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Abstract:

A very frequent approach for studying lithospheric processes is to deploy temporary
seismological networks in dedicated areas and to map the mantle structures with different
approaches. One of them is the well-established relative travel time body wave tomography.
Different circumstances often lead to a non-uniform deployment of stations both in space and
time, and a wish to combine data which have been acquired asynchronously. This is the
situation in Patagonia where two distinct seismic experiments provide complementary seismic
data over the region covering the Patagonia slab window. Combining these data in one
regional relative body wave tomography is however problematic as the two data sets are a
priori with respect to two different reference models. In this contribution, we show that the
number of finite-frequency relative travel time residuals varies very strongly from station to
station for this data set, violating the assumption implicit in relative travel time tomography of
a unique reference model due to an even data distribution for all events. We demonstrate the
superiority of the inversion using relative sensitivity kernels compared with a traditional
approach with absolute kernels and event terms. A resolution test proves how this is crucial
for resolving the important issue of the eastern extent of the slab window. In addition, we
discuss potential issues related to interference of the direct phases with core phases when
measuring finite-frequency travel time residuals by cross-correlation of waveforms in
necessarily relatively large time windows. We also briefly outline our preferred strategy for
performing crustal correction, keeping in mind that finite-frequency residuals require

frequency-dependent crustal corrections.
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1. Introduction

Body wave tomography has given us a detailed picture of the 3-D structure of the mantle both
at global scale and at regional scale in different geodynamics settings. The increase in
resolution in recent models is due partly to novel methodologies which allow to exploit more
phases with for example full waveform inversion [Tromp et al. 2005; Fichtner et al., 2013;
Tromp 2020], but also very importantly to the increase in data availability through major data
collection efforts such as USArray [IRIS Transportable Array 2003] or SinoProbe [Dong et al.
2013] and curation of existing ones [Engdahl et al. 2020]. Although the resolution of global
models is increasing, regional models are still often superior in terms of resolution, justifying
the common installation of regional temporary networks for dedicated study of specific
tectonic/geodynamical targets such as the Alpine region with the AlpArray experiment [Hetenyi
et al., 2018], Fennocandia with ScanArray [Thybo et al., 2020], or the Pyrenees with both
PYROPE experiment [Chevrot et al., 2017] and IberArray [Diaz et al. 2009]. These data are
commonly exploited using standard seismological techniques like surface-wave tomography,
SKS-splitting analysis, receiver-function analysis, and body-wave tomography. In the present
paper, we would like to highlight how we have overcome some of the challenges commonly

encountered with data selection and processing in regional body-wave tomography.

Regional body-wave tomography was introduced by Aki et al. (1977) and is still often referred
as ACH-tomography. Its main principle is to build a 3-D local model beneath a seismological
network by inversion of relative traveltimes between the stations, assuming errors in source
times locations and large-scale heterogeneities affect all travel times similarly and therefore
cancel out when measuring relative times. As very thoroughly detailed in Aki et al. (1977) and
commonly acknowledged, this results in models with unknown vertical average and where
only relative variations at a given depth should be interpreted. Another related point is that the
model is with respect to the average model beneath the network. As long as all events are
recorded at almost all stations, this is not an issue. When some stations are out-of-function for
a longer period of time, or record only a few events, it might become unclear if these stations
should be included in the data set or not, as the average model seen by the data will differ
from event to event. An extreme case is when different networks, covering different parts of
the study region, have been functioning at different times and therefore record different events.
This is quite a common situation, when data from different experiments done successively

would benefit from being combined.
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This is the situation in Patagonia, at the southern end of the South American continent, where
two temporary seismological networks were deployed, first in 2005-2006 over a region of
about 400 km by 200km size close to the present-day location of the Chilean triple junction
(Figure 1) and in 2018-2021 to study the Patagonia slab window and the mantle properties
beneath the Patagonia icefield in addition of new broadband seismic stations as part of the

new permanent Chilean seismic network since 2015.

Events for P Events for SH

2005-2006 HF
2016-2023 HF

Broadband seismic stations used

A Chilean network
A Global network

Temporary arrays
W GUANACO array (2018-2021)
¥ ENAP array (2019-2020)
¥ CRSP array (2004-2006)
V¥ SEARCH array (2005-2006)

Figure 1. Topographic map of Southern Patagonia with broadband seismic stations used in this study.
Teleseismic events used in the finite frequency body wave tomography. The events recorded by the
early network (2006-2006) are shown in blue, with a full circle when used in the low-frequency range
and with a darker blue open circle in the high-frequency range. The same in orange for the events

recorded by the more recent network (2016-2023).

