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Introduction 

This supplement file contains information/discussions about (1) the trajectory models used to 
characterize the time series in this study, (2) the seismicity and low frequency earthquake 
catalogues, (3) the decomposition technique vbICA, (4) the vbICA a priori chosen in this study, (5) 
the physical interpretation of seasonal deformation, (6) the kinematic model misfits, (7) the 
biases due to the positivity constraint,  (8) the synthetic tests carried out in this study, (9) the 
creepmeter data, and (10) the comparison between repeating earthquakes and the geodetic-
based kinematic model.  

The catalogs of relocated and repeating earthquakes estimated in this study (see Text S2) are 
available in the supplementary files Relocated_Seismicity.txt and Repeating_EQ.txt, respectively. 
The results from the ICA decompositions in Section 3.2 and 3.3 of the main text are also available 
in the supplementary file ICA_Comp.zip. 
 



  



Text S1. Trajectory Model 

For every position time series xj(t), with j = 1, …, M, we perform a non-linear least squares minimization to 

find the optimal parameters of the following model: 

𝑥𝑗(𝑡) = 𝑥0𝑗 + 𝑣0𝑗𝑡 + 𝐴1𝑗
𝑠𝑖𝑛𝑠𝑖𝑛(𝑓1𝑡 + 𝜙1𝑗) + 𝐴2𝑗

𝑠𝑖𝑛𝑠𝑖𝑛(𝑓2𝑡 + 𝜙2𝑗) + ∑
𝑘

𝑁𝑖𝑛𝑠𝑡𝑟

𝐴𝑗𝑘
𝑖𝑛𝑠𝑡𝑟𝐻(𝑡 − 𝑡𝑘)

+ ∑
𝑘

𝑁𝑒𝑞

𝐻(𝑡 − 𝑡𝑘) [𝐴𝑗𝑘
𝑐𝑜 + 𝐴𝑗𝑘

𝑝𝑜𝑠𝑡
(1 − 𝑒𝑥𝑝(− (𝑡 − 𝑡𝑘) 𝜏𝑗𝑘⁄ ))] .

 (Eq. S1) 

 

The model includes a linear trend with intercept x0j and slope v0j, two seasonal signals with fixed half-year 

(1/f1) and one year (1/f2) periods defined by the amplitudes A*j
sin and phases φ*j, instrumental offsets, co-

seismic offsets and post-seismic displacement. The list of instrumental and co-seismic offsets is taken from 

the JPL database. The instrumental offsets are described by the parameters Ainstr
jk. The co-seismic steps 

are described by the parameters Aco
jk. The 2004 𝑀𝑤6 event is added to all the Parkfield station network 

when needed (yellow dots in Figure 1). Finally, post-seismic deformation is approximated with an 

exponential decay function for which the amplitude Apost
jk and the relaxation time τjk are estimated. We 

impose an upper bound of 3  years on the relaxation time τjk for the 2004 𝑀𝑤6 event to avoid 

compromising the slope of the linear trend. The same procedure is applied to the creepmeter data (Section 

2.3). 

 

  



Text S2. Seismicity and LFE Catalogues 

We use the instrumental seismicity catalogue from the ANSS Comprehensive Earthquake Catalog 

(ComCat) (https://earthquake.usgs.gov/earthquakes/search/).  

We apply the following procedure to relocate earthquakes within the Parkfield region. We first select 

events from 1984/01/01 up to 2018/12/31, with a minimum magnitude of 0, in the vicinity (<20 km) of the 

San-Andreas fault along the Parkfield segment. We recover the waveforms of these selected events 

recorded at stations of the network BK (https://doi.org/10.7932/BDSN), BP 

(https://doi.org/10.7932/HRSN) and NC (https://doi.org/10.7914/SN/NC), located near the area (we 

requested three components when available, although many of the stations have only vertical records). 

We resample all data streams at all stations to 100Hz and, for each event, we keep 1024 sample-long 

signals (10.24s) starting 1.0 s before the P-wave arrival. We consider only waveforms where a P-wave pick 

is available, leading to a list of 16,881 events. For all selected events, we compute travel time delays for 

all pairs of events less than 5.0 km apart, considering 150 samples long windows for P-waves and 250 

samples long windows for S-waves. We compute S-waves travel time delays only on horizontal records 

when available and we filter both P and S-wave signals between 5 and 25 Hz. We then retain 

measurements for a pair only if the cross-correlation coefficient is higher than 0.5 on at least 6 stations, 

leading to a total of 44,560,579 travel time delays.  We finally relocate events using HypoDD with a 3D 

velocity model of the Parkfield area (Thurber et al., 2006) using these travel time delays and delays 

computed from P-arrival picks (Waldhauser & Ellsworth, 2000). After performing a first relocation, we 

analyze residual travel time delays at each station. Like Rubin, 2002, we correct for station time-dependent 

delays using a set of closely located, highly correlated events. After setting these station correction terms, 

we perform the relocation once again to obtain the final relocated earthquake catalog. We relocate 15,247 

events. Events, starting from 2006, are shown in Figure 1.b. The magnitude of completeness of events 

https://earthquake.usgs.gov/earthquakes/search/)
https://doi.org/10.7932/HRSN
https://doi.org/10.7914/SN/NC


occurring after 2006 is estimated equal to 0.6 using the Maximum curvature method (Wiemer & Wyss, 

2000). 

We then cluster the events into sequences of repeaters. This task is performed in two steps. We first 

estimate the average correlation coefficient, CC, measured for all pairs of events, less than 5 km apart, on 

the full, 10.24 s, window length and for signal filtered between 5 and 25 Hz. Based on the distribution of 

these values we observe an increase of the number of pairs for CC   0.90, attesting for the presence of 

highly similar events (Figure S34). We thus form first sets of similar events using a hierarchical clustering 

algorithm, where the distance between events is (1-CC) and setting a threshold in the event distance for 

building cluster at CC = 0.90. With this first step we force events that belong to a same cluster to share 

similar waveforms.  

