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Understanding how slow slip events (SSEs) influence fault behavior is essential
for characterizing the fault slip spectrum and its role in earthquake generation.
Here, we show that deep learning applied to strainmeter data can detect short-
duration SSEs on the San Andreas Fault near Parkfield, enabling an SSE catalog.
SSEs are coherently observed across instruments, with evidence from nearby
creepmeters. Location analysis indicates shallow depths and slip consistent with
right-lateral motion. They follow a cubic moment-duration scaling law, similar
to earthquakes and consistent with both subduction zone observations, and
linear scaling as an upper bound. Low-frequency earthquakes increase following
SSEs, suggesting that slow aseismic slip modulates seismicity. Detecting these
SSEs fills an observational gap in slow earthquake studies and highlights their
broader relevance. These findings support a continuum between aseismic and
seismic slip, where transient deformation in creeping segments perturbs stress

in adjacent locked areas, potentially promoting seismic activity.

Faults release tectonic stress through both fast (seismic) and slow
(aseismic) slip*. Aseismic slip includes steady fault creep and transient
episodes such as afterslip and slow slip events (SSEs), which can last
from minutes to months. SSEs release accumulated strain along faults
and contribute to long-term moment release*, potentially reducing
the elastic energy available for large earthquakes>°. They can influence
seismic hazard by occurring before”®, during’, or after
earthquakes'’™”, and in some cases may trigger seismic events®*,
The physical mechanisms that control the occurrence of SSEs remain
incompletely understood. Whether a fault slips seismically or aseis-
mically depends on several factors, including physical properties
(temperature and pressure), fault zone structure, material
properties'®*°, mineralogical composition of the fault gouge?, and the
presence of geometrical heterogeneities®. SSEs tend to occur in spe-
cific depth ranges, typically either in the shallow upper crust, such as
along the selected segments of the San Andreas Fault in California,
where steady creep is common?®, or at greater depths within subduc-
tion zones, for example, the Cascadia’ and Nankai margins”, where
slow slip occurs in the transition zone between locked and creeping

segments. These regions may promote slow slip due to a combination
of elevated pore fluid pressures, which reduce effective normal
stress*>”, and velocity-strengthening frictional behavior that favors
stable sliding over seismic rupture’®?, Such conditions are often
inferred near the base of the seismogenic zone or within weak fault
materials. In transform fault settings such as the San Andreas Fault,
SSEs have also been reported, though their small magnitude and short
duration are challenging to detect using either geodetic or strain-
based observations” ",

Borehole strainmeters (BSMs) are highly sensitive to strain chan-
ges in the surrounding Earth, enabling them to capture subtle defor-
mation that may be missed by high-precision GPS, thereby bridging
the measurement gap between seismometers and GPS*. Their ability
to capture deformation across timescales ranging from seconds to
weeks makes them valuable for detecting transient aseismic phe-
nomena, including short-duration SSEs. Despite their potential, BSM
data are often dominated by environmental and instrumental noise,
which can obscure subtle tectonic signals®. As a result, confirmed SSE
detections using strainmeter data are rare and typically rely on visual
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inspection or simple threshold-based criteria***, which are time-con-

suming, prone to subjectivity, and often ineffective due to noise levels
in the data®*. The identified SSEs in tectonic fault settings have been
mostly observed on individual strainmeter stations near the San
Andreas Fault®, the Marmara region in Turkey™?*, and the Alto
Tiberina Fault in Italy”’, highlighting both the potential of these
instruments for studying aseismic slip and the necessity to develop
methodologies that enable their systematic detection in noisy
environments.

In this study, we present a deep learning-based algorithm to
detect SSEs embedded in continuous strainmeter data. We employ a
multi-step workflow that includes wavelet-based signal representation,
dimensionality reduction via a neural autoencoder, and unsupervised
clustering. This approach allowed us to detect SSEs on up to three
independent strainmeter stations in the Parkfield section of the San
Andreas Fault, with the associated slip also observed on a nearby
creepmeter. The spatial coherence of these events enabled source
modeling, revealing that the SSEs are shallow, exhibit slip consistent
with the right-lateral motion of the San Andreas Fault, and follow a
cubic moment-duration scaling law similar to regular earthquakes.
Previous studies either could not detect SSEs in strainmeter data due
to their small amplitudes and high noise levels, or identified them only
on individual stations. The SSEs observed across multiple strainmeter
stations provide robust evidence of the spatial coherence of these
signals and enable analysis of both the signal characteristics and the
spatial extent of the events that cause them. This allows us to explore
the moment-duration scaling analysis of short-term SSEs in a trans-
form fault setting, extending earthquake-like scaling observations to
shallow aseismic slip.

