
Using Eigenpattern Analysis to Constrain Seasonal Signals

in Southern California

K. F. TIAMPO
1,2, J. B. RUNDLE

3, W. KLEIN
4, Y. BEN-ZION

5, and S. MCGINNIS
1

Abstract—Earthquake fault systems are now thought to be an example of a complex nonlinear system

(BAK, et al., 1987; RUNDLE and KLEIN, 1995). The spatial and temporal complexity of this system

translates into a similar complexity in the surface expression of the underlying physics, including

deformation and seismicity. Here we show that a new pattern dynamic methodology can be used to define

a unique, finite set of deformation patterns for the Southern California Integrated GPS Network (SCIGN).

Similar in nature to the empirical orthogonal functions historically employed in the analysis of atmospheric

and oceanographic phenomena (PREISENDORFER, 1988), the method derives the eigenvalues and

eigenstates from the diagonalization of the correlation matrix using a Karhunen-Loeve expansion

(KLE) (FUKUNAGA, 1970; RUNDLE et al., 2000; TIAMPO et al., 2002). This KLE technique may be used to

determine the important modes in both time and space for the southern California GPS data, modes that

potentially include such time-dependent signals as plate velocities, viscoelasticity, and seasonal effects.

Here we attempt to characterize several of the seasonal vertical signals on various spatial scales. These, in

turn, can be used to better model geophysical signals of interest such as coseismic deformation, viscoelastic

effects, and creep, as well as provide data assimilation and model verification for large-scale numerical

simulations of southern California.

Introduction

Data assimilation is the process by which observations are incorporated into

models to set their parameters, and to tune them in real time as new data become

available. The result of the data assimilation process is a framework that is

maximally consistent with the observed data, producing a model that is useful in

ensemble forecasting. The idea is that the state of the model follows an evolutionary

path through state space as time progresses, and that observations can be used to
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periodically adjust model parameters. One of the observations that potentially can be

used to constrain large-scale models of the fault network in southern California is the

horizontal and vertical deformation measurements produced by SCIGN.

The ability to incorporate SCIGN data into these models is limited by the

difficulty in differentiating between the large number of different geophysical signals

in the aggregate geodetic measurement. For example, the relatively large seasonal

effects, including those with both annual and semiannual signals, can mask the small

interseismic tectonic crustal deformation that this concentrated GPS network was

deployed to identify and quantify (The SCIGN Project Report to NSF, 1998; DONG

et al., 2002; WATSON et al., 2002).

Here we show that the decomposition of the SCIGN data, based upon the

underlying correlations, into its spatial eigenvectors and associated temporal

signature, can separate out the various modes based upon the important spatial

and temporal scales. This technique, called a Karhunen-Loeve expansion (KLE)

analysis, is similar to the empirical orthogonal function (EOF) analysis frequently

employed in the atmospheric sciences (PREISENDORFER, 1988), with the primary

difference being that the EOF analysis differentiates the modes based upon the

covariance in the data, while the KLE analysis decomposes them based upon their

correlations. The advantage is that the source identification and modeling is clearer,

based upon the spatial wavelength and the simpler temporal signals that result from

their isolation from other modes. We illustrate that principle in this paper by

examining the seasonal vertical modes.

KLE Analysis

Pattern evolution and prediction in nonlinear systems is complicated by nonlinear

interactions and noise, but understanding such patterns, which are simply the surface

expression of the underlying dynamics, is critical to understanding and perhaps

characterizing the physics which control the system. RUNDLE et al. (2000), proposed

a method of decomposing seismicity, one set of complex spatial and temporal

patterns that are the surface expression of the obscure dynamics of the physical

system, into the orthonormal pattern eigenstates. This decomposition implicitly

assumes that one is dealing with a process that is both Markov and stationary in

time. The procedure involves constructing a correlation operator, C(xi,xj), for the

sites that contains the spatial relationship of slip events over time. C(xi,xj) is

decomposed into the orthonormal spatial eigenmodes for the nonlinear threshold

system, ej, and their associated time series, aj(t) (TIAMPO et al., 2002). These spatial-

temporal pattern states can be used to reconstruct the primary modes of the system,

with or without noise, and quantify their relative magnitude and importance. In

addition, these primary modes can be used to characterize the underlying dynamics

and the physical parameters such as stress levels and interactions that control the