Data from the earlier networks have been used in a regional scale P wave travel time
tomography by Russo et al (2010) and Miller et al. (2023) showing the presence of low velocity
anomaly between 46°S and 47°S associated with the slab window and fast velocity anomaly
north to the Chilean triple junction associated with the Nazca slab. Russo et al (2010) also
analyze shear wave splitting to interpret the upper mantle flow pattern associated with the slab
window with ENE-WSW fast direction in the middle of the slab window and NE-SW trends
south of the slab window. Recently, surface waves analysis [Mark et al., 2022] using the later
network provided a better constraint on the southern extension of the slab window and a new
regional scale crustal model including both crustal thickness and new information on the
thickness of the Australe-Magallanes basins. Using later network and re-processing older

networks for shear wave splitting analysis, Ben-Mansour et al. (2022) show a strong E-W fast

3
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direction south of the Chilean triple junction and the edge of the subducting Nazca slab. Most
of south Patagonia show NE-SW fast directions consistent with large-scale asthenospheric
flow. A recent P-wave tomography by Kondo et al. (2024) combines these data with ISC data
and data from permanent stations to derive a model at combined global and regional scale.
Ben-Mansour et al. (2025) present the results of a P and SH regional body-wave tomography
done using a combination of data from the two sets of networks and some permanent stations

using relative kernels.

In the present paper, we would like to present the methodological elements that we have
developed for tomographic analysis of asynchronous data, which can be of general interest to
the community. The core of the methodology to combine data from different networks is to use
relative kernels, which account for the data distribution individually for each registered event,
as discussed in Maupin and Kolstrup (2015), following the formulation of Aki et al. (1977). The
efficacy of the methodology was demonstrated with synthetic data in a very schematic model
in Maupin (2021), showing that combining asynchronous temporary arrays in regional scale
body wave tomography is not a trivial problem and tomography may yield biased models if not
conducted with relative sensitivity kernels. In addition to the original paper of Aki et al. (1977),
where relative kernels were applied to data from the NORSAR array, relative kernels were
applied recently to real data in Veisi et al. (2021). We confirm here their efficacy to combine
asynchronous data by analyzing the results of a real data case and compare with an
alternative procedure using absolute kernels and event terms. We first present the data set
that we have used and the challenges related to its very uneven data distribution. Although
relative kernels can be designed using ray theory, we have worked with finite-frequency
kernels. This implies measuring the relative travel times in different frequency bands and
allows us in particular to use rather low frequencies also for P waves. We will present some
examples of relative kernels and how they allow us to include all the available data. Using
finite frequency instead of picking arrival times, interference of neighboring phases might bias
the residuals for some epicentral distances and we will discuss how we have addressed this
issue. Some short elements concerning the frequency-dependent crustal correction will also

be presented.

2. Asynchronous datasets

Our data come from a very heterogeneous data set with twenty-two widely distributed

permanent stations, two compact early networks and a later deployment covering a larger

4
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region (Figure 1). Combining those has the advantage of getting the bigger picture, still
benefiting from the better resolution offered by the more compact networks. Between 2004
and 2006, two broadband seismic arrays (CRSP and SEARCH experiment) covering an area
of 400 km by 400 km were deployed north to the Chilean Triple Junction. The CRSP
deployment provides the first geophysical imaging of the slab window from body wave
tomography and the mantle flow pattern from shear wave splitting analysis [Russo et al.,
2010]. The SEARCH experiment did not provide any additional information on the
geodynamic setting of this region but extended the seismic model to the east. Between 2018
and early 2021, the deployment of twenty-six broadband instruments south to the triple
junction from 44°S to 53°S to bring new datasets in South Patagonia allowed to map the
southern extension of the slab window from surface wave tomography and give a new crustal
model [Mark et al., 2022]. Meanwhile, new broadband seismic stations were deployed in Chile
as part of the new permanent network since 2016 with twenty-two new seismic stations
between 40°S and 56°S. Four seismic stations were deployed in Tierra del Fuego by the
Empresa Nacional del Petroleo (ENAP) and provide an additional twelve months of data in
2019. We also include the permanent station PLCA, part of the Global network, which provides
additional data between 2004 and 2006 and more recently between 2016 and 2023.

