next  

we take the average uncertainty of H Q si( )  

over s
i
,

H Q s P s H Q si s i i

i

( ) = ( ) ( )∑

= − ( ) ( )
( )∑P s q

P s q

P s
sq

i j

i j

sq i j

s i.

, log
,

= ( ) − ( )H S Q H S,
 (6)

with

H S Q P s q P s qsq i j sq i j( , ) , log ,= − ( ) ( )∑
(7)

The reduct ion of the uncertainty of q by 

m easuring s is called the m utual inform at ion 

I(S,Q) which can be expressed as

I Q S H Q H Q S,( ) = ( ) − ( )  (8)

= ( ) + ( ) − ( ) = ( )H Q H S H S Q I S Q, ,  (9)

where H(Q) is the uncertainty of q in 

isolat ion. I f both S and Q are cont inuous, then

I S Q P s q
P s q

P s P q
ds dqsq

sq

s q

, , log
,

( ) = ( )
( )

( ) ( )∫  

(10)

I f s and q are different  only as a result  of 

noise, then I(S,Q) gives the relat ive accuracy of 

vjg"ogcuwtgogpvu0"Vjwu."kv"urgekÝgu"jqy"owej"
inform at ion the m easurem ent  of x

i
 provides 

about  x
i+1

.  The m ean and variance of the m utual 

inform at ion est im at ion can be calculated (Takens, 

1981) . Although m utual inform at ion guarantees 

decorrelat ion between x
k
 and x

k+t
,  and between 

x
k+t

 and x
k+2t

, it  does not  necessary follow that  x
k
 

and x
k+2t

 are also uncorrelated (Afraim ovich et  

al.,  2003) .

False Nearest  Neighborhoods. Mutual inform at ion 

gives an est im ate for v
s
,  but  does not  determ ine 

the em bedding dim ension d. The Takens’ Theorem  

(Takens, 1981)  states that  an m-dim ensional 

at t ractor will be com pletely unfolded with no 

self-crossings if the em bedding dim ension is 

chosen larger than 2m.  I n this work, the m ethod 

qh" hcnug"pgctguv"pgkijdqtu" ku"wugf" hqt"Ýpfkpi"c"
good value for d (Afraim ovich, 1997) .

The m ethod is based on the idea that  two 

points close to each other (called neighbors)  in 

dim ension d,  m ay in fact  not  be close at  all in 

dim ension d+1.  This can happen when the lower 

dim ensional system  is sim ply a project ion of a 

higher dim ensional system , and it  is unable 

to com pletely describe the system . Thus, the 

algorithm  searches for “ false nearest  neighbors”  

by ident ifying candidate neighbors, increasing 
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the dim ension, and then inspect ing the candidate 

neighbors for false ones. When no false neighbors 

ecp"dg"kfgpvkÝgf."kv"ku"cuuwogf"vjcv"vjg"cvvtcevqt"
is com pletely unfolded and d,  at  this point , taken 

as the em bedding dim ension.

Recurrence Analysis 

I n our daily life we m ake predict ions that  are not  

based on the evaluat ion of long and com plicated 

sets of m athem at ical equat ions, but  rather on 

two crucial facts:  i)  sim ilar situat ions often evolve 

in a sim ilar way;  ii)  som e situat ions occur over 

cpf"qxgt"cickp0"Vjg"Ýtuv"hcev"ku"nkpmgf"vq"egtvckp"
determ inism  in m any real world system s. Chaos 

theory has taught  us that  som e system s -  although 

fgvgtokpkuvke/"ctg"xgt{"ugpukvkxg" vq"Þwevwcvkqpu"
and even the sm allest  perturbat ions of the init ial 

condit ions can m ake a precise predict ion on 

long t im e scales im possible. The second fact  is 

fundamental to many systems and it  is probably 

one of the reasons why life has developed memory. 

Experience allows remembering sim ilar situat ions, 

making predict ions and, hence, helps to survive. 

But  rem em bering sim ilar situat ions is only helpful 

if a system  returns or recurs to form er states. 

Such a recurrence is a fundam ental character ist ic 

of m any dynam ical system s and it  can indeed be 

used to study their  propert ies.

The set  of nonlinear dynam ic techniques, 

called Nonlinear Tim e Series Analysis (Kantz 

cpf" Uejtgkdgt." 3;;9+." ecp" dg" encuukÝgf" kpvq"
m etric, dynam ical, and topological tools. The 

m et r ic approach depends on the com putat ion 

of distances on the system ’s at t ractor. The 

dynam ical approach deals with com put ing 

the way nearby orbits diverge by m eans of 

est im at ing Lyapunov exponents. Topological 

m ethods are character ized by the study of the 

organizat ion of the st range at t ractor, and they 

include close returns plots and Recurrence Plots 

RPs (Eckm ann et  al.,  1986) .