SSEs have been studied on several strike-slip faults in
California®**°. Seismic manifestations of ongoing slow processes such
as SSE commonly include tremor, very-low-frequency earthquakes,
earthquake swarms, and low-frequency earthquakes (LFEs)**™*, all of
which may occur in response to aseismic stress transients*. In many
regions, small seismic events, including LFEs, are viewed as indirect
indicators of slow aseismic slip, because stress changes associated with
gradual fault slip can promote brittle failure on small asperities
embedded within the slipping region*. This spatial and temporal
association is often interpreted as reflecting related slow-slip pro-
cesses acting within the same fault zone. The temporal correlation
between LFEs and SSEs may arise from localized brittle failure within a
broader region undergoing slow aseismic slip, as LFEs are generally
interpreted to originate from small patches embedded within a larger,
slowly slipping fault area**"*. The coupling between SSEs and LFEs has
been observed mainly in subduction zones*>*~', and similar rela-
tionships between aseismic slip transients and seismic events have also
been documented on several strike-slip faults in California®>*,
Understanding the relationship between SSEs and LFEs is critical for
understanding both aseismic and seismic fault behavior and may offer
insight into the mechanisms governing earthquake occurrence and
recurrence'*'®, In our study, we show that low-frequency earthquakes
(LFEs) near Parkfield (Fig. 1) tend to follow the detected SSEs, sug-
gesting a potential causal relationship between aseismic slip and sub-
sequent LFE activity. This behavior aligns with earlier observations in
both subduction and strike-slip tectonic regimes, where variations in
LFE activity have been shown to track the evolution of slow slip tran-
sients. These observations place our study within a broader context of
aseismic-seismic coupling on strike-slip faults.

Results

A machine learning approach to detect slow slip events in
strainmeter data

We present a machine learning-based approach for automatically
detecting Slow Slip Events (SSEs) embedded in strainmeter records.
Our approach uses deep learning techniques to overcome the

challenges of traditional methods and identify SSEs from large data-
sets, enhancing the potential for systematic analysis of strainmeter
records.

Our workflow includes three main steps (Fig. 2): (I) Pre-pre-
processing: Raw strain data is corrected for long-term trends, tidal
effects, and atmospheric pressure using EarthScopeStrainTools™. We
then convert gauge strain to regional strain (areal, differential, engi-
neering) via a calibration matrix. (II) Signal representation: We use the
continuous wavelet transform (Morlet wavelet) to enhance transient
signals such as SSEs. We then compute daily wavelet spectra, down-
sampled for efficiency, and normalized for input into the machine
learning model. The wavelet transform (WT) provides a representation
in which short-duration step-like strain transients produce a char-
acteristic broadband, high-amplitude pattern that is visually distinct
from background noise (Fig. 2) and is generally distinguishable from
short-lived signatures of local earthquakes. This representation,
therefore, serves as the basis for distinguishing transient deformation
from other sources of variability in the strain records. Ill) Feature
extraction and event detection via clustering: To cluster the daily
wavelet representations, the dimensionality of the data must be
reduced because each day of data contains 86,400 samples and clus-
tering performance degrades in high-dimensional spaces. We there-
fore use AutoencoderZ, a deep autoencoder model developed in our
previous studies™, to learn a compact set of features that sum-
marizes each day’s WT. The encoder compresses each WT into a latent
vector of 24 features, which preserves key characteristics of the sig-
nals. In this low-dimensional feature space, K-means clustering groups
days with similar WT patterns. We use only differential and engineering
strains as input to the model, as they are most sensitive to tectonic
deformation®’. The method is applied separately to each component,
and detections from the differential and shear components are then
combined to account for variability in signal amplitude across the two
components. The first clustering stage separates days that contain a
transient strain change from those that show only background varia-
bility. The second stage operates only on the transient days, isolating
short-duration SSEs (which share a characteristic broadband WT sig-
nature) from other transient sources, such as local earthquakes or
instrumental noise. Because the approach is fully unsupervised, the
clusters arise directly from differences in the learned signal features,
allowing efficient identification of SSEs and offering potential for near-
real-time tectonic monitoring using strainmeter data. After clustering
and automatic detection, we visually inspect the detected events to
remove any remaining non-tectonic or unwanted signals.