In a second step we relocate all events belonging to a same cluster using HypoDD software using the 

computed corrected travel time delays. We enforce the independent relocation of events of a same cluster 

using only travel-time delays for event pairs belonging to the same group. This strategy stabilizes the 

inversion procedure associated with the relocation. For each cluster we then project the relocated 

epicenters along the azimuth of the San-Andreas fault plane at Parkfield, inferred by a simple linear least 

square fit over the whole relocated catalog. The estimated plane has an azimuth of N138.39°E and passes 

through the Lon/Lat coordinates [-120.505, 35.96]. We then compute a 2D Euclidean norm for all 

pairs of events within a spatial cluster, considering the along-strike position and depth of the events. The 

distance is then normalized by an estimate of the sum of the source size of the two events forming the 

pair. The source size estimate, r, for each event is obtained considering a simple circular asperity and using 

r = (
7𝑀0

16∆𝜎
)
1
3 
  (Eshelby, 1957), with  ∆𝜎 = 3MPa and the moment is derived from the magnitude of the 

event using the relation of Bakun, 1984. Hierarchical clustering is then performed on these normalized 

distances setting a threshold of 1, which enforces source overlap of events in a sequence.  We further 



impose, in addition to the distance criterion, a criterion based on the difference of magnitudes. Indeed, in 

order for a pair of events to be part of a same cluster, we impose that the difference of magnitude between 

the two events in the pair must be less than 0.3.  At the end of this second stage we thus have grouped 

9,680 events into 1471 repeating earthquake sequence of at least 2 events, forming each a compact set 

of events sharing a similar waveform. Repeating earthquakes, starting from 2006, are shown in Figure 1.b. 

We note that our repeating earthquake catalogs contains more event compared to the catalog build by 

Waldhauser & Schaff (2021) when restricted to a similar geographic extension. This difference might result 

to: i) the choice of the linkage distance to be used when merging clusters in the hierarchical clustering 

algorithm, ii) the parameters used to compute travel time-differences and then relocation of earthquakes. 

We note however that comparing the set of 2557 events that are present in both catalogs, the adjusted 

random index and the adjusted mutual information are respectively of 0.68 and 0.80. These two scores 

give a measure of the similarity between two clustering. A value of 1 indicate a perfect match between 

the two partitions while a value of 0 correspond to cluster formed randomly. The returned values show 

that the returned repeating earthquake catalog of this study is overall consistent with the one in 

Waldhauser & Schaff (2021). 

The Low Frequency Earthquake catalog is taken directly from Shelly, 2017. Based on a matched‐filter 

search (Shelly & Hardebeck, 2010) of continuous seismic data (from the High‐Resolution Seismic Network), 

1,045,627 events where detected build upon a set of 88 waveform templates. The catalog documents the 

evolution of LFE activity of 88 families between 2001 and 2016. We construct two groups of LFE families 

defined by the green dots with red and light blue contour in Figure 1, respectively.  

 

  



 

Text S3. vbICA  

We discuss here in further detail about the vbICA methodology. We organize the GNSS detrended position 

time series 𝑋𝑜𝑏𝑠  in a 𝑀 × 𝑇  observation matrix (𝑀 is the number of time series and 𝑇  the number of 

epochs). We make the hypothesis that the observations are generated by a limited number of deformation 

processes 𝐿 (also referred to as sources) and that these sources are linearly superimposed to one another: 

𝑋𝑜𝑏𝑠 = 𝐴𝛴 + 𝜀, (Eq. S2) 

where 𝛴  is the sources matrix, 𝐴  the weight of each source (or mixing matrix) and 𝜀  the noise, here 

assumed to be zero-mean Gaussian noise. In other words, each row of 𝛴  represents the temporal 

evolution of a given deformation process, and each column of 𝐴  represents the spatial distribution 

associated with a given source. It follows that 𝛴 has size 𝐿 × 𝑇, while 𝐴 has size 𝑀 × 𝐿. 

We can imagine having more observations than actual sources of deformation (i.e., 𝑀 > 𝐿). One of the 

goals of multivariate statistical techniques like Principal Component Analysis (PCA) and Independent 

Component Analysis (ICA) is to reduce the dimensionality of the dataset, i.e. extract 𝐿 dominant modes to 

explain the 𝑀  time series. To achieve this goal, these techniques treat the observations as random 

variables. For example, if adopting a temporal mode framework, every time series is treated as a sample 

realization of an associated random variable. We want to find a reduced number of random variables 𝐿 <

𝑀 to represent the original data belonging to the observation matrix 𝑋𝑜𝑏𝑠. The new random variables are 

basically the modes used to explain the dataset, and they can be linearly combined to retrieve 𝑋𝑜𝑏𝑠. These 

modes can be called Principal Components (PCs) or Independent Components (ICs), depending on the used 

technique. 

There are typically two approaches to obtain this new set of random variables. Either we use a mapping 

approach, where the 𝑀-dimensional data are projected onto a new reference frame given by the 𝐿 modes, 



or we use a modeling approach, where we model the 𝑀-dimensional data with a set of 𝐿 new random 

variables (Choudrey, 2002). The classic PCA and the most commonly used ICA algorithm (FastICA, 

Hyvärinen & Oja, 1997) use a mapping approach. While PCA searches for the modes that maximize the 

variance of the dataset once it is projected onto the new reference frame, the ICA attempts to minimize 

the mutual information between (or maximize the negentropy of) the modes while still fitting the data. 

We highlight here that the temporal evolution associated with each mode or component is not a priori 

imposed, but extracted from the data to fit the observations and (in case of ICA) keep the sources as 

statistically independent as possible. In this study, for visual purposes, we normalize the components 

𝛴𝑖 between 0 and 1 so that 𝐴𝑖  can be interpreted as the spatial pattern of maximum displacement of each 

component with 𝑖 = 1, … , 𝐿. 

When the underlying processes generating the observations 𝑋𝑜𝑏𝑠 are coming from unrelated sources, ICA 

approaches are more effective in disentangling the various contributions. In other words, ICA approaches 

are superior to PCA approaches when trying to solve the blind source separation problem consisting in 

retrieving the right hand side elements of Eq. S2 when knowing only the left hand side. From a geometrical 

perspective, this is due to the fact that, different from the PCA, ICA techniques do not constrain the rows 

of 𝛴 and the columns of 𝐴 to be orthogonal. One major challenge to be faced by the ICA algorithms is that 

imposing statistical independence is complicated by the fact that we cannot simply stop at the second 

order moments of the random variable distributions. To measure the mutual information (or the 

negentropy) we need higher order moments or cumulants, and often approximations are needed. The 

mapping approaches often make assumptions of unimodal distribution associated with the ICs, but 

geophysical sources can present multimodal distributions (e.g., Gualandi et al., 2016). For this reason we 

use a modeling approach that adopts a Mix of Gaussians (MoG) to model the probability density function 

(PDF) of the sources, thus allowing us to also retrieve multimodal distributions. In particular, we use a 

variational Bayesian ICA algorithm (vbICA) (Choudrey & Roberts, 2003), adapted to the study of geodetic 



time series with missing data (Gualandi et al., 2016). In a modeling approach, each random variable is 

modeled by a PDF. All the random variables of the model for which a PDF has to be estimated are the so-

called hidden or latent variables of the model. Each PDF is governed by a set of parameters (e.g., a Gaussian 

distribution is controlled by its mean and variance). The goal is to find the distribution parameters trying 

to fit the data and maintaining the sources independent. Under a Bayesian framework, this is equivalent 

to maximizing the posterior PDF of these hidden variables given the observations and the assumptions of 

the model (i.e., the independence of the sources). This operation can be computationally demanding, and 

for this reason a variational approach has been introduced by Choudrey & Roberts, 2003. In practice, an 

approximating posterior distribution for the hidden variables of the model is introduced. The algorithm 

follows an iterative learning procedure, attempting to maximize the Negative Free Energy (NFE), which 

implies a reduction in the dissimilarity between the true (unknown) posterior and the approximating 

posterior. In practice, the NFE balances the fit to the data with the complexity of the model. The learning 

process continues until the relative variation in NFE drops below a chosen threshold. To initialize the model 

we need some starting assumptions on the hidden variables, i.e. we have to set some hyper-parameters. 

