Full 3D Tomography for Crustal Structure of the Los Angeles Region

by Po Chen, Li Zhao and Thomas H. Jordan

Abstractwe apply full 3D tomography (F3DT) to a regional dataset in

the Los Angeles area. In F3DT, the starting model as wehesnbdel
perturkation is threedimensional and the sensitivity (FrZchet) kernels are
computed using numerical schemes that account for the full physics of 3D
wave propagation. F3DT can account for the nonlinearity of structural
inverse problem through iteration, thus pdivg the most efficient means

for assimilating seismic observations into dynamic greonadion models.

We have successfully applied a scatteiimggral (SI) formulation of
F3DT to improve a 3D elastic structure model, Southern Caldorni
Earthquake Cest (SCEC) Community Velocity Model version 3.0
(CVM3.0), in the Los Angeles region. Our data are tianed frequency
localized measurements of phakdday anomalies relative to synthetics
computed from the 3D elastic starting model. The FrZchet keovebsif
measurements were computed by convolving the earthquake wavefields
generated by point earthquake sources with the receiver Green tensors
(RGTs), which are the spatimporal fields produced by three
orthogonal unit impulsive point forces acting la receiver locations. We
inverted 7364 phasgelay measurements BfandS bodywaves using the
LSQR method. The revised 3D model, LAF3D, provides substantially

better fit to the observed waveform data than the 3D starting mbalel.
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our knowledge, this sgtly is the first successful application of F3DT in

structural seismology.

1. Introduction

Seismic hazard analysis as it is currently practiced dependsnpmiaal attenuation
relations to account for wave propagation from sources to sites Abrghanson & Shedlock
1997; Field 2000). Physidzased wavefield modeling offers the potential for more reliable
predictions of strong ground shaking, especially in regions that contain deeywis&ary basins
(Akcelik et al 2003; Furumurat al 2003; Olseret al. 2003; Komatitsclet al. 2004). Realizing
this potential will require accurate thrdenensional (3D) seismic velocity models of the upper
crust.

Southern California is one region where the seismic hazard is higthersgdimentary
basin effects arerlown to substantially influence stromgption amplitudes (Gaet al 1996;
Graveset al 1998; Daviset al 2000). These factors have motivated the development of 3D
crustal models that incorporate basin information from well boresaatide seismic surys
(primarily for oil exploration) as well as larger scaleustal structure from earthquake
tomography (Hauksson 2000). Examples of such 3D velocity models are the 8didahfarnia
Earthquake Center (SCEC) Community Velocity Model (CVM3.0) (Magstt al 2000) and
the Harvard model (SYss & Shaw 2003; Komatitschl 2004). Although these models have
been used to simulate features of the wavefields from speaffiogeiakes with some success

(Olsenet al 2003; Komatitscret al 2004), improvementstill need to be made for predicting
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regional highresolution strongnotion maps that could lead to effective earthquake hazard
analysis.

Recent advances in parallel computing technology and numerical me@igda (994,
Graves 1996; Akcelilet al. 2003;0Olsenet al. 2003; Komatitsclet al. 2004) have made large
scale 3D numerical simulations of seismic wavefields much raffoedable, and they open up
the possibility of Ofull 3D tomographyO (F3DT) (Cheal 2006), in which the starting model
as well & the model perturbation is thrdenensional and the sensitivity (FrZchet) kernels are
calculated using the full physics of thréenensional wave propagation (Zheial 2005; Liu &
Tromp 2006). F3DT can account for the nonlinearity of the structuwalse problem through
iteration, thus providing the most efficient means for assimgageismic observations into
dynamic grounemotion models.

We have successfully applied one formulation of F3DT, the scattietiegyal (SlI)
method (Zhacet al. 2005),to improve existing 3D crustal models in the Los Angeles region
using observed broadband waveform data. Our starting model is the 3D C\aNi®.0ve
measured time and frequencyocalized phaseélelay and amplitude anomalies relative to
synthetic seismogramsomputed in the 3D starting model using the fhdiiiference method
(Olsen 1994). In our current study we inverted only pluetay measurements made on difect
and S bodywaves for seismic velocity perturbations, while the amplitude oneasents were
used to evaluate the quality of the structural models. Our ismls that after just one iteration
of our SI method, the updated 3D seismic velocity model provides subbyabétter fit to the
observed waveform data than the starting model, which detnates the effectiveness of our full

3D methodology. In a later paper, we will present results for argstucture in Southern
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California by inverting both phas#elay and amplitude measurements made on various types of
arrivals including bodyvaves ad surfacewaves.

In the following, we will give a brief summary of the SI meth@teoretical details as
well as an analysis of the computational cost are presentedampanion paper (Chest al
2006). Here, we will focus on data analysis, implementadf the SI method and validation of

our new 3D velocity model for the Los Angeles area.

2. ScatteringIntegral Method

In seismic tomography, the data in a vedare represented as functionals of an Earth

modelm, and the forward problem can be knged with respect to a starting mod)

"d = A'm = HIVE)K (mX)$'m(x) % d(m)&d(m). (1)

The data sensitivity kernels i 4 are functional (FrZchet) derivatives of the data with regpect
the model parameters around the starting rinddee tomographic inverse problem is to estimate
the best representation of the real Earth from observatiodslofF3DT, both and ém are
threedimensional and the data sensitivity kerifg} are computed using the full physics of 3D
wave propagation.

