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1 INTRODUCTION

SUMMARY

Ground shaking induced by earthquakes often introduces transient changes in seismic veloc-
ity monitored with ambient noise. These changes are usually attributed to relaxation behavior
following the co-seismic damage in the subsurface and are of relevance for postseismic hazard
mitigation. However, the velocity evolution associated with this phenomenon can occur at very
small timescales and amplitudes that are challenging to resolve with seismic interferometry and
that are challenging to link to laboratory experiments. A way to improve the temporal resolu-
tion of the velocity time-series is to test whether the estimation of the relative seismic velocity
changes dv /v obeys the ergodic hypothesis in which the joint use of co-located stations would
lead to better resolved measurements. In this study, we present results from a dense seismic
array that was deployed for two weeks at the remarkable Patache site in Chile. Thanks to high
temporal averaging capabilities, we are able to resolve seismic velocity changes in the 3-6 Hz
frequency band at a 10-minutes resolution around the occurrence of a moderate earthquake
(PGV ~ 1 cm/s). We report a velocity drop of ~0.5% in the first 10 minutes after ground shak-
ing that precedes a recovery to ~50% of the initial pre-event value within the first two days. The
shape of the recovery follows a log-linear shape over the whole observed recovery phase, anal-
ogous to slow dynamics experiments. When normalised by the total amount of processed data,
we show that the ergodic hypothesis almost perfectly holds in our network: the dv/v signal to
noise ratio (SNR) obtained when averaging a few observation with large stacking durations for
the correlation functions is almost equal to the SNR when using a large number of observations
with small stacking durations. Additionally, we use the array capabilities to identify the surf at
the shoreline as the source of the noise and to derive a 1D shear velocity profile with the focal
spot imaging technique and a transdimensional Bayesian inversion framework. The inversion
shows that hard rocks lie close to the surface indicating that this material hosts the observed
velocity changes. We discuss our high-resolution measurements and attribute them to a stable
noise source excited by the shore, the ergodicity property and an ideal subsurface structure.
Finally, we discuss the effect of moderate earthquakes on subsurface damage and the potential
relaxation processes in hard rocks.

Key words: seismic interferometry - earthquake damage - relaxation - slow dynamics - ambi-
ent noise - ergodicity - seismic velocity - nonlinear elasticity

permafrost thickness (Overduin et al.||2015} |Albaric et al|[2021};
Lindner et al.2021) and volcanic activity (Sens-Schonfelder et al.
2014} [Budi-Santoso & Lesage|[2016; |Donaldson et al.|2019). The

Monitoring of seismic velocity changes obtained from ambient
noise cross-correlations is now a widespread technique among seis-
mologists. Because the seismic velocity in rocks is sensitive to
many forcings, this tool has been used to constrain various dynam-
ics in the subsurface such as changes in groundwater (Lecocq et al.
20175 |Gassenmeier et al.[[2015; IClements & Denolle![2018; [Illien|
et al.|2021)), soil moisture (Dietze et al|2020; |Oakley et al.[2021),

use of seismic interferometry has also enabled the study of rock
properties changes in response to in-situ strain induced by sur-
face temperature (Richter et al.||2014} [Lecocq et al.|[2017), Earth
tides (Takano et al|[2014} |Sens-Schonfelder & Eulenfeld|[2019)
and more notably to dynamic strain due to ground shaking dur-
ing earthquakes. Indeed, there is a plethora of seismic interfer-
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ometry studies that were conducted following major earthquakes
(Brenguier et al.|2008; [Nakata & Snieder][2012; |Viens et al|2018}
Qin et al.|2020). Most of this literature shows 2 distinct phases: a
short co-seismic phase in which the seismic velocity drops and a
post-seismic phase in which the velocity recovers in a non-linear
fashion. This latter phase is called relaxation or slow dynamics and
can last for several years (Brenguier et al.|[2008; [Marc et al.|2021).
These time-dependent changes of the seismic velocity suggests that
earthquakes induce a lingering effect in subsurface rock properties
that may cause other transient observations such as changes in per-
meability (Manga et al.|2012; [[llien et al.|2021) or landslide rates
(Marc et al.[2015).

