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Seismic inversions produce seismic models, which are 3-dimensional (3D) images

of wave velocity of the entire planet retrieved by fitting seismic measurements made

on records of past earthquakes or other seismic events. Computing power of the Ter-

aFlop era, along with the dataflow from new, very dense, seismic arrays, has led

to a new generation of 3D seismic Earth models with an unprecedented level of

resolution.

Here we compare two recent models of western United States from the Dynamic

North America (DNA) seismic imaging effort. The two models only differ in the

wave propagation that was used for their inversion: one is based on ray theory (RT),

and the other on finite frequency (FF). We evaluate the two models using an inde-

pendent numerical method and statistical tests. We show that they differ in how they

produce seismic signals from a subset of earthquakes that were used in the original

inversion and were recorded on the US array. This is especially true for measure-

ments done in the Yellowstone area which has a large negative seismic anomaly.

This result is of importance for seismologists who have been debating on the prac-

tical benefit of using FF in ill-posed Earth inversions. Model evaluation, such as

the one reported here, represents an opportunity for collaboration between geophys-

ical and statistical communities. More opportunities should arise with the upcoming

Exascale era, which will provide enough computational power to explore together

several sources of errors in models with thousands of parameters, opening the way

of uncertainty quantification of seismic models.
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1 INTRODUCTION

Seismic waves are unique geophysical observables that allow

imaging of buried Earth structures thanks to their long trav-

eling distances and multiple wavelengths. Measurements on

seismic waves are used to produce 3-dimensional (3D) seis-

mic images of the Earth in a way similar to how ultrasounds

are used for medical imaging. These images, which repre-

sent distribution of seismic wave velocities and other elastic

properties within the Earth—and which are thereafter referred

to as seismic models—are not only used to infer the history

and inner workings of our planet but are also used for specific

applications related to energy exploration and national secu-

rity. For example, protocol for the Comprehensive nuclear

Test-Ban Treaty (CTBT) calls for the implementation of

an International Monitoring System (IMS) and an associ-

ated International Data Centre (IDC). IDC’s responsibility

includes the release of bulletins that report on locations and
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analyses of seismic events. These analyses assess whether or

not the event has nuclear explosion characteristics (eg [3,30])

and depend on the seismic models they use. The accuracy

on seismic event location is critical to any onsite inspection

(OSI) should sufficient IDC technical evidence warrant an

OSI. Error much smaller than tens of kilometers is required to

guide an OSI under the CTBT when such error is acceptable

for global Earth studies.

Each generation of seismologists has worked toward a

better quantitative estimate of seismic models by advancing

the methods used for the forward and inverse problems –

solving the wave equation in 3D structures and handling

often ill-posed inversions. Pioneering work (eg [1,2,9,48])

was focused on mathematical understanding of the inverse

problem and how to reliably estimate elastic properties within

the Earth from sparse surface data. The underdetermined

nature of geophysical inverse problems led to mathematical

innovations that are now also used in other disciplines (eg

[4–6,20,60]). First seismic inversion results at the continen-

tal scale were soon published by Menke [33], Romanowicz

[41,42], and Taylor and Toksöz [52], among others. Today,

opportunities of progress in 3D geophysical imaging are very

diverse, coming from data collection to methods and tools

(eg [43]). Very dense networks of seismic sensors provide

huge volumes of high-quality data. Numerical methods and

large high-performance computing (HPC) resources allow for

the first time reaching accurate wave propagation modeling

in complex media. At the same time, our understanding of

both wave propagation and inversion techniques has greatly

improved (eg [11,18]). The exploitation of the amount of

data and the size of the computational resources needed is

challenging, but seismologists are now producing 3D seismic

models with the best resolution ever. However, the question

of reliability of these models remains largely unexplored

when it is crucial for applications such as event screening

and location for CTBT implementation. Traditionally and

for most seismic imaging studies, uncertainty quantification

(UQ) is limited to resolution analyses, such as checkerboard

and spike tests, that assess how well a particular inversion

method reproduces the original checkerboard or spike pattern

by inversion of synthetic seismograms created with these

artificial seismic models. Areas where the input model is

reasonably recovered are potentially resolved thanks to the

paths provided by the set of seismic events and stations used

for the inversion. Assessing resolution is a good thing, but it

is different from conducting UQ. UQ is a problem far vaster

than path coverage, and there are many other issues with

these tests. For example, they do not convey proper informa-

tion on the multiscale resolution of the model needed for a

complex object like the Earth because they are often limited

to specific velocity variations (eg [11]). They also do not pro-

vide meaningful quantifications of nonuniqueness [27,34]. A

more robust and better approach is needed.