Recurrence Plots 

RPs are int r icate and visually appealing. They are 

cnuq"wughwn"hqt"Ýpfkpi"jkffgp"eqttgncvkqpu"kp"jkijn{"
com plicated data. I n this work the RP-analysis 

is extended, form alized, and system at ized in a 

m eaningful way that  is based both in theory and 

experim ents and that  targets both quant itat ive 

and qualitat ive propert ies for its geotechnical 

and seism ological applicat ion. 

Kp" vjku" ugevkqp." yg" dtkgÞ{" qwvnkpg" uqog" qh" vjg"
basic features of RPs and describe how an RP 

of an experim ental data set  can be generated. 

Vjg" uvcpfctf" Ýtuv" uvgr" kp" vjku" rtqegfwtg" ku" vq"
reconst ruct  the dynam ics by em bedding the 

one-dim ensional t im e series in a d
E
-dim ensional 

reconst ruct ion space using the m ethod of delay 

coordinates. Given a system  whose topological 

dim ension is d,  the sam pling of a single 

state variable is equivalent  to project ing the 

d-dim ensional phase-space dynam ics down onto 

one axis. 

Loosely speaking, em bedding is akin to 

“unfolding”  those dynam ics, albeit  on different  

axes (Packard et  al,  1980;  Takens, 1981) . Given 

c" vtclgevqt{" kp" vjg"godgffgf"urceg."Ýpcnn{."cp"
RP is const ructed by com put ing the distance 

between every pair of points (y
i
,y

j
) using an 

appropriate norm  and then shading each pixel 

(i,j) according to that  distance. The process of 

const ruct ing a correct  em bedding is the subject  

of a large body of literature and num erous 

heurist ic algorithm s and argum ents. Abarbanel 

(1995)  gives a good sum m ary of this ext rem ely 

cevkxg"Ýgnf0

a)  Delay Coordinate Em bedding. To reconst ruct  

the dynam ics, we begin with experim ental data 

consist ing of a t im e series:

 {x1,x2,...,xN} (11)

Delay-coordinate reconst ruct ion of the 

unobserved and possibly m ult i-dim ensional 

phase space dynam ics from  this single observable 

x is governed by two param eters, em bedding 

dim ension d
E
 and t im e delay v.  The resultant  

t rajectory in R
dE  is:

 {y
1
, y

2
, ..., y

m
} (12)

where m=N-(d
E
-1)v"and

     
y x x x xk k k k k dE

= ( )+ + + −( ), , ,...τ τ τ2 1   

(13)

for k=1,2,…, m. Note that  using d
E
=1 m erely 

returns the or iginal t im e series;  one dim ensional 

em bedding is equivalent  to not  em bedding at  

all.  Proper choice of d
E
 and v is cr it ical to this 

type of phase-space reconst ruct ion and m ust  

therefore be done wisely;  only “correct ”  values 

of these two param eters yield em beddings that  

are guaranteed by the Takens Theorem  (Takens, 

1981;  Packard et  al.,  1980;  Sauer et  al.,  1991)  

to be topologically equivalent  to the or iginal 

(unobserved)  phase-space dynam ics. 

Assuming that the delay-coordinate em bedding 

has been correct ly carr ied out , it  is natural 

to assum e that  the RP of a reconst ructed 

t rajectory bears great  sim ilar ity to an RP of 
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the t rue dynam ics. Furtherm ore, we expect  

any propert ies of the reconst ructed t rajectory 

inferred from  this RP to be t rue of the underlying 

system  as well.  This is, in fact , the rat ionale 

behind the standard procedure of em bedding the 

data before const ruct ing a RP.

B)  Const ruct ing the Recurrence Plot . RPs are 

based upon the m utual distances between 

rqkpvu"qp"c" vtclgevqt{."uq"vjg"Ýtuv"uvgr" kp" vjgkt"
const ruct ion is to choose a norm  D.  I n this work 

the m axim um  norm  is used, although in one 

dim ension the m axim um  norm  is, of course, 

equivalent  to the Euclidean p-norm . We chose 

the m axim um  norm  for two reasons:  for ease 

of im plem entat ion and because the m axim um  

distance arising in the recurrence calculat ions 

( the difference between the largest  and sm allest  

m easurem ents in the t im e series)  is independent  

of em bedding dim ension d_E for this part icular 

norm . This m eans that  we can m ake direct  

com parisons between RPs generated using 

fkhhgtgpv"xcnwgu"qh"faG"ykvjqwv"Ýtuv"jcxkpi"vq"tg/
uecng" vjg"rnqvu0"Pgzv."yg"fgÝpg"vjg"tgewttgpeg"
m atrix A as follows:  

A i j D y y i j mi j, , , ,( ) = ( ) ≤ ≤1

(14)

follows

D y y x xi j
k d

i k j k

E

, max ( ) ( )( ) = −
≤ ≤

+ − + −
1

1 1τ τ

(15)

The t im e series spans both ordinate and 

abscissa and each point  (i,j) on the plane is 

shaded according to the distance between the 

two corresponding t rajectory points y
i
 and y

j 

(Figure 3) . The pixel ly ing at  (i,j) is color-coded 

according to the distance. For instance, if the 

117th point  on the t rajectory is 14 distance units 

away from  the 9435th point , the pixel ly ing at  

(117, 9435)  on the RP will be shaded with the 

color that  corresponds to a spacing of 14. 