3. Selection of events and measurements of residuals

Relative finite-frequency travel time residuals were measured following mostly the procedure
described in Kolstrup and Maupin (2015), which combines the Iterative Cross-Correlation and
Stack (ICCS) algorithm of Lou et al. (2013) with the Multi-Channel Cross-Correlation method
(MCCC) of VanDecar and Crosson (1990). The ICCS algorithm calculates an array stack from
predicted arrival times, cross-correlates each seismogram with the array stack to find the time
lags at maximum cross-correlation. Each individual trace is aligned according to the time lag
and relative to the stack in an iterative procedure where the stack is updated for each iteration.
After alignment by ICCS, the cross-correlation coefficient and mean spectral coherence
between each trace and the stack are calculated. A weighted average of the two is computed
and traces with a value lower than a user-defined cut-off (usually about 0.5) are excluded.
This procedure rejects data with a significantly different shape than the array stack. The MCCC
algorithm [VanDecar and Crosson, 1990], used in the end on the already well-aligned traces,
cross-correlates each possible pair of seismograms and uses a least-squares method to

calculate an optimized set of possibly additional residuals. The additional residuals are in
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practice almost always negligible, but this final step has the advantage of providing error-bars

to each measurement to be used as weights in the tomographic inversion.

We selected events larger than Mw5.4 in the epicentral range 28° and 98°. We band-pass-
filter waveforms around the secondary seismic noise peak ~0.2 Hz which dominates the
signal. Here we use two frequency bands for P but only one for S. Our experience is that two
smaller frequency ranges for S, as in Kolstrup and Maupin (2015), lead to more
monochromatic waveforms and a larger risk of cycle-skipping, but no clear benefit in amount
of data. This is different from the P wave where we see a clear benefit in using two frequency
bands. Regardless of the fact that these two frequency bands have different sensitivities to
the structure, and therefore contribute differently to the inversion, they also have a different
noise level. Although the noise level is in general lower in the high frequency range, it is not
always the case. Some travel times which could be measured only in the low frequency range
were very useful for filling some azimuthal gaps, data which would have been rejected with

ray theory phase picking.
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Figure 2. Number of residuals having passed the selection criteria at the different stations for P waves
(high and low frequency ranges), and for SH waves. In order to damp the dominance of the stations
with many data, the size of the dots is proportional to atan(N/10) where N is the number of residuals,
as illustrated with grey dots on plot a. Blue dots correspond to stations from the early network, orange
ones from the late network, and the red dot to permanent station PLCA which recorded during the whole

period.

Figure 2 shows the amount of data available at the different stations in the different frequency
bands, varying from 169 data at station PLCA for P waves in the high-frequency band down
to 1in a few cases. Some stations from the 2005-2006 network have a particularly low number
of detections, but this is compensated by the fact that they are closely spaced. By using
relative kernels, we can use all these data and do not need to discard some stations because

they have few data, or fair for a bias in resolution because the station density irregularity.

4. Relative kernels for Finite frequency body wave tomography

To solve the inverse problem from relative travel times to relative seismic velocity anomalies,
we follow the data-adaptive, multiscale, finite-frequency tomography described in detail by
Hung et al. (2011). This includes the computation of the 3-D Born-Fréchet (absolute) kernels
which express the influence of velocity heterogeneities on finite-frequency travel times [Dahlen
et al., 2000; Hung et al. 2000; Schmandt and Humphreys, 2010; Maupin and Kolstrup, 2015].
Our procedure has a simple additional step compared to previous studies corresponding to
the computation of the relative kernels from the absolute ones. The relative kernels are simply
the absolute ones minus the average of the absolute kernels corresponding to data from a
given event. This ensures consistency with the data, which are by construction relative

demeaned travel times.

We recall here briefly how they are constructed. We denote by K. the ordinary “banana-
doughnut” kernels, where c stands for a in case of P waves and 3 for S waves. They show the
sensitivity of the absolute traveltimes of P or S waves to the structure along their path from
one source to one station. The relative kernels K/ are defined as a function of the absolute
kernels K, as:

K{(%) = K.(X) — K:(%)
where K. is the average of the kernels associated with a given event:

— 1
R@ =7 > K®

stations
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and N is the number of stations having recorded that event.

