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Abstract. Catastrophic disasters afflicting human society arel Introduction
often triggered by tsunamis, earthquakes, widespread flood-
ing, and weather and climate events. As human population3he critical need to forecast natural hazards has been under-
increasingly move into geographic areas affected by thesscored by the 26 December 2004 ~ 9.3 Sumatra earth-
earth system hazards, forecasting the onset of these large andiake and tsunami that led to the deaths of more than 275 000
damaging events has become increasingly urgent. In this pgeersons (Lay et al., 2085 Hurricane Katrina, a category 5
per we consider the fundamental problem of forecasting instorm (winds of more than 155 mph) that weakened to a cate-
complex multi-scale earth systems when the basic dynamgory 3 storm before flooding New Orleans and the Gulf Coast
ical variables are either unobservable or incompletely ob-of the United States on August 29, 2005, causing as much as
served. In such cases, the forecaster must rely on incom$130 billion in damages and killing more than 1000 persons
pletely determined, but “tunable” models to interpret observ-(Travis, 2005); and theM ~ 7.6 Pakistan earthquake of 8
able space-time patterns of events. The sequence of obser@ctober 2005 with estimated fatalities of more than 87 000
able patterns constitute an apparent pattern dynamics, whichersond. Secondary disasters can also occur such as land-
is related to the underlying but hidden dynamics by a com-slides, flooding, and tornadoes.
plex dimensional reduction process. As an example, we ex- Given the spatial scales of these events, and the rapid onset
amine the problem of earthquakes, which must utilize cur-of their most severe effects, the development of a physics-
rent and past observations of observables such as seismicityased understanding of these hazards must be a high priority,
and surface strain to produce forecasts of future activity. Weespecially since human populations are increasingly moving
show that numerical simulations of earthquake fault systemsnto the areas most likely to be affected by these disasters. A
are needed in order to relate the fundamentally unobservphysical understanding of these dynamical processes leads
able nonlinear dynamics to the readily observable pattern dyto the possibility of forecasting and prediction, based upon
namics. We also show that the space-time patterns producetthie use of numerical simulations, similar to the methods by
by the simulations lead to a scale-invariant hierarchy of patwhich progress has been made in the field of weather and
terns, similar to other nonlinear systems. We point out thatclimate forecasting during the past few decades.
a similar program of simulations has been very successful in Earthquakes are an example of a threshold system, in
weather forecasting, in which current and past observationgyhich the stress on a fault increases persistently due to plate
of weather patterns are routinely extrapolated forward in timetectonic forces. In general, driven nonlinear threshold sys-
via numerical simulations in order to forecast future Weathertems are Comprised of interacting Spatia| networks of statis-
patterns. tically similar, nonlinear units or cells that are subjected to
a persistent driving force or current. A cell “fires” or “fails”
when the force, electrical potential, or other physical variable
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o (X, t) in a cell at positiorx and timer reaches a predefined Among the fields of research that have recently made sig-
force thresholds . The result is an increase in an internal nificant progress in recognizing, interpreting, and predicting
state variable (x, ¢) of the cell, as well as a decrease in the such patterns are weather forecasting, specifically predic-
force or potential sustained by the cell to a residual valuetions in the onset of El Nino-Southern Oscillation (ENSO)
o®. Thresholds, residual stresses, and internal states magvents. These methods utilize variations of Principal Com-
be modified by the presence of quenched disorder, and thponent Analysis, Principal Oscillation Pattern Analysis, and
dynamics also may be modified by the presence of noise oBingular Spectrum Analysis (Preisendorfer, 1988; Penland,
disorder. Interactions between cells may be excitatory (pos1989; Penland and Sardeshmukh, 1995; Penland and Man-
itive) in the sense that failure of connected neighbors bringggorian, 1993; Broomhead and King, 1986; Vautard and Ghil,
a cell closer to firing, or inhibiting (negative) in the opposite 1989). Prediction of pattern development and evolution is
case. complicated by the presence of noise, nonlinear mode inter-