Model assessment is one of the elements needed in uncer-

tainty quantification. Model assessment usually refers to

quantifying the model uncertainty from some metrics of how

accurately this model predicts seismic signals when compared

to real data. In this study, we will instead compare 2 different

seismic models to each other. Our goal is to conduct a statisti-

cal analysis on measurements made on synthetic seismograms

generated by an independent numerical method. In the fol-

lowing, we first report results of our analysis. We then discuss

the opportunity of a handshake between the geophysics and

statistics communities, and identify methods that are emerg-

ing as means for future UQ analysis of 3D seismic earth

models.

2 ANALYSIS SETUP

In this paper, we assess 2 seismic models that were produced

by 2 different inversion methods, ray theory (RT) and finite

frequency (FF). For that purpose, we generate synthetic seis-

mograms that are the modeled ground motion generated at an

array of stations by a given seismic source. In our case, the

seismic sources are a set of 14 earthquakes that were included

in the original inversions. Seismic measurements are made on

the seismograms such as picking the arrival time and/or the

amplitude of a specific phase, or computing cross-correlation

with another set of seismograms. These measurements for

our 2 models are generally modeled as follows:

MeasurementRT = Measure (F(modelRT, source)) + error,
MeasurementFF = Measure ( F(modelFF, source)) + error,

(1)

where F() is a seismic propagator, which computationally

propagates seismic waves generated by the source through

the model, and Measure represents measuring a traveltime

or cross-correlation coefficient on the synthetic seismo-

grams. In the following, we describe the 2 models, the set of

earthquakes and the seismic propagator we chose. Also, we

assume that the source location and mechanism are fixed and

known.

2.1 The seismic models: RT and FF DNA09 models

The group under the direction of Pr. R. Allen at the Univer-

sity of California, Berkeley, has developed several versions

of high-resolution models of the western United States (see

their website http://seismo.berkeley.edu/~rallen/research/

dna/index.php) using the unprecedented coverage provided

by the seismic network USArray [28]. We chose to work with

the version released in 2009, DNA09, because 2 specific

models were available for that version: one developed using

the body-wave FF approach [37,62], and the other using the

classical approximation of RT. In this approximation, seismic

waves are only sensitive to the structure along the ray path, an

infinitesimally narrow ray between the source and the record-

ing station such as in optics (Figure 1). The extensive use of

RT in seismic imaging stems from its simplicity, its intuitive

http://seismo.berkeley.edu/~rallen/research/dna/index.php
http://seismo.berkeley.edu/~rallen/research/dna/index.php
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FIGURE 1 (A) Ray paths of the body waves, P, S, and SKS, through the Iasp91 model and between one event and station (inverted triangle) traced with

TauP. P waves are fast compressional waves arriving as precursor to the rest of the seismic waveforms. S waves are also body waves traveling along a path but

involving much slower shearing motions. SKS have reached the outer core. These types of body waves were used for establishing the DNA09 models. (B)

Example of seismograms recorded or computed for one station; actual data that were recorded for the Marianna event are shown in black, and the synthetic

data computed with a model called ray theory (RT) and another one called finite frequency (FF) are shown in red and blue, respectively. The two components

of the S wave recorded on the vertical and horizontal components are called SV and SH, respectively. HZ, HE, and HN refer to the 3 component channels,

vertical (Z), west-east (E), and south-north (N)

FIGURE 2 Three-dimensional seismic models beneath the western United States. The quantity plotted here is dVs/Vs from the FF DNA09 model (see text).

Red lines on insert maps indicate location of cross sections shown in (A) and (B). Seismic velocities depend on several parameters but can be interpreted at

first order as indicator of temperature. Warm colors show low velocity regions interpreted as hot upgoing material (motion indicated by arrows); blue is high

velocity interpreted as cold material that has a tendency to sink. (A) Yellowstone plume appearing in the model. (B) Evidence of a subducting slab under the

Western part of the United States and of complex interaction with the Yellowstone plume

interpretation, and the fact that algorithms computing ray

paths require very low computational resources. Damping and

smoothing regularization are used to stabilize the inversion.