From a Bayesian perspective, these are basically controlling how much the model can adapt to the data, 

determining the strength of the prior model. Our initialization point is a PCA decomposition, and the model 

evolves from the PCs to find the optimal ICs. A more detailed description of the hyper-parameters and 

their chosen values are reported in Table S3.  

The aforementioned maximization of the NFE is performed once that the number of sources has been 

prescribed to the algorithm. How many components to use is decided by the user. There exist more than 

one criterion for the selection of the number of components, and they do not always agree in suggesting 

how many ICs to retain. Here we use a methodology similar to Gualandi et al., 2016.  



Text S4. ICA a priori 

As a preliminary test, we applied the same a priori on the 2nd decomposition (section 3.3), to retrieve the 

tectonic signal, as for the 1st decomposition (section 3.1; Table S3). The number of components was 

chosen using an Automatic Relevance Determination (ARD) criterion, stopping increasing the number of 

ICs when the ratio between the minimum and maximum posterior variances associated with the mixing 

matrix columns is lower than 0.1, indicating that further complicating the model (i.e., adding more 

components) would be not particularly useful to explain the data. Within the retrieved independent 

component related to post-seismic relaxation, residual seasonal signal seemed to be visible (Figure S35.a), 

suggesting the potential presence of cross-talk with non-tectonic sources of deformation. We thus applied 

a stronger a priori on the decomposition which resulted in an independent component related to post-

seismic relaxation with no visual seasonal signal. A comparison of the spectrum from both tested a priori 

shows that the stronger a priori removed the seasonal peak at 1 year frequency, confirming our visual 

observation (Figure S35.b). Additionally, the Negative Free Energy (NFE) criteria, which is maximized during 

the ICA procedure, is higher using the stronger a priori (-4.019 105) than with the loose a priori (NFE equal 

to -4.226 105). Considering the two comments above, we chose to select the stronger a priori for the 

2nd decomposition. 

 

 

  



Text S5. Seasonal deformation interpretation 

In Section 3.3, components 5, 6 and 7 (Figure 3.g, h and I, and Figure S2) each show a seasonal modulation, 

hence we associate these with non-tectonic seasonal sources of deformation.  In order to identify potential 

physical causes for these seasonally modulated components, we compare these 3 components to the 

deformation induced by continental water mass variations estimated from satellite gravity records 

acquired by the Gravity Recovery and Climate Experiment (GRACE) (Tapley et al., 2004; Larochelle et al. 

2018). The horizontal and vertical displacement time series are computed at each GNSS station location 

using a spherical elastic Earth model with a continental PREM structure (e.g. Chanard et al., 2014, 2018). 

As GRACE satellites only capture loads of spherical harmonics of degree 2 and above, the GNSS degree-1 

deformation field is estimated by comparing the GRACE-predicted deformation to that of a global network 

of GNSS stations (Chanard et al., 2018). The large scale degree-1 deformation should result in a common 

mode error in our time series, while degree-2 and higher harmonics can be compared to sources extracted 

from either applications of the vbICA. We perform a vbICA on the predicted time series of surface 

displacements of the two distinct sets of harmonics. We only need 3 components for each of the two sets 

of harmonics based on the same methodology as Gualandi et al., 2016. We then calculate the coefficient 

of correlation and p-value between the surface load and GNSS components (Table S4; the null hypothesis 

is that there is no relationship between the two tested deformation signal). One component retrieved 

from degree-2 and higher harmonics of GRACE-based surface deformation seems to follow the oscillations 

of component 5 retrieved from GNSS data (Figure S2; green line). Note that this component is mostly seen 

in the vertical deformation in the GRACE dataset. Surface loading heterogeneities captured by GNSS but 

averaged out by GRACE’s poor spatial resolution (400x400 km2) could explain why the horizontal signal is 

stronger in the GNSS dataset than predicted by the model. The correlation coefficient and p-value equal 

65% and 5.44 10-15, respectively, confirming the apparent correlation between these components (taking 

a significance level of 5%). We therefore consider seasonal hydrological loading as the physical source 



behind component 5. The deviation from purely seasonal variations in ~2011.5, is possibly due to the 

drought during this period (Seager et al., 2015). The other GRACE-derived components do not correlate 

well with any of the GNSS-derived components. The origin of the GNSS-derived components 6 and 7 are 

thus unknown but could possibly arise from other non-tectonic effects which are not explored in this study 

(e.g. thermal strain (Xu et al., 2017), poro-elastic effects (Jónsson et al., 2003; Nespoli et al., 2018)). We 

also do not find correlation coefficients greater or equal to 0.6 with components we associate with 

common mode signals (Section 3.2). These common mode components show some seasonality and are 

probably composed of spatially long wavelength seasonal deformation sources in addition to the usual 

common mode error but the mix of all those sources obscures the seasonal behavior and suppresses any 

clear correlation with the GRACE-derived deformation. 

  



Text S6. Kinematic model misfit for L-curve 

In Section 4.2, using Radiguet et al., 2011, regularization scheme, we compute a L-curve varying the a priori 

uncertainty on the model parameters, 𝜎0, while fixing the correlation distance, 𝜆, to the characteristic 

linear size of a single sub-fault (i.e., 2 km).  

We perform a slip inversion at each time step. However, we calculate the misfit and norm of the kinematic 

model using the whole time period: 

||𝑁𝑜𝑟𝑚|| 2 = √ ∑ ∑𝑚𝑖𝑡
2

𝑇

𝑡=1

𝑛_𝑠𝑢𝑏𝑓𝑎𝑢𝑙𝑡

𝑖=1

 

 

(Eq. S3) 

||𝑀𝑖𝑠𝑓𝑖𝑡|| 2 = √∑ ∑ (𝑑 − 𝑔𝑚)𝑗𝑡
2𝑇

𝑡=1
𝑀2

𝑗=1  , 

 

(Eq. S4) 

where 𝑛_𝑠𝑢𝑏𝑓𝑎𝑢𝑙𝑡, 𝑇 and 𝑀2 are the number of subfaults of the model, the number of epochs of the time 

series, and the number of time series (Section 2.1), respectively. 𝑑, 𝑔 and 𝑚 are the data, Green function 

and model matrices, respectively. 