Figure 4 shows RPs generated from very 

different  data sets:  from a t ime series derived by 

sampling the funct ion sine t unt il a noise series. 

The colors on these plots range from white-yellow 

for very small spacing to dark blue for large inter-

point  distances (see calibrat ion bar in Figure 3) . 

With this in m ind, the sine-wave RP is relat ively 

easy to understand;  each of the “blocks”  of color 

simply represents half a period of the signal. The 

lower RPs in the Figure 4 (see the ECG, Lorenz and 

Rössler RPs, for example) , generated from chaot ic 

data sets, are far more complicated, although they 

too have block- like st ructures resembling what  

m ight  be expected from a periodic signal. These 

signals, though, are not  periodic, so the repeated 

st ructural elements in the plot  request  a deeper 

explanat ion. The recurrent  inter-point  distances 

( repeated colors)  are not  st raight forwardly related 

with the signals but  it  seems that  some kind of 

determ inism is presented in the behaviors. The 

RPs could be categorized following the knowledge 

about  the systems that  generated the signal and 

the part icular array of the repeated st ructures. 

Alternat ively, recurrence points for the white 

noise (at  the bot tom of Figure 4)  are simply 

dist r ibuted in a homogeneous random pat tern, 

signifying that  the variable lacks of determ inist ic 

st ructures. 

C)  St ructures in RPs. As already m ent ioned, 

the init ial purpose of RPs was to visualize 

t rajector ies in phase space, which is especially 

advantageous in the case of high dim ensional 

system s. RPs yield im portant  insights into the 

t im e evolut ion of these t rajector ies, because 

v{rkecn" rcvvgtpu" kp" TRu" ctg" nkpmgf" vq" c" urgekÝe"
behavior of the system . Following the phase 

space character ist ics, the path in the correlat ion 

dim ension curve and the large scale pat terns in 

RPs, designated as typology ,  the RPs st ructures 

ecp"dg"encuukÝgf"cu"hom ogeneous, periodic,  dr ift  

and disrupted ones (Marwan, 2003) :

̋"Jqoqigpgqwu RPs are typical of system s 

in which the relaxat ion t im es are short  in 

com parison with the t im e spanned by the 

RP. An exam ple of such an RP is that  of 

a stat ionary random  t im e series. See the 

uniform ly dist r ibuted white noise exam ple 

shown in Figure 4.

̋"Rgtkqfke"cpf"swcuk/rgtkqfke" u{uvgou"jcxg"
RPs with diagonal or iented, periodic 

or quasi-periodic recurrent  st ructures 

(diagonal lines, checkerboard st ructures) . 

Figure 4 shows the RP of the sine signal, 

exam ple of a periodic system . I rrat ional 

frequency rat ios cause m ore com plex 

quasi-periodic recurrent  st ructures (see 

the ECG, Lorenz, Rössler and sun spots 

exam ples) ;  however, even for oscillat ing 
Figure 3 .  RP graphical descript ion
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Figure 4 . Exam ples of Recurrence Plots and Phase Space Plots of different  data sets.
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system s whose oscillat ions are not  easily 

recognizable, RPs can be very useful.

̋" C" ftkhv" ku" ecwugf" d{" u{uvgou"ykvj" unqyn{"
varying param eters, i.e. non-stat ionary 

system s. The RP pales away from  the line 

of ident ity, LOI  ( the m ain diagonal line in 

a RP, Ri, j= 1) .

̋"Cdtwrv"ejcpigu"kp"vjg"f{pcokeu"cu"ygnn"cu"
ext rem e events cause white areas or bands 

in the RP, for exam ple the Brownian m ot ion 

*Hkiwtg"6+0"TRu"cnnqy"Ýpfkpi"cpf"cuuguukpi"
ext rem e and rare events easily by using 

the frequency of their  recurrences.