The time dependency of the elastic behaviour is linked to a
non-classical type of elastic non-linearity. This behaviour has been
reproduced experimentally in a wide range of materials ranging
from rocks (TenCate et al.|[2000; [Brantut| 2015; |Shokouhi et al.
2017a) over concrete (Bekele et al2017) to unconsolidated gran-
ular samples (Knight et al|[1995), which suggests that this phe-
nomena is universal (Snieder et al.|[2016). The transient dynam-
ics is generally interpreted as the result of /) a phase of “damage”
during deformation that arises from a variety of contacts (Ostro-
vsky et al|2019; [Sens-Schonfelder et al.[2019) which are broken
at grain boundaries or at defect locations and 2) a phase of “heal-
ing” associated with thermally activated processes that bring the
metastable contacts towards a new equilibrium state — a phase also
called slow dynamics or relaxation (Guyer et al.|[1999; [TenCate
et al.|2000). In rocks and near-surface geomaterials, this contact
recovery is thought to happen due to micro-cracks and fracture
closure (Meyer et al.|2021) or re-arrangement of frictional shear
zones (Lieou et al.|2017) and with a large contribution of chem-
ical processes modulated by moisture (Brantut [2015 Bittner &
Popovics|2021} |Gao et al [2022). Corresponding physical and phe-
nomenological models can be developed from laboratory observa-
tions thanks to a fine control of the strain disturbance (Remillieux
et al.|[2017), a well-resolved temporal acoustic monitoring system
(that can observe relaxation timescales down to fractions of a sec-
ond (Shokouhi et al.|[2017b)), simplified geometries (Yoritomo &
‘Weaver||2020) or the knowledge of the physical properties of the
chosen rock samples. However, the application of models to field
observations is challenging due to poorly resolved velocity mea-
surements, superimposed influences and depth-dependent proper-
ties. Indeed, the stochastic nature of the seismic ambient noise
wavefield requires temporal stacking of the noise correlations to
recover the stable pseudo Green’s function that is required for ve-
locity monitoring (Xu et al.[2021). This reconstruction controls the
final time-resolution of the obtained dv/v measurements. More-
over, constraints on the subsurface structure and velocity are rarely
available. These limitations prevent us from answering fundamen-
tal questions that would bridge the gap between field observations
and models, which includes what is the impact of small/moderate
shaking perturbation, what is the shortest relaxation timescale in
the field or in which structures/rocks the relaxation is likely to oc-
cur in the subsurface?

To address these questions, we performed seismic interfer-
ometry study using a dense seismic array in Patache, Chile (Fig.
[I) located around the permanent station PATCX in the IPOC net-
work. This station has produced remarkable results with observa-
tions of stable velocity changes induced by the Earth’s tides (Sens-
Schonfelder & Eulenfeld|[2019), earthquakes (Gassenmeier et al.
2016) or temperature (Richter et al.|2014). The relative success of
these studies suggests that the conditions at this site are particularly
suited for monitoring studies. In this paper, we attempt to increase

the time-resolution of the velocity changes retrieval at Patache with
the ergodic hypothesis (Moore|[2015): We assume that the aver-
age statistical properties of the diffuse noise wavefield across the
dense network (the ensemble average) during a short time interval
at time ¢ is similar to the average statistical properties recorded at
one station over a larger time span (the time average). If this as-
sumption holds, by spatially averaging the results obtained from
co-located stations, one can significantly reduce the time window
needed for stacking correlation functions and therefore improve the
time-resolution of stable velocity change measurement dv. This
hypothesis has been made implicitly in previous studies (Sens-
Schonfelder et al.[2014; [Illien et al.[2022) but not tested. Here, we
address the validity of this assumption explicitly.

Using this technique, we report stable observations of veloc-
ity changes at a 10-minute resolution for a period of ~ two weeks.
We measure a slow dynamics behaviour down to a minute 0.5 %
amplitude in the relatively high 3-6 Hz frequency band. Utilising
the dense network, we also compute the local Rayleigh wave dis-
persion curve using the focal spot imaging technique. We invert the
obtained results for a 1D shear velocity profile using transdimen-
sional Bayesian inversion and show that the relaxation changes are
hosted in a hard rock site.

We describe the data and methods in section 2l In section 3.1
and 3.2, we present the seismic velocity changes results and the
inferred 1D shear velocity profile obtained at our field site. Sec-
tion 4 is dedicated to the discussion, notably on the stability of the
velocity estimates and the relaxation processes in hard rocks. Con-
clusions are in section 5.

2 DATA AND METHODS
2.1 The Peso array

The Peso array consists of 15 geophones (3-components) located
around the broadband station PATCX of the Chilean IPOC network
(GFZ German Research Centre For Geosciences & Institut Des
Sciences De L' Univers-Centre National De La Recherche CNRS-
INSUJ(2006), Fig.[I). Stations were installed on the 21st of October
2018 with nine stations recording for ~ two weeks while the others
were relocated after ~ 1.5 days . The array geometry was designed
in a circular-triangular pattern to maximise different inter-station
distances and optimize the usability for different tasks such as the
study of the noise sources, the investigation of the subsurface veloc-
ity structure and the monitoring of velocity changes. Placed on top
of an escarpment located at 70 km south of Iquique city (Fig.m Fig.
S1), the stations have an elevation of about 600 m above sea level.
After performing a beamforming anaylsis (method in Text S1), we
estimate that the array is strongly dominated by waves propagating
in the network from the south-west direction with a slowness of
0.65 s/km (Fig[Tf).