They are illustrated with 4 examples in Figure 3. The kernel in Figure 3a is associated with the
P-wave residual at high frequency at station ES3R for an event in Guatemala. The event was
registered during the second period of station deployment, with stations located in the North
and South of the study region with a gap in between. The kernel has large positive values
beneath ES3R, showing a strong dependence on the structure beneath this station, but we
can also notice negative values spread in the whole region, corresponding to locations of
stations that have registered the same event. These negative values express that the residual
measured at station ES3R is with respect to the residuals measured at the other stations, and

that its value therefore also depends on the structure beneath these stations.
b c
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Figure 3. Relative sensitivity kernels for 3 cases of high-frequency P-wave data (plots a to c) and one
case of S-wave data (plot d). The upper panels show in red the station at which the data has been
recorded and in green the other stations having recorded the same event. The other panels show the
relative kernels at three selected depths with a color scale truncated at 20% of the maximum value of

the 3D kernel for better visualization

Figure 3b shows the kernel for the residual at station PLCA for an event in Ecuador registered
during the early period of deployment, when station PLCA was supplemented by a network of
stations grouped close to 46°S. The positive kernel values beneath PLCA are associated with
a strong patch of negative values where the other stations are grouped. This expresses that

the relative residual at PLCA depends on the contrast in structure between this station and
8
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the region further South. For the same event, the kernel of the residual at station AGUO1,
located in the group of stations, is shown in Figure 3c. Although a small negative value is
visible beneath PLCA, this kernel dominantly expresses that the residual at AGUO1 depends
on the contrast in structure between the region to the Northwest of the group of stations, where

AGUO1 is located, and the rest of the region beneath the network.

Figure 3d shows an example of kernel for an SH wave recorded at station WIND. For this
event on the South Pacific Ridge, 13 residuals were measured at stations rather well
distributed in the whole region. This small number of residuals leads to a kernel with clear
positive values beneath WIND and rather clearly identified smaller negative values at the other

stations having recorded the event.
5. Comparison of tomographies with absolute and relative kernels

As illustrated in Figure 3, the relative kernels are non-zero in a much larger part of the model
than the absolute ones. Inverting with relative kernels requires therefore to deal with a less
sparse matrix compared to using absolute kernels, increasing the computational cost. An
alternative procedure to combine heterogenous data used for example by Bezeda et al. (2010)
and Youssof et al. (2015) is to invert with absolute kernels and consider the average delay per
event as an event term. As most software include event terms, this new term can be absorbed

in the usual event term, allowing to use standard software without any modification.

This means that we have two options to account for the average term. We can incorporate it
in the kernels by building the relative kernels presented in the previous section and invert only
for the model parameters dc using the relative kernels to express the sensitivity of the data to
the model:

5t = [ K.(®)dc(%)dx

Or we can single out the average term, and, as this term is common to all stations for a given
event, consider it as an event-characteristic term. This so-called event term accounts for the
average structure beneath the stations which have recorded this event, giving the inversion
some flexibility to adjust the model to a different average structure for each station
configuration. Although it does not have the traditional meaning of the term (possible errors in
event location and timing, and in structure outside the inverted model), it can be incorporated
in the traditional event term and does not require any additional element in the inversion. This

leads to an inverse problem of the form:
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5t = [ K. (X)dc(®)dx + E,
where we invert for the model parameters dc using the absolute kernels and for an additional
event term E,. This term is considered as an independent parameter in the inversion although

it depends in reality on the structure through:

E, = —% 2 [ K.(®)de(®)dx

stations

This shows that inverting with the event term introduces an artificial trade-off between the

parameters of the inversion, a drawback avoided with relative kernels.

Inverting with event terms leads to the correct solution for the small test case given in Maupin
(2021) section 2.2 provided the event terms are given a much larger weight in the inversion
than the slowness values. We proceed with more realistic resolution tests to compare the
performance of relative and absolute kernels inversion. Figure 4 shows the results of four
resolution tests for two synthetic models, L1 and L2, varying the weights of the event terms.
Figure 5 shows the distribution of the values of the event terms for these inversions for model
L2, with an additional case with very little weight on the event term. The event terms for model
L1 and for the real data are shown in the appendix. In all cases, the inversion also includes

station terms with weight 100. Their values are shown in the appendix.