In the case of earthquake fault systems, the cell or siteactions, and a variety of other factors, but progress has been
represents a locatiox on a fault; the state variable(x, 1) made in recent years as exemplified by the successful pre-
represents the stress; the force threshdids the static fric-  diction of the EI Nino weather event of 1998. In most of
tional strength; the residual value® is the fault stress at these methods, it is assumed that the observed time series
the conclusion of sliding; and the state variabig, ¢) is a have Markov characteristics, so that the observed state of the
time dependent displacement field. In earthquake fault syssystem at time + Ar depends only on the observed state of
tems, the fault slips when the static frictional threshold is the system at time, whereAt is a coarse-grained time step.
reached, in a process that reduces the stress to a lower, resiflhere are typically many time scales in the dynamics, some
ual value. As aresult of the earthquake, a portion of the stressf which can be as small asz, and others that can be much
is lost during the event, and the remainder is redistributed tdonger.
other faults and regions in the system. If the redistributed However, in making El Nino forecasts for a year in ad-
stress leads to a state of supercritical stress on other faultgance, it is typical to focus on processes, such as sea surface
an avalanche of triggered failures may occur, increasing thevarming off the Pacific coast of South America, that take
magnitude of the earthquake. Other examples of thresholghlace over the preceding weeks to months. This assumption
systems are common in nature, and include the occurrence aff a relatively small range in time scale evidently holds rea-
floods in river networks, landslides, volcanic eruptions, eco-sonably well for El Nino events.
logical systems, saturation and soil moisture, and biological An additional important assumption made by some inves-
epidemics. Threshold systems are also seen in other scienggjators is that the space-time patterns of El Nino events can
and engineering applications, such as depinning transitionge considered to be described by a linear stochastic equation
in charge density waves and superconductors, magnetizePenland and Matrosova, 2006; Penland and Sardeshmukh,
domains in ferromagnets, sandpiles, and foams (Rundle et995), which is used to forecast the future occurrence and
al., 2000, 2002a). As another example, for neural networks a&volution of El Nino events.
cell is a neurong (x, t) represents the cellular electrical po-
tential,o ' is the firing potential, ane ? is the potential after
the cell discharges. 2 Threshold systems

The failure of the levees when Hurricane Katrina struck
New Orleans was also an example of a threshold proces®riven threshold systems are complex systems that are char-
Here the large amounts of rainfall and the storm surges ledcterized by both sudden observable events, such as earth-
to overfilling of Lake Ponchartrain and the catastrophic fail- quakes, as well as an underlying dynamics that is largely un-
ure of the levee system that protected the sections of the citpbservable, as well as being subject to unobservable stochas-
lying below sea level. tic perturbations. It is important to note that the events do

Both weather and seismicity are complex, chaotic phe-not represent the true dynamics that governs evolution of the
nomena. Current weather patterns are routinely extrapolatedystem, they are only a product of the dynamics. Exam-
forward in order to forecast the weather several days into theles of such systems include not only earthquakes, but also
future. These forecasts utilize numerical simulations of at-landslides and avalanches, floods, and other non-geological
mospheric behavior. A specific example concerns the futuresystems including neural networks, and magnetic depinning
tracks of hurricanes. The standard approach is to utilize entransitions in superconductors. In these cases, the observ-
semble forecasting. Forecasts are made using a variety of niable events are impulsive phenomena that are the result of
merical simulations. If these simulations converge on similarthe persistent forcing of the underlying dynamics (Rundle
tracks, then the forecast is considered robust. The questioat al., 2000). While the time scale for the forcing is often
is whether a similar approach can be developed for earthrelatively long, the time scale for the observable events is
guake forecasting, and whether it can then be extended tasually short. Since we cannot observe the underlying dy-
other driven systems common in geomorphology and hydrol-namics, we usually have no choice but to interpret, and to
ogy. try to forecast, the evolution of the system on the basis of
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the observable events. We are therefore led to define a statef Pp(r) has been developed in Klein et al. (2008)hich
vector S(x, 1) representing the rate of occurrence of the im- is found to be related to the inverse bf D~1. Details of
pulsive events within a small, coarse-grained region centerethis construction are left to Klein et al. (20d6and future

on the locatiorx (Rundle et al., 2000). One example of such publications.