2.2 Seismic interferometry for retrieving relative seismic
velocity changes

We compute ambient noise cross-correlations to estimate relative
seismic velocity changes dv/v (Sens-Schonfelder & Brenguier
2019) using the stations that were installed for two weeks (9 sta-
tions) and the permanent station PATCX (Fig. [T). We first prepro-
cess the seismic traces to limit the effect of high-amplitudes arrivals
such as earthquakes on the correlations. These signals are numer-
ous in the seismically active continental margin of northern Chile
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Figure 1. Map of the study area and beamforming analysis. a. Location
of the PESO array relative to Chile. The red star indicates the epicenter of
the 1st of November 2018 earthquake. b. Geometric setting of the PESO
array. The blue triangle stands for the permanent PATCX station. The circle
indicates our convention for the inner ring and the outer ring for this study c.
Results of the beamforming analysis. Colorbar indicates the relative energy
level that is reported on the azimuthal plot.

due to many small earthquakes (Gassenmeier et al.|[2016; [Sens-
[Schonfelder & Eulenfeldi2019). To minimise unphysical bias intro-
duced by non-linear normalisation schemes such as the 1-bit nor-
malisation or spectral whitening [Fichtner et al.| (2017), we choose
a statistical approach to identify the time segments which contain
the short-term high amplitudes and remove them from the analysis.

Due to its multiple scattering nature, the recorded seismic
wavefield follows a Gaussian probability distribution (?). The am-
plitudes of the envelope of such a field are Rayleigh-distributed.
The corresponding distribution is defined by a single scale param-
eter 3 (McNicol|[1949}, [(Oshima & Takenakal2020):

p(a) = == exp (;ﬁz> (1)

where p(a) denotes the probability density of a.

The ballistic arrivals and coda waves induced by a seismic
event or a local disturbance unavoidably superpose on the back-
ground noise and increase the amplitude of the recorded field,

3

changing the scale parameter (3. Our approach consists of build-
ing amplitude predictions based on an estimate of 8 dominated by
the background noise and compare it to short-term estimates of the
mean squared envelope that are dominated by large transient am-
plitudes.

In a first step, we filter the seismograms and compute the en-
velopes a(t) using the Hilbert transform. The mean of the loga-
rithm of the envelope is linked to the scale parameter 3 through
the log-Rayleigh distribution (Rivet et al.J2007). Since the mean of
the logarithm down-weights large amplitude samples, we obtain an
estimate of 8 that characterises the amplitude of the background

field. According to (2007), B can be retrieved from the

following relationship:
B1 =exp |lna(t) — %(ln 2—7) (2)

In this equation, + is the Euler’s constant and In a(t) =
1/N Y. 1In(a;) is the logarithm of the geometric mean. Corre-
sponding computations were performed in 1-hour segments to
down-weight furthermore the short-lived high amplitudes of earth-
quakes or other local disturbances. The assumption is that these
disturbances, despite potentially being orders of magnitudes larger
than the background, do not significantly bias this estimate of
due to the logarithm and the long term averaging. 31 can be used
as a prediction of background amplitude even if perturbations su-
perpose the recorded signal.

In a second step, we obtain a short term estimate over 1-minute
time windows of 8 with the intention to identify the high amplitude
disturbances. Therefore, we estimate 3 from the mean squared en-

velope (McNicol|1949):
B2 = V2a2 3)

with a2 = 1/N Zl a? being the arithmetic average of the squared
envelope. If the seismic signal is Rayleigh-distributed with a sta-
tionary scale parameter, the two estimates (31 and /32 will be equal.
Short disturbances superposing the background signal are very well
discriminated by the ratio 2/81 even for fairly small additional
signals.

We illustrate this process in Fig. [2| by comparing the ampli-
tude of the signal, the predicted background signal amplitude de-
rived from (; and the short term high amplitude estimate derived
from Bs. To identify segments containing disturbances, we calcu-
late the ratio of B2/81 and compare it to a threshold value I that
we set equal to 1.6 based on visual inspection of the performance.
We construct a mask that we set to zero for all 1-minute segments
with 82/81 > I and to 1 otherwise (Fig. ). In a last step, we
taper the edges of the mask and save it to a file. We build masks for
every station of the network using the vertical component filtered
in a narrow band centered at 4Hz. On average, we found that 10 to
40% of the seismic traces were muted depending on the day and
the station considered (Fig. S2).

Following the previous calculations, we trim the traces to 1-
minute segments and resample the data at 50 Hz. We taper and filter
the data in the 3-6 Hz frequency band. This band was chosen be-
cause of the stable results it has provided in previous studies at this
site (Richter et al.J2014};|Gassenmeier et al.[2016}[Sens-Schonfelder|
[& Eulenfeld|2019). Finally, we mute the raw traces with the com-
puted masks (Fig. ). We calculate all possible cross-correlation
combinations which include all autocorrelations AC (ZZ, EE, NN,
30 combinations), single station cross-correlations SC (ZN, ZE,
EN, 30 combinations) and interstation cross-correlations CC (9
components cross-correlation tensor after rotation for 405 combi-
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Muting of PA31-SHZ (2018-10-26, 9:00-11:00)
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Figure 2. Muting of the seismic trace, an example. a. The black trace shows two hours of vertical data at the station PA31. The other trace stands for the
muted version with a close-up for clarity. b. The blue line indicates the estimates of S2 based on the average squared envelope of the raw trace shown in a at a
1-minute resolution. Orange line shows the prediction of 51 based on the squared envelope predicted by the log-Rayleigh distribution at each hour. The ratio
of the observation and the prediction is shown in black with the red line indicating the threshold used for muting the raw trace.

nations). We cross-correlate the 1-minute segments and stack the
results over intervals of 10 minutes.