The scatteringntegral method can be formulated as minimizing the following quadratic

misfit functional by the Gaugdewton method,

"2(m,ra) =d" (m,m) C' d(m,m) + (M#m)" CH(m#m), (2)
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whereC,, is thea priori model covariance operato€, is the data covariance operator. In the
GaussNewton method, the misfit functional is expanded to second order is td@rthe model
perturbation and its gradient with respect to the target modet te zero,

" o#(mm) = a(m) + Hm)(m$m) = 0. (3)
Here,a=" , #* =$A(m)" C; d is the dataveighted FrZchet kernel ahtlis the Hessian

H="_".# = ATCIA +Ch+ (" ,A)'Cid. (4)

The last term in the Hessian can be neglected if either theveetord or " A is small, which

leads to lhe GaussNewton normal equation
(ATC/A+CH)(Mm" m)=ATC/d. (5)

In practice, this normal equation doesnOt need to be formed, bétsasséution can be

computed by solving the linear system

HV A& HoM2gs
?$/0d::/2 .()m:?$/0d0 |( (6)

via a relaxation methth such as LSQR (Paige & Saunders 1982).
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In the scatteringntegral method, we explicitly construct FrZchet kernels ridividual
data functionals ird and form the kernel matriA. In this study, we used thgeneralized
seismological data functional&GSDF) of Gee & Jordan (1992), which are the tinaed
frequencylocalized phase and amplitude anomalies of the observed waveformserdta
synthetic waveforms. Following the notation in Cregral (2006), we denotel’ as then-th
misfit measurement made on thh component of the seismogram, which is generated by
sources and recorded at receiverlf we write the FrZchet derivative of the data functionah wit

respect to the seismogram &(t), such that,
"y = HAt () "u(x,.0), (7)

then its FrZchet kernel with respectdensity and elastic modutian be constructed using the

Born approximation,

"u(x,,t) =# dV(x), d$)f' [G; (X,,t# $,X) %S (X, $) "&(X)
*i
: (8)

+' %G; (X, 1# $X) %un (X, 9) "Cim (X)]7
kim

where "# and “c,,, are perturbations idensity and elasticity tensor elements, respectively. By
bringing equation (8) into equation (7) and applying the reciprocity principle

G(x,,t;x) =G'(x,t;x.) (Aki & Richards 1980), we obtain the FrZchet kernel of the data
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functional with respect t& andSwave speed$ (x) and " (x) for an isotropic medium (Zhast

al. 2005),

Kge (X) =#28™ (dtI (1) (d% &Gj(x,t# 9% )&U(x, %, (9a)
jl

n
J

. . €
Koo (X) =#28% dtI(t) , d%2" &G, (x,t# %X )&U(X, %
" +

il

(9Db)

i &KGji(x,t#%xr)[&jus(x,%+&u?(x,%];

Here %, * and ™ are the densityP- andS-wave speeds in the reference structural model. From
equations (9a) and (9b) we can see that the FrZchet kernels afuiatidata functionals can be
constructed by convolving the forward earthquake wavefigifk,t) with the transposed
receiver Green tensdiRGT) G' (x,t;x,) and then integrating the result against the seismogram
functional J: (t). The RGT is the spadene volume of the wavefields generated by the three
orthogon&unit impulsive point forces acting at the receiver locatorn(Zhaoet al 2005). The
convolution between the forward earthquake wavefield and the RGT iswetell Oscattering
integralO.

An alternative formulation of F3DT is thadjointwavefield (AW) method (Tarantola
1988; Ackeliket al. 2003; Trompet al 2005; Liu & Tromp 2006), which minimizes the misfit
functional using gradierttased methods such as steeplesent or conjugatgradient. The
gradient of the misfit functiomavith respect to model parameters is constructed through adjoint

calculations. The SI and AW methods are closely related (Tegnap 2005), but which one is
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more efficient depends on the overall problem geometry, particulartieoratio of sources to
receivers, as well as tradéfs in computational resources, such as the relative costs of ammput
cycles to data storage (Chenal. 2006). For our regional tomography study that uses large sets
of natural earthquake sources, we found that the SI meéshotbre computationally efficient
than the AW method, although it requires more storage.

In the following, we present our implementation of the SI metboddlving the seismic
waveform tomography problem for the Los Angeles region. In section 3itsmduce the GSDF
method for extracting timeand frequencyocalized data functionals from waveform data, and
we give a quantitative evaluation of our 3D starting model CVM3.0 basedur GSDF
measurements. In section 4, we present our inversion procediuding how the FrZchet
kernels for our GSDF measurements were constructed and how to tseliiaeiar system in

equation (6). In section 5, we discuss our improved 3D velocity madeddd.os Angeles area.

3. Data Analysis

We collected about 2,000 recomponent broadband velocity seismograms from 67
small to moderatsized local earthquakes (3.0 < M 4.8) recorded at 48 California Integrated
Seismic Network (CISN) stations (Figure 1). Synthetic seisnmogjreere then computed in our
3D starting modl CVM3.0 using the finitaifference method (Olsen 1994). The waveform
misfit between observed and synthetic waveforms for seleetewhd S bodywaves was

quantified using the GSDF method (Gee & Jordan 1992).
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3.1 Generalized Seismological Data Functiona{ GSDF)

The GSDF method provides a unified framework for the analysis andsioneof
broadband waveform data. In the frequency domain, we can map the sywéhetformu, (")
into the observed waveform (") usingtwo frequencydependent, timdéike quantities!" ,(#)

and!" 4(#)

G (") =u()exdi” [#4,(") +i#g, ("]} - (10)

In the GSDF analysis, we estimdtg ((#) by measuring frequenayependenphasedelay time
I'to(#n) andamplitudereduction timé ty(# ) at a set of digete frequencies .