The FF model is based on the Born-Fréchet kernel theory,

taking into account the frequency-dependent sensitivity and

wavefront healing [36,59,61]. In that case, the constructive

and destructive inferences of scattered waves extend the sen-

sitivity to a few wavelengths off the ray and seismic anomaly,

a phenomenon known in optics as Fresnel zone. In conse-

quence, the sensitivity kernels associated with seismic trav-

eltimes and amplitude take the shape of a banana-doughnut,

as they follow the banana-shaped ray and there is no sensi-

tivity exactly on the ray (eg [17,56]). Although FF provides

a more complete theory to represent wave propagation, and

that more and more models are built taking into account

some FF effects, the debate continues as to whether its

application to 3D modeling produces better models (eg

[8,31,39,49,53]). It is a rare opportunity to be in a position to

compare 2 models that only differ on the theory used to build

them [7].

The 2 models resolve the mantle down to a depth

of ∼1000 km and with a lateral and vertical resolution

of ∼200 km. They were developed using the very same

dataset—arrival times recorded on the Earthscope-US Array

from 142 seismic events occurring between 2006 and 2009. A

full seismic record contains many different phases, each with

its own resolution. The inversion of DNA09 aims to fit the

arrival time of the following body waves: S, P, and SKS (see

Figure 1). Figure 2 shows the resulting velocity model for the

shear (S) wave, hereafter referred to as Vs. Velocity anomalies

are shown at each point of the model as

dVs

Vs
(%) = Vs − Vsiasp91

Vsiasp91
× 100, (2)
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dVs/Vs(%)
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FIGURE 3 Maps of the shear wave anomalies (dVs/Vs) of the finite frequency (FF) and ray theory (RT) models and their difference in velocity (bottom).

The velocity is computed as the difference of dVs/Vs between the FF and RT models multiplied by the Vs for Iasp91. We display maps for depths 200 km,

500 km (upper mantle), and 800 km (lower mantle)

where Vsiasp91 is the value of the shear wave for a 1D reference

model, iasp91 [23]. The 1D model captures the vertical lay-

ering of the Earth, especially the general increase of seismic

velocities with increasing depths due to higher confinement

pressures. Negative and positive values of the quantity cal-

culated in Equation 2 are plotted in warm and cold colors,

respectively, as they are interpreted as material of high tem-

perature (slow velocity) and low temperature (high velocity).

It must be noted that temperature is only one of the possible

processes that affect the seismic velocity. Others possible pro-

cesses are abnormal chemical composition or water content,

but seismic velocities are considered a good indicator of tem-

perature at first order (eg [54]). The left panel, corresponding

to a cross-section under Yellowstone, shows a continuous

low-velocity conduit extending to a depth of 1000 km, deep

into the Earth’s mantle and way further than any previous

studies. This model gives ground to the hypothesis that the

plume responsible for Yellowstone volcanic activity origi-

nates from deep mantle processes. The right panel shows a

cross-section of the Juan de Fuca plate subducting beneath

North America from the Pacific coast. The slab, portion

of the tectonic plate being subducted, is depicted in blue

and it appears to get separated in different fragments east-

ward of the Yellowstone plume, suggesting a break-up of

the slab due to interaction with the latter. These features

appearing in DNA09 are exemplary of the level of details

now resolvable with the new generation of high-resolution

3D models.

Figure 3 shows maps of dVs/Vs for the RT and FF mod-

els at different depths. The 2 models appear to agree on large

features showing fast velocities (indicated by blue colors) on

the eastern part of the model corresponding to the relatively

old material of the stable North America, while the west-

ern United States displays slower velocity (shown with warm

colors) corresponding to structures such as the Yellowstone

plume. However, differences between the 2 models exist, as

shown on the difference maps at the bottom of Figure 3. They

appear as fluctuations of smaller size than the geophysical fea-

tures described earlier and become more and more important

in depth. The histograms of the seismic velocity anomalies

are shown in Figure 4; they are close to a Gaussian shape but

shifted to the negative values, with a mean of −0.0762 and
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FIGURE 4 Histograms of dVs/Vs for the seismic models finite frequency (FF) and ray theory (RT) over the 436 896 grid points of each model. Also

presented is the histogram of the difference between the two models

−0.0436, respectively, for the RT and the FF model. On the

contrary, the difference between the 2 models is noticeably

a zero-centered distribution, suggesting that, if present, any

bias in the 2 models is similar.