The method was developed and tested with data from the Park-
field section of the San Andreas Fault (Fig. 1a), where a long-term
network of strainmeters exists, and a manual SSE catalog from visual
inspection of the continuous recordings is available for validation®.
We use three strainmeters: BO73 (reference strainmeter; closest to the
fault and consistently recording the highest-amplitude signals), BO75,
and B076, which were selected based on their proximity to the fault
and each other (Fig. 1b). The dataset includes the four gauges of each
strainmeter, spans the years 2009-2016, and has a sampling frequency
of 1Hz to resolve short-duration events.

SSEs recorded on three strainmeters at Parkfield

We used our algorithm to detect SSEs across multiple strainmeter
stations. We first applied it to station BO73, which is the reference
strainmeter for the manual SSE catalog and is located 1.1 km from the
San Andreas Fault. The manual catalog covered the years 2009 to 2016
and included 71 events that, in most cases, were also observed on a
nearby creepmeter. By comparing the automatic detections with the
manual catalog, we found that our unsupervised algorithm auto-
matically detected 90% of the SSEs listed in the manual catalog over
the 8-year interval. The durations of our short-duration SSEs range
from 25 to 100 minutes, with an average duration of approximately
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Fig. 1| Location of the study area and instruments on the creeping section of
the San Andreas Fault, near Parkfield, California. a Map showing the San Andreas
Fault trace, earthquakes with M > 6 since 1983, and major nearby cities. The

creeping, transition, and locked zones are based on previous studies®. b Detailed
view of the study area highlighting the strainmeters and creepmeters used in this
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study. Black and green circles represent the low-frequency earthquake catalog’.
Brown dots show earthquakes from the Northern California Earthquake Data
Center. Red lines represent mapped surface fault traces from the United States

Geological Survey (USGS) Quaternary Fault and Fold Database (Qfault), including
the San Andreas Fault.
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Fig. 2 | Flowchart of our slow slip event (SSE) detection algorithm for
strainmeter data. The workflow includes three main steps: (1) preprocessing of
strainmeter data, (2) wavelet transform for signal representation, and (3) deep

learning involving feature extraction with AutoencoderZ followed by K-means
clustering. The AutoencoderZ architecture shown in panel 3 is adapted from our
previous studies®™*°, with modifications.

50 minutes. Hence, this fills an observational gap of slow slip events
observed using seismic and geodetic instrumentation.

To assess whether a detected transient represents an SSE, we
evaluated the waveform characteristics following the criteria used in
ref. 57. We visually inspected whether the signal showed a step-like
strain change evolving over tens of minutes, with the largest ampli-
tudes appearing in the differential and engineering strain components
compared to the areal component. Where needed, we also examined
the individual gauge records, since tectonic deformation affects

multiple gauges consistently, whereas instrumental artifacts often
appear in only a single gauge. When available, supporting offsets on
nearby creepmeters were also taken into account. We also considered
the overall transient shape together with the strain patterns produced
by shallow dislocation models (e.g., Fig. 6 in ref. 57), which provides an
additional qualitative check that the signal is consistent with aseismic
fault slip. The 7 missed events exhibit amplitude changes of around
0.01 microstrain on the strainmeter. While some detected SSEs show
similarly small amplitudes, they typically occur over shorter durations
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(often less than half an hour) and generate sharp transients in the daily
wavelet transform images. In contrast, the missed events evolve over
longer timescales, from about half an hour to 100 min, producing
smoother transients that are more difficult to distinguish from back-
ground signal variations. The instrumental dynamic range of GTSM
borehole strainmeters is large (digitizer resolution ~-1071° strain and
observed signals up to ~1075 strain®®). However, the effective detection
threshold for longer-duration deformation is controlled by noise.
Spectral analyses in previous studies®® show a pronounced rise in noise
for periods longer than ~1000 s, which overlaps with the durations of
the SSEs in our catalog. As a result, small-amplitude events (-0.01
pstrain) lie near the practical noise level at these periods, explaining
why some low-amplitude transients were missed by the automated
method. The missed events were excluded during the second clus-
tering step, where the algorithm prioritizes reducing false positives. In
addition to the 90% detection rate, we identified 3 signals with sharp
features in the wavelet transform, but based on waveform shape and
amplitude distribution across the three components, we do not
interpret them as SSEs (Figs. S1-S3). We also observe 16 false detec-
tions linked to short-duration (-16 min) step-like jumps that occur only
during a specific period of the record (primarily in 2016), likely due to
instrumental noise (see Fig. S4 for an example).