The GSDF data processing consists of a number of steps (Figive Holate the target
wavegroup using anisolation filter f(t), which is constructedby windowing the complete
synthetic seismogram. We cressrrelate the isolation filter with the complete synthetic
seismogram and with the observed seismogram, and we window thengesutithetic and data
crosscorrelagrams around the zero lag. We then narrowband filter the widdovess
correlagrams at a dis¢esset of frequencieg,. When certain conditions about windowing and
narrowband filtering are enforced (Gee & Jordan 1992), the resultimgwirndfiltered
windowed crosgorrelagrams can always be well matched by-fiseameter Gaussian wavelets,
which are simply cosine futions with frequency, modulated by Gaussian envelopes. The
differences in the phase and the amplitude between the synthetic anGaletsian wavelets
give us the phasaelay time! t, and amplitudeeduction timel t; at each narrovand filtering

frequency #,. A practical issue of the GSDF analysis is that the ptaksy measurements need
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to be corrected for possible cydkipping errors before they can be used in inversions. These
cycle-skipping errors can usually be corrected by bootstrapping thse gir@m low frequencies
to high frequencies.

The measuretity (x = p, q) are weighted averaged'af (Chen 2005)

"t (#,) = U, (##,)" 8 (#). (11)

Here l«(# #,) is a bellshaped function centered aroutid whose width is controlled by the
bandwidthof the narrowband filter and the length of the time window (Figur&/@)choose the
parameters of the windowing and filtering operations so that thgratien kernel(# ,#,) for

different#, have only small overlaps. The fulidth at halfamplitude isabout 0.1 Hz (Figure

3). If we linearize the relation betwe&n and the waveform perturbatidhu’, we can construct

the seismogram functional’ (t) for the GSDF measuremerits, which can be written as the
convoluton of the isolation filter with a ‘parameter Gaussian wavelet that has an effective
center frequency and bandwidth dependent on the windowing and filtering pasaf@ten
2005).

In traditional broadband cros®rrelation analysis, the traveime shit " T of an isolated
waveform is estimated using the location of the comsselagram peak (Woodward & Masters
1991; Luo & Shuster 1991; Dahlenal. 2000; Zhacet al 2000) and the amplitude anomaly can
be determined from the maximum pitudes of the crossorrelagrams (Ritsemet al. 2002;
Dahlen & Baig 2002). For bardnited signals, these measurements provide good estimates
around the dominant frequency but they do not characterize the differaritesshape of the

waveforms. In hte GSDF analysis, we can account for differences in waveform sshmpe
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making measurements at a number of frequencies across the freqQaedeydth. In Figure 4,
we illustrate this point using a typical example of synthetic @vgbrved waveforms from our
L.A. tomography study. By correcting the phase and amplitude of the syntlaetorm using
the GSDF measurements made at five frequencies evenly distrange@.2- 1.0 Hz, we were
able to recover the observed waveform almost perfectly.

The GSDF mesurements are well suited for the tomographic inverse problem. In
particular, their linearization is based on the Rytov approximatidn¢hwis valid for large
accumulative phasghifts as long as the phase perturbapen wavelengths small (Chernov
1960; Snieder & Lomax 1996). This is much less restrictive than the &gproximation, which
requires small accumulative phesafts. A direct consequence is that the GSDFs are only
weakly nonlinear with respect to seismic velocitiés,A is small) and the last term of the
Hessian in equation (4) can be safely ignored even when the data dasteelatively large,

which results in nearly quadratic convergence rate of the Gawston method.

3.2 RGT database and source inversion

For this tomographic study, we have chosen the 3D SCEC CVM3.0 (Magistrale
2000) as our starting model. This model is composed of detaileehasésl representation of
major basins embedded in a 3D regional crust model. The backgroundcsexnaities wee
interpolated from the 3D crustal model constructed from regional |{tiave tomography
(Hauksson 2000). Within the basins tRevelocity was determined from the age and depth of

sediments using empirical relations and $eelocity was then scaled froP velocity with a
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given PossionOs ratio. The Moho in CVM3.0 is represented with bleatégpth surface, which
was determined using the receiver function technique (Zhu & Kanamori.2000)

With this 3D starting model, we constructed a RGT database fdi8tktations shown in
Figure 1 using the"order, staggeredrid finite-difference code (Olsen 1994) and stored them
on local hard disk, where they occupied about 20 TeraBytes (1 TE 8yl@s) of disk space.

This RGT database was used not only to tans the FrZchet kernels for our
tomographic inversion (equations 9), but also to recover the centroid meemsotr (CMT)
solutions for the 67 earthquakes used in our study (2hab 2006). If we denote the RGT as

G, (x,t;X,), seismic re@rocity implies that the synthetic seismogram at receiver totati

excited by a point source with moment terigigrat source positiors at timets is

u () = Mj ! SGyi (X, tEXs; X9). (12)

We therefore can synthesize seismograms for an arbitrary pointestngated within our
modeling volume by retrievinGix on a small soureeentered grid and calculating the sodrce
coordinate gradientsj using a fivepoint formula (Presst al. 1992). The synthetic seismograms
computed using the RGTs and reciprocity principle match almost exeitiythose computed
by the conventional forward finteifference calculations that propagate seismic waves from the
sourceto the receiver (Figure 5).

We inverted amplitudeeduction timed t; measured relative to CVM3.0 synthetics at
low frequencies (0.1 0.5 Hz) for CMT parameters (Zhat al. 2006). Figure 1 shows our CMT
solutions for the 67 earthquakes used in our tomographic inversion. In gémgralgree very

well with the solutios determined using firgshotion data by CISN (Hauksson 2000), although
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some of them show significant differences. For the frequency band D® Hz used in our
tomography study, which is much lower than the corner frequencies ofdfutbquakes, we can

safely ignore finite source effects.

3.3 Variance reduction of the 3D starting model

To evaluate the quality of our 3D starting model, we compared CVMaietics with
those computed from two types of 1D velocity models commonly used for waveiateling
in Southern California: the laterally homogeneous Standard Southefor@al Crustal Model
(SoCal) (Hadley & Kanamori 1977) and a set of pateraged 1D models (A1D), derived from
CVM3.0 by averaging wave slownesses along the seaemver path. We also computed
finite-difference synthetics using the Harvard modélséS& Shaw 2003), another 3D seismic
velocity model for Southern California. 188 wave speed within the basins was primarily
constrained by sonic logs and reflection profiles fmhndustry, and thé& velocity was scaled
from P velocity using empirical relations.