2.2 Data and synthetic databases

Figure 5 shows the locations of the 1061 seismic stations

(blue triangles) and 14 seismic events (red circles in inset)

that were used for our study. We chose to work with earth-

quakes that were included in the original inversion because

we know that their paths have been resolved by the inversions.

This way, we avoid discussion about how to estimate data cov-

erage for both theories. We select 14 earthquakes from the

100 earthquakes used in the inversion in order to have a good

azimuthal coverage and a good representation of all types of

source mechanisms (Table 1). These mechanisms are mod-

els of the type of motions happening during an earthquake,

which depend on the tectonic setting. Each type of earth-

quake has its own sets of challenges concerning the source

model and data. We chose events with magnitude (size)

between 6.0 and 8.1, which offers good data quality (signal

to noise ratio) and for which good seismic source models

exist.

We have 2 main sets of observations or seismograms. On

one hand, we have the real seismograms generated by the

14 seismic events and recorded at many of the 1061 stations

(note that not all events are recorded by all the stations).

On these real seismograms, we can measure the arrival time

of different seismic waves using advanced tools combining

hand-picking and multichannel cross-correlation. The arrival

times are transformed into time delays to a reference earth

model, following

𝛿t = t − tiasp91, (3)

where t is the arrival time in seconds. 𝛿t would be 0 for all

stations and events if there was no velocity anomaly. Time

delay measurements were limited to S waves, SH, and SV,

depending on the instrument component (see Figure 1). The

number of measurements available varies for each event due

to data quality and recording issue, and is indicated in Table 1.

Notice that event #14 has no such measurements because of

our inability to measure due to contamination of the S-wave

on the records.

On the other hand, we have a set of synthetic seismograms

that we compute. For each seismic event and each station,

we can compute the predicted seismogram using DNA09 FF

or DNA09 RT as the propagators. Therefore, we have a set

of synthetic seismograms using the FF model and a different

set using the RT model (see example Figure 1). To compute

these synthetic seismograms, we use the open-source package

SPECFEM3D that is based on the spectral element method

(SEM). SEM is a direct numerical method (i.e. not based

on any mathematical representation but simple discretiza-

tion), which solves the wave equation in its integral form on
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FIGURE 5 Locations of the 1061 seismic stations used in this study are shown as blue triangles. Most of the stations are from the Earthscope-USArray that

provides a dense and regular coverage of western United States. We also have some stations from the IRIS and USGS networks. (Inset) Locations of the 14

seismic events used for evaluating the ray theory (RT) and finite frequency (FF) models

TABLE 1 List of seismic events used in assessment of ray theory (RT) and finite frequency (FF) models. This set of seismic events covers different
geographical locations providing a good azimuthal coverage and also different tectonic setting (see column type, which refers to the source mechanism). The
last 3 columns show the number of measurements of each type on real data or synthetic seismograms