  



Text S7. Biases due to the positivity constraint 

The mean misfit through time (shown in Figure S5.e to S12.e) can be difficult to interpret as the 

mean misfit will vary with the amplitude of the signal (e.g. a large signal will induce large misfit). 

This is illustrated in Figure S5.e, based on the scenario using only IC1. In this scenario, the spatial 

pattern does not change (as there is only one IC taken into account) and solely the amplitude of 

the signal varies. In the figure, the mean misfit varies similarly with the amplitude of the signal.  

We thus consider a criterion that will attempt to identify periods of large misfit related to lower-

than-interseismic slip rates, which are badly modeled due to the positivity constraint (Section 4). 

At each time step we calculate the following metric: the difference between the maximum 

horizontal displacement and the maximum misfit (Figure S17.c). When the reconstructed time 

series asks for lower-than-interseismic slip rates, the slip rate modeled on the fault is close to zero 

due to the positivity constraint, thus the modeled displacement field amplitude is close to zero, 

and the misfit is then close to the maximum horizontal displacement. In short, periods with the 

metric close to zero are the ones either with small displacement on the fault and/or ones related 

with lower-than-interseismic slip rates. We select a threshold as the maximum value of the metric 

within the period 2014-2016 (green line in Figure S17.c). We finally remove from the moment 

rate evolution of each scenario the periods where the values of the metric are below this 

threshold. For visual clarity, we show in Figure S17.d the results of only 4 scenarios. The periods 

with detected transient events have not been removed using this criterion, except the one in 

~2017 for specific scenarios (IC1-2 and IC1-3). Note that this criterion is nevertheless not perfect, 

as it might be sensitive to outliers.  



Text S8. Synthetic test 

We provide two synthetic tests to illustrate the detection capacity of the vbICA.  

The vbICA has been tested on synthetic GNSS data with noise typical of GNSS position time series (i.e., 

white, pink and red) in Gualandi et al., 2016. Since those tests were using post-seismic afterslip and 

volcanic deformation as main transient signals to extract, we also perform synthetic tests dedicated to this 

study and relative to the detection of possible transient slip events given the fault-network configuration 

available for Parkfield. We proceed as follows:  

(1) First, we remove the ICs related potentially to slip on the fault (IC1 to 4) to the initial time series 

(with common mode already removed). Those corrected time series should thus include most 

types of non-tectonic deformation signals and noises. 

(2) In addition to the first step, we need to also characterize the noise within the reconstructed time 

series related to slip on the fault (IC1 to 4) that we will add to a clean synthetic transient. To do so 

we first smooth the time series reconstructed from IC1 to 4 with a 40 day moving window average. 

We then remove the smooth time series to the non-smoothed time series. The residual is 

interpreted as the noise within the signal. We construct surrogate data (Prichard & Theiler, 1994) 

based on the residuals using the matlab function phaseran (Gias, 2022). The function creates 

synthetic noise with the same second order properties as the original time series data set, here 

the residuals. In practice the function transforms the residuals into the frequency domain, 

randomizes the phases simultaneously across the time series before converting the data back into 

the time domain. 

(3) Finally, we construct a clean synthetic transient which time evolution is built as a ramp lasting 40 

days. We then add the noise based on the surrogate data (step 2) and incorporate it in the 

corrected time series from step 1. 



From the synthetic tests, we find that the vbICA extracts displacement fields with maximum amplitude at 

the surface of 0.75 mm or above. We show below one example of synthetic event that produces 0.75 mm 

maximum at the GNSS station sites (Figure S29 and S30). The temporal evolution and spatial pattern seem 

relatively well retrieved. 

The slip distribution used to generate this synthetic test was modeled as a multi-variate Gaussian shape 

centered at a depth of 7 km on the fault, with a variance of 1 km2 and a maximum cumulative slip of about 

30 mm. We could obtain a similar maximum amplitude at the surface if we were using smaller slip 

amplitudes (e.g., 5-10 mm of slip) for example either moving the slip location closer to the surface or 

spreading the slipping area at depth. The number of stations affected by such a signal at the surface would 

vary though, and this may affect the capability of retrieving the source if not enough stations show the 

corresponding signal. In all cases the displacement at the surface associated with the inverted ICs has a 

maximum amplitude larger than 2 mm (see the ICs in Figure 4: the temporal functions are bounded 

between 0 and 1, while the spatial patterns show amplitudes larger than 2 mm). All the displacement fields 

from the transients extracted with IC1 are equal or above 0.75 mm (e.g. Figure S19 to 28), except events 

10 and 11 (~0.50 mm; i.e. Figure S32). When we look at the synthetic test spatial pattern (Figure S29.b), 

we notice that there is a certain amount of motion orthogonal to the SAF. The retrieved spatial distribution 

is not perfect, but captures the main features of spatial pattern associated with the slip event.  

Notice that the synthetic transient amplitude in the north component (Figure S29.g) is similar to the 

variation (likely due to hydrological load) occurring in 2012 (Figure S29.e). The vbICA is able to isolate the 

transient from the remaining non-tectonic sources (Figure S30). We see the slip transient in a single IC 

because the synthetic has been generated with a non-moving source. This assumption may break up when 

considering real SSEs, and this might be one of the reasons why multiple ICs active at the same time are 

needed to fully capture the complex spatio-temporal evolution of slip on the fault. 



We also show here an extreme case of a synthetic event that produces 0.5 mm maximum displacement at 

the GNSS station sites (Figure S31). The results in this case are clearly dominated by the high-frequency 

noise, but looking at the smoothed temporal function one IC might have captured a faint signature of such 

transient (Figure S32). The corresponding spatial distribution is also noisier with respect to the 0.75 mm 

case, but it still shows traces of possible asymmetry with respect to the SAF. Of course, inverting for such 

IC would be very noisy and based on its noisy time evolution we would have probably excluded this IC from 

the inversion if we were getting a similar result. But we retrieve spatial displacements larger than 0.5 mm, 

and we use this as a simple extreme case to show that even minimal coherent signals may be present in 

isolated ICs.  



Text S9. Creepmeters 

The creepmeters extent time series used in this study are taken from 10-minute sampled data from USGS 

(Schulz, 1989; https://earthquake.usgs.gov/monitoring/deformation/data/download.php). The time 

series are only used in this study as a comparison with the fault slip rate model acquired using GNSS data. 

They are neither used in the vbICA (Section 3) nor in the inversions (Section 4) as they measure very local 

sources of deformation and are sensitive to environmental changes (e.g. ground water table) that do not 

extend deep enough to show in the GNSS time series. The creepmeter time series are initially detrended 

using a trajectory model taking into account a long-term linear trend, two seasonal terms (annual and 

semi-annual), and an additional term for post-seismic relaxation, defined as an exponential function (see 

Text S1 for details).  