To quantify waveform misfit between the observed seismograms arfduthéypes of
synthetic seismograms, we made GSDF measuremetis,@in a set of hangickedP, SHand
SV phases at 0.2, 0.4, 0.6, 0.8 and 1.0 Hz. The number of differerefomms and GSDF
measurements are summarized in Table 1. An example of our amalgis@vn in Figure 6. The
GSDF measurements for the two 3D synthetics match the measisefoe the observed
waveforms much better than the two 1D synthetics, which is consisigntvhat we observe

visually in the waveforms.
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As summarized in Table 2 and in Figure! %, measurements for the two types of 3D
synthetics display substantially less scatter than those for théypgs of 1D synthetics. This
means that in general, synthetics calculated using either CVM3t@ ¢tarvard model provide
substantially bettefit to the observed waveform data than synthetics computed using éiher t
laterally homogeneous 1D model SoCal or the-pattraged A1D models.

The distribution of the measurements for SoCal is less symntletiicthe other three
models. The asymmetrpwards positive residuals is caused by the-Valocity sedimentary
basins in the Los Angeles region. The histograms for the two types wio8Bls and A1Ds are
much more symmetric because these models account for thesedalgéateral heterogeneities.

For phasealelay times, the variance reductions of the two 3D models relatitree 1D
models are more then 60% for béthand Swave measurements (Table 2, Figure 8). Our result
suggests that the empirical rules used to relat& thedocity to theP velocity in the 3D starting
models Magistraleet al 2000; SYss & Shaw 2003are good approximations. According to
these phasdelay measurements, the Harvard model provides a slightly beétieithieP waves

than CVM3.0, while CVMS3.0 probably has agltly betterSvelocity model.

3.4 Polarization anisotropy

Both 3D models CVM3.0 and the Harvard model are isotropic. To seargbo$sible
anisotropy in the crust, we compared btyrmeasurements made on 18%-SH pairs. Figure 9
shows the correlatiometween theéwo phasedelay residualgelative to CVM3.0 synthetics,
which account foP-SV coupling and scattering from 3D largeale heterogeneities. Although

there is considerable scatter, the measurements are sligidldbivith! t,(SV) > !t,(SH). To
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demonstrate the significance of this bias, we carried out a bihtasiaising the number of data
points for which! t,(SV) > !'t,(SH) as a test statistic. The null hypothesis: Here is no bias) can
be rejected in favor of the alternative hypotheldis there is bias towards,(SV) > ! t,(SH) side)
at the 80% or higher confidence level for-2.9 Hz measurements (Figure 9).

To give a quantitative estimate of the amount of anisotropy, we neekthe differential
phasedelay anomaly betwee8V arrivals and their correspondirfgH arrivals and normalized
the measurements by the hypocenter distance. The mean of this nedndlifierential phase
delay anomaly ranges from 0.5 ms/km at 1.0 Hz to 4.0 ms/km at D.gFigure 10), an
anisotropy of about 0.1%0One possible explanation for this very small but statistically
significant polarization anisotropy is basin layering, since isotragyering can introduce a
polarization anisotropy proportional to the vertical variance in trgielaoduli (Backus 195.

However, the phasdelay anomalies caused by this polarization anisotropy amount to
only about one tenth of the fluctuations caused by 3D seismic velocigtions, thus the

polarization anisotropy could be safely ignored in our current tomograptacsions.

3.5 Attenuation effects

We did not include anelastic attenuation in our CVM3.0 synthetiegtdhuation effects
were significant in the observed waveforms, the amplitedection time measurements relative
to CVM3.0 synthetics should haveadh systematic positive correlation with soustation
distances, which is not the case for 8awave amplitudeeduction measurements (Figure 11).

Olsenet al. (2003) investigated anelastic attenuation in the Los Angeles brasimsing

long-period (>2 seconds) surfaesave data. They found a Q value as low as 10 in the near
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surface, lowvelocity sediments of the basin and a Q value of about 400 below theuntzare
layer. In our study, the GSDF data set is primarily composed ofurezaents made atirect
body-waves that are relatively insensitive to the Q value atahalepths. At larger depth, we
estimate the Q value to be about 400 or higher based on our GSDF ampdudion time
measurements for select8dvaves (Figure 11), which is cont@at with the result obtained by
Olsenet al.(2003).

At larger depths, amplitude variation caused by anelastic atiemwdtects are probably
below the fluctuations caused by unmodeled 3D seismic velocity heteroggnew therefore
did not consideattenuation effects in our current inversion. In a later papewyilveefine our
estimation of Q structure in Southern California using an improved Bnhigevelocity model
and GSDF measurements of various wgkaups, including both boeyaves and stace

waves, over a broader frequency band.

3.6 Noise model for phaselelay measurements

In formulating the data covariance mat@y, we assumed that the data error veetoad
a zero mean € > =0, and that the correlations between different measunsmeesre zero. For
our frequencydependent phasdelay measurements relative to CVM3.0 synthetics, we
constructed a noise model in which data variance depends on the measaumsmndy# , and
the type of phase being measured. We distinguished four typgesasesPR (P wave on the
radial componenf)PZ (P wave on the vertical componenSH (S wave on the transverse

component) an&V (Swave on the vertical or radial component).
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Assuming the noise ifPR measurements were not correlated with the noiséhen t
corresponding?Z measurements, then at frequeriGy the data variance for both types Pf
waves(” ")? can be expressed as,

(an:)Z :(" ::R)2+(” EZ)Z- (13)

To estimate(” 7)?, we collected 21PR-PV pairs, and the error vector for frequerity was
estimated ashe differences between the measurements foPZIwaves and the measurements
for the corresponding®R waves. The data variance for &wave measurement$” ")> was

estimated as the variance of this error vector. Owing to strofigerP scattering on the

horizontal component and based on our waveform analysis experience ,matezbthat(” °~)?

n PZ
n

is 1.5 times(” F*)?, and we can solve fqr °?)? and (" ©*)? using equation(3).

n PR 1 SH
n ? n

The same analysis was applied to 854SV pairs. In Figure 12, we shot?,

and”  as functions of frequencased on this noise model, the normaliz&is atout 17.5 for

n

all our/t, measurements relative to CVM3.0 synthetics (Table 3).