i Location Date Magnitude Type Delay SV Delay SH cc synth

1 Azores-Cape February 12, 2007 6.0 Reverse 145 113 3*1061

2 Azores April 5, 2007 6.3 Normal 128 286 3*1061

3 Central-Mid-Atlantic August 20, 2007 6.5 Strike-slip 408 219 3*1061

4 Northern Mid-Atlantic February 8, 2008 6.9 Strike-slip+ reverse 252 276 3*1061

5 Central-Mid-Atlantic May 23, 2008 6.5 Strike-slip 400 63 3*1061

6 Central-Mid-Atlantic September 10, 2008 6.6 Strike-slip+ reverse 461 331 3*1061

7 Jujuy November 18, 2007 6.0 Reverse 53 265 3*1061

8 Kuril January 13, 2007 8.1 Normal 278 334 3*1061

9 Samoa December 13, 2007 6.2 Reverse 275 53 3*1061

10 Aleutians December 19, 2007 7.1 445 467 3*1061

11 Sea of Ohkost November 24, 2008 7.3 Reverse 344 543 3*1061

12 Mariana October 31, 2007 7.2 Reverse 123 122 3*1061

13 Chile November 14, 2007 7.7 Reverse 361 367 3*1061

14 Greece February 14, 2008 6.8 Reverse 0 0 3*1061

customized meshes made of hexahedral elements (eg

[25,26]). It employs a high-order finite element method

with exponential convergence for smooth solutions while

maintaining the geometric flexibility of finite elements. The

two models DNA09 FF and RT were implemented into

SPECFEM3D and tapered out into the reference model iasp91

for areas of the globe not covered by DNA09. The whole

Earth is meshed by 19 million hexahedral elements thanks to a

meshing technique called the “cubed sphere” [44]. The small-

est element size is 25 km, which is the smallest wavelength
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that can be resolved by the mesh according to the sampling

condition, which requires a minimum number of grid points

per wavelength. In this case, it means that all waves with

period above 10 s are correctly modeled. The time step is fixed

at 0.1054 s following the classical Courant-Friedrichs-Lewy

(CFL) condition. For each seismic event, we computed 40 min

of seismic records for each 3 components of the 1061 seis-

mic stations contained in our model (see last column of

Table 1). The total computational cost of the whole simula-

tions amounts to 70 K CPU-hours on a machine with peak

performance of 38.3 TFlops/s, meaning that studies like ours

require access to some computational resources. The choice

of SPECFEM3D ensures a fair comparison of the 2 DNA

models, as none of the tested models uses that technique as

forward modeling and as SEM is a direct numerical method.

There is no assumption except for the high-frequency cut-off

due to the sampling condition and the form of wave equation

implemented, which in this case is quite complete, incorpo-

rating the presence of oceans, the ellipticity of the Earth, the

topography and bathymetry of its surface, the gravity, and the

rotation of the Earth [24].

We then perform the same post-processing and measure-

ments on the synthetic seismograms as the ones performed

on the real data. In the following, we present our statistical

analysis on the different types of measurements and frequency

domains.

3 STATISTICAL ANALYSIS

3.1 t-Test on S-wave arrival times

In Figure 6, we plot the time delay (𝛿t) measured on the syn-

thetics (y-axis) vs the ones measured on the real data (x-axis)

and this for the 13 events with these types of measurements.

Note that we have 2 datasets considered independent, the

measurement on the SV and SH components that sense dif-

ferently the Earth, and 2 different sets of synthetics, 1 for

the FF model and 1 for the RT model. Therefore, for each

event, we have 4 scatter-plots. If the models were fitting the

data perfectly, all the data points would be on the line x= y
on these plots. We can observe that the fit to the real data

varies with each seismic event. Events #3, #4, and #6 display

good agreement between data and synthetics; meanwhile,

the models correlate poorly with observations for events #8,

#10, and #13. We can also see that there are no obvious dif-

ferences between the synthetics computed with the FF and

RT models.

We now focus on the mean misfit to the data of the 2 tested

models. It is computed as

misfit =
∑|𝛿tsynthetic − 𝛿tdata| . (4)

The open and full circles on top row of Figure 7 show the

values obtained for each earthquake when the sum is made

over all of the arrival time measurements available for each

seismic event. A value is obtained for each type of synthet-

ics (FF or RT) and for each component (SH or SV). We then

take the difference of this mean misfit for FF and RT, which

are plotted as blue dots. A negative difference means that FF

fits the data better than RT, as the mean absolute misfit with

data is smaller. We then compute the average of the difference

over these 13 events, which was found negative for both the

SV and SH dataset. Taking these 13 seismic events to be a

representative collection, we perform a t-test to test whether

that negative average is statistically significant. A P-value of

0.003 was found for the SV component and a P-value of 0.4

was found for the component SH. This indicates that there

is a significant difference between RT and FF for the SV

component. However, we cannot conclude either model pro-

duces more accurate arrival times for the SH component. We

can attribute this result to the fact that signal-to-noise ratio is

known to be poorer for the horizontal components due to the

design of traditional seismometers. The SH component also

contains more shear signature relative to SV, and the latter is

known to become easily complex when propagating through

3D structures, making the picking of the arrival time more

challenging.