Creepmeters provide high temporal resolution time series, however, their spatial density, even though 

they are located close to one another, seems to be not sufficient to record the details of the distribution 

of surface slip along-strike. Creepmeter records during a slip event vary significantly from one station to 

another and spatial continuity is not obvious. These instruments are only detecting slip at the surface and 

are blind to the depth extent of slip. Thus, the multiple events detected from GNSS data do not necessarily 

appear in the creepmeters time series. Furthermore rain events can also potentially be at the origin of 

jumps in the signal. 

Even though the post-seismic trend is visible in the creepmeter data, there is no clear indication of SSEs at 

the time of our detected SSEs. Small jumps (~5 mm) show up in the creepmeter data in 2008.0 (in XPK2, 

XVA1, XMD1 and XMM1; Figure S33), and possibly highlight the beginning of the SSE detected in 2008.1. 

However, those jumps occur during a rainy period.   

https://earthquake.usgs.gov/monitoring/deformation/data/download.php


The creepmeter XMM1 (red triangle and time series in Figure S33) indicates a significant potential slip 

event (~22 mm) at the surface starting in 2017.0. The creepmeter XSC1 further north (brown triangle and 

time series in Figure S33) indicates also a maximum of ~1.2 mm of slip. The creepmeter XMD1 (yellow 

triangle and time series in Figure S33) shows instead an initial small burst of slip (~4.8 mm) before a 

strong slow down (i.e. potential relocking of the fault). However, rain events (Figure S33.d and e) occur at 

the same time and could potentially be at the origin of this signal. 

We do not observe a signal in the creepmeter data at the time of the detected event in 2012.5 (event 9), 

which is consistent with the fact that this event seems located at depth. 

  



Text S10. Comparison between repeating earthquakes and the 

kinematic model based on geodetic data 

We select 2 regions of repeating earthquakes (Figure S36.a) which also seem to be affected by SSEs in the 

kinematic model. We calculate the slip evolution of each family of repeating earthquake within the two 

regions using the empirical scaling relationship from Nadeau & Johnson, 1998: 

𝐿𝑜𝑔10(𝑑) = 0.17𝐿𝑜𝑔10(𝑀0) − 2.36, 

where 𝑑  is the slip in centimeters and 𝑀0  is the moment released by repeating earthquakes in dyne-

centimetres. We then calculate the mean slip evolution for both regions by summing the slip history of 

each repeating earthquake family and dividing it by their respective number of repeating earthquake 

family (Nadeau & Johnson, 1998). The mean slip evolution of the two regions are then detrended using a 

trajectory model (Text S1). The comparison between the mean slip evolution derived from repeating 

earthquakes with the one from the kinematic model is shown in Figure S36.b and c. The detected events 

from GNSS are not clearly seen by the repeating earthquakes, except maybe event 2 and 10-11 in the 

northern region, and 9 in the southern region. The discrepancy between geodetic-derived slow slip and 

that derived from the repeaters probably arises from averaging effects, considering that repeaters are a 

very local probe for fault slip, sensitive to slip in a very localized portion of the fault.  

  



Table S1: GNSS stations used to retrieve the tectonic signal (Section 3.3, yellow dots in Figure 1). 

GNSS Station Longitude Latitude 

P293 -120.543 36.089 

P296 -120.364 36.052 

P294 -120.44 36.123 

P289 -120.749 36.107 

MNMC -120.434 35.970 

P287 -120.698 36.025 

P298 -120.294 36.016 

P297 -120.552 35.974 

CAND -120.447 35.926 

TBLP -120.36 35.917 

HOGS -120.48 35.867 

LOWS -120.593 35.829 

CARH -120.431 35.889 

HUNT -120.402 35.881 

MASW -120.443 35.833 

LAND -120.473 35.900 

MIDA -120.459 35.922 

PKDB -120.542 35.945 

P282 -120.345 35.838 

P546 -120.155 35.928 

P281 -120.389 35.841 

CRBT -120.751 35.792 

P283 -120.285 35.807 

P533 -120.371 35.748 

P531 -120.537 35.793 

P527 -120.605 35.754 

P540 -120.131 35.801 

P530 -120.48 35.625 

P541 -120.001 35.687 

P532 -120.267 35.634 

P539 -120.182 35.703 

P280 -120.348 35.544 

P538 -120.113 35.534 

P529 -120.354 35.440 

 

 

  



Table S2: Additional GNSS stations from the stations in Table S1 used to retrieve the Common mode 
signal (Section 3.3, blue dots in Figure 1). 

GNSS Station Longitude Latitude 

P217 -121.651 37.1040 

P216 -121.726 37.0020 

P215 -121.763 37.0490 

P244 -121.354 37.0110 

P236 -121.554 36.9040 

P212 -121.859 36.9620 

P211 -121.693 36.8790 

P240 -121.539 37.0080 

SAOB -121.447 36.7650 

P238 -121.453 36.8490 

P232 -121.575 36.7240 

P234 -121.589 36.8590 

P233 -121.42 36.8000 

P251 -121.348 36.8110 

P210 -121.727 36.8160 

P249 -121.064 36.6120 

P237 -121.386 36.6370 

P247 -121.188 36.5600 

P285 -120.981 36.4170 

P175 -121.135 36.4260 

MEE1 -120.759 36.1870 

MEE2 -120.767 36.1810 

P290 -120.728 36.1790 

P180 -121.402 36.2930 

P174 -121.051 36.3020 

P288 -120.875 36.1400 

P284 -120.905 35.9330 
 

  



Table S3: vbICA hyper-parameters (Sections 3.2 and 3.3). Their description is taken from Gualandi & Liu, 

2021. Gamma distribution hyper-parameters control our prior information on the precisions of the 

Gaussians in the Mix of Gaussians (MoG), in the mixing matrix and relative to the noise. Large values of 𝑏 

(scale parameter) and small values of 𝑐  (shape parameter) gives a rapidly decaying pdf, with large 

probability of having small precision. A small precision means that the model will adjust more easily to the 

data.  

Parameter 

Value 

Description First vbICA 

application 

(Section 3.2) 

Second vbICA 

application 

(Section 3.3) 

𝑏0 103 10 
Each Gaussian in the MoG to describe the sources 𝛴 is described by a 
mean µ and a precision β. The mean is described by a Gaussian 
random variables (rv). This Gaussian rv is described by a mean 𝑚0 and 
a precision 𝜏0. The precision is described by a Gamma distributed rv. 
This Gamma distributed rv is described by a scale 𝑏0 and a shape 𝑐0. 
The rv π, that represents the mixing proportions of the various 
Gaussians in the MoG, follows a Dirichlet distribution with a priori 
hyper-parameter λ set to a fixed number dependent on the number of 

samples to describe the source. We set it in the range [ 
𝑇

10
,
𝑇

100
 ] as 

suggested by Choudrey (2002). 