a coarse-graining would be to cover a geographic area such For the present, we illustrate the general types of pat-
as southern California with a lattice of small regions (boxes)terns revealed by this analysis by plotting eigenvectors of
of a certain small size, for example boxes of sizt {Lat- D, which represents the correlation of activity, considering
itude) by 01° (Longitude). This procedure has been carried S(x, r) andS(y, ¢) as a Brownian “noise”.

out in recent work on earthquake forecasting (Holliday etal., To compute the equal-time correlation operaidix, y),
2006). For the simulations we discuss belowepresents we evaluate:
the location of the center of a fault segment. For these sim-

T
ulations,S(x, t) = 1 if the segment slips at timg and zero 1
otherwise (Rundle et al., 2000). For observed data, 1) ~ PY) =7 / S, 1) Sty 1) dt ®)
may have any real integer value at time 0

For threshold systems driven at a constant rate., systgmﬁ we considerx to be the spatial coordinate centered on the
that are large compared to the spatial scale of the 'mpws'v%oarse—grained (box) locatiom, andy to be the spatial coor-

) i dinate on the coarse-grained (box) locatignthen we have
around a steady state. This assumption has been shown Ren x N square, symmetric matri®; ;, which can be di-
H 1]

hold for earthquakes (Turcotte, 1997; Tiampo et al., 2003). ,,najized by standard techniques of singular value decom-
If we regard the system staf¥x, r) as representing the position (Rundle et al., 2000):

real part of a complex-valued functian(x, r), then we have ’

shown in previous work (Rundle et al., 2000) tiigix, ) can D =0QA%QT 4)

be written as: ) ) )
HereQ is anN x N matrix of orthonormal eigenvector®’

N ot is its transpose; andl? is a diagonalV x N matrix of eigen-
Yoy =vx1)= ZO‘” e Pn(X) 1) valuesr2, n = 1,...N. The eigenvectorg, (x) comprise the
n=1 columns ofQ. TheN positive eigenvalues db;; are written
where theyp, (x) are eigenfunctions, or “eigenpatterns”, the in Eg. (4) as the square of the diagonal elementg.of
w, are eigenfrequencied] is the number of coarse-grained
regions or boxes, and the expansion coefficientsatisfy

the constraint: 3 Numerical simulations and Virtual California

N Numerical simulations are needed in the study of driven
Y lewl?=1 (2)  threshold systems due to the wide range of temporal and spa-
n=1 tial scales involved, and because the true dynamics are funda-
The notation¥ (1) = v (x, ) emphasizes that (x, ) should mentally unobserva}ble. Simulations are typically carried out
on computers ranging from workstations to supercomputers,

be regarded as a¥i-dimensional vector function in a Hilbert . .
; and can be used to determine both the spatial and temporal
space of theV coarse-grained boxes that we also denote by

w(r) (Jordan, 1969). In this picture, the state vectors of theelgenpatterns that characterize the activity, and the pattern

system oscillate around a steady state, and therefore the paqy namics, or.pattern.evolutlon opera@s (@)- :
Here we give a brief example of this approach using the

tern stat n be represent ms of complex expone- ; :
ern states can be represented by sums of complex expo Virtual California simulation for earthquakes. Virtual Cal-

tials (Holmes e_t _al., 1996). The eigenfunctions are thereforelfomia’ which was originally developed by Rundle (1988),
complex, and it is possible that a precursor to a future large

earthquake may have a large imaginary part and a small re |?cludes stress accumulation and release, as well as stress in-
- may nary . a%eractions between the San Andreas and other adjacent faults.
part, meaning that the precursor might be difficult to detect._l_he model is based on a set of mapped faults with estimated