We then perform a 1-sided t-test on the significance of

the average of the difference of the misfit for RT and FF for

each individual event, meaning that the difference between

each pair of open and full circle is tested over the dataset

made of the available stations for this event. The logarithm

of the obtained P-values (y-axis) is plotted vs the difference

average (x-axis) on the bottom row of Figure 7. Any data

point situated on the left on the plot means that the differ-

ence between FF-modeled time delays and actual real data

is smaller than for RT, meaning that the FF model fits the

data better than RT. It must be noted that each P-value on

that graph is computed on a different statistical baseline: the

number of stations and the average difference are different for

each earthquake. Also, the computed P-values assume that

the measurements are independent within each earthquake,

which is not probably true. For these reasons, we have to

be cautious about any interpretation on the P-values, espe-

cially about comparing them between events. However, such

a plot allows identifying which event would have passed or

failed a t-test if it had been tested independently and assum-

ing independent measurements. The same type of subduction

earthquakes (Aleutians #10, Mariana #12, and Chile #13)

consistently favors FF vs RT, and this for both SH and SV.

For SV measurements, subduction events are joined by events

of different areas and types that all reach P-values below

0.01.

3.2 Spatial permutation tests and waveform
cross-correlation

It is hypothesized that the 2 models treat the Yellowstone

plume differently. If this were the case, we would expect syn-
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FIGURE 6 Scatter-plots of time delays of S waves (𝛿ts) measured on synthetic seismograms vs those measured on real seismic records. For each event, we

present a scatter-plot for both the SH and SV component, and for the ray theory (RT) and finite frequency (FF) model. The line of slope 1 corresponding to

identical measurements is plotted for guidance

thetic seismograms to differ more for sensors located near the

Yellowstone region than for sensors located further away.

Hence we now focus on the synthetic seismograms and

compute waveform cross-correlation coefficients between RT

and FF synthetics for a 55-s time window around the S

wave. We first filtered the seismograms to keep the period

content between 10 and 50 s (period band used to measure

the arrival time of the S wave) and systematically com-

puted cross-correlation coefficients of 55-s-long time window

around the S-wave arrival between RT and FF synthetics.

This was carried out for the 3 instrument components: vertical

(SV), north-south (SN), and east-west (WE).

The cross-correlation coefficients obtained are plotted at

the location of the seismic station in Figure 8. The first obser-
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FIGURE 7 In the top row, for each of the 13 events of the database, the mean of the absolute residual between actual and modeled measurements is plotted

for both the ray theory (RT; open circle) and finite frequency (FF; full circle). The difference FF −RT is also plotted in blue. In the bottom row, the

scatter-plot of the significance of the difference (FF − RT) vs its fold-value is presented. Data point passing the P-test (P-value below 0.01) are colored in

red. For event 10, significance is above the maximum of the plot for both components

vation is that the coefficient values are very close to 1—we

had to use a color code based on the first digit position

different from 9. The differences are at the most 1% (digit= 2)

for the Jujuy (#7) and Sea of Ohkost (#11) events. As it was

the case for the arrival times, the coefficients values seem to

mostly depend on the seismic event, meaning the main direc-

tion along which the seismic energy has traveled from the

seismic event to the seismic stations. The cross-correlation

coefficients maps show smaller coefficients in the west-

ern part of the United States, suggesting a larger difference

between the RT and FF models for this area. In particular,

Yellowstone appears as a zone with small coefficient values

between the 2 models. This result was confirmed by com-

puting the average cross-correlation coefficient (see fig. 3 of

[31]). To test whether this difference is statistically signif-

icant between Yellowstone and other regions, we applied a

spatial permutation test [32], selecting target locations uni-

formly at random over the spatial region. As the test statistic,

we take the average coefficient value over all stations within

a 300-km radius of Yellowstone (black circle in Figure 8),

comparing it with cross-correlation coefficient averages com-

puted for randomly situated circles of 300 km radius. We

only considered circle locations that contained at least 10 sta-

tions. We randomly generated 100 000 such circles. The rank

(from smallest to largest) of the Yellowstone average over

100 001 gives the 1-sided P-value for this test. The permu-

tation test demonstrates that for the Kuril event (event #8),

stations within 300 km of Yellowstone lie in the 5th percentile

(P= 0.05) of these 100 000 realizations, which is a rough cut-

off for determining significance for the difference between FF

and RT synthetic seismograms. We summarize the P-values

obtained for all events in Table 2—note that the significance

measure has not been adjusted to account for multiple testing.