To estimate the average relative velocity changes dv/v, we
use the stretching technique [Sens-Schonfelder & Wegler| (2006),
assuming the velocity changes are spatially homogeneous. For each
combination, we compute the stretched versions of the correlation
functions C'(¢;, 7) where ¢; is the date and 7 is the lapse time of
the correlation function. We use the 7 to 16 seconds lapse time
window ([71, 72]) and compare them to a unique reference &, that
is taken as the average cross-correlation function of the whole time
period. This allow us to form the similarity matrix with €; being
the stretching factor:

Ry (ti e5) = / ’ C(ti, 7)ér (T % (1 4+ ¢5))dT. 4)

T1

These similarity matrices R, (¢;,<;) can be all stacked to ob-
tain the final dv/v representative for the entire field site (Fig. S3).
Details for calculations can be found in|Illien et al.|(2021) in which
we used the same computation scheme for the velocity changes es-
timation.

2.3 Estimation of the Rayleigh wave dispersion curve

To constrain the range of absolute velocities in which the relative
changes dv /v occur and resolve the subsurface structure at our field
site, we estimate the average 1D Rayleigh wave dispersion curve.
We use the data recorded on the 22nd of October by the 16 stations
network (Fig. [[) to maximize the number of available interstation
distances. We preprocess the traces by correcting for the instru-
ment responses, filtering in the 0.25-16 Hz range and muting high-
amplitudes arrivals with the technique described in section 2.2.
We use the focal spot imaging technique to obtain Rayleigh
wave phase velocities [Hillers et al.| (2016). This technique is based
on the spatial width of the zero lag cross-correlation field and aims
to reconstruct the high-amplitude focal spot that emerges due to
time-reversal properties (Conti et al.[[2002} [Fink|2008). To nor-

malise amplitudes between the different stations, we compute in
the Fourier domain the cross-coherence . For two stations A and
B, we have

 wa(w)ulw)
a5 00) = ) s ()]

®

with u4 and up being the waveforms recorded at stations A
and B and w the angular frequency. We perform the computation on
hourly segments and stack the 24 resulting cross-coherence func-
tions of the 22nd of October for each ZZ interstation combination.
We assume that the wavefield is dominated by Rayleigh waves. In
this case, the cross-coherence amplitudes at the zero lag time 7 (for
77 combinations) can be expressed as (Hillers et al.[2016)

A(r,7=0) ~aJo(kr)e ", (6)

In this equation, r is the interstation distance, k is the
wavenumber, o is a scaling constant that accounts for the prepro-
cessing and « is an apparent attenuation coefficient. .Jy is the Bessel
function of the first kind. The first zero crossing of equation (6) is
located at

3
0 — =
=2 0

with A being the wavelength. From fitting relations (6) and (7),
one can see that phase velocities for different frequencies can be
obtained with a suitable interstation distance coverage r. To obtain
w, we apply a 0.5 Hz wide bandpass filter on the cross-coherence
functions centered around target frequencies between 0.5 Hz and
2.75 Hz with a frequency increment of 0.25 Hz. We fit the data
in a procedure similar to [Hillers et al.| (2016): we first use all the
available amplitudes to obtain a first estimate for the wavelength A
(red lines in Fig. ). Then, we fit the combinations that are within
the first 0.7 A (green lines in Fig. [B) to obtain a second improved
estimate: At distances larger than one wavelength, the estimation
can be contaminated by scattering and topography effects (Hillers
et al.|[2016), hence we estimate the velocity closer to the first O
crossing. We obtain 10 measures for the dispersion curve that we
reinterpolte to 20 data points with the Geopsy software.
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Figure 3. Focal spot fitting results. Each plot indicates the result from a different central frequency (indicated in the titles with the corresponding inferred
phase velocity). Y-axis represents the amplitude of the cross-coherence ZZ functions at zero lag time while the x-axis shows the interstation distance. Red and
green lines show the fitting from the first iteration and second iteration respectively. Dashed lines indicate the 0 amplitude.

Vs [km/s] 0.5,4)
z [km] 0, 1)
number layers (1,12)
Vp/Vs (1.5,2.2)
noise [km/s] (le-4, le-1)

Table 1. Parameters priors used in the inversions.

2.4 Inversion of the 1D shear velocity profile

We invert the dispersion curve with BayHunter (Dreiling &
Tilmann 2019} Dreiling et al.[2020), a python package dedicated to
Markov chain Monte Carlo transdimensional Bayesian inversion.
The main advantage of a Bayesian inversion is the retrieval of an
ensemble of models and a better assessment of uncertainties in the
retrieved solutions. Another advantage in that the model complex-
ity i.e the number of layers (hence transdimensional) and the noise
in the data are unknown hyper-parameters that are determined dur-
ing the inversion process. For more details regarding the algorithm,
we refer the reader to the paper of Bodin et al.|(2012)) and the doc-
umentation of BayHunter (Dreiling & Tilmann/[2019).