This effect would produce a signal with a weak observational _,. . .
slip rates, prescribed long term rates of fault slip, parameter-

amplitude. . o .
. - . izations of friction laws based on laboratory experiments and
Given our inability to observe the true dynamics, we there- .~ . a .
! . historic earthquake occurrence, and elastic interactions. An
fore seek to define an apparguattern dynamic$or the sys- : ) X .
tem. Our goal is to define a pattern dynamics oper&jsir) updated version of Virtual California (Rundle et al., 2001,
' 9 b Y P : 2002a, 2004, 20064, b) is used in this paper. The geologic

In previous work (Rundle et al., 2000), we conjectured that : L .
ata on average rates of offset in the model is discussed in
such an operator can be constructed by the use of the equacli—

time correlation operator (matrix. D(x,y) is obtained 4Klein, W., Gulbahce, N., Gould, H., Rundle, J. B., and Tiampo,
by cross-correlating the observed real time seSies ) and K. F.: Precursors to earthquake and nucleation, Phys. Rev. Lett.,
S(y, t) over atime interval [0T']. A more rigorous definition  submitted, 2006.
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Epicenter

Event Time: 265375.0 Years

Maximum Slip: 9.317 Meters
RED => RIGHT Lateral Slip ~
BLUE => LEFT Lateral Slip \
DARK => Epicenter

Fig. 1. Fault segments making up Virtual California. The model has
650 strike-slip fault segments, each approximately 10 km in length
along strike and 15 km in depth.

full detail in Rundle et al., 2006. The faults in the model are _

those that have been active in recent geologic history. Earth- ieis mie: 2602700 Yeers
quake activity data and slip rates on these model faults are 77 7.7 T T SN
obtained from geologic databases of earthquake activity on b2k => Epicenter

the northern San Andreas fault. A similar type of simula-

tion has been developed by Ward and Goes (1993) and Warllig- 2. lllustration of simulated earthquakes on the San Andreas
(1996, 2000) A Consequence Of the SIZG of the fault seg_fault Two |arge earthquakes are shown. P@bis an event that is
ments used in this version of Virtual California is that the reminiscent of the San Francisco earthquake of 1906 on the northern

simulations do not generate earthquakes having magnitud an Andreas fault. Pan@b) is an event that is similar to the Fort
less than aboul/ ~ 5.8 ejon earthquake of 1857 on the southern San Andreas fault near

] ] ] the Big Bend between Fort Tejon and Wrightwood.
Virtual California is a backslip model — the loading of each

fault segment occurs due to the accumulation of a slip deficit

at the prescribed slip rate of the segment. The vertical rectan€alifornia and is illustrated in Fig. 1. In this version of the
gular fault segments interact elastically, the interaction coef-model, Virtual California is composed of 650 fault segments,
ficients are computed by means of boundary element metheach of which has a width of 10 km and a depth of 15km.
ods (Crouch and Starfield, 1983). Segment slip and earthA much more detailed treatment and explanation of the dy-
quake initiation is controlled by a friction law that has its namics and equations solved numerically for Virtual Califor-
basis in laboratory-derived physics (Tullis, 1996; Karner andnia simulations can be found in (Rundle et al., 2004, 2005,
Marone, 2000; Rundle et al., 2004, 2006a,b). Onset of initial2006a,b, and references therein).

instability is controlled by a static coefficient of friction. Seg-  An example of results from Virtual California is shown in
ment sliding, once begun, continues until a residual stress igigs. 2a, b in which we show two large earthquakes, one rem-
reached, plus or minus a random overshoot or undershoot ghiscent of the San Francisco earthquake of 1906 (Fig. 2a)
typically 10%. Onset of instability is also possible by meanson the northern San Andreas fault, and one similar to the
of a stress-rate dependent effect, in that segment sliding caport Tejon earthquake of 1857 on the southern San Andreas
initiate if stress on a segment increases faster than a prefault near the Big Bend between Fort Tejon and Wrightwood
scribed value due to failure of a nearby segment. Finally, theFig. 2b). In both Figs. 2a, b, red vertical bars represent “right

friction law used in Virtual California also includes a term |ateral slip” (opposite side of the fault moves to the right) and
that promotes a small amount of stable segment sliding aglue vertical bars represent “left lateral slip”.