Let us first precise some technical elements of importance concerning the resolution tests.
The residuals are computed by combining the sensitivity kernels, either absolute or relative,
with the synthetic model and then demeaned event by event in order to simulate the actual
data procedure. The demeaning is also done when using relative kernels, although it is
actually unnecessary in this case. We have checked that the residuals computed with absolute
kernels and demeaned are strictly identical to those computed with the relative kernels. In
addition, noise with a standard variation of 0.04s, derived from data analysis, is added prior to

inversion.

10
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Figure 4. Resolution tests to compare inversions with relative and absolute sensitivity kernels. The
synthetic models L1 and L2 are shown in the two upper plots and L2 in the map to the right-hand side.
The map also shows the proposed contour of the Patagonia slab window as a green dashed line and
the location of recent magmatism as orange dots. The inverted models are shown in plots b for
inversions with relative kernels and event weight 100 and in plots c to e for inversions with absolute
kernels and event weights 100 to 10000. The models are only shown in regions with resolution of at

least 1% of the maximum of the resolution matrix.

The inversions with the relative kernels are the only ones that can clearly distinguish between
the two tests models. They have far less spurious oscillations with depth than those obtained
with the absolute kernels. The average model with depth is not constrained when inverting

relative residuals and vertical sections can therefore be biased by a wrong average depth
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model with for example oscillations. We interpret the emergence of these depth oscillations
as a result of the inversion forcing a zero-mean model at different depths for inversion with
absolute kernels, whereas this is not required for inversions with relative kernels, since the

kernels are themselves zero-mean, as already discussed in Maupin (2021).

The models resulting from the inversions with absolute kernels are not very different from each
other, although the deep low velocity zone to the East in model L2 is slightly better rendered
with the largest weight on the event terms. The weight has a very large incidence on the values
of the event terms. Using absolute kernels, the event terms are negligible for a weight of 1
(Figure 5 a) and increase to values between -5 and 5 seconds for a weight of 10000 (Figure
5e).
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Figure 5. Plots a, b, d and e: histograms showing the values of the event terms for inversions with
absolute kernels and different weights for the event terms for model L2. Note that the horizontal scales
are different for the different weights. Plot c in blue: inversion with relative kernels and event term weight

100, at the same horizontal scale as plot b.

The average residuals per event in model L2 reach large values of up to 0.85 seconds for a
few events that happen to be recorded mostly at few stations located above the
heterogeneiety, but otherwise vary from 0 to 0.2 seconds for 80% of the events (Figure 6).
The events term for a weight of 10000 correspond therefore to an underdamped solution with
respect to the event terms. The range of values is more correct for inversions with weights of
200 to 300 (Figure 6), but the inverted terms are often quite different form the real mean
residuals and most importantly the velocity models obtained with this damping of the event
terms do not vary significantly from models obtained without event terms. It appears therefore
that using event terms for absorbing the heterogeneity in the station distribution is not a very

good strategy. This might result from the trade-off between velocity and event terms.
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Figure 6. Comparison of the mean residuals per event for model L2 and minus the event terms after
inversion with event terms weights of 200 and 300. The events are sorted per increasing mean residual.
A general change in the mean model, which cannot be resolved with relative residuals, will produce a
vertical shift of the lines. This can explain why the event terms are in general lower than the mean
residuals. We observe in general an increase of the event terms for events with larger mean residuals,

but with large variations.

Using the same weight of 100 for the event terms, the inversion with relative kernels (Figure
5 c) leads to event terms one order of magnitude smaller than inversion with absolute kernels

(Figure 5 b). This shows that, even though they do not help much in improving the model, the

13
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event terms play a role in absorbing part of the residuals in the inversion with absolute kernels.
Theory says that they are not needed with relative kernels, and this is confirmed by the much

smaller values they get in that case after inversion.

In order to study the influence of using relative kernels instead of absolute ones with the real
data and to test the resolution gained by adding data from the earlier networks, we have
performed two tomographies of the P-wave data in addition to the one done with all the data
and the relative kernels, presented in Ben-Mansour et al. (2025). In the first case, we use all
the available data, but inverts with absolute kernels instead of relative ones. In the other case,
we use only data from the later network, in orange in Figure 2. In all cases we use station and
events terms with weights of 100. We refer to Ben-Mansour et al. (2025) for more details on
the parameters of the inversion and for a discussion of the model itself and its geodynamical
implications. We restrict ourselves here to an analysis of the differences between the three

models, shown at 200 km depth in Figure 7.