In this paper, we focus on estimating a shear-velocity profile
and the Vp/Vs ratio. We give a range of possible solutions for
these physical parameters and the hyper-parameters as priors for
the inversion (Table 1). 50 Monte-Carlo chains are initialized to
explore enough possibilities in the parameter space, using a total of
772608 iterations with a 2:1 ratio between the burn-in phase (ini-
tial exploration) and the exploration phase in which we look for the
possible models. Some of the chains fail to converge as they return
significantly smaller likelihoods than most chains after the burn-in
phase: The threshold controlling the convergence is a percentage
(here taken as 95%) of the maximum reached median likelihood
from the chain ensemble. The chains not reaching this median like-
lihood are declared outlier chains. The final posterior distribution
gathers 100,000 models by subsampling all non-outlier chains. We
interpolate the results at a 50 m resolution.

3 RESULTS
3.1 Relative Seismic Velocity changes
3.1.1 The dv/v time-series

Measurements of relative seismic velocity changes for each indi-
vidual cross-correlation combination appear to be strongly scat-
tered, although the measurements converge towards a clear dynam-
ics when all plotted together (black dots, Fig. fi). To illustrate
the precision that can be obtained with a single station we show
the measurements jointly obtained using the six possible combina-
tions of the permanent station PATCX (autocorrelations and single-
station cross-correlations) with the blue curve in Fig. Bh. The high-
est precision is obtained when using all combinations in the net-
work, reducing the noise to an apparent ~ 0.05% (red line, Fig.
B). For all measurements, we observe periods with larger scatter
that we attribute to changes in the noise wavefield. These changes
are seen in the traces amplitudes computed when building the pre-
processing masks (Fig. Bp). We attribute the larger amplitudes (ob-
tained here at 4 Hz) to strong winds in the afternoon.

We observe little to no velocity changes from the 22nd of Oc-
tober to the 1st of November. A clear drop of ~0.4% is then visible
and simultaneous with the Mw 6.2 earthquake that occurred at ~
150 km from the array (Fig. [Th). Averaging all horizontal compo-
nent envelopes in our network, we measure a ground shaking inten-
sity of the event to ~1 cm/s PGV (Fig. S4). The velocity drop was
recovered to 50% of its initial value after two days, with strongest
recovery at early times after the co-seismic drop. The duration of
our data is not sufficient to see a full recovery, hence reduced ve-
locities appeared sustained for the observation time.

3.1.2  Stability of the measurement

We quantify the effect of multiple station averaging relative to the
noise level in the dv /v estimation. The standard deviation of the ve-
locity values during the 10 days prior to the earthquake can be plot-
ted as a function of the stacking duration window and the number of

distance r [m]
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Figure 4. PESO dv /v time-series. a. Each black dot indicates an estimation using a single cross-correlation combination in the network. Blue line shows the
joint result using the 6 self-combination of the PATCX station. Red line shows the results using all 405 combinations. Time resolution is 10 minutes. b. Noise
amplitudes time-series at 4 Hz. Each lines represents the hourly logarithm of the hourly-averaged noise amplitudes for all the stations deployed during the 2
weeks. Opacity is a function of the curves overlap. Traces were processed with a 4 Hz Gaussian filter beforehand.

combinations used (Fig. ). Assuming that the velocity variations
during this time-span is mostly due to noise, the standard deviation
of the dv/v time-series is a good proxy for the measurement sta-
bility. Because we exploit a late time-window (7-16s) in the corre-
lation function for measuring the dv/v changes, we ensure to min-
imise diurnal physical changes that arise at earlier time-windows
(Richter et al.|2014} [Sens-Schonfelder & Eulenfeld2019)). To con-
struct the plot, we use all 6 self-correlations (AC+SC) for each of
the ten stations. After shuffling the 60 combinations randomly in
a list, we split them into multiple subsets corresponding to 6 (10
subsets), 10 (6 subsets), 15 (4 subsets), and 30 combinations (2
subsets). For each subset, we average the velocity changes using
the similarity matrix stacking (equation 4) described in the meth-
ods (section 2.2) and extract the standard deviation of the obtained
dv/v. We perform these calculations at several time resolution us-
ing different durations for the stacking window of the correlation
functions ranging from 1 minute (no stacking) to 1 day stack. Fi-
nally, we also build the plots considering only the inner-ring sta-
tions (interstation distances from 260 to 670 m) and the outer-ring
stations (interstation distances from 570 to 1580 m). The ring con-
ventions are shown in Figure Tp.

The standard deviation always increases when using a lower
number of combinations (Fig. Eh—c). For all curves, smaller stack-
ing duration consistently also yields larger standard deviations.
However, this deterioration systematically happens at different
thresholds depending on the number of combinations used (Fig.
Ela-c). This threshold is important as it drives the transition towards
standard deviations that can be one order of magnitude higher at
smaller time-resolution. Surprisingly, for large time windows, the

average standard deviation of the outer ring stations (36 combina-
tions, Fig. Bk) is smaller than the average using all combinations
(Fig.Bh).

To illustrate the improvement of the estimations when using
more stations, we plot the ratio between the standard deviations
measured using 6 combinations and 60 combinations (Fig. Eh—f).
Theoretically, the reduction of the standard deviation of a sum of
independent random variables with the same mean and variance
should obey to a factor of 1/v/N with N being the number of vari-
ables. For all combinations, we indicate this theoretical reduction
using N = 10 (10 stations), N = 4 for the four inner ring sta-
tions and N = 6 for the six outer ring stations. We observe that
the improvement of the dv /v result is not significant at both large
time-windows and at small-time windows (Fig. Eh—ﬂ. However, in
an intermediate sweet spot, the ratio reaches and plots even under
the theoretical reduction limit.