A closer inspect ion of the RPs reveals also 

the texture or sm all-scale st ructures (Eckm ann 

et  al0." 3;:9+." yjkej" ecp" dg" v{rkecnn{" encuukÝgf"
in single dots, diagonal lines as well as vert ical 

and horizontal lines ( the com binat ion of vert ical 

and horizontal lines obviously form s rectangular 

clusters of recurrence points) ;  in addit ion, even 

bowed lines m ay occur (Marwan, 2003;  Eckm ann 

et  al.,  1987) :

̋"Ukping."kuqncvgf"tgewttgpeg"rqkpvu"ecp"qeewt"
if states are rare, if they persist  only for a 

xgt{"ujqtv"vkog."qt"Þwevwcvg"uvtqpin{0

̋" C" fkciqpcn" nkpg" R
l

k
i k j k+ + ≡ −

=, 1
1

0 (where l 

is the length of the diagonal line)  occurs 

when a segm ent  of the t rajectory runs 

alm ost  in parallel to another segm ent  for 

l t im e units:

̋"C"xgtvkecn"*jqtk¦qpvcn+" nkpg" R
v

k
i j k, + ≡ −

=
1

1

0  

(with v the length of the vert ical line)  

m arks a t im e interval in which a state does 

not  change or changes very slowly:

The state is t rapped for som e t im e. This 

is a typical behavior of lam inar states 

( interm it tency)  (Marwan et  al.,  2002) .

̋"Bowed lines are lines with a non-constant  

slope. The shape of a bowed line depends 

on the local t im e relat ionship between the 

corresponding close t rajectory segm ents.

Pat tern Meaning

(1) Hom ogeneity The process is stat ionary

(2) Fading to the upper left  and 

lower r ight  corners

Non-stat ionary data;  the process contains a t rend or a 

dr ift

(3) Disrupt ions (white bands)  Non-stat ionary data;  som e states are rare or far from  

the norm al;  t ransit ions m ay have occurred 

(4) Periodic/ quasi-periodic pat-

terns 

Cyclicit ies in the process;  the t im e distance between 

periodic pat terns (e.g. lines)  corresponds to the pe-

r iod;  different  distances between long diagonal lines 

reveal quasi-periodic processes

(5) Single isolated points Uvtqpi"Þwevwcvkqp"kp"vjg"rtqeguu="kh"qpn{"ukping"kuq-

lated points occur, the process m ay be an uncorrelated 

random  or even ant i-correlated process

(6) Diagonal lines (parallel to the 

LOI )

The evolut ion of states is sim ilar at  different  epochs;  

the process could be determ inist ic;  if these diagonal 

lines occur beside single isolated points, the process 

could be chaot ic ( if these diagonal lines are periodic, 

unstable periodic orbits can be observed)

(7) Diagonal lines (ortogonal to 

the LOI )

The evolut ion of states is sim ilar at  different  t im es but  

with reverse t im e;  som et im es this is an indicat ion for 

cp"kpuwhÝekgpv"godgffkpi
(8) Vert ical and horizontal lines /

clusters

Som e states do not  change or change slowly for som e 

t im e;  indicat ion for lam inar states

(9) Long bowed line st ructures The evolut ion of states is sim ilar at  different  epochs 

but  with different  velocity;  the dynam ics of the system  

could be changing

Table 1 ."V{rkecn"rcvvgtpu"kp"TRu"cpf"vjgkt"ogcpkpiu"*oqfkÝgf"htqo"]52_+0
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RPs of paradigm at ic system s provide an 

inst ruct ive int roduct ion into character ist ic 

typology and texture but  the visual interpretat ion 

of RPs requires som e experience. To sum m arize 

the explanat ions about  typology and texture, we 

present  a list  of features and their  corresponding 

interpretat ion in Table 1. 

RPs of Seism ic Recordings

A set  of accelerat ion t im e series recorded in the 

soft  soils of the Mexican m et ropolis are used to 

uvwf{"kvu"ejcqvke"pcvwtg0"Yg"Ýtuv"fgÝpg"vjg"uqkn"
system s and then we classify the behavior and 

propose a nonlinear label. 

Data base

The recorded responses on the surface of 11 

soft  soils (clays)  and 4 st iff deposits within the 

urban area of Mexico City conform  the signals 

used in this study. These sites are located on 

the lacust r ine basin where soils were deposited 

by air  or water t ransportat ion (very soft  clay 

form at ions with large am ounts of m icroorganism s 

interbedded by thin seam s of silty sand) , som e 

others are product  of volcanic effusions that  

vqqm"rnceg"ykvjkp"vjg"ncuv"qpg"oknnkqp"{gctu"*Þ{"
ash and volcanic glass)  and there are stat ions 

qp"c"vjktf"v{rg"qh"uqknu"vjcv"ctg"eqpukfgtgf"Ýto"
or m aterials rock- like. Based on this m aterial 

character izat ion and the histor ical seism ic 

behavior, the Mexico valley has the geotechnical 

m icrozonat ion. This m ap is taken as a m eans of 

gaining broad insight  into the surface m ot ion of a 

part icular site. The elast ic natural periods T
n
 ( key 

param eter in ground m ot ions categorizat ion)  of 

the sites included in the database vary from  T
n
= 1 

s to T
n
= 4.2 s (Table 2) . 