Our algorithm identified 21 SSEs (representing 30% of the total)
that are not present in the manual catalog (three examples of newly
detected SSEs are shown in Figs. S5-S7). Out of these new detections,
14 of them were further confirmed by their visibility in nearby creep-
meters (see Figs. 3, S8). Some of the SSEs did not show slip on the
creepmeters, which may suggest a deeper source for these events, but
avisual inspection of the strainmeter data confirmed their occurrence.
The new detections highlight the ability of our method to uncover
previously unknown patterns. We also investigated the possible exis-
tence of longer-duration SSEs in the Parkfield strainmeter data using
extended wavelet scales, but did not identify any longer-duration
events at station BO73. This analysis, together with illustrative exam-
ples and the corrected strainmeter time series for the full 8-year per-
iod, is described in detail in Supplementary Note 1 and the figures
therein. All 92 SSEs introduced in this study are provided in Supple-
mentary Data 1, while the corresponding strainmeter waveforms,
wavelet transform plots, and the traces of the three nearby creep-
meters are presented in Supplementary Data 2.

To our knowledge, no automated SSE detection algorithm has
been previously developed solely on strainmeter data. A region-
specific matched-filter method combining strain and tilt data was used
to detect short-term SSEs in southwest Japan by modeling slip on the
plate interface and using the Akaike Information Criterion (AIC) for
event identification®’. Their method detects many SSEs from a GNSS-
based catalog but misses small events and produces some false
detections. Compared to other methods, our detection rate also
exceeds SSEDetector®, a supervised approach trained on synthetic
GNSS data, which achieved an 87.5% detection rate.

We then applied the algorithm to the neighboring stations BO75
and B076, which are located farther from the fault than B073, at dis-
tances of 2.9 km and 3.4 km, respectively (Fig. 1b). The increased dis-
tance from the fault results in a decrease in the SNR of the SSEs, making
the detection of these events more challenging. Still, in strainmeter
B0O75, our automatic algorithm was able to detect 60% of them. A visual
check of the signals revealed that 20 of the 26 missed events could still
be observed, albeit with very small amplitudes (<2 nstrain). Approxi-
mately half of the data from the BO76 from our study period is cor-
rupted. From the remaining data, we were able to visually detect 42% of
the SSEs, though with very small amplitude changes compared to the
two previous stations. Automatic detection in this station is particu-
larly challenging due to the presence of numerous other transient
signals (most likely non-tectonic) that interfere with the identification
of smaller changes. As a future improvement, one could incorporate

external earthquake catalogs to mask known seismic arrivals, which
would reduce false positives and improve clustering quality by filtering
out unrelated transients. Additionally, signal separation or transient
removal techniques®®? could help suppress non-tectonic signals and
enhance the sensitivity of the detection algorithm. However, this
would require careful assessment to avoid excluding strain transients
that may be temporally correlated with SSEs and to define appropriate
magnitude and distance thresholds.