4. Inversion

In our current tomographic study, we inverted ofily measurements frol- and S
body-waves to improve the seismic velocity model; thg measurements were onlsed to
evaluate the starting and the updated models. Among the 9955 freglegradent phasgelay
times (Table 1), we selected 7364 hmlmality measurements to invert fr and S velocity

perturbations. The normalized for the selectedt, measuremds is about 13.7 (Table 3).
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About half of the selected phadelay measurements were for dirBdrrivals and the other half
for Sarrivals on the transverse components of the seismograms. Theidmeighe model are
144 km in the easwest direction86 km in the norttsouth direction and 28 km in depth (Figure
1). The forward wavefields and RGTs were computed in the 3bnstanodel SCEC CVM3.0
on a mesh of 20én gridspacing (about 40 million nodes) using the fidt#erence method.
We construatd FZchet kernels for the selected frequemigpendent phasgelay measurements
using equations (9). The linearized perturbation equations were dpaldek dataveighting

matrix C,"? and augmented to incorporate source and station aiesnaaid the regularization

matrix C *? needed for a Bayesian solution. The resulting linear system, eqg@jiowas
inverted by a parallelized version of the LSQR algorithm (Paige a&inB8ers 1982). The

computational aspects of the inversicycle are analyzed in Chenal (2006).

4.1 Frequencydependent 3D FiZchet kernels

The GSDF data processing involves localization in both the time agdeincy domains.
The timedomain localization results in a spatially compact FrZchet keswilg to the fact that
waves scattered at locations too far off the propagation path caninetat the receiver within
the specified time window. The frequendgmain localization results in different spatial
sampling patterns in the kernels. Over theqdency band considered here (Q.2 Hz)
frequencydependent kernels for a waveform can have relatively independent spatigling
patterns, therefore provide us higher spatial resolution than a &iregdband measurement.

The examples in Figure 13ubtrate this advantage.
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The first Fresnel zone for kernels at 0.2 Hz is generally vilther the kernels at 1.0 Hz
(Figure 13) because at lower frequencies the longer wavelengths hmkseismic waves
sensitive to larger areas surrounding the propaggbaths. The kernels usually have the
ObananaO shape discussed in Marquetrizlg(1998) and Dahleat al (2000), although at most
frequencies, they do not have the OdoughalgO along the ray paths predicted by the
asymptotic ray theory. There are twain reasons for this difference. The first one is the
interference between direct and reflected arrivals. For exaifiglere 13b shows that the picked
arrival is probably a superposition of dirdetand pP. The second reason is the interference
betweenthe major arrivals and the waves scattered by the 3D heterogemeitiee reference
model.

For our GSDF measurements on seleGedhves, the sensitivity kernels with respect to
P velocity "(x) are nonzero (Figure 13d), indicating tththese phases are actually
superpositions of multiple arrivals involvirgrto-S and Sto-P scattering. Even though the

sensitivities ofSwave measurements are nonzero, they are usually much smalleh¢han t
sensitivities, so we used only the kernels to invert for shear velocity perturbations. For some
P-wave measurements we also observed smalensitivities but we only used the kernelsto

invert for P-velocity perturbations.

4.2 Model parameterization and regularized LSQR inversion

We discretized our modeling volume (Figure 1) intn2 cubes, resulting ity = 71

cubes in the BV direction,N, = 42 cubes in the {$ direction and\, = 13 cubes in the vertical

direction. The Fichet kernels, which had been computed on arQfid, were then averaged
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over each Zxm cube. Thd® andS wavespeeds were assumed to be constant within each cube.
Including bothP andS velocity perturbationghe number of model parameters is 77,532.

We introduced 163 additional model parameters to account for the unknownierrors
source origin times for the 67 earthquakes used in this study and tbe ateimalies associated
with the 48 stations. The stati anomalies account for the very I&® and S-velocity in the
nearsurface sedimentary layer that was not considered in our forwardieddvaodeling. The
total number of model parameters in our inversion is 77,695.

In our inversion, we used 3761 frequg-dependent phasgelay measurements for first
arriving P waves and 3603 frequendgpendent phasgelay measurements f& waves. The
total number of data used for our tomographic inversion is 7364. Themgdiriar system was

11/2

then scaled by the datveighting matrixC,~ <, specified in section 3.6 and Figure 12.

We solved equation (6) using a parallelized LSQR subroutine fromBERh&& parallel
scientific computing libraryBalay et al. 2004) The LSQR method (Paige & Saunders 1982),
which is a type of conjugaigradient method, provides a very efficient means for solving-arge
scale sparse linear systeni® form equation (6), we adopted an explicit regularization scheme
by specifying the Oroughing operat@J? to be a linear combination of the Laplacian operator
(Constableet al 1987; Sambridge 1990; Tarantola 2005) and the identity operator, i.e.
Cl2=#(1+ $%%). Using this definition of the Oroughing operatorO, we impose our prior
information on thenversion; i.e., we assume that in the absence of any other infammiie
model perturbation is smooth and small. We note that the correspondingt@sgioperatorO
CY? can be generated from an exponential correlation function, wtarselation length is
proportional to”. In practice, the Laplacian operator is approximated numeribgllfinite-

difference. The roughing operat@: ' was then concatenated with the scaled kernel matrix to
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form equation (6). Even thigh the dimension of equation (6) is quite large (77,695 columns by
85,059 rows), it is very sparse owing to the spatially compact Frietretls and the sparsity of
the finite-difference approximation to the roughing operator.