The 9 events selected (Table 3) , having at  

least  100 s and high signal- to-noise rat ios, are 

representat ive of the tectonic regions (different  

source m echanism )  that  affects the valley. The 

set  is denser in events from  the subduct ion of the 

Cocos Plate into the Cont inental Plate because 

they are associated to the m ost  dam aging 

shocks. 

Figure 5 . Ogzkeq"Ekv{"¦qpkÝecvkqp0
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Regular and chaot ic ground m ot ions 

I nform at ion accum ulated over the last  four 

fgecfgu"jcu"Ýton{"guvcdnkujgf"vjcv"vjg"ukpiwnct"
geotechnical environm ent  that  prevails in 

Mexico City is the one m ost  im portant  factor 

to be accounted for in explaining the huge 

cornkÝecvkqp" qh" ugkuoke" oqxgogpvu0" Cnuq."
observat ional evidence has m ade it  clear that  

seism ic m ovem ents within the Basin of Mexico 

can differ considerably from  one site to the 

other (Rom o and Seed, 1986) . The statutory 

regulat ions have t r ied to take into account  

these facts but  st ill there are dangerous doubts 

about  the outcom e pat terns. The purpose of the 

following analysis is to illust rate an alternat ive 

way in which the oscillat ions can be described 

and to provide a qualitat ive understanding of the 

com plex system  responses.

RPs-Typology ( large scale)

Exam ples of RPs obtained from  accelerogram s 

recorded during the earthquakes listed in Table 

2, are shown in Figure 6. One int r iguing and 

puzzling character ist ic of the RPs is the st ructural 

sim ilitude that  they exhibit  with different  seism ic 

and site condit ions. Evaluat ing RPs const ructed 

from  accelerogram s recorded during the sam e 

event  on different  site condit ions (Figure 7) , one 

quest ion is obligated:  do soft  soils and rocks, 

when are excited by the sam e seism ic force, 

have alike m ovem ents? On the other hand, 

keeping constant  the soil propert ies (dividing the 

database in a subset  of soft  soils and a subset  

of rock deposits)  and varying the seism ic inputs 

(events) , the RPs st ructures are except ionally 

com parable (Figure 8)  and the query is evident :  

do earthquake m echanism , distance ( from  

epicenter to the site)  and t ransm ission pat tern 

jcxg"ukipkÝecpv"korcev"qp"vjg"yc{"vjg"ocvgtkcnu"
vibrate? 

Answering these quest ions using the large 

uecng" ku"c"fkhÝewnv" vcum"cpf" tgswktgu" vjg"wug"qh"
rest r ict ing assum pt ions in order to explain the 

behaviors and response t rends. I t  is im portant  

to point  out  that  the convent ional t im e series 

analysis tools works on this scale. 

Through a deep inspect ion of the RPs and 

using nonlinear concepts we can say that  the 

ground st ructures (soft  and st iff,  hom ogeneous 

and heterogeneous deposits)  when are affected 

by seism ic forces, in a m acro scale, evolve in 

a sim ilar way. The t im e evolut ion of the ground 

ceegngtcvkqpu" gzrqugu"ygnn" fgÝpgf"yjkvg" ctgcu"
and cold bands (green/ blue st r ips) , hallm ark 

in nonstat ionary system s. The com binat ion of 

Site Geotechnical Zone T
n
(s)

AR Lake zone 3.8

AO Transit ion zone 1.0

CE Hill zone 0.5

CE32 Lake zone 4.1

CDAO Lake zone 3.6

CH Transit ion zone 1.0

CU1 Hill zone 0.5

CU80 Lake zone 3.8

GC Lake zone 2.0

I B Lake zone 1.5

JC Lake zone 3.0

SCT Lake zone 1.5

TE Hill zone 0.5

UI Hill zone 0.5

ZARS Lake zone 3.3

Table 2 . Sites included in this study.

Date 
( day/ m onth/ year)

LAT LONG Magnitude 
( m ax)

Focal Depth 
( km )

9/ 19/ 1985 18.081 102.942 Ms =  8.1 15

9/ 19/ 1985 18.024 103.057 Mb =  6.2 20

5/ 11/ 1990 17.046 100.84 Mc =  5.3 12

10/ 24/ 1993 16.54 100.84 Ms =  6.6 19

9/ 14/ 1995 16.31 98.88 Mc =  7.3 22

2/ 25/ 1996 15.83 98.25 Ms =  6.9 3

1/ 11/ 1997 17.91 103.04 Ms =  6.9 16

6/ 21/ 1999 17.99 101.72 Mb =  6.0 54

9/ 30/ 1999 15.95 97.03 Ms =  7.5 16

Table 3 . Database seism ic events.
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Figure 6 .  Som e exam ples of RPs, different  soils condit ions and input  seism ic intensity.

Figure 7 .  Exam ples of RPs from  an event  (30/ 09/ 99)  on different  geotechnical zones.
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Figure 8 .  Exam ples of RPs calculated for each site varying input  condit ions (event ) .