1992 K. F. Tiampo et al. Pure appl. geophys.,



observable patterns of events. ANGHEL et al. (2001, 2003), apply a similar

methodology to modeled deformation data in order to capture the coherent

structures and their interactions. Here we apply this technique to the Southern

California Integrated GPS Network (SCIGN) data in order to determine the

principal modes of deformation for the southern California fault system.

Similar to the empirical orthogonal function (EOF) technique developed by

PREISENDORFER(1988) for the atmospheric sciences, the Karhunen-Loeve expansion

is obtained from the p time series that record the deformation history at particular

locations in space. Each time series, y(xs,ti) = yi
s, s = 1, ... p, consists of n time steps,

i = 1, … n. The goal is to construct a time series for each of a large number of

locations for a given short period of time. If, for example, the time interval was

decimated into units of days, the result could be a time series of 365 time steps for

every year of data, with values of deformation for that location at each time step.

These time series are incorporated into a matrix, T, consisting of time series of the

same measurement for p different locations, i.e.,

T ¼ ½�y1; �y2; :::�yp� ¼

y11 y21 ::: yp
1

y12 y22 ::: yp
2

..

. ..
. . .

. ..
.

y1n y2n ::: yp
n

2
6664

3
7775: ð1Þ

For analysis of SCIGN data, the values in the matrix T consist of deformation

measurements, horizontal or vertical. The covariance matrix, S(xi,xj), for these

events is formed by multiplying T by TT, where S is a p x p real, symmetric matrix.

The covariance matrix, S(xi,xj), is converted to a correlation operator, C(xi,xj), by

dividing each element of S(xi,xj), by the variance of each time series, y(xi,t) and

y(xj,t),

rp ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

k¼1
ðyp

k Þ
2

s
; ð2Þ

and

C ¼

s11
r1r1

s12
r1r2

:::
s1p

r1rp
s21

r2r1

s22
r2r2

:::
s2p

r2rp

..

. ..
. . .

. ..
.

sp1

rpr1

sp2

rpr2
:::

spp

rprp

2
66664

3
77775
: ð3Þ

This equal-time correlation operator, C(xi,xj), is decomposed into its eigenvalues

and eigenvectors in two parts. The first employs the trireduction technique to reduce

the matrix C to a symmetric tridiagonal matrix, using a Householder reduction. The

second part employs a ql algorithm to find the eigenvalues, k2j , and eigenvectors, ej, of

the tridiagonal matrix (PRESS et al., 1992). These eigenvectors, or eigenstates, are
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orthonormal basis vectors arranged in order of decreasing variance that reflect the

spatial relationship of events in time. If one divides the corresponding eigenvalues,

k2j , by the sum of the eigenvalues, the result is that percent of the correlation

accounted for by that particular mode. We then reconstruct the time series associated

with each location for each eigenstate by projecting the initial data back onto these

basis vectors in what is called a principal component analysis (PCA) (PREISENDOR-

FER, 1988). These time-dependent expansion coefficients, aj(t), which represent

temporal eigenvectors, are reconstructed by multiplying the original data matrix by

the eigenvectors, i.e.,

ajðtiÞ ¼~eT � T ¼
Xp

s¼1
ejys

i ; ð4Þ

where j, s = 1, ... p and i = 1, … n. This eigenstate decomposition technique

produces the orthonormal spatial eigenmodes for this nonlinear threshold system, ej,

and the associated principal component time series, aj(t). These principal component

time series represent the signal associated with each particular eigenmode over time.

For purposes of clarity, the spatial eigenvectors are designated KLE modes and the

associated time series Principal Component (PC) vectors.