The computational cost f@olving the linear system specified by equation (6) using the
parallelized LSQR algorithm is negligible (~1 hour on a-pB&essor cluster) compared with
the cost for calculating all the kernels to form the mairi- 20 days). The computational cost

as®ciated with the inversion cycle is analyzed in Caeal (2006).

5. Results

We have carried out one full iteration of the SI method and we havelagated
synthetic seismograms using the updated velocity model for the LoseSrayela, which we Ita
LAF3D. The GSDF analysis on a selected set of sestateon paths shows that synthetics
computed using LAF3D provide substantially better fit to the inveitetheasurements as well
as the!/ty; measurements, which were measured but not inverted, hieaB starting model
CVM3.0. In the following, we will present this new 3D model, analyze resolution of our

inversion and quantify its improvement in predicting observed waveforan dat

5.1 Model LAF3D

We carried out a series of LSQR inversions wdtfferent values of the regularization

parametergand” and we constructed a trad# relation between model smoothness and the fit
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to the data. Our preferred model LAF3D provides a vari@edaction of about 85% (Table 3)
and is relatively smooth (fures 1415).

In general, LAF3D seems to be geologically plausible. In Figuresd 4%, we show the
mapviews and crossections of the starting model CVM3.0, the updated model LAF3D, and the
relative perturbation between them. For bBtlwave speed’ (x) andS wave speed’(x), the
magnitude of the relative perturbation ranges frd%6 to +10%.

The structure of the Los Angeles Basin is of particular intenestr study. As we can
see in Figure 14(a), there is dateve perturbation of about 1% to 3%HRrvelocity inside the Los
Angeles Basin and abot2% to-1% perturbation at the edge of the basin. This feature continues
from shallower depth down to about 9 kms; suggesting tha® thedocity in the starting mead
CVM3.0 is probably too slow inside the basin and too fast at the edbe bhsin. This finding
of our inversion is consistent with the Harvard model in this arbase@P velocity is slightly
faster in the center of the basin than CVMS3.0 and sligitiyer than CVMS3.0 on the border of
the basin (see Figure 16 in SYss & Shaw 2003).

The model perturbation seems to enhance the velocity gradient tlzatyadnasts in the
starting model. In particular, the overall nesbuth gradient (from low to high ibothP andS
velocities in the middle to lower crust is stronger in LAF3D thmm@CVM3.0 (Figures 1415).
And the inverted® velocity perturbation seems to enhance the \wast gradient in the lower
crust.

The model perturbation has good spatial cotieawith the distribution of major faults
in this area. For example, there is a negative perturbation of &28atin P velocity from about
3 km to about 9 km depth along the San Andreas fault (Figure l4a-nigigteicorner),

suggesting that the velocity in CVM3.0 is too fast in this segment of the San Andreas fault.
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Another example is that the Sierra Madre fault zone and the Blamiaa fault seem to coincide

with the locations of some negative perturbations in BathdSvelocities (Figure 14a, 1ha

5.2 Resolution analysis

An important indicator of the resolution of our inversion is the speatierage of all the
FrZchet kernels used in the inversion. In Figure 16, we have plotted thmasiam of the
absolute values of all the kernels withich block of our model for botR velocity and shear
velocity kernels. The best kernel coverage is in the upper and middie €he Los Angeles
Basin is well covered by our kernels.

To investigate the resolution of our inversion, we carried out assdraheckerboard and
spike tests with different cell sizes and different levelsaoidom noise (Figure 17). In these
tests, we specified the input model perturbatiomto be either a checkerboard or a rectangular
spike and computed ¢hOdataO using equation (1). These calculated Odata® werel petturbe

random noises with amplitude up to 0.2 s, scaled using the sarmeaigtaing matrixC,"? as

specified in Figure 12and then inverted with the same Oroughing op&@digf*as used in

obtaining LAF3D,the obtained model perturbations were then compared with the inpuismode
The results of these tests suggest that the smallest Isatleut inversion can resolve is
about 4 km in horizontal directisrand about 6 km in vertical direction. The highest resolution is
around the center of our modeling volume from the upper to middle crust) vehconsistent
with our kernel coverage (Figure 16). The offshore region is poorly resdivedo the lack of

earthquakes and stations in that area. The resolution in the loweiscraktively low because
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most of our measurements have shortatigths (the median soursgation distant is about 50

km) and the waves primarily sample the upper and middle crust.

5.3 Waveform improvement

We interpolated the model perturbations obtained from the inversion fi@kim grid
to the 200m grid using a trinear interpolation scheme (Prestsal 1992). This interpolated
model perturbation was then added to the R&rting model CVM3.0, and we -calculated
synthetic seismograms in this updated model for a selected smiroéstation paths using the
same finitedifference code.

The GSDF analysis on about 100 of these new synthetic seismogramstihbey
provide substantially better fit to the observed waveform data thartarag model CVMS3.0.
Some comparisons for bothandS waveforms are shown in Figures 18(a,b). The distribution of
the GSDF measurements for CVM3.0 and LAF3D are shown in Figure H®vdariance
reduction relative to CVYM3.0 computed using thesealeulated synthetics is about 80% in
phasedelay time for bothP- andS-wave measurements, which is close to the vartaedection
obtained from the linearized LSQR inversion (Table 3). e amplitudereduction times,
which were measured by not inverted, our model achieves a variauatioa of about 40% for
P-wave measurements and about 24% $ewave measurements, consistent with the visual
observation in the waveform comparisons inureg 18(a,b). As the first iteration in solving the
nonlinear structural inverse problem, LAF3D represents a substaigmforward in our effort

to provide more accurate strongption predictions in the Los Angeles region.
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6. Discussion

In this study we have applied the scatterimdegral method to improve a 3D crustal
structural model in the Los Angeles region. To our knowledge, thikeisfitst successful
application of full 3D tomography in structural seismology.