Figure 9 . Pendulum behavior.
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vert ical and horizontal st r ips form s rectangular 

clusters where the m axim um  accelerat ions are 

located. Because of the abrupt  changes between 

vjg"dgikppkpi."vjg"kpvgpug"cpf"vjg"Ýpcn"rctv"qh"
vjg"oqxgogpvu."c"itqwpf"oqvkqp"ecp"dg"fgÝpgf"
as an event  that  contain ext rem e sub-events 

(m axim um  accelerat ions)  where the ground 

condit ions are anom alous for som e seconds to 

vjgp" xcpkuj" wpvkn" vjg" oqxgogpv" Ýpkujgu0" Vjg"
num ber of clusters that  appears in the RPs is 

the recurrence of the sub-events. The study of 

xgtvkecn"TR"uvtwevwtgu"ocmgu"vjg"kfgpvkÝecvkqp"qh"
t rapping t im e (seconds that  soil and rocks are 

being t ruly perturbed)  possible. 

To bet ter understand the com plexity of the 

ground m ot ions, com pare the RPs calculated 

from  seism ic t im e series with those from  a 

pendulum ’s oscillat ion and dam ped vibrat ion 

( low drive frequencies)  depicted in Figure 

9a. The ground response is very far from  the 

determ inist ic behavior of this apparent ly sim ple 

device. See the RP in Figure 9b, the dr ive 

frequency is raised and the at t ractor undergoes a 

series of bifurcat ions ( the pendulum  is oscillat ing 

in a chaot ic m anner)  but  even in this regim e the 

pendulum ’s RP m anifests as seem ingly st ructured 

with alm ost-periodic pat terns. None of the RPs of 

accelerogram s can be related with the pat terns 

of the pendulum ’s at t ractors. The underlying 

process in seism ic ground m ot ions seem s m uch 

m ore com plex and it  cannot  be direct ly labeled 

as “determ inist ic”, “ chaot ic”  or “ random ”. 

The RPs-vert ical st ructures displayed by 

the layered natural m aterials should be related 

with interm it tence. I n dynam ical system s the 

interm it tence is the alterat ion of phases of 

seem ingly periodic system s. The apparent  

per iodic phases of the ground behavior  are 

not  quite, but  only nearly periodic. Thus, rather 

than a t ruly-periodic series of values, the data 

are apparent ly periodic but  where the chaot ic 

nature of the system  becom es apparent  after 

certain ground accelerat ion is reached. I t  is 

very im portant  to point  out  that  interm it tence 

is m ore patent  during large earthquakes, and 

a probably reason,  which looks a paradox,  is 

t hat  t he energy released from  the source is not  

perm anent ly  cont inuous on t im e,  t here are 

relax intervals in between without  im portant  

seism ic wave arr ivals from  the source. Therefore 

the interm it tence in accelerogram s could be 

considered as a random  sequence of episodes of 

seism ic wave arr ivals and episodes of free soil 

vibrat ions.

I n a m odeling scenario where the system  

was com posed of m any kilom eters of crust  ( the 

outerm ost  layer of the earth)  from  the source of 

seism ic act ivity to the stat ion where the m ea-

surem ent  inst rum ent  registers the accelerat ion 

of a point  on the ground surface (Figure 10) , 

uqknu"cpf"tqemu"ecp"dg"encuukÝgf"cu"pqpnkpgct"fg-

vices because they becom e act ivated when their  

react ion potent ial crosses a certain threshold. 

The act ivity of large form at ions of geological m a-

Figure 1 0 .  Transm ission of seism ic waves through the different  geotechnical zones.
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ter ials (soils and rocks)  is m acroscopically m ea-

surable in the accelerogram  which results from  

a spat ial integrat ion of m any react ion potent ials 

( the environm ent  interact ing)  but  what  is need-

ed in the earthquake engineering is a descript ion 

of the part icular nonlinear devices (soil and rock 

deposits)  through this m acro m anifestat ion, and 

this is the m ain advantage of RPs over the t im e-

series analysis tools. 

RPs-Texture (sm all scale)

Delay-coordinate em bedding produces clean, 

easily analyzable pictures of the ground 

dynam ics and the results suggest  that  the 

dynam ical behavior of the soils/ rocks is very 

high-dim ensional (Table 3) . This im plies that  the 

u{uvgo"ku"rtqdcdn{" kpÞwgpegf"d{"xctkcdngu"vjcv"
ecp"dg"jctfn{" kfgpvkÝgf"qt"vjcv"ctg"dg{qpf"vjg"
lim its of our current  understanding (St rogatz, 

4222+0" Jqygxgt." c" rtqrgt" fgÝpkvkqp" qh" kpkvkcn"
condit ions perm its character izing the system  

evolut ions and ext ract ing m eaningful ( for 

engineering purposes)  conclusions about  the 

behavior of this com plex natural st ructure.