The KL expansion, a linear decomposition technique in which a dynamical

system is decomposed into a complete set of orthonormal subspaces, has been

applied to a number of other complex nonlinear systems over the last fifty years,

including the ocean-atmosphere interface, turbulence, meteorology, biometrics,

statistics, deformation, and seismicity (PREISENDORFER, 1988; SAVAGE, 1988;

PENLAND, 1989; VAUTARD and GHIL, 1989; FUKUNAGA, 1970; POSADAS et al.,

1993; PENLAND and SARDESHMUKH, 1995; TIAMPO et al., 2002). Here we use this

technique to decompose daily time series constructed from SCIGN data.

Data

The Southern California Integrated GPS Network (SCIGN) is a regional

network of GPS stations installed in and around the Los Angeles basin for the

purpose of measuring the response of the large, complex southern California fault

system to regional strains, to identify localized, unknown fault features and sources

such as blind thrust faults, to estimate earthquake potential, and to quantify the

physical parameters of the fault system itself. Important work related to this

continuous array includes the calculation of station velocities (The SCIGN Project

Report to NSF, 1998), the estimation of coseismic and postseismic displacements

relating to both the 1992 Landers earthquake and the 1994 Northridge earthquake

and their aftershocks (BOCK et al., 1997; DONNELLAN and WEBB 1998; WDOWINSKI

et al., 1997), and the analysis of various error or noise sources (ZHANG et al., 1997;
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DONG et al., 2002). However, much still remains to be accomplished toward the

quantization of fault parameters and fault mechanics, and the identification and

detailing of those local faults or events which are integral to the system but currently

unidentified, such as blind thrusts. In addition, these stations have rarely been used

to study time-dependent motions such as viscoelastic response to local or regional

strain. The large, complex nature of the fault network, coupled with the often

obscure underlying dynamics, precludes the simple analysis of its surficial expression,

whether it is seismicity or deformation.

SCIGN is a network of continuous GPS stations used to monitor deformation in

southern California. The first stations were installed in 1991, and the network was

expanded rapidly after the occurrence of the 1994 Northridge earthquake. Today

there are over 250 stations throughout southern California, many of which are

concentrated in the Los Angeles basin. Data for this study was preprocessed, using

two different data analyses methods, SCIGN 1.0 and 2.0, downloaded directly from

the SCIGN website (www.scign.org). SCIGN 1.0 has repeatabilities of 3.7 mm

latitude, 5.5 mm longitude, and 10.3 mm vertical. SCIGN 2.0 has repeatabilities of

1.2 mm latitude, 1.3 mm longitude, and 4.4 mm vertical. We broke the decompo-

sitions down into pre- and post-1998, as that marks the break between SCIGN 1.0

and SCIGN 2.0. The KLE method was applied to both the SCIGN 1.0 vertical data

and the latitude-longitude (horizontal) data, for the time period 1993–1997, inclusive.

analysis of the data beginning 1 January 1998 included only the SCIGN 2.0 data,

ending in mid-2000. This same analysis, pre- and post-1998, vertical and horizontal,

was performed for both the entire data set, consisting of approximately 200 stations

in 2000, and just the Los Angeles (LA) basin.

Results

Here we investigate the separation of vertical motions from horizontal motions,

leading to the identification of modes whose surface expression has a large vertical

component, such as seasonal environmental patterns or coseismic response.

Identification of these signals, and the separation of these modes based on their

different spatial and temporal scales, not only allows them to be modeled more

effectively, but also allows for the investigation of other modes, without the

interaction of these effects. A partial list would include plate motions, creep events or

‘slow’ earthquakes, blind thrust faults, viscoelastic response, and local variations in

strain rate direction.

Here an analysis has been performed on vertical motions, with data obtained

directly from the SCIGN web site, as described above. Shown in Figure 1 is the time

series for the first vertical KL mode for all stations, post-1998. The color scale has

been normalized to the maximum, so that red areas are correlated with red and

anticorrelated with blue, while blue regions are correlated with each other. Note the
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correlation through the Mojave Desert, which incorporates both the area of the

Landers sequence of 1992 and the Hector Mine event of 1999. This corresponds to a

jump in the associated time series, also shown in the attached figure, at the time of the

Hector Mine event in the fall of 1999. Unexpected results include the correlations just

inshore of the 1933 Long Beach earthquake, and the correlated increase in vertical

motion near the location of the 1899 Cajon Pass event.