Comparing with an alternativenplementation of full 3D tomography based on the
adjointwavefield method (Ackeliket al. 2003; Trompet al 2005; Liu & Tromp 2006), the
scatteringintegral method has several advantages (@hexh 2006). First, when the number of
earthquakes is largéinan the number of stations, the scatterimtggral method usually requires
much fewer wave propagation simulations than the adyeaviefield methods. Second, the
RGTs computed and archived can be used for very efficient calcutdtsymthetic seismogms
and source parameter inversions in a 3D structural model. For exampheaoet al. (2006), we
have described an automatic procedure to invert waveform data forsGMflons using RGT
generated synthetics in the 3D structural model CVM3.0. The sasti@odology can also be
extended to derive finitsource parameters in a 3D structural model. Third, since in the
scatteringintegral method we have access to the FrZchet kernels for indidimiaalunctionals,
we can examine these kernels and gain ingigbut the physics of wave propagation in complex
3D medium. In particular, for some signals arriving late in #isnsograms and impossible to
model by ray theory or simple 1D structural model, these 3D kernelsdprawiable way for
identifying the uderlying mechanisms for generating those phases (€halo2005).

Our current implementation of the scatterintegral method has higher storage

requirement than the adjoimtavefield method, but these storage requirement and associated 1/0
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overhead aca be reduced, perhaps significantly, by deploying efficient data congressi
algorithms (e.g., Bassiouni 1985).

In summary, our experience with a regional data set in the Los Angeda shows that
full 3D tomography based on the scatteringegral metld provides an efficient computational
pathway for assimilating waveform observations into our dynamic grooichn models. With
the advancement in computing technology and numerical algorithms, we weéiblee to

efficiently solve full 3D seismic tomogpay problems of much larger size in the near future.
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Table 1. Number of waveform and GSDF measurements

Number ofP waves 814
Number ofSHwaves 822
Number ofSVwaves 293
Other phases 62

Total number of waveforms | 1,991

Number of measuring 5(0.2, 0.4, 0.6
frequencies 0.8, 1.0 Hz)
Number of data types 2 (1tp, 'ty

Total number of data 19,910

Table 2. Variance reduction of GSDF measurements relativieo SoCalL

I't, I't, Pt SHIt,

SCEC CVM3.0 | 57.43% | 63.91% | 76.14% | 65.41%

Harvard

63.32%

65.15%

78.08%

64.06%

AlD

12.88%

22.47%

24.52%

5.46%
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Table 3. Summary for the inversion results

All 't, | Inverted!'t, | Inverted!t,

(CVM3.0) | (after LSQR)
Standard deviation 0.66 0.41 0.16
Normalized! 2 17.5 |13.7 1.87
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Figure Captions

Figure 1. Distribution of the 67 earthquakesaca48 stations used in this study. The stations
(black triangles) are broadband thhaemponent velocity sensors from California Integrated
Seismic Network (CISN). The focal mechanisms of the earthquakesplotted at their
epicenters. These focal mechans were determined using GSDF amplitugiduction time
measurements made relative to synthetics computed from the R&daska by applying the
reciprocity principle (see text). The blue box shows the area ofoousgraphic study. Major
faults in this ara are shown as black solid lines. Background color shows the depth of the

sedimentary basins.

Figure 2. An example of GSDF processing. (a) The observed waveform (DATM3Y
synthetic waveform (SYN) and the isolation filter (ISF) for Bievave we are alyzing. (b)
Crosscorrelagram between the isolation filter and the observed seismd@gpger panel) and
crosscorrelagram between the isolation filter and the complete syntbeisecnogram (lower
panel). Windowed crossorrelagrams are shown as dasheddi (c) Examples of narrowband
filtered windowed crossorrelagrams for the data (upper panel) and the synthetic (lowel.panel
Centroid frequency of the narrowband filter is 0.6 Hz, -matith is 0.1 Hz. (d) GSDF
measurements made at five sampling fregies. Triangles: amplitueeduction times; stars:
phasedelay times before correcting for cy«kipping errors; circles: phaskelay times after

correcting for cycleskipping errors.
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Figure 3. Examples of the averaging kernhgfor 5 narrowband filteing frequencies at 0.2, 0.4,

0.6, 0.8 and 1.0 Hz.

Figure 4. An example of fitting the synthetic waveform (dash lines) to the vbdervaveform
(solid lines) by correcting the phase and amplitude of the syntheticfomawveising GSDF
measurements of phadelay (circles) and amplitugeduction times (triangles). The observed
and synthetic waveforms are the same as in Figure 2. (a) theabrigaveforms without
perturbation; (b) & (c) correcting the synthetic waveform using E&i2asurements made at
one ampling frequency 0.6 Hz; (d) & (e) correcting synthetic waveform usa®DF
measurements made at 3 sampling frequencies 0.4, 0.6 and 0.§ Kz(gf correcting the
synthetic waveform using GSDF measurements made at 5 samplijgificies 0.2, 0.4, 0.6.8
and 1.0 Hz. Cubic splines are used to interpolate and extrapolate ahdsamplitude
perturbations to all other frequencies. This example demonstratesiti@izing the frequency

dependent GSDF measurements is equivalent to fitting the waveforms.