Zoom ing into the RPs, the soil response 

can be studied from  the clear and suggest ive 

signatures in the clusters. The width of the 

vert ical band indicates the t im e in which the 

intense state does not  change or changes very 

slowly. The st rong ground accelerat ions are 

t rapped for som e seconds ( the cluster base)  and 

because this ext rem e situat ion is not  an isolated 

point  ( rare)  the possibilit y that  this alterat ion 

had been produced by noise is elim inated. I n 

this intense t im e, periodic, chaot ic or random  

pat terns can be recognized and the param eters 

range over which the system  is stable and where 

vjg"vtclgevqtkgu"ctg"fkxgtigpv"eqwnf"dg"kfgpvkÝgf0"

Jctoqpkeu" kp" uqhv" uqknu" queknncvkqpu0" Observe 

the Figure 11. These clusters in the third colum n 

were obtained from  accelerogram s registered 

in soft  soils deposits. These exam ples show 

diagonal or iented recurrent  st ructures that  can 

be related with the vibrat ion of one degree of 

freedom  1D oscillator. Due to space rest r ict ions 

only som e exam ples are showed, but  they are 

representat ive of the st ructures displayed for the 

whole soft-soils set .

Assum ing that  during interm it tence soft  soils 

behave as a 1D oscillator, the period of soil 

vibrat ion during the sem i-sinusoidal oscillat ion 

( in this invest igat ion called T
ss

)  can be obtained 

from  the distance between diagonals (Figure 

12) . For a sam e site, no im portant  degradat ion 

is observed in T
ss

,  even when the records cam e 

from  different  intensity, frequency and durat ion 

input  condit ions. Beyond the scope of this 

work is the discussion about  the im pact  of the 

differences between T
ss

 and T
n
 in the aseism ic 

design, but  no doubt  exists that  the T
ss

values are 

m ore authent ic than those obtained from  spect ral 

analyses and m any im portant  conclusions about  

nonlinearity and site effects m ust  be re-evaluated 

wukpi"vjgug"Ýpfkpiu0

Chaot ic vibrat ions in st iff soils st ructures. The 

enwuvgtu"kp"vjg"Ýtuv"eqnwop"qh"Hkiwtg"33"ctg"hct"
m ore com plicated. The checkboard st ructures 

and the upward diagonal lines result  from  st r ings 

of vector pat terns repeat ing them selves m ult iple 

Site 1 4 / 0 9 / 1 9 9 5 2 1 / 0 6 / 1 9 9 9 3 0 / 0 9 / 1 9 9 9

Delay Dim ension Delay Dim ension Delay Dim ension

SCT 100 10 60 26 80 53

CDAO 68 38 51 35 67 53

CU 59 9 30 58 91 39

TE07 97 44 43 40 100 41

UI 46 59 26 60 40 46

ZARS 29 56 32 51 34 51

AO 45 1 12 18 31 20

CE 52 10 17 21 44 19

CH 24 20 11 22 25 24

CU8 / / 4 26 32 23

GC 38 22 12 22 12 22

I B 34 21 13 1 47 24

JC 41 22 12 23 37 24

Table 4 . Exam ples of t im e delays and em bedding dim ensions.
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Figure 1 1 . RPs Clusters, som e exam ples of periodic and chaot ic pat terns.
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t im es down the dynam ics. This type of recurrent  

st ructure indicates that  the dynam ics is visit ing 

the sam e region of an at t ractor at  different  

t im es;  therefore, the presence of diagonal lines 

indicates that  determ inist ic rules are present  

in the dynam ics. The set  of lines parallel to the 

m ain diagonal is the signature of determ inism , 

however, it  is not  so clear as in soft-soils (e.g., 

the size of the lines being relat ively short  am ong 

c"Ýgnf"qh"uecvvgtgf"tgewttgpv"rqkpvu+."k0g0."vjg"TRu"
contain subt le pat terns not  easily ascertained by 

visual inspect ion. 

Although the blocklike st ructures resem bling 

to what  m ight  be expected from  a periodic 

signal, the rock- like m aterials exhibit  a com plex 

recurrent  behavior with irregular cyclicit ies that  

swcnkÝgu" vjgo" cu" f{pcokecn" u{uvgou" cpf" vjgkt"
behavior as typical for nonlinear or chaot ic 

system s. This m eans that  the deposits in Hill 

zone are highly sensit ive to init ial condit ions, e.g. 

sm all differences in direct ivity, fault  m echanism  

or distance, yield widely diverging outcom es. 

As in m any natural system s, the geological 

m aterials const itute system s that  can be called 

determ inist ic, m eaning that  their  future behavior 

is fully determ ined by their  init ial condit ions, with 

no random  elem ents involved. The determ inist ic 

nature of rock (st iff m aterials)  system s does not  

m ake them  predictable. The rock- like deposits 

behavior can be described as determ inist ic 

chaos, or sim ply chaos.