Although we do not combine data from different networks, we have still performed the
inversion of the reduced data set with relative kernels. This ensures that the differences we
see are related to the difference in the data set, and not in the methodology. In addition, even
without combining data from different networks, not all stations have good data for all events,
and every event in practice corresponds to a slightly different set of stations. This alone

justifies using relative kernels.
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a: Absolute kernels b: Relative kernels c: Reduced data set
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367  Figure 7. Maps at 200 km depth of P-wave models resulting from the inversion of the full data
368  set with absolute kernels (plot a), relative kernels (plot b), and (plot c) a data set reduced to
369 late events (2016-2023, see Figure 1).The models are shown only in regions with resolution

370 of at least 1% of the maximum of the resolution matrix.

371  The differences between the models are not drastic, but still clearly visible. Keeping only the
372 later data provokes a data gap of about 2° at the southern end of the Nazca slab, in a region
373  which is crucial from a geodynamical point of view. This model (plot c) does not show a
374  significant degradation in the resolution of the area of the gap compared to the one using all
375 data (plot b), possibly because the major geodynamic boundary is by chance in the middle of
376 the gap, a position that would be favored by default by an inversion. The model has slightly
377  stronger high velocities and slightly weaker low velocities, corresponding to a slight change in
378 the average model. As noted earlier, models derived using relative kernels do not need to
379 have zero mean, but the average is not resolved by the data and should anyway not be
380 interpreted.
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The model including all data but using the absolute kernels for inversion (plot a), has more
subdued large-scale features compared with the model using relative kernels (plot b). This
can best be seen in the high-velocity region corresponding to the Nazca slab (42° to 46°S),
and in the low-velocity region at (48°S-72°W). This is consistent with the results of the synthetic
experiment in Maupin (2021), showing that usage of relative kernels improves the large-scale

rendering of the inversion.

Another noticeable difference between plots a and b in Figure 7 is the presence of a negative
anomaly at about 69°S-49°E in the inversion with relative kernels whereas it is positive in the
inversion with absolute ones. As this difference has potentially important implications for the
geodynamical interpretation of the model, we have examined its resolution with the synthetic
tests presented in Figure 4. The two models present two alternatives for the low-velocity zone
associated with the Patagonia slab window: a simple deep low-velocity anomaly or a low-
velocity zone also extending eastwards beneath a faster continental region at the surface. As
noted earlier, the inversion with relative kernels is clearly able to resolve the difference
between the two models even though the area with high velocity at the surface is in a region
with low resolution. The difference is far less clear in the models derived with the absolute
kernels due to the blurring by extensive horizontally-lying anomalies. Between 200 and 300km
depth, the low-velocity anomaly is replaced by a high-velocity region, exactly as we observe

in the model resulting from the inversion of the data with absolute kernels (Figure 7, plot a).

6. Choice of phases and interference with other phases

In addition to the discussion above concerning how to use data with irregular coverage, we
would like to briefly discuss an additional element regarding quality control of finite-frequency
residuals that we have not seen discussed in other studies. As opposed to ray-based
tomography where data are usually individual phases arrival times picked at onset time, finite-
frequency tomography relies on correlation of filtered traces which intrinsically have a finite
time length. Measuring the residuals by cross-correlation of the waveforms with the stack
assumes that all waveforms are similar. Any distance-dependent variation in the waveform
would produce a bias. The method is therefore more prompt to bias by interference between
phases than onset-time based tomography and possible biases should be checked carefully.
Our procedure has an intrinsic iterative acceptance criterion based on the similarity of each

waveform with the stack. This is efficient in removing noisy individual waveforms but does not
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protect from biases due to gradually changing waveforms due for example to interference with

other phases than the phase of interest.

In the present study, we have used direct P and SH phases. As the region covered by the
stations is 14 degrees in its largest dimension, a small set of stations may fall out of this range
for some events and are then discarded. The lower epicentral limit is chosen to avoid the
range where direct waves have ftriplications and therefore complex waveforms. The higher
limit ensures that we do not include core-diffracted waves. We have tested if inclusion of core-
diffracted phases Pt could provide additional data. Although our data are filtered in a rather
narrow frequency range, we observe that the shift in frequency content associated with getting
further into the shadow zone introduces a bias in the residuals beyond the acceptable noise
level. The time windows used to extract the data are of 20 and 70 seconds for the P waves at
high and low frequencies respectively and 70 seconds for S waves. These windows need to
be long enough for the filters to work satisfactorily. They may include other phases than the
direct ones, in particular surface-reflected phases and core-reflected phases at the largest
distances. Concerning surface-reflected phases, they interfere with the direct ones only for
rather shallow events and have in these cases very similar slowness values. We have
therefore considered that the waveform does not change significantly across the network, and
that the slowness correction done when pre-aligning the data are valid for direct as well as
reflected phases. This has been verified manually and many of our data are a combination of
direct and surface-reflected waves, with the reflected ones dominating in cases of favorable