Similar scaling laws for earthquakes and short-term SSEs in
Parkfield

To investigate the physical characteristics of the short-term SSEs, we
analyze 22 events coherently observed across all three strainmeters
B073, BO75, and BO76 (see Fig. S9 for three example SSEs observed at
the three stations). For the location analysis, we include all SSEs from
the manual catalog, regardless of whether they were detected by our
machine learning method, together with newly detected SSEs, and
retain only those that are coherently observable at all three stations;
events observable at only one or two stations are excluded, although
all manual and newly detected SSEs have comparable durations in the
25-100 min range. We estimate each SSE’s location, slip, and seismic
moment using forward modeling based on the Okada dislocation
solution for a rectangular fault patch®. The predicted strain at each
station is computed for unit strike-slip, forming the Green’s function
kernel in the observation equation £ = G.s. Here, £ is the observed
strain, G is the Green’s function matrix describing the strain response
to unit slip, and s is the fault slip. Solving this in a least-squares sense
yields the best-fitting scalar slip, s, for each candidate source (see
method section). Constraining the geometry to the San Andreas Fault
and assuming a pure strike-slip mechanism®*, we find that these SSEs
are shallow (depth <4 km), with slip directions consistent with right-
lateral motion along the fault (Fig. 4a, b). Quantitatively, ~90% of the
events are consistent with right-lateral motion. The strike-slip
assumption constrains motion to be parallel to the fault plane, while
the sense of slip (right- or left-lateral) is inferred from the inversion
rather than imposed a priori. The majority of events, particularly those
with larger slip magnitudes, exhibit right-lateral behavior, whereas
some smaller-magnitude events show opposite slip directions. For
smaller events, the sense of slip is weakly constrained due to limited
station coverage and low signal amplitudes, and some inconsistencies
with the expected right-lateral behavior likely reflect the limited
observational coverage provided by only three stations, a limitation
also noted by Gladwin et al. (1994) in the context of sparse spatial
sampling. Misfit analyses (Figs. S10-S12) show that source depth and
horizontal location are only weakly resolved with the three-station
strainmeter geometry. Misfit curves typically exhibit broad low-misfit
regions rather than sharply defined minima, indicating that multiple
nearby models produce similar strain predictions. Accordingly, the
inferred shallow depths should be interpreted as preferred solutions
within the explored domain rather than uniquely constrained esti-
mates. Independent surface creep observations further support the
shallow character of the inferred slip. Slip amplitude is determined
from the least-squares fit to the observed strain for each tested geo-
metry. Although seismic moment depends on both slip and fault area,
the moment-duration scaling does not rely on a precise determination
of source location or depth. All results of the Okada dislocation model
are provided in Supplementary Data 1.

We find that the short-term SSEs follow a cubic moment-duration
scaling law (Fig. 4c, d), consistent with the scaling observed for regular
earthquakes®. This contrasts with earlier studies that reported a linear
moment-duration relationship for SSEs across diverse tectonic set-
tings, particularly for longer-duration or deeper events****®, Our
results are consistent with recent studies suggesting earthquake-like
scaling for SSEs®”*%, although the interpretation of these results has
been re-evaluated in light of limits in detectability®. Previous work®
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argued that the linear scaling reflects a bound on moment rate, gov-
erned by the diffusional nature of slow earthquake propagation, and
that the cubic scaling may apply in some cases, but that the linear
scaling reflects a boundary of behavior. Our findings support this
interpretation because they represent deformation transients that are
significantly slower relative to their moment than previously observed
(Fig. 4c, d).

The limited three-station strainmeter geometry strongly con-
strains the resolving power of the source inversion. Depth and hor-
izontal location are weakly constrained and should be interpreted as
approximate, preferred solutions rather than uniquely resolved para-
meters. This limitation also affects the estimation of source dimen-
sions and, therefore, can introduce uncertainty in the interpretation of
scaling relationships. Future work combining denser geodetic net-
works, additional independent observations (e.g., GPS or creep-
meters), and improved constraints on fault geometry will be necessary
to better resolve source properties and to more robustly assess the
scaling behavior of short-term slow slip events.

Low-frequency earthquakes increase following SSEs

We observe a temporal correlation between short-duration slow slip
events (SSEs) and increased low-frequency earthquakes (LFEs). Using
the LFE catalog along the central San Andreas Fault’®, we analyze eight
years of catalog data from 2009 to 2016. As an initial step, we compare
the cumulative number of LFEs with the cumulative number of SSEs
(Fig. S13a). However, this comparison is challenging due to the sig-
nificant difference in event frequency, approximately 500,000 LFEs
(one million LFEs over 2001-2016 and ~500,000 LFEs within our study
period)versus only 92 SSEs. Given that SSEs are short in duration and