Finally, we normalised the standard deviations shown in Fig-
ure Eh by the amount of data used to obtain a velocity estimation.
The resulting plot shows a remarkable collapse of the data point
along a single non-linear decreasing trend (Fig.[6). Using our aver-
aging method, the same signal to noise ratio can be achieved by ei-
ther using more stations and smaller stacking time-windows or us-
ing less stations with more stacking, as long as the same amount of
’information’ is used. Under these conditions, the ergodicity prop-
erty can therefore be validated. Practically, this also means that a
good precision can be obtained with one station at the cost of hav-
ing larger stacking time and therefore a lower time-resolution. We
note that above the 10% minute mark, the standard deviations ex-
hibit a step change and the agreement between the points is less
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Figure 6. Noise in the seismic velocity time-series normalised by the total
amount of used seismic data. Data are the same than in FigureEh but nor-
malised by the total length of the seismic traces.

striking. Knowing that small daily velocity changes due to temper-
ature (Richter et al.|2014)) or the Earth’s tides (Sens-Schonfelder &
Eulenfeld|2019) are active at the Patache field site, we attribute the
degradation to physical effects that are more or less smoothed or
averaged at large stacking times depending on the number of used
combinations.

3.2 Shear velocity profile

The inverted 1D shear velocity profile is shown in Figure[7h along
with the target dispersion curve which we inferred from the focal
spot imaging technique m: The average shear velocities are in the
1250-2000 m/s range (mean = 1600) in the first ~ 200 m and in
the 2400-3200 m/s range (mean=2750 m/s) in the ~ 250-1000 m
depth range. The profile and the histogram of the layers depths is
characterised by a clear two-layer structure (Fig. [Jabd) with abso-
lute seismic velocities indication a hard-rock site. Most of inferred
models result in smoother version of the target dispersion curve
(Fig. m:) with a noise level in the measurements estimated at a 25
m/s median value (Fig.). The Vp/V s ratio is poorly constrained
but exhibits a median value of 1.58, typical of crystalline rocks or
consolidated sediments Mavko et al.|(2009)).

We note that the average velocity value inferred in the shal-
low surface (~1600 m/s) shows a rather good agreement with the
apparent velocity (~1500-1600 m/s in the 4-6 Hz frequency range)
inferred from the beamforming analysis performed to characterise
the noise distribution (Fig. [Tk). To refine the velocity profile, we
performed a second inversion with the same method, adding the
rough estimate of the high frequency phase velocity obtained from
the beamforming analysis (velocity at 1550 m/s at ~4 Hz) to the
target dispersion curve (Fig. S5). The obtained velocity profile em-
phasises the 2-layer structure with a discontinuity at ~200 m depth
and refines the shear velocity to 1550-1600 m/s in the superficial
layer and ~2750 m/s in the second layer. However, these secondary
results should be interpreted with caution, as velocity measurement
with beamforming may be flawed due to the potential steep inci-
dence of body waves (Rost & Thomas|2002).
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Figure 7. Inversion of the 1D shear velocity profile and corresponding target dispersion curve. a. Inferred shear velocity profile interpolated at a 50 m
resolution. Green and blue lines shows the mean and the median value of the best retained models. Dashed black lines indicated the standard deviation. b.
Histogram of the depth of the inferred layer structures c. The green line shows the dispersion curve that we use for the inversion, the other curves showing the
best fit obtained for each chains . Histograms corresponding to the other inverted parameters are shown in d. for the number of layers, in e. for the noise level

in the measurements and in f. for the Vp/Vs ratio.

4 DISCUSSION
4.1 Conditions for stable velocity measurements

Finer time-resolution using passive seismic monitoring is a long
standing challenge in seismic interferometry. Previous attempts to
tackle this issue include denoising the cross-correlations with adap-
tative filters (Hadziioannou et alJ20T1) or convolutional autoen-
coders (Viens & Van Houtte[2020), performing single-station cross-

correlation at higher frequencies (Hobiger et all[2014), stacking
more short time-windows instead of a lower number of long time-

windows or tracking a persistent phase in the cor-
relation functions (Cu & Ben-Zionf2022). In our study, we took the
simple road of combining more stations for testing the ergodicity
of the seismic velocity estimated from the noise wavefield.

The velocity change measurements were improved, with a
noise level down to one order of magnitude lower than the one ob-
tained with one station (6 combinations), depending on the length
of the stacking window (Fig. 3). The theoretical limits plotted in
Fig.[5j-f give a limited prediction of this improvement which indi-
cates that our assumption of independent variables with the same
mean and variance may not hold. However, at intermediate stack-
ing length, the refinement of the results is clear (Fig. BH-f). Out-
side of this intermediate range, the benefits are limited: With small
stacking windows, the space-averaging is not sufficient to counter-
balance the requirement of a minimum time duration for an effec-
tive statistical noise source summation (Fichtner et alJ2017). At the
other end, with large stacking windows, the time-averaging is long
enough for stable measurements and is not improved greatly when

adding more stations. We conclude that the sweet spot between
these conditions could be constrained with pilot deployments to
optimise the number of stations needed for high-resolved temporal
measurements. Ultimately, the ergodicity hypothesis was satisfied
as long as the same amount of data was used (Fig. [6), suggesting
that the stacking time of the correlation functions should be decided
upon the number of available stations.