focal mechanisms.
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Figure 8. Stack (blue lines) of data after alignment by ICCS (orange lines) for events in Fiji and
Kermadec as a function of time (in seconds) annotated with the arrival times predicted by IASP91 at
the center of the station network. The 2 upper plots are for P waves in the high-frequency range, those
in the middle for P waves in the low-frequency range, and the bottom plots are for S waves. All cases
shown on the left-hand side have been retained for inversion, while those on the right-hand side have

been rejected.

The situation is rather different for the core-reflected phases which arrive shortly after the
direct phases which dive deep into the lower mantle. Despite similar paths, the difference in
slowness between the direct waves and the core-reflected ones is large enough to introduce
errors in the residuals if the core-reflected wave dominates the waveform. The amplitudes of

the two waves are however not totally independent. Since the waves depart from the source
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with very similar angles of incidence, they have similar amplitudes at the source and their
amplitude ratio is dominantly related to the reflection coefficient at the CMB. This coefficient
is smaller than 0.2 for P waves in the epicentral distance range 80° to 90° [Rost and Thomas,
2010]. This implies that the effect of the interference with the core-reflected phase should not
be a major issue in most cases for P waves. This is different for SH waves as they fully reflect
at the CMB. In addition, they may interfere with SKS waves. Also dominantly polarized as SV,
SKS waves acquire a transverse component in cases of anisotropy, as for example observed

in our study region [Ben-Mansour et al. 2022].

We have therefore introduced a rejection criterion in our data selection procedure. Events with
a maximum amplitude of the stack arriving after the theoretical arrival of the core-reflected are
automatically rejected. All other events which have core-reflected phases arriving within the
selected time window are visually inspected before acceptance. Figure 8 shows examples of
selected and rejected data. For our data set, rejection of possibly core-phase biased events
is not a major problem for P waves since they mostly belong to the Kermadec-Tonga-Fiji area
where the seismicity is plentiful For S waves, the selection is more difficult to do and
interference with core phases may add noise in the data. In any case, we recommend attention

to this potential issue and careful inspection of the waveforms.

7. Crustal correction

The near-vertical incidence of the direct P and SH waves used in general in regional body-
wave tomography does not allow for resolving the crust, but variations in Moho depth and
topography across the network affect the residuals and need to be accounted for. In regions
where the crustal structure is too poorly known, one can assume that the crust affects the
residuals in the same way for all events and contributes as a station term which can be inverted
for during the tomography (e.g. Civiero et al., 2016). However, the most common practice is,
in addition to a minor station term as in the present study, to correct for the crust using a global
model such as CRUST1.0 [Laske et al., 2013] or a regional model. In Patagonia, we were able
to use the regional crustal model from Mark et al. (2022), as presented in Ben-Mansour et al.
(2025).

It is well-established that the reverberations in the crust affect the travel times at different
frequencies in different ways, and that crustal delay times of high-frequency and low-frequency
data may be significantly different, in particular in oceanic domains and regions of thick

sedimentary basins [Obayashi et al. 2004; Yang and Shen, 2006; Ritsema et al., 2009;
19
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Kolstrup and Maupin, 2015]. The crustal correction of finite-frequency travel time residuals
should therefore be made frequency dependent. This is done in our study following the
procedure of Kolstrup and Maupin (2015) which uses the reflectivity method [Levin and Park,
1997] applied in a 1-D seismic model below each station. An important point is that it is
advantageous to perform the correction by appropriately shifting the time series with respect
to each other before performing the stacking and cross-correlation procedure. There are two
main reasons for that. Firstly, by correcting for known delays, we minimize the time differences
between the time series, reducing the risk of cycle skipping, and ensuring a faster
convergence of the stack. A second point, which is less obvious but nonetheless important, is
that relative body wave tomography assumes that the mean of the residuals for every event
is zero. Conducting crustal correction after measuring the residuals is likely to change the
mean of the data set, requiring further adjustment of the residuals, a pretty unnecessary

complicating step.