stress increases. This latter term has been shown to promote It can be seen in F|g 2a that the earthquake on the North-
stress-field smoothing along neighboring segments, offsetern San Andreas fault, where most of the slip occurs, also
ting the stress-roughening effects of increasing fault com-inyolves triggered slip on the Hayward, Rogers Creek and
plexity, and allowing larger earthquakes to occur. To pre-Mmaacama faults (these are the faults to the east of — “behind”
scribe the friction coefficients we use historical earthquakes_ the main trace of the San Andreas fault). The dark bar on
having moment magnitude® > 5.0 in California during  the San Andreas fault represents the epicentral segment, the
the last~200 years (Rundle et al., 2004, 20062, b). segment that was the first to slip in the event. The maximum
Virtual California includes the major strike-slip faults in amplitude of slip, as shown in the figure, is 9.3 m.

Hydrol. Earth Syst. Sci., 10, 78996, 2006 www.hydrol-earth-syst-sci.net/10/789/2006/
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Figure 2b shows a large event in southern California sim-
ilar in extent and magnitude to the 1857 Fort Tejon earth-
guake. It can be seen that while most of the slip occurs on
the main trace of the San Andreas fault, where the maximum
amplitude of slip is 12.6 m, other triggered slip occurs on
the Big Pine fault, the Garlock fault, the San Gabriel fault,
and faults in the Mojave desert and Owens Valley to the east.
In fact, it is extremely interesting that all of this activity be-
gan with initial slip on a small fault in the Mojave desert, as
shown by the location of the dark epicentral vertical slip bar.

4 Patterns in Virtual California

We used 10000 years of simulation data from Virtual Cal-
ifornia to compute thev = 650 spatial patterns of activ-
ity for the simulation. These patterns reveal which are the
most dominant and important modes of correlated activity,
and which are less important. The eigenvectors (spectrum)
indicate the fraction of the eigenvectors that are present, on
average, in the activity during the simulation. More specifi-
cally, p, = A2 , is the fraction of eigenvectay, (x) of the or-
thonormalN x N matrixQ of Eq. @) is present, on average,

N
in the activity. Note thaty_ p, = 1. Using a frequency in-

n=1
terpretation for probability, we can say that on average, over
the 10 000 years of simulation data, the probability of finding
eigenvectog, (X) in the data is on averags, .

In Figs. 3a, b, ¢, d we show the first four orthonormal cor-
relation eigenvectorg, (x), again for the same 10000 years
of simulation data. In these figures, the red and blue bars cor-
respond to locations where the valugyptx) is significantly
different from 0. The heights of the red and blue bars repre-
sent the values af;, (x), and can take on values betweef.
and+1. Red bars represent positive valueg,aix) between
102 and 1, and blue bars represent negative values ©f
between—1 and—10-3. Green dashed lines are locations
where|q, (X)| has a value less than 1% which is roughly
the amplitude of the numerical error. The physical meaning
of the red and blue colors for a particular eigenvegiaix),
which represents a particular fundamental pattern of activity
is:

— Red sites tend to be active when other red sites are ac-
tive, so that activity at red sites is positively correlated
with activity at other red sites;

Eigenvector: 1

Probability : 0.035

Eigenvector: 2

Probability : 0.031

Eigenvector: 3

ol
N.,u]
i
il
Probability : 0.024

Eigenvector: 4 o

Probability : 0.018

Fig. 3. This figure shows the first (and most important) four corre-
lation eigenvectors for 10 000 years of simulation data. The color-

— Blue sites tend to be active when other blue sites are accoding of the vertical bars is that: 1) Red sites tend to be active when
tive, so that activity at blue sites is positively correlated other red sites are active, so that activity at red sites is positively cor-

with activity at other blue sites;

related with activity at other red sites; 2) Blue sites tend to be active

when other blue sites are active, so that activity at blue sites is posi-
— Red sites tend to be inactive when the blue sites are actively correlated with activity at other blue sites; 3) Red sites tend to
tive and vice-versa, so that activity at red sites is negaJe inactive when the blue sites are active and vice-versa, so that ac-

tively correlated with activity at other blue sites. tivity at red sites is negatively correlated with activity at other blue

sites.
Figure 3ais an eigenvector that represents the most important

pattern of activity in the 10 000 years of simulation data. This

www.hydrol-earth-syst-sci.net/10/789/2006/
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tivity on the eastern Garlock fault. Figure 3d is an interest-
1 ing pattern, in which a kind of higher “pattern harmonic” of