In Figure 2 is shown the first KL mode for vertical deformation from SCIGN 1.0.

Notice that this mode characterizes the system-wide correlations in the GPS network,

stronger in the western part of the state than the east, and that this differs from the

first vertical mode for SCIGN 2.0. This is a result of the change in processing

between SCIGN 1.0 and SCIGN 2.0, where the conversion from a global to a

regional reference frame decreased the effects of region-wide signals. As a result, if

there were an effect that might vary slightly in size over the region, but whose

temporal signal was effectively the same, it would be reduced in the SCIGN 2.0

analysis as a result of the regional reference frame (ZHANG et al., 1997; ZUMBERGE

et al., 1997; DONG et al., 1998).

Figure 1

KL Mode 1, for vertical SCIGN 2.0 data, after 1998. At the top is shown the spatial eigenmode, where the

color bar represents normalized correlation, running from –1.0 (blue) through white (0.0) to 1.0 (red). At

the bottom is shown the PCA signal for this eigenpattern, from 1998 through the spring of 2000.
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Recent work has attempted to quantify regional seasonal effects as a variety of

signals, such as thermal noise, groundwater, snow mass, precipitation, and tidal or

nontidal ocean mass (GROSS and LARSON, 1998; BAWDEN et al., 2001; VAN DAM

et al., 2001; DONG et al., 2002; WATSON et al., 2002). Here we can see from the

temporal signature of the separated mode that it is a more complicated combination

of a variety of signals.

The first assumption in modeling this signal is that it is an aggregate of several

seasonal signals. One component of this is likely related to the temperature, although

the minimum in the deformation signal is offset from the minimum local

temperature, which occurs in January (California Weather Databases,

www.ipm.ucdavis.edu/WEATHER). As a result, we began by modeling the

thermoelastic strain in a half-space (BERGER, 1975; BEN-ZION and LEARY, 1986).

This model consists of an elastically decoupled layer overlying a uniform elastic half-

Figure 2

KL mode 1 for vertical deformation, 1996–1998, all of southern California. Top shows the spatial

eigenvector, with the same color scale, and on the bottom is the associated temporal signal, 1996–1998.
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space. This decoupled layer of unconsolidated material delays, filters, and attenuates

the thermal source field, a stationary temperature wave. It can be shown then that the

horizontal and vertical strain at the surface, exx and eyy, are

exx � 2ð1þ rÞ k
c
bT0eiðxtþkxÞ; ð5Þ

eyy �
ð1þ rÞ
ð1� rÞ bT0eiðxtþkxÞ; ð6Þ

and

c � ð1þ iÞ½x=2j�1=2; ð7Þ

where the surface temperature, T = T0eiðxtþkxÞ, x is the frequency, k is the

wavenumber (10)3 m)1, b is the coefficient of linear thermal expansion (10)5 �C)1), j
is the thermal diffusivity (8.64 · 10)2 m2/day), r is Poisson’s ratio (1/3), and c is

approximately 0.3 m)1 for periods of one year.

For this work, we calculated the vertical deformation (see Fig. 3, top), in cms, at

CLAR, a SCIGN station located on the eastern side of the LA basin, from the first

Figure 3

Top—vertical deformation at SCIGN station CLAR, 1996–1998, computed from KL mode 1, shown in

Figure 2. Bottom — thermoelastic strain at CLAR for the same time period.

1998 K. F. Tiampo et al. Pure appl. geophys.,



KL mode (Fig. 2). We also used the algorithmic steps and computer programs of

BEN-ZION and LEARY (1986), and the temperature data available from the California

Weather Database for Claremont, CA to calculate the horizontal strains at CLAR.