Random  signature in Transit ion zone. The 

clusters from  sites, whose st rat igraphy is errat ic 

qt" pqv" engctn{" fgÝpgf." ctg" fkuvtkdwvgf" kp" c"
hom ogeneous random  pat tern, signifying that  

the random  variable (accelerat ions)  lacks of 

determ inist ic st ructures (see second colum n in 

Figure 11) . 

I t  seem s that  the locat ion of the seism ic source 

jcu"pqv"c"uvtqpi"kpÞwgpeg"qp"vjg"ejctcevgtkuvke"
of the RPs-clusters. From  these observat ions 

we can conclude that  seism ic soil response 

is cont rolled by the dynam ics of the fault  that  

governs the t im e episodes of energy release, 

but  the m agnitude, the epicent ral distance and 

the focal depth are not  param eters that  can fully 

categorize the random  behaviors and Transit ion 

topologies in the RPs. 

Figure 1 2 . Period of sinusoidal oscillat ions for SCTan CDAO sites.
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Conclusions

Dcugf" qp" vjg" Ýpfkpiu" qh" vjku" uvwf{." tgeqtfgf"
accelerogram s on soils and rocks should be 

considered as a sequence of episodes of seism ic 

wave arr ivals alternated with free soil vibrat ions 

episodes, behavior related with interm it tence.

I f we associate the clusters size with the 

concept  of effect ive accelerat ion,  the RPs can 

help to determ ine which level of accelerat ion 

is m ost  closely related to st ructural response 

and to dam age potent ial of an earthquake and 

which is its durat ion. The different  durat ions are 

consequence, following with the assum pt ion of 

interm it tence,  of the arr ival of seism ic waves at  

the end of the earthquake that  excite soil/ rock 

nc{gtu" cpf"yjkej" ctg" cvvgpwcvgf" *qt" cornkÝgf+"
depending of the periods and corresponding 

dam ping m aterials. I t  has been not iced, from  

the analyzed cases (different  fault  m echanism s, 

epicent ral distances and m agnitudes) , that  there 

ctg" pq" ukipkÝecpv" fkhhgtgpegu" dgvyggp" uqkn" cpf"
rock t im e evolut ions (m acroscale) . The study 

of the alterat ion of phases in RPs drives to the 

conclusion that  soils and rocks deposits responses 

can be character ized only in the intense part  

of the t im e series. Soft  soils deposits progress 

from  quasi-periodic to periodic oscillat ions as 

the am plitude of the seism ic responses exceeds 

certain accelerat ion thresholds. RPs of st iff 

m aterials, in general, display m ore com plicated 

st ructures but  they resem ble chaot ic m ovem ents 

for the universe of init ial condit ions analyzed. 

Despite being chaot ic, the t rajecto are actually 

quite organized, cont rary to the RPs from  errat ic 

st rat igraphies (Transit ion zone)  whose are very 

close to being com pletely random .

Vjg" kpeqpukuvgpe{"dgvyggp"uqkn"cornkÝecvkqp"
theories and accelerographic m easurem ents 

for large earthquakes could be re- interpreted 

through Chaos theory:  Geological m aterials are 

system s that  evolve in a sim ilar way, so the 

cornkÝecvkqp"tcvkqu"ujqwnf"pqv"dg"uvwfkgf"kp"vjg"
m acro scale (even in the frequency dom ain) . 

The deposits studied can be linked to certain 

determ inism  but  they are very sensit ive to 

init ial condit ions. The slightest  change in init ial 

condit ions (st iffness m aterial and intensity of 

the seism ic waves arr ivals, between the m ost  

im portant )  or noise m ay cause the system  to 

enter a very different  t rajectory. 

This invest igat ion perm its to conclude that  due 

to the inherent  nonlinearit ies, the linear analysis 

techniques either fail or becom e m eaningless 

to describe seism ic responses and the spect ral 

relat ions derived from  these preprocessing 

techniques do not  produce m eaningful results.

Even if nowadays the considerat ion of non-

linear seism ic at t r ibutes is not  necessary, it  is 

undeniable that  it  will be needed in the future.

The future will see m ore m ult idim ensional 

at t r ibutes with geotechnical, geological and 

ugkuoqnqikecn"ukipkÝecpeg"cpf"c"itgcvgt"tgnkcpeg"
on m ult i-at t r ibute analysis. These t rends 

are leading to autom at ic pat tern recognit ion 

techniques for geoseism ic analysis, able to 

rapidly character ize large volum es of data, or 

ret r ieve subt le details hidden in the data. Our aim  

is to propose a robust  qualitat ive/ quant itat ive 

m ethod capable to ident ify and to character ize 

the seism ic t im e series to be exploited in analysis 

and design procedures. Like search engines help 

you locate inform at ion on the worldwide web, 

the nonlinear tools built  in your data viewer 

would locate features in your seism ic records, as 

a “seism ic search engine”. 
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