. 1 the activity on the faults of the northern San Andreas fault.
S : Comparing Figs. 3b and d, eigenvector 4 (1.8% of the activ-
- ity) shows an anticorrelation between activity on the extreme
northern end of the San Andreas system with the faults near
the San Francisco Bay region (refer to Fig. 1 for locations
relative to San Francisco). Eigenvector 4 also shows the be-
ginnings of correlations between activity in northern Califor-
nia with activity south of the creeping zone, on the eastern
Garlock fault in the Mojave desert. Evidently the decoupling

- ] effect of activity in the north and south by the creeping zone
[ Scoling Exponent = — 0.745 i of the San Andreas decreases as the higher pattern harmonics

—5C 1 1 I I I H

0.0 05 10 15 2.0 25 3.0 appear.
teg10 (index) Figure 4 shows the eigenvalue spectrpm An indexn
enumerates all eigenmodes with decreasing importange as
Fig. 4. Plot of the eigenvalue spectrup, on a log-log plot. increases. Here we plot Igg p,) as a function of logy(n).
Logiopn is plotted as a function of Lagy, wheren is the index  \ye ghserve that there is a region of scaling or power-law

number of the eigenvector£1 has the largest value pf,, and the behavior at values of in the interval between ~ 10 and
rest are ordered by descending valueg,of. n ~ 200"

2F

Log10 (Eigenvalue)
&
T
|

b =

[0919(pn) ox —.75l0g; (1) (10<n < 200 (5)
pattern of activity compriseg; = 3.5%, on average, of the ) )
activity over 10000 years of simulations. It bears a strong 10 understand this, we suppose that we can define a “char-
resemblance to Fig. 2b, the 1857-type event. From Fig. 3a§1cter|st'|c wavelength},, for each pattern according to the
it can be seen that this pattern is associated with correlate@PProximateansatz
activity on the San Andreas, the Garlock and Big Pine, the 27 L
Northern Mojave, the Owens Valley and Death Valley faults. 42 ~ n (6)
If one were to expand the pattern of slip in Fig. 2b as a sum of

the eigenvectors, (x), the expansion coefficiegt (x) would where L represents the linear size (length) of the largest
represent the most important term events in the simulations. Then the scaling region shown in

Figure 3b shows the second-most important eigenvectorlg' 4 must be an expression of the hierarchical nature of the

42(%). Here we primarily see strongly correlated activity spatial scale of the patterns generated by the fault system dy-

on the northern San Andreas, the Hayward-Rogers Creekr-'am'CS:

Maacama, the Calaveras and Bartlett Springs fault systems;, ~ AY ~ (7)
This pattern of activity is seen in 3.1% of the activity over the

10000 years of simulations. This eigenvector also resemble$he reason for the particular value of the scaling exponent
the event shown in Fig. 2a, the 1906-type event. a = 0.745+ 0.004 ~ 0.75 is not at present known, but

its value, which is nearly equal to the ratio of integeyd,3
would lead to the conjecture that it is related to the mean field

fornia. The physical explanation for the decoupling is proba-nature of the dynamics (Rundle, 1989; Rundle and Klein,

bly related to the existence of the creeping zone of the centraf 993 Tiampo et al., 2002a). In mean field dynamics, it is

San Andreas fault. This zone is the 100 km long part of frequently the case that the scaling exponents are ratios of

the San Andreas fault just to the north of the large slippedIntegers (see Kle_m _et al., 2000). )

region in Fig. 2b. Earthquakes do not occur in the creepin We note that S|m|I_ar types_o_f overall b_ehawor for patterns

zone, rather a steady aseismic slip is observed at a rate Cgp_as been observed in seismicity data (Tiampo et al., 2002b).