The model results were then converted to vertical strain (Fig. 3, bottom) with the

above equations. The predicted strain provides a good fit for the delay in the

deformation minimum, but there are clearly additional signals causing the maximum

deformation in the late spring and the deformation low in the late fall. The restriction

on these mechanisms remains that they must be correlated region-wide, and that they

are probably interrelated in some way.

Figure 4 illustrates two potential sources of the remaining seasonal signal. At the

top, again, is shown the deformation at station CLAR, computed for this mode. The

middle shows a plot of the atmospheric pressure near CLAR, from the NOAA

weather database (ingrid.ldeo.columbia.edu/SOURCES/.NOAA/), which is corre-

lated, in this region, with temperature (GROSS and LARSON, 1998). On the bottom is

shown a plot of the local precipitation for the same time period. Note that the highs

in barometric pressure are generally correlated with lows in the deformation, except

where they appear to be modulated by heavy precipitation. WATSON et al. (2002)

found that increases in the GPS vertical deformation in southern California were

preceded by precipitation highs, with a time lag of several months and a magnitude

on the order of that seen here. Finally, the variation in the pattern of vertical

Figure 4

Top—vertical deformation at SCIGN station CLAR, 1996–1998, computed from KL mode 1, as shown in

Figure 3. Middle—barometric pressure at CLAR (mbars) for the same time period. Bottom—precipitation

at CLAR (mm), again for the same time period.
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deformation between 1996 and 1997 may be accounted for by the onset of the 1997–

1998 El Niño, which can be seen in the plot of barometric pressure (MCPHADEN,

1999; DONG et al., 2002). Of particular relevance here is the link between the two

mechanisms that is demonstrated by their appearance together in this particular

spatial and temporal mode, suggesting that the cause of the signal is a modulation of

the incipient groundwater signal by the variation in atmospheric pressure on

groundwater elevation.

The next step in this analysis from the perspective of data assimilation is to model

the aggregate of these signals, tuning the parameters that directly affect the

magnitude and frequency of this mode at each station, such as the horizontal

wavelength, thermoelastic depth, and soil moisture, using an adaptive search

procedure.

What this particular analysis provides is the ability to separate out signals based

on both spatial and temporal correlations. While the above example is for a

regionally correlated spatiotemporal signal, there are others with correlations on a

Figure 5

The first vertical KLE mode, 1998–2000, for only the LA basin. Again, the top shows the spatial

eigenmode, while the bottom shows the temporal signal.
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smaller scale. In Figure 5 is shown the first vertical KL mode for an analysis of

stations in the LA basin only. This signal is very similar, both spatially and

temporally, to the seasonal groundwater signal identified by BAWDEN et al. (2001)

and WATSON et al. (2002) including the sharp discontinuity at the Newport-

Inglewood fault zone.

Conclusions

Our results illustrate that the application of this correlation operator technique to

coherent GPS data, specifically the SCIGN data array of southern California, can be

used to characterize the important deformation modes based on the spatial and

temporal scales of the signals and their sources. It should be noted that, while this

technique assumes a linearization of the superimposed modes, any nonlinear

coupling across the modes will be important in those modes in which either the

spatial or temporal scales are of the same order, and should be considered

accordingly. In this case, the analysis provides the ability to separate out the

regionally correlated seasonal signal from those seasonal signals with smaller spatial

scales, and allows us to model them separately from each other and from smaller

tectonic deformation.

Quantifying small crustal deformation, such as interseismic signals, using

continuous GPS is a difficult task due to the relatively large magnitude of a variety

of other signals. The separation of these signals allows for the individual analysis and

modeling of the tectonic signals. In addition, the quantification of the spatial and

temporal eigenmodes of the tectonic signals will assist in the identification of the

appropriate tectonic sources for those signals, as was done for the seasonal signals

above. Finally, in order to assimilate the continuous GPS data into models and to

better constrain the associated parameters, it is imperative that the underlying

tectonic signal be separated from other components. This technique provides a

mechanism for removing those modes which are not related to the tectonics of the

fault system, or that have not been incorporated into the models as yet.
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