We found no significant effects when using different intersta-
tion distances (Fig. Bpc). However, the effects of this parameter
should be investigated further because it is thought to be critical
for optimised measurements as it controls the overall correlation
of the observed wavefield at the different stations (relative to the
targeted monitoring frequency). The largest correlation should be
obtained when the interstation distance is on the order of the mon-
itoring wavelength A. At 3-6 Hz and using 1600 m/s for Rayleigh
waves, we obtain A ~ 266 — 533 m. With the 90-1600 m range
in our array, we have therefore a mixture of correlated and uncor-
related arrivals. At large distances, the observed dv/v changes are
also caused by different structural changes and the spatial averag-
ing is not useful anymore.

Beyond methodological aspects, the monitoring of seismic ve-
locity requires certain noise and structural conditions for stable
measurements. Regarding noise source distribution, the reconstruc-
tion of the Green’s function from correlations requires random and
isotropic noise sources (Cobkis & Weaver][2001)), a condition that
is unlikely met in the field (Mulargia & Castellaro|[2013)). Never-
theless, a stable localised noise source is sufficient for monitor-
ing purposes [Hadziioannou et al] (2009) and represents another




ideal situation. In our frequency band, the Peso field site is con-
tinuously excited by the same source (Fig. [Ik) which is likely to
be induced by the surf of the ocean waves hitting the shoreline
(Fig. S1). This stable situation is disturbed during windy after-
noons, which cause the degradation of our velocity measurements
(Fig. EI) due to high-amplitude arrivals. In our study, a statistical
pre-processing scheme was designed to limit the disturbances from
these deterministic signals. The 1D profile also suggests that a low
velocity layer is present at the surface (Fig. Ehb) with elevated ve-
locities (;1000 km/s for most of inferred models, Fig. [7h). Con-
sidering a low-velocity layer of Vs = 1600 m/s with a thickness
H = 200 m, we can estimate an approximate resonance frequency
with fr = ((2k+1)/4)/(Vs/H) (Nakamura2000). With this rela-
tion, we obtain fo ~ 2 Hz to for the fundamental mode and f; ~ 6
Hz for the first overtone, these values being almost in the range of
the 3-6 Hz band we used in this study. This configuration could
promote the trapping and reverberation of seismic energy around
this specific frequency band and with limited dissipation which are
ideal conditions for monitoring subsurface changes (Sheng et al.
2021).

4.2 Relaxation in the field: timescales and geological
structures

Following the 1st of November 2018 earthquake, we report a 0.4 %
velocity reduction in the first 10 minutes after the earthquake. The
observable slow dynamics behavior lasted roughly for ~2 days and
is well resolved at the 10-minute resolution (Fig.[) with a charac-
teristic log-linear recovery (Fig.[8). A minimum timescale of relax-
ation was not observed (Snieder et al.[2016; |[Shokouhi et al.|2017a)
and if it exists, must be below our 10-minutes resolution. Neverthe-
less, such minute seismic-induced velocity changes in both ampli-
tude (less than 0.5%) and timescale were not observed at this rel-
atively high frequency band (3-6 Hz) to our knowledge. We used
a late time window to ensure minimising source artefacts and sam-
pling a large portion of the subsurface. Rapid velocity changes were
also reported in the literature but often using different techniques
that may be more prone to noise source changes and near-surface
non-linearity: Using very early times in autocorrelation functions
during earthquake ground motion at frequencies above 10 Hz, the
technique lead to comparatively larger changes (>5%) for very
small PGV (< 10~* m/s) (Bonilla et al.[2019). Another remarkable
time-series (at a 10-minute resolution) was obtained using P/S con-
verted waves following the Mw 7.1 Ridgecrest earthquake (Lu &
Ben-Zion|[2022). However, their observed changes are larger than
our results due to significant ground shaking. Our study suggests
that small ground shaking induces a lingering effect that may be
challenging to resolve. These effects matter for understanding the
effect of cumulative aftershocks for the recovery of material prop-
erties after large earthquakes (Sawazaki et al.[2018). Our temporal
coverage was not sufficient to estimate the maximum relaxation
timescale of the recovery. In a previous study we hypothesized
that material properties and ambient conditions are the dominant
control of the observable maximum relaxation time, rather than
the co-seismic ground shaking intensity ([llien et al.|2022). A dy-
namic system analysis on a longer time-series could help us shed
light on these controls and assumptions and is planned in a future
manuscript.