low in amplitude, we reduce the spatial extent of the LFE catalog to
focus on potential local interactions and restrict the analysis to LFEs
occurring within 10 km of our reference strainmeter station (Fig. S13b).
This threshold aligns with the estimated spatial uncertainty of LFE
family locations and the typical lateral extent of their detection foot-
prints in the Parkfield area’, ensuring that only spatially coherent LFE-
strainmeter interactions are considered (see Fig. 1b for LFE family
locations and Fig. S13a for the cumulative plot). We also investigate
whether the correlation changes when applying a depth constraint to
the LFEs. LFE depths range between 16 and 28 km’°. We plot the
cumulative number of LFEs and SSEs separately for LFEs shallower and
deeper than 20 km (Figs. 5a, S13¢). The comparison shows a stronger
temporal correlation between SSEs and LFEs shallower than 20 km.
This range aligns with the lower bound of LFE depths in the catalog
(-16 km) and is consistent with the ~16 km depth of SSEs previously
identified using the GPS network in Parkfield®. We note, however, that
the 20 SSEs reported in the previous study® were not detected as
individual events, but inferred indirectly by stacking GPS time series
using the timing of LFE bursts from Shelly (2017). That study did not
publish a catalog of individual SSE times, and the timing information is
only available in graphical form as approximate central times of LFE
bursts. The authors also explicitly reported that corresponding
strainmeter signals could not be resolved due to noise at multi-day
periods. As a result, our study and that of Rousset et al. (2019)* address
different observational expressions of slow slip and are not directly
comparable on an event-by-event basis.

Better correlation with shallower LFEs could indicate a possible
connection between the shallow upper few km where our SSEs are
happening, and the base of the seismogenic zone, where the shallow
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indicates the trace of the San Andreas Fault. Slip vectors are consistent with right-
lateral motion along the fault, and their lengths are proportional to the modeled

slip magnitude. The inset illustrates the expected right-lateral motion across the
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fault for reference. ¢ Moment-duration relationship of different studies from Ide
and Beroza (2023)°, shown as gray dots. The blue and red lines show the seismic
moment and duration scaling for slow and regular earthquakes, respectively*. SSEs
from this study are plotted as red dots. d Moment-duration relationship of the
Parkfield SSEs, showing a cubic scaling trend (dashed line) consistent with that
observed for regular earthquakes.

LFEs are happening. The normalized cumulative counts of LFEs within
10 km of station BO73 and shallower than 20 km (a total of approxi-
mately 15,000 LFEs in this range), along with the normalized cumulative
counts of SSEs, are shown in Fig. 5a. We also compared the cumulative
number of SSEs with that of earthquakes (Figure S14) and tremors
(Fig. S15) at different distances from the reference strainmeter in the
central San Andreas Fault region. No correlation is observed between
SSEs and tremors, while a possible weak correlation appears for earth-
quakes, though it is much less clear than the correlation with LFEs.
The temporal correlation between SSEs and LFEs is apparent in
the cumulative plot. To quantify this relationship, we computed the
normalized correlation between daily LFE counts and SSE occurrences

(Fig. 5¢). For a 6-day window covering 3 days before and 2 days after
SSE, we observe a distinct peak in correlation on the day following the
SSE (SSE +1). Because the SSE series contains only 92 non-zero days
over the 8-year period, while LFE daily counts are much larger and
highly variable, reaching up to 157 events/day, the normalized cross-
correlation is expected to have small absolute amplitudes. In this
context, the interpretation relies on the timing of the peak rather than
the coefficient magnitude, and the maximum near SSE day indicates
enhanced LFE activity immediately following SSE onset. To evaluate
whether LFE activity is elevated around SSEs, we compute the mean
daily LFE counts over a 6-day window centered on each SSE (from
3 days before to 2 days after) and compare them with similar windows
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Fig. 5 | Temporal relationship between slow slip events (SSEs) and low-
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10 km of station BO73 and depth <20 km) and SSEs. b Mean daily LFE counts over the
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to assess whether LFE activity increases near SSEs. Error bars show the standard error
of the mean daily LFE rate at each lag, indicating that the post-SSE increase is not
driven by a few isolated high-count days but reflects a consistent ensemble trend.

¢ Normalized correlation between daily LFE activity and SSE timing. Both time series
were z-score (subtract the mean and divide by the standard deviation) normalized.