𝑐0 10-3 10-1 

𝑚0 0 0 

𝜏0 1 1 

𝑏𝛼0 103 104 Each column of the mixing matrix 𝐴 is described by a Gaussian rv. This 
Gaussian rv has an a priori zero mean, and its precision is described by 
a Gamma distributed rv, whose scale and shape are 𝑏𝛼0 and 𝑐𝛼0. 𝑐𝛼0 10-3 10-1 

𝑏∧0 103 10 The noise N is described by a zero mean Gaussian. Its precision Λ is 
described by a Gamma distributed rv, for which the a priori 
parameters are 𝑏∧0 and 𝑐∧0. 𝑐∧0 10-3 10-1 

 

 

 

 

 



 

Table S4: Correlation between components retrieved from modelled deformations derived from GRACE data and components retrieved from 

GNSS data (Section 3.2). 

Correlation with modelled degree-2 and higher harmonic  

deformations derived from GRACE 

Correlation with degree-1 harmonic deformation 
derived from GNSS-GRACE residuals 

 
GNSS 5th Comp. 

(Figure 3.g) 
GNSS 6th Comp. 

(Figure 3.h) 
GNSS 7th Comp. 

(Figure 3.i) 
 

GNSS 1st Comp. 
(Figure 3.a) 

GNSS 2nd Comp. 
(Figure 3.b) 

GRACE 1st Comp 
Correlation 

-0.65 0.32 0.32 
Degree 1  
1st Comp 

Correlation 
-0.41 -0.32 

GRACE 1st Comp 
p-value 

5.44 10-15 7.52 10-4 4.44 10-4 
Degree 1  
1st Comp 
p-value 

4.58 10-6 5.47 10-4 

GRACE 2nd Comp 
Correlation 

0.20 0.40 -0.26 
Degree 1  
2nd Comp 

Correlation 
0.50 -0.09 

GRACE 2nd Comp 
p-value 

0.03 1.37 10-5 6.03 10-3 
Degree 1 
2nd Comp 
p-value 

9.33 10-9 0.34 

GRACE 3rd Comp 
Correlation 

0.18 0.24 0.02 
Degree 1 
3rd Comp 

Correlation 
0.04 0.16 

GRACE 3rd Comp 
p-value 

0.05 7.91 10-3 0.82 
Degree 1 
3rd Comp 
p-value 

0.66 0.16 



 

Table S5: Variance explained by components of the 2nd ICA (Section 3.3) 

IC # Variance explained 

1 56.2 

2 2.9 

3 1.0 

4 1.4 

5 3.5 

6 2.6 

7 0.9 

8 3.3 

9 1.9 

10 0.7 

 



 

Table S6: Transients’ timing and moment release estimates based on IC1. The moment estimates have been calculated using sub-faults within 
the [-10 40] km along-strike distance range from the 2004 M6 hypocenter. The moment and timing estimates are subject to methodological 
biases. The timing estimates should be taken with care as they are affected by the temporal filter (Section 4) and detection threshold. The 
magnitude estimates, calculated as the integral of the moment rate over each event, thus based on as many inversions, can potentially lead to 
constructive noise. 

Transient number 
As referenced in 

Figure 4 

Transient Onset Date 
(Decimal year) 

Transient End Date 
(Decimal year) 

Moment released by 
detected transients, 

postseismic removed (N.m) 

Seismic moment released 
during Transient (N.m) 

Estimated magnitude 
released aseismicaly  

(postseismic not included) 

Aseismic/seismic 
moment released 

1 2006.000 or before 2006.0630 9.82 1014 2.22 1012 3.9 4404 

2 2006.2082 2006.7452 9.76 1015 6.74 1014 4.5 13 

3 2006.9041 2006.9343 2,39 1015 8.86 1011 4.2 2695 

4 2007.2246 2007.2850 9.36 1015 4.00 1013 4.5 232 

5 2007.3809 2007.6302 1.88 1016 2.15 1013 4.7 876 

6 2008.1093 2008.2760 8.08 1015 1.03 1013 4.5 784 

7 2008.7022 2008.9235 1.75 1016 2.06 1014 4.7 84 

8 2009.2246 2009.5863 3.37 1016 1.76 1014 4.9 190 

9 
 

2012.4508 2012.5793 8.90 1015 

1.93 1013 

(without the Mw4.8 occurring  6 days 

after the SSE’s end, as defined by the 

detection threshold)  

4.5 459 

10 2016.8879 2016.9454 6.46 1015 1.28 1013 4.4 504 

11 2017.1397 2017.1452 3.61 1014 7.21 1011 3.6 499 

 



 

 

Figure S1: Spatial and temporal functions of the independent components retrieved on the extended network of GNSS stations 
(yellow and blue dots in Figure 1) for 4 components. Top panels indicate the components temporal evolution (matrix 𝛴, Section 

3.1), while bottom panels indicate the components spatial pattern (matrix 𝐴, Section 3.1). We consider components 1 and 2 to be 
related to common mode signal, component 3 to be related to postseismic deformation, including eventual slow slip events and 
aftershocks-induced displacements, and component 3 to be related to seasonal deformation. Red lines are the San Andreas and 
Calaveras Fault. 

 

 

  



 

   

Figure S2: Spatial and temporal functions of the independent components using a vbICA decomposition on the focused network 
of GNSS stations (yellow dots in Figure 1) for 10 components. The top panel of each component indicates the component’s 
temporal evolution (row of the matrix 𝛴, Section 3.1). The bottom panel of each component indicates the component’s spatial 

pattern (column of the matrix 𝐴, Section 3.1). The red line in the bottom panel represent the San Andreas Fault. The green line in 
the 7th component top panel is the temporal evolution obtained from the decomposition of the theoretical geodetic time series 
due to surface load variations derived from GRACE (see Section 3.3). 



 

   

Figure S2: (Continued). 

  



 

  

Figure S3: (a) Temporal function of IC1. The red line corresponds to the smooth post-seismic trend retrieved using an exponential 
function as in a trajectory model (Text S1). (b) Temporal function of IC1 with the post-seismic trend removed. (c) to (f) 
Interpretation of the asymmetrical pattern on the independent components assumed to be related to slip on the fault. The blue 
arrows are hand drawn, depicting our interpretation of the spatial pattern in the field of vectors. 



 

  

Figure S4: Reconstructed position time series from the ICs related to tectonic signal (Section3.3). The black dots and gray 
errorbars correspond to the reconstructed time series using IC1 to 4. The blue dots correspond to the reconstructed time series 
using only IC1. The green dots correspond to the time series corrected from common mode signals, which is used as input in the 
decomposition.  