In field studies, relaxation mechanisms are often interpreted
as near-surface non-linearity induced by soils deformation |Sleep &
Nakatal (2017); |Viens et al.| (2018); |Guéguen et al.|(2019). In our
study, the inferred 1D shear velocity profile suggests that a solid
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Figure 8. Relaxation phase recorded by the PESO array. The recovery
phase shown in Fig. E using all the combinations is here plotted in a log-
linear plot to emphasize the characteristic slow dynamics recovery.

rock mass hosts the velocity changes. Pictures from the field (Fig.
S6) indicate the presence of evaporites at the surface, this layer
may be as deep as 200 m (Fig.[7h). The higher velocity in the sec-
ond layer could correspond to crystalline rocks such as gabbros,
according to geological studies in the area (Tapia et al.|2018). In
the laboratory, relaxation has been observed in crystalline (?Meyern
et al.2021) and sedimentary rocks (Brantutj2015). Numerical simu-
lations and experiments suggests that the largest contact areas in the
rock fractures (Shokouhi et al.|2020)), cracks (Gao et al.[2019), and
the grain contacts in granular media|Kober et al.|{(2022) controls the
relaxation timescale. Due to higher strength, hard rocks can sustain
larger flaws and fractures, which in turn may lead to longer relax-
ation timescale due to high activation barriers. This statement may
only be valid if slow dynamics behaviour effectively originates due
to thermally-activated processes such as with the Arrhenius equa-
tion (Snieder et al.[2016; |Ostrovsky et al.[2019).

5 CONCLUSIONS

In this study, we explored the potential advantage of using more co-
located stations to improve the time resolution of relative seismic
velocity changes dv/v inferred from ambient noise correlations.
We made the assumption that the dv/v estimation obeys the er-
godic hypothesis i.e the time-average (one station with large stack-
ing time for the correlation functions) is equal to the space-average
(several stations with small stacking time for correlation functions).
We found that the staking time required to obtain stable correla-
tion functions and therefore velocity measurements can be signif-
icantly lowered by using more stations. When normalised by the
amount of used seismic data, the ergodicity was satisfied, which
suggests that the minimum time-resolution of dv/v measurements
is a function of the number of available stations. What is the highest
time-resolution limit that one can reach ? This question remains to
be answered but our study demonstrates an important property of
seismic interferometry from ambient noise correlations.

Thanks to the gained precision, we resolved a 0.5% velocity
drop after a seismic event that induced ~1 cm/s of PGV at a 10-
minutes resolution. The velocity then recovered to ~50% of the ini-
tial pre-event value with a log-linear relaxation shape in agreement
with slow dynamics studies. The largest changes were contained in
the immediate aftermath of the earthquake. We showed that this re-
laxation behaviour is happening in a hard rock site according to the
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local 1D shear velocity profile we derived from the focal spot imag-
ing technique and an McMC transdimensional Bayesian inversion.

DATA AVAILABILITY

The data from the PESO network will be made available at the GE-
OFON archive as soon as the paper will be published. The data
from the PATCX station are already accessible at the following
DOI:10.14470/PK615318.
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1 TEXT S1: BEAMFORMING

To investigate the character of the wavefield used to monitor the velocity changes we apply plane-
wave beamforming to the noise recorded with the array in the 4 - 6 Hz band. We use instrument
corrected data from October 22nd for an F-K analysis of 10s long time windows with 50% overlap.
Analysis is implemented using the Obspy array processing routine. From each of the 10s long
segments we infer the slowness vector with the maximum energy. Figure 1c of the main text
shows the probability distribution of the resulting slowness vectors. Energy in this frequency band

is strongly dominated by waves with a slowness of 0.65 s/km striking the network from south-west.

2 FIGURES S*



2 L. Illien

Figure 1. Screenshot of the array in Google Earth. The yellow pins stand for the PESO stations. The picture
highlights the cliff escarpment. The shoreline orientation is in agreement with the beamforming results in

which the noise strikes the array from a south-west direction.
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Figure 2. Proportion of daily muted segments. Each color stands for a different station.
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Figure 3. lllustration of the similarity matrix. On the left, we report the similarity matrix when using only
one autocorrelation at one station. The blue dots show the stretching value corresponding to the best cor-
relation values in the equation (4) of the main text. On the right, we show the similarity matrix built when

stacking all the possible matrices (such as the one on the left) of the network. The figure illustrates the

enhancement of the measure using this technique.
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Figure 4. Average envelope of the horizontal components in the network during coseismic ground shaking.

The time O corresponds to the onset of the P-wave. The envelope is averaged over all the network.
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Figure 5. Inversion results when adding the observation from the beamforming method. a. Inferred shear

velocity profile interpolated at a 50 m resolution. Green and blue lines shows the mean and the median value

of the best retained models. Dashed black lines indicated the standard deviation. b. Histogram of the depth

of the inferred layer structures ¢. The green line shows the dispersion curve that we use for the inversion, the

other curves showing the best fit obtained for each chains. Histograms corresponding to the other inverted

parameters are shown in d. for the number of layers, in e. for the noise level in the measurements and in f.

for the Vp/Vs ratio.



Figure 6. Geological media observed in the field. The geology hints at clasts embedded in a matrix con-
taining large amounts of evaporites (likely gypsum and halite). The picture is taken from the study of

[Sens-Schonfelder & Eulenfeld| (2019).
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