We can observe an azimuthal dependence: for events #9, #10,

#11, and #12, all of which occurred to the west, Yellowstone

stands out as a statistically significant anomaly, whereas the

remaining events fail to demonstrate if Yellowstone is or is

not significantly different from other regions.

Finally, we also computed the cross-correlation coefficient

between the real data and RT and FF synthetics for 2 fre-

quency bands for some of the events in this study (1): 10

to 250 s is a period band that encompasses small wave-

lengths (down to 25 km) that are still discussed in global

imaging, (2) 50 to 200 s corresponds to the intermediate wave-
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FIGURE 8 Maps of the cross-correlation coefficients computed between the synthetics of the ray theory (RT) and finite frequency (FF) models (for each of

the 3 components, SE, SN, SZ). The latter were filtered between 10 and 50 s. Each station location is color-coded according to the first digit position different

from 9. For example, the yellow color correspond to cross-correlation coefficient than are more than 1% different from 1. The black circle represents the area

that was used for Yellowstone in the spatial randomization test

lengths of Earth models for which models are in general good

agreement. Maps of the cross-correlation coefficients for the

Mariana event are presented in Figure 9. Our analysis con-

firms that the DNA models predict very well real data for

periods over 50 s. The fit is still good but degraded for the

period band of 10 to 250 s. The same observations were made

on a few other events.

4 CONCLUSIONS AND DISCUSSION

Accurate image of local structures, especially of the complex

Earth crust, are not only crucial to a better understanding of

our planet but also essential in technology applications such

as oil and gas exploration, as well as national mission areas

of nuclear nonproliferation and energy security (geother-

mal energy, geological carbon sequestration, used-fuel dis-

position, and repository science). For each of these areas,

UQ—understanding implicitly and explicitly the range of

possible solutions permitted by the set of observables—is cru-

cial to build confidence on decision making and understand

the predictions generated based on these models.

Here we presented different statistical assessment

approaches to compare 2 high-resolution seismic models, 1

built with RT and 1 with FF. We paid particular attention to

ensure a fair and independent comparison of the 2 imaging

methods and models. To that end, we made use of the SEM,

which is a direct numerical method that was not used in the

inversion for generation of the tested models (DNA09). Aided

by very simple statistical tools, we were able to conclude that

that FF approaches to seismic imaging exhibit measurable

improvement. This conclusion was reached with a limited

statistical sampling of 14 seismic events whose location plays

a major role in the fit between synthetics and data. The men-

tioned improvement is more evident for subduction events

situated to the west of the model and on components of the

seismograms with the best data quality. We hypothesized

that the paths for these events are less affected by structures

outside the model when optimizing the sampling of the two

models under the recording stations. We also demonstrated

that the difference between the two models is only signif-

icant in regions with pronounced low velocity anomalies,

such as Yellowstone. These results suggest how complex the

processes of validation and UQ are for seismic models.

Our study also gives some indication of the level of accu-

racy to the data of the 2 models. We confirm that the fit

to the real data is good for long periods but the level of
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TABLE 2 P-Values (rounded to the second significant digit) obtained when testing the rank of Yellowstone local average cross-correlation coefficient
over a 100 000 random realization. P-Values are displayed on columns 3 to 5 for the WE, NS, and vertical components, respectively. The event number
of the earthquake in our database is shown in column 2. Earthquakes are color-coded according to the success or failure of the test: synthetic
seismograms of the events in blue indicate that the ray theory (RT) and finite frequency (FF) models are significantly different around the Yellowstone
area; the test is inconclusive for the events displayed in red and yellow. Yellow indicates that at least one component has a low P-value