8. Discussion and conclusion

The advantage of combining data from different networks will vary from case to case. Often it
will be a matter of extending the region of study. In the present case, it is a matter of getting
the big picture in addition to a better resolution in a region of particular interest from a
geodynamical point of view. We see for example that with our data coverage using the relative
kernels is crucial for imaging the eastward extension at depth of the Patagonia slab window,

which is of major geodynamical interest.

In our application, replacing the relative kernels by absolute kernels supplemented by event
terms produce a clearly degraded velocity model. Actually, the introduction of event terms did
not affect the model compared with an inversion with absolute kernels only. We could not find
damping values of the different terms that would solve the problem in the framework of our
data-adaptive multiscale inversion regularization. Event terms have been used for taking into
account station heterogeneity [Bezeda et al., 2010; Youssof et al., 2015], but we are not aware
of synthetic tests to study their efficiency with other regularization approaches than ours. It

could be interesting to test this further before future applications.

Instead of using relative kernels, one can invert the differences in residuals between pairs of
stations. This also allows combining data that have not been registered at all stations

simultaneously. This procedure was chosen by Kondo et al. (2024) for a P-wave data set partly
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overlapping with the one we use here. The kernels to be used in that case are then just the
difference between the two absolute kernels of the pair of stations involved [Hung et al., 2000].
The main disadvantage of this method is to increase the size of the inverse problem since the
number of data points per event is basically the square of the number of original residuals,
without actually increasing the information content. Depending on how the residuals are
calculated, one also loses the great advantage of MCCC where the compatibility of the
residual differences between pairs of stations is used for data quality analysis and error bar
assignment. Other alternatives are to use a 3D reference model derived from surface wave
inversion [Rawlinson and Fishwick, 2012], to anchor residuals to some permanent stations or
to link the residuals to a global model, moving from relative residuals to absolute ones [Chevrot
2002; Weidle and Widiyantoro 2005; Burdick et al. 2008; Boyce et al. 2017]. The advantages

and disadvantages of these alternatives are discussed more in details in Maupin (2021).

We have also presented which selection criteria we have used to avoid bias in data by
interference with core phases at large epicentral distances. Due to the length of the time
windows on which we have to operate, using low-frequency data is more challenging than
using high-frequency data or picking arrival times. This is particularly true for S wave data at
epicentral distances close to the shadow zone. The quality of the inverted model is totally
dependent on a correct selection of the data on which to measure residuals. Although we
experience that the ICCS algorithm is very efficient in removing noisy traces and cases with
incoherent waveforms, an automatic procedure is not able to deal with all cases and manual

review of all data is an advantage.

Although regional body-wave tomography only provides relative velocity anomalies, it is a
popular method for exploiting data from numerous seismological station deployments.
Especially in association with surface wave studies, it can provide the resolution necessary to
answer intricate geodynamical questions difficult to address with global models. In this paper,
we have shared some recommendations for data processing and inversion gained through
our experiences with a tomography of Patagonia and shown in particular that data from
asynchronous networks can be combined and that usage of relative sensitivity kernels is
superior to the introduction of event terms to take into account station distribution

heterogeneity.
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terms, and that one can therefore consider that the trade-off between the two types of terms is

not significant. Using relative or absolute kernels has also very little impact on these values.

30



8 T T T T T
oL a event weight: 1
a4 il
2 .
| : | 1Ll .
-0.1 -0.05 0 0.05 01 0.15
8 T T T T T
b 100
6 -
4l ]
2 - -
L x M1} T .
-0.1 -0.05 0 0.05 01 0.15
8 T T T T T
L _ 100 |
relative kernels
4t -
2+ -
0 | | | | |
-0.1 -0.05 0 0.05 01 0.15
8 T T T T
Ld 1000 |
4t i
2 - -
0 1 1 II l 1 1
-0.1 -0.05 0 0.05 01 0.15
6 T T T T
e 10000
4 - -
1 “ —
L , | | 1 .
-0.1 -0.05 0 0.05 01 0.15

station delays (s)

734
735 Figure A4. The same as Figure A3 for the synthetic model L2. As anticipated, the stations terms

736  are very small in this synthetic case with no crustal variation.
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