Figure 5. An example of the comparison between the synthetic seismograms comgatgthe
RGT by applying the reciprocity principle (thick dash lines) and the syotleismogram
computed by finitedifference calculation of wave propagation from the seuo the receiver
(thin solid lines). The agreement is excellent between the sgrams obtained by the two
different methods. The structural model used is the 3D SCEC CVN@Qer panel: vertical

component; middle panel: radial component; lower pdraisverse component.
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Figure 6. An example of comparing waveforms using GSDF measurements. Laftrcgfrom

top to bottom) shows the observed waveform, synthetics computed from GMN&Bvard, A1D
and SoCaL velocity models. Tiewave on the SoCal syrdtic waveform (dash line) is used as
isolation filter. Middle column shows the cressrrelagrams between the isolation filter and the
observed and the 4 types of synthetic waveforms. Windowed-coosdagrams are shown as
dash lines. Right column showise GSDF phasdelay time measurements (upper panel) and
amplitudereduction time measurements (lower panel) for the observed wavafainthe four

types of synthetics.

Figure 7. Distribution of GSDF measurements of observed waveforms relatigyrtthetts
computed from Harvard (first row), CVM3.0 (second row), A1D (thod)y and SoCaL (fourth
row) velocity models. Left column: phaselay time; right column: amplitueeduction time.
The numbers on the uppeght corner of each plot shows the mean thedstandard deviation of

the histogram.

Figure 8. Distribution of GSDF phasdelay time measurements of observed waveform relative
to the four types of synthetics. Left column: measurementsPfawvaves; right column:
measurements fd waves on the tramerse components. The number on the upigét corner

of each panel shows the standard deviation of the histogram.

Figure 9. Correlation between phaskelay anomalies ddVwaves! t,(SV) and correspondin§H

waves !t,(SH) at the five sampling frequencies. All measurements were meldéve to

CVM3.0 synthetics, which account fBrSVcoupling and largscale scattering. There are more
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data points lying in thesy < $sy region (abwe the straight line) than in the regidgy > $sn
(below the straight line). The loweight plot shows a binomial test of the significance of this
bias. The horizontal straight lines show 50%, 80%, 90% and 95% (froranbdtl top)

confidence levels at ikh we reject the null hypothesis {Hhere is no bias).

Figure 10.The estimated anisotropy amount as a function of frequency. Circlesaaadre the
mean and the median of differential phdstay times betwee8Vand correspondin§H waves

normalizd by hypocenter distances.

Figure 11. Amplitude-reduction time measurements féwaves used in the inversion plotted as
a function of hypocenter distance. All measurements are madieedla CVM3.0 synthetics.
Straight lines are predicted, Ddistarce relations for different values of Q calculated in a simple

whole space model with shear velocity of 3 km/s and referengeciney of 1Hz.

Figure 12. Standard deviation for different sampling frequencies and wave typesesC
standard deviation fd® waves; triangles: standard deviation Fowaves; solid lined? waves on
vertical components o6 waves on transverse components; dash liResvaves on radial

components oBwaves on vertical or radial components.

Figure 13. Examples of frequenegiependent 3D FrZchet kernels. First column: soueceiver
path (red lines); second column: findéference synthetic waveforms for which phakatay
kernels are shown; thifiburth columns: soureeeceiver crossection views of the kernels for

phasedelay measurements made at 0.2, 0.6 and 1.0 Hz sampling frequencg¢b)&kernels
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for P-wave phasalelay measurements; (§)kernels forSwave phaselelay measurements; (d)
%kernels forSwave phaselelay measurements. Warm colors represent negativeelkvalues

indicating a velocity increase leads to an advance in arrivaldirttee synthetic waveform; cool
colors represent positive kernels values indicating a velocity seldeads to a delay in arrival

time of the synthetic waveform.

Figure 14. The P velocity model for the starting model CVM3.0 (left column), thetioved
model LAF3D (middle column) and the relative perturbation of LAF3@atne to CVM3.0
(right column). (a): mapviews for four different depths; (b) cisesstions at the four les on the
upperleft panel of (a). For the velocity perturbation plots on the right cafymwvarm colors
represent negative perturbation (velocity decrease relative tngtanodel) and cool colors
represent positive perturbation. For the left and middleimns, warm color represents low
seismic velocities and cool colors represent high seismic vVeldiajor faults in this area are

shown in black solid lines.

Figure 15. Same as Figure 14, except that this is for the shear vetouitie startingnodel

CVM3.0, updated model LAF3D and relative model perturbation betviresn. t

Figure 16. Kernel coverage foP (left column) andS (right column) waves at four different

depths. Color shows the summation of the amplitudes of all the kenne#ch cell(see text).

Major highways in this area are shown in black solid lines.
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Figure 17. Examples of checkerboard and spike tests for resolution analysithgamplest
checkerboard test. The input model (right column) does not change with mepémdonnoise
was added, the recovered model PoandS waves are shown on the right and middle columns.
(b): the same input model as in (&), the calculated OdataPenterbed with random noise from
£0.2 s to 0.2 s. (c): the input model has two discontiraudgie8 km and 20 km depths, no noise
was added. (d) a simple spike test, the input model is a squieeensh horizontal dimension of

12 km and extends from surface to the bottom of our model, no noiselded a

Figure 18. Examples of waveform companiss between synthetics computed using the starting
model CVM3.0 (blue lines) and those computed using the improved model L&AE@Dines).

The observed seismograms are shown in black lines. The first cabows the epicenter
station paths, the secondwmn shows the waveforms, the third column shows the GSDFphase
delay measurements, the fourth column shows the ampliagietion time measurements.
Circles: GSDF measurements of LAF3D synthetics relative \MEO0 synthetics; triangles:
GSDF measuremesntof observed waveform relative to CVM3.0 synthetics. Panel (&ris

selected® waves; panel (b) is for select8avaves.

Figure 19. GSDF measurements of a selected set of observed waveforingereasynthetics
computed from the starting model CVM3@pper row) and those computed from the updated
model LAF3D (lower row). The numbers on the upjadt corners of lowerow plots are the

variance reductions relative to the GSDF measurements faiattieg model CVM3.0.
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