 

 

Figure S4: (Continued). 

  



 

  

Figure S4: (Continued). 

  



 

  

Figure S4: (Continued). 

  



 

 

 

Figure S5: Summary of scenario using IC1. (a) Along-strike mean slip rate evolution through time relative to the interseismic slip 
rate. (b) Along-dip mean slip rate evolution through time relative to the interseismic slip rate. The mean calculation is performed 
on the along-strike [-10,40] km section. (c) Moment rate function. The red line represents the idealized postseismic trend 
estimated using a trajectory model (Text S1). (d) Moment rate function with respect to the interseismic motion and the idealized 
postseismic signal removed. The blue dashed line indicates the maximum moment rate amplitude between 2014 and 2016, chosen 
as the transient detection threshold. Green shading in (c) and (d) indicates the detected transients. (e) Mean misfit at each time 
step between the displacement rates from the data and those modeled from the kinematic slip rate model. (f) L-curve for the 
kinematic model: L2 norm of the model as a function of the L2 norm of the misfit between the data and the modeled displacement 
rates, taking for both norms at all the time steps. The red triangle corresponds to the selected 𝜎0, the knee-point of the L-curve, 
which corresponds to a good tradeoff between misfit and smoothness of the models. We chose it as the second quantile of the 
𝐿𝑜𝑔10 misfit value range distribution. (g) Sum of the slip released during the identified events between 2006 and 2018. White star 
is the Parkfield, 2004, M6.0 earthquake hypocenter. Light blue star indicates the location of the main seismic events (𝑀𝑤4.8) 
occurring during our observation period. The black line indicates the co-seismic 44 mm slip contour of the 2004 𝑀𝑤6 earthquake. 

 



 

 

Figure S6: Same as Figure S5 but for the scenario using IC1-2. 

 



 

 

Figure S7: Same as Figure S5 but for the scenario using IC1-3. 

 



 

 

Figure S8: Same as Figure S5 but for the scenario using IC1-4. 



 

 

Figure S9: Same as Figure S5 but for the scenario using IC1-2-3. 



 

 

Figure S10: Same as Figure S5 but for the scenario using IC1-2-4. 



 

 

Figure S11: Same as Figure S5 but for the scenario using IC1-3-4. 



 

 

Figure S12: Same as Figure S5 but for the scenario using IC1-2-3-4. 

 



 

 

Figure S13: (a) Detected transients’ cumulative slip. (b), (c) and (d) correspond to the resolution, restitution and sensitivity maps 
of the 2006.5 transient, respectively. The resolution map is defined by the diagonal elements of the resolution matrix: 𝑹 =
𝑪𝒎𝑮

𝑇(𝑮𝑪𝒎𝑮
𝑇 + 𝑪𝒅)

−1𝑮 , where 𝑮 is the Green’s functions matrix, and 𝑪𝒅  and 𝑪𝒎  the data and model a priori covariance 
matrices, respectively. The restitution map corresponds to the sum of the elements of the resolution matrix in the direction of 
one of its dimensions. Areas with restitution values over 0.8 corresponds to areas where slip from the inversion is well recovered 
(Radiguet et al., 2011). The sensitivity map corresponds to the diagonal terms of the matrix 𝐺𝑇𝐺, which is effectively the squared 
sum of surface motion for unit slip on a fault patch. In all panels, the black lines indicate the 4, 24 and 44 mm contour of the 2004 
M6 earthquake. 

 

 

 



 

 

Figure S14: (a) Moment rate evolution and related uncertainties based on IC1. The uncertainties on the moment rate were 
evaluated building 100 versions of the GNSS time series (already corrected from the common signals) while exploring the GNSS 
uncertainties. For each of those time series version, we apply the same decomposition, inversion and detection methodology. (b) 
Detection uncertainties evaluated as the percentage of versions that detect a potential transient through time. (c) Moment rate 
evolution for 4 of the 8 scenarios. The impact of IC2 and 4 are marginal while IC3 increases the moment rate in 2006 and 2017. 

  



 

 

 

Figure S15: Transient detection for 20-, 15- and 10-day smoothing window using IC1. (a), (c) and (e) show the moment rate function 
for the different smoothing windows tested. The red line represents the idealized postseismic trend estimated using an 
exponential function as in a trajectory model (Text S1). (b), (d) and (f) Moment rate function with respect to the interseismic 
motion and the idealized postseismic signal removed. The blue dashed line indicates the maximum moment rate amplitude 
between 2014 and 2016 and is chosen to be the transient detection threshold. Green shading in (b), (d) and (f) indicates the 
detected transients. 

 



 

 

 

Figure S16: Effect of the temporal smoothing (Section 4) on the kinematic model using IC1 only, between 2006 and 2010. (a), (c) 

and (f) show the along-strike mean slip rate evolution through time relative to the interseismic slip rate. (b), (d) and (f) are the 

same as (a), (c) and (f) but along-dip. The mean calculation is performed on the along-strike [-10,40] km section. (a)-(b), (c)-(d) 

and (e)-(f) correspond to the kinematic model based on a 20-, 15- and 10-day smoothing window, respectively. Colorbars are 

saturated. 

  



 

 

 

Figure S17: (a) Maximum horizontal displacement rate through time for scenario 1 to 4. (b) Maximum residual between the 
horizontal displacement rates from the data and the ones modeled from the kinematic slip rate model. (c) is the difference 
between (a) and (b). It is used as criterion to identify periods when the reconstructed time series will ask for lower-than-
interseismic slip rates, which will be badly modeled, and/or periods of low displacement rates (close to the interseismic slip rate). 
Those periods are assumed to occur when the value of the metric goes below a certain threshold (horizontal green dashed line) 
defined as the maximum value of the metric itself within the 2014-2016 period. (d) Moment rate evolution of scenario 1 to 4. The 
periods when the metric reaches below the threshold have been removed. The remaining periods are assumed interpretable. 



 

 

Figure S18: Transient detection with a lower detection threshold than in Figure 4. (a) Sum of the slip released during the 17 events 
identified from IC1 between 2006 and 2018 (see panel (c)). Dark dots are relocated earthquakes. White star is the Parkfield, 2004, 
M6.0 earthquake hypocenter. Light blue stars indicate the location of the main seismic events (𝑀𝑤4.1 and 𝑀𝑤4.8) occurring 
during our observation period. The black line indicates the co-seismic 44 mm slip contour of the 2004 𝑀𝑤6 earthquake. (c) 
Moment rate function. The red line represents the idealized postseismic trend estimated using a trajectory model (Text S1). (d) 
Moment rate function with respect to the interseismic motion and the idealized postseismic signal removed. The blue dashed line 
indicates the 3 standard deviation of the moment release between 2014 and 2016 and is chosen to be the transient detection 
threshold. Green shading in (c) and (d) indicates the detected transients. 