ZSNSESrebmuntnevEemantnevE
8)7002,31yraunaJ(liruK P = 0.05 P = 0.06 P = 0

21)7002,13rebotcO(anairaM P = 0.09 P = 0.09 P = 0.04

9)7002,31rebmeceD(aomaS P = 0.09 P = 0.08 P = 0.04

01)7002,91rebmeceD(snaituelA P = 0 P = 0 P = 0.01

Sea-of-Ohkost (November 24, 2008) 11 P = 0.02 P = 0.28 P = 0.11

Central-Mid-Atlantic (May 23, 2008) 5 P = 0.16 P = 0.03 P = 0.21

31)7002,41rebmevoN(elihC P = 0.12 P = 0.08 P = 0.26

7)7002,81rebmevoN(yujuJ P = 0.18 P = 0.42 P = 0.59

Northern Mid-Atlantic (February 8, 2008) 4 P = 0.18 P = 0.05 P = 0.32

Central Mid-Atlantic (August 20, 2007) 3 P = 0.29 P = 0.19 P = 0.28

Central Mid-Atlantic (September 10, 2008) 6 P = 0.31 P = 0.16 P = 0.3

2)7002,5lirpA(serozA P = 0.5 P = 0.45 P = 0.47

1)7002,21yraurbeF(epaC-serozA P = 0.42 P = 0.49 P = 0.38

41)8002,41yraurbeF(eceerG P = 0.19 P = 0.5 P = 0.11

accuracy of smaller structures remains largely an open ques-

tion (eg [43]). These small features may be at the origin of

the remaining misfit to data, which amounts to about 1 s for

S-wave arrival for most earthquakes in our study. It must

be noted that these small features are the core of geophysi-

cal discovery, as they are the evidence that the Earth is way

more complex than predicted by the theory of plate tectonics

[19,35,57].

We feel that the handshake between the geosciences and

statistical communities, which was needed for the successful

outcome of this study, is the way to a continuous and produc-

tive interaction between the 2 communities. There are many

sources of errors in 3D seismic models, and the question of

UQ could benefit from this interaction between the 2 commu-

nities. In fact, we could advance UQ for seismic models by

answering the following questions:

(1) How dependent is a model on its numerical methods?
Despite the simplicity of the statistical methods used, this

study illustrates how to address that question. It is now feasi-

ble to use direct numerical methods such as SEM that solve

the equations of motion with limited assumptions. Analy-

ses on the modeled full waveform seismograms can test the

assumptions used for the generation of seismic models. Other

numerical methods such as the finite difference method (eg

[15,22,58]) and discontinuous Galerkin method [10,21] offer

alternatives to SEM.

(2) How much data is needed for a model to be good
enough? The sheer number of parameters used in 3D Earth

imaging renders systematic differentiation unfeasible for

direct calculation of sensitivity and Hessian kernels that give

indication on the data coverage and resolution [13,40]. A

breakthrough was reached in 2005 with the first implementa-

tion by Tromp et al. [56] of the adjoint method proposed by

Tarantola [50], which makes accurate calculation of Frechet

kernels in 3D Earth models possible. A new approach based

on randomization theory has been recently proposed to esti-

mate resolution matrix of a given 3D Earth model [29,55].

The method has been developed further to provide other

resolution measures such correlation length and interparam-

eter tradeoffs, and this with a limited computational cost

[12,14].

(3) How well can we uniquely identify sources of error? (4)

How good is a model at representing true physics? The most

general approach to error estimates for the inverse problem

is the Bayesian framework [51]. In this framework, solving

the inverse problem is not limited to finding the best model

but to estimating the a posteriori probability distribution of

model parameters given a priori probability distribution of

error on data and model parameters. In its general form,

Bayesian inversion combines all types of uncertainties, and

the quality of the knowledge of the 3D structure can be esti-

mated by examining the best model, the average model, and

the distribution of the probability around these models. The

highly nonlinear character of seismic inversion requires a

sampling method that combines efficiency and completeness.

The “Monte Carlo” approach has been successfully applied to

geophysical imaging problems (eg [16,38]). A recent method

that has found some success in global seismology is that of

the “neighborhood algorithm” [45,46] in which the data are

used to determine the number of parameters.

Each of the methods presented above brings specific infor-

mation on sources of uncertainty in seismic models. The issue

of UQ for seismic models is becoming harder as the inverse

problems are getting more complex using less approxima-

tions and more information [47]. Statistical and geoscience

researchers will have to become knowledgeable of advanced

aspects of methods used in the 2 communities in order to

answer the question of UQ of seismic models.



288 LARMAT ET AL.

FIGURE 9 Maps of the cross-correlation coefficients between data and synthetics for the ray theory (RT) and finite frequency (FF) models and two different

frequency bands (10 to 50 s and 50 to 200 s) for the Marianna earthquake (event #12). The filtered waveforms around the P and S arrivals recorded at one

station central to the USarray are plotted at the bottom
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