responding to the long-term rate of plate motion across the

fault, 35 mm/yr (Table 1). The creeping zone appears to act  cgnclusions

as a kind of “shock absorber” for the largest events, effec-

tively eliminating the correlation of these events in the north Forecasting in systems such as ENSO and earthquakes de-

and south. pends on the interpretation of observable space-time patterns,
Eigenvectors 3 and 4 are shown in Figs. 3c and d. Fig-since the true stress-strain rate and stress-strain dynamics

ure 3c shows a pattern, representing 2.4% of the activitycannot be observed. It is likely that similar methods can be

characterized by correlated slip on the southernmost part ofised for both systems, based upon the identification of pat-

the faults of the San Andreas system, together with slip acterns as eigenvectors of a dynamical correlation operator. We

It is interesting that these first two patterns of activity are
effectively decoupled between northern and southern Cali

Hydrol. Earth Syst. Sci., 10, 78996, 2006 www.hydrol-earth-syst-sci.net/10/789/2006/
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note that these are linear descriptions of fundamentally nondordan, T. F.: Linear Operators for Quantum Mechanics, John Wi-
linear dynamical systems. However, there are important ex- ley, New York, 1969.

amples of probability distributions for nonlinear systems thatKarner, S. L. and Marone, C.: Effects of loading rate and normal

are known to obey linear Fokker-Planck equations (Haken, Stress on stress drop anq stick-slip recurrence ipterval, in: Geo-
1983). Moreover, Klein et al. (20063how that the evolution Complexity and the Physics of Earthquakes, edited by: Rundle,
of patterns in driven threshold systems can be characterized J; B~ Turcotte, D. L., and Klein, W., Geophysical Monograph,

by correlation functions that have the properties discussed ézg, ';%0%)87_198’ American Geophysical Union, Washington,

above. . . Klein, W., Anghel, M., Ferguson, C. D., Rundle, J. B., and Martins,

We may speculate that hierarchical patterns that are ob- j g s statistical analysis of a model for earthquake faults with
served in other nonlinear earth systems may be described in |ong-range stress transfer, in: GeoComplexity and the Physics of
by similar methods. For example, it is known that in hydrol-  Earthquakes, edited by: Rundle, J. B., Turcotte, D. L., and Klein,
ogy, river networks are observed to display scaling patterns W., Geophysical Monograph, 120, pp. 187-198, American Geo-
that arise from purely local dynamics. These local dynam- physical Union, Washington, D.C., 2000.
ics include hill slope and topography, surface winds and eroLay, T., Kanamori, H., Ammon, C. J., Nettles, M., Ward, S. N.,
sion, and rainfall. Yet these local effects are often the product Aster, R. C., Beck, S. L., Bilek, S. L., Brudzinski, M. R., But-
of long range interactions, i.e., correlation of hill slope and 'e" R.. DeShon, H. R., Ekstrom, G., Satake, K., and Sipkin, S.:
topography, and rainfall patterns over long distances (Tur- Thg great Sumatra-Andaman earthquake of 26 December, 2004,
cotte, 1997). Moreover, the tree-like nature of river networks Science, 308, 1127-1133, 2005. , . I

! : ! . . Penland, C.: Random forcing and forecasting using principal os-

leads aIsp to the conjecture that pattern hl'erarchles may have .ation pattern-analysis, Mon. Weather Rev., 117, 2165-2185,
amean field character, inasmuch as tree-like networks are of- 1ggg.
ten found to be mean field constructs, such as the Bethe laenland, C. and Sardeshmukh, P.: The optimal growth of tropi-

tice in percolation theory (Stauffer and Aharony, 1994). Un-  cal sea surface temperature anomalies, J. Climate, 8, 1999-2024,

derstanding how these hierarchies of pattern scales develop 1995.

and evolve doubtless holds the key to forecasting the futurd®enland, C. and Magorian, T.: Prediction of Nino 3 sea surface

dynamical states of these systems. temperatures using linear inverse modeling, J. Climate, 6, 1067—
1075, 1993.
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