 



 

 

 

Figure S19: Top panel shows the moment rates calculated (post-seismic trend included) from four component recombination 
scenarios, respectively IC1, IC1-2, IC1-3 and IC1-4. The black line corresponds to the IC1 scenario while the gray lines correspond 
to the other scenarios. The green vertical dashed lines represents the onset and end of the time period used to calculate the slip 
distribution showed in the panels to the left. The panels on the right show the measured displacement field (black arrows) and 
predicted displacement from the slip distribution models (green arrows). The blue arrows correspond to the residuals between 
the measured and predicted displacement field. 

 
 

 

 



 

 

Figure S20: Same as Figure S19 but for a different time period. 

 



 

 

Figure S21: Same as Figure S19 but for a different time period. 

 



 

 

Figure S22: Same as Figure S19 but for a different time period. 

 



 

 

Figure S23: Same as Figure S19 but for a different time period. 



 

 

Figure S24: Same as Figure S19 but for a different time period. 

 

 



 

 

Figure S25: Same as Figure S19 but for a different time period. 

 



 

 

Figure S26: Same as Figure S19 but for a different time period. 

 



 

 

Figure S27: Same as Figure S19 but for a different time period. The red dashed line indicates the timing of the M4.8 earthquake. 

 



 

 

Figure S28: Same as Figure S19 but for a different time period. 

 



 

 

Figure S29: Synthetic test. (a) Synthetic event slip distribution producing a maximum displacement of 0.75 mm at the GNSS stations 
at the surface. (b) Total displacement resulting from our synthetic event. (c) Normalized slip rate evolution for the synthetic event. 
(d) Slip evolution of the synthetic event normalized by maximum slip. (e) and (f) are the north and east GNSS position time series 
of station MASW, respectively, with ICs related to common mode (IC 1 and 2 in Section 3.2) and slip on the fault (IC 1 to 4 in 
Section 3.3) removed. (g) and (h) are MASW north and east position time series due to the synthetic event, respectively, with the 
noise generated from the surrogate data included. Time series (g) and (h) are added to (e) and (f), and on the resulting time series 
a vbICA is performed. 

  
Figure S30: Spatial and temporal function of the independent component related to the synthetic slip event with maximum 
displacement of 0.75 mm at the surface for 7 components. The blue line in top panel indicates the result from an average 40-day 
sliding window while the red dashed line indicates the initial constructed clean synthetic transient time evolution. The black and 
green arrows in bottom panel indicate the spatial pattern from the retrieved vbICA component and the one from the initial 
synthtetic model, respectively. While the component spatial pattern does not perfectly match the one from the initial synthtetic 
model, we see in the spatial pattern of displacement an asymmetric pattern comparable to those we chose to retain in the 
reconstruction of the time series. We stress that the surface displacement fields of detected events are in general larger than this 
synthetic test. 



 

  
Figure S31: Synthetic test. (a) Synthetic event slip distribution producing a maximum displacement of 0.50 mm at the GNSS stations 
at the surface. (b) Total displacement resulting from our synthetic event. (c) Normalized slip rate evolution for the synthetic event. 
(d) Slip evolution of the synthetic event normalized by maximum slip. (e) and (f) are the north and east GNSS position time series 
of station MASW, respectively, with ICs related to common mode (IC 1 and 2 in Section 3.2) and slip on the fault (IC 1 to 4 in 
Section 3.3) removed. (g) and (h) are MASW north and east position time series due to the synthetic event, respectively, with the 
noise generated from the surrogate data included. Time series (g) and (h) are added to (e) and (f), and on the resulting time series 
a vbICA is performed. 

     
Figure S32: Same as in Figure S30 but for a synthetic slip event with maximum displacement of 0.5 mm at the surface using 8 
components. The results in this case are clearly dominated by the high-frequency noise, but looking at the smoothed temporal 
function vbICA might have captured a faint signature of such transient. The corresponding spatial distribution is noisier with 
respect to the 0.75 mm case, but it still shows traces of possible asymmetry with respect to the SAF.  



 

 

 

Figure S33: (a) Creepmeters location (colored triangles). Black dots indicate the GNSS stations location (same as the yellow dots 
in Figure 1.a). (b) Creepmeters detrended time series without correction of seasonal deformation (Section 2.3). (c) Detected 
transients’ cumulative slip and creepmeters position along-strike (colored triangles). The two small black stars indicate the 2010.3 
𝑀𝑤4.1  and 2010.6 𝑀𝑤4.8  hypocenters. The white star indicate the 2004.7 𝑀𝑤6.0  hypocenter. (d) Mean precipitation 

(https://daymet.ornl.gov/) within ~3 km from creepmeters. (e)  Cumulative precipitation within ~3 km from creepmeters. The 

gray shading in (b), (c), (d) and (e) indicate the timing of detected transient events. 

 

https://daymet.ornl.gov/


 

 

Figure S34: Average coefficient of correlation (CC) histogram (Text S2) normalized by the total number of pairs (33749 pairs). The 
average correlation coefficient, CC, is measured for all pair of events, less than 5 km apart, on the full, 10.24 s, window length and 
for signal filtered between 5 and 25 Hz. The average is calculated only if there is at least 4 values of coefficient of correlation 
higher than 0.5. 

 

Figure S35: (a) Temporal function of IC1 using loose a priori (Text S4). (b) Comparison between the power spectral density of IC1 

using loose a priori (red line) and stronger a priori (black line). The stronger a priori reduces the peak at 1 year frequency 

present when using loose a priori, suggesting a better separation of the seasonal signals from the tectonic one represented by 

IC1. 



 

 

  

Figure S36:  (a) Detected transients’ cumulative slip and repeating earthquakes (black and blue dots) since 2006. The two black 

rectangles delimit two regions for which we derive the mean slip evolution. We derive the slip evolution of the two regions using 

two approaches, one based on repeating earthquakes and the other on the kinematic model (Text S8). The blue dots represent 

the selected repeating earthquake for the analysis. (b) and (c) show the mean cumulative slip of region #1 and #2, respectively, 

derived from repeating earthquakes (dark blue line) and the kinematic model (red line). The light blue lines represent the 

cumulative slip derived for each repeating family. The gray shading indicates the timing of the detected slip events from the 

kinematic model. Note (b) and (c) takes into account interseismic slip. As the kinematic model is relative to the interseismic, a 

constant slip rate of 21.4 and 3.4 mm/yr was added to mean slip rate of the kinematic model. These interseismic slip rates were 

acquired fitting a trajectory model on the slip inferred from repeating earthquakes, using only a linear and postseismic term (Text 

S1)  (d) and (e) indicates the same as  (b) and (c), with the interseismic slip rate removed. The pink lines represent the cumulative 

slip derived for each of the model sub-fault.  
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