during randomly selected non-SSE periods. Non-SSE reference win-
dows were randomly selected from periods without SSEs and were
required to lie outside the -3 to +2 day neighborhood of any SSE to
avoid overlap with pre- and post-SSE intervals. This allows us to iden-
tify short-term temporal correlations between LFEs and SSEs. (Fig. 5b).
LFE rates are higher during an SSE, on the day of the event, and the two
subsequent days, implying that SSEs may influence the timing and
occurrence of nearby LFEs, potentially by modifying local stress. Pre-
vious studies have also reported a temporal relationship between SSEs
and tremor*’, which led to the definition of Episodic Tremor and Slip
(ETS) in subduction zones. Tremor has been shown to consist of
sequences of low-frequency earthquakes (LFEs) in some regions, and
several studies have further established the correspondence between
SSEs and LFEs***"", suggesting a complex interaction between aseis-
mic and seismic slip. To assess the robustness of the increased LFE
rates after SSEs, we repeated the analysis first using only days on which
LFEs occurred (excluding days with zero LFEs) and second, using
median daily LFE counts, which are less affected by outlier days. Fig-
ure S16a shows that restricting the analysis to LFE-active days yields the
same qualitative pattern as Fig. 5b, with elevated LFE activity after SSEs.
Figure S16b presents the median-based results, confirming that the
observed post-SSE increase is not driven by a small number of extreme
LFE days. Additionally, Supplementary Table 1 reports variability
measures (mean, standard deviation, and interquartile range) of LFE/
day rates, all of which support the conclusion that LFE activity sys-
tematically increases following SSEs.

Many previous studies examining the relationship between SSEs
and LFEs have relied on inferred SSE timing from LFE activity*"’* since

the timing of LFE can provide constraints on the dynamics of
SSE,**%%8 rather than direct detection of individual SSEs. In contrast,
our study uses a systematically constructed catalog of SSEs, allowing
for a direct and time-resolved comparison with the existing LFE
catalog. Our approach provides more robust evidence for a temporal
and potentially causal link between SSEs and LFE activity in
fault zones.

Stress transfer between the creeping section and the
transition zone

Understanding the slip dynamics and transient deformation within the
creeping section can inform how aseismic slip can modulate stress
accumulation and release. We observe a temporal modulation of low-
frequency seismicity associated with SSEs, implying a transient trans-
fer of stress from the creeping section to adjacent fault zones, parti-
cularly in the transition zone between the creeping and locked
segments.

Our analysis shows that the SSEs are shallow and kinematically
consistent with the right-lateral motion of the San Andreas Fault, and
with their surface manifestation known as creep events. Aseismic fault
creep was first documented on the San Andreas Fault at Cienega
Winery”. In addition to steady aseismic slip, accelerated episodes of
surface fault creep, referred to as creep events, were subsequently
discovered on the San Andreas Fault’*’”>. Although measured at the
surface, creep events were subsequently recorded on borehole strain
meters on the San Andreas Fault near San Juan Bautista and found to
extend to depths of up to several km, with surface slip found to lag slip
at depth?. With the discovery of slow slip events in subduction zones,
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which also represent aseismic shear slip on faults, creep events might
better be characterized as short-term slow slip events.

Their moment-duration scaling follows a cubic law, similar to
regular earthquakes. We note that in dynamic earthquake models, it is
the elastodynamic stress concentration ahead of the rupture front that
sustains rupture. In those models, the rupture velocity is comparable
to the seismic wave speed. Ide and Beroza (2023)%° suggest that elas-
todynamic rupture leads to scaling where both the duration and the
length of rupture grow linearly with time, which leads to moment
scaling with the cube of time if the stress drop is constant. For slow slip
events, the cubic scaling with duration must have another origin;
however, given the limited resolution of source dimensions, particu-
larly depth and fault area, this scaling should be interpreted with
caution. In particular, uncertainties in the size of the slipping area may
affect the inferred relationship. Nevertheless, these quantifications
provide a physical bridge between slow and fast fault slip recorded in
seismic and geodetic data, reinforcing the idea that fault deformation
occurs across a continuum of transient behaviors.

In this work, we show that deep learning applied to continuous
strainmeter data detects short-duration slow slip events on the creeping
section of the San Andreas Fault near Parkfield. We identify coherent
SSE signals across multiple instruments, with supporting observations
from creepmeters, and find that these events are associated with
increased low-frequency earthquake activity following slip. Source
analysis indicates shallow slip consistent with right-lateral motion on
the San Andreas Fault, although source geometry remains only weakly
constrained by the available three stations. The detected events follow
an approximate cubic moment-duration scaling relationship, con-
sistent with that of earthquakes. Our observations underscore the
importance of including slow slip dynamics, particularly in creeping
fault segments, when modeling stress transfer and fault interaction.
Such processes may influence stress loading in adjacent locked zones
and therefore have implications for seismic hazard assessment.

Methods

To obtain high-resolution data and capture short-duration slow slip
events, we download strainmeter data sampled at 1Hz (the highest
available sampling rate) from IRIS/EarthScope. We consider data
spanning 8 years, from 2009 to 2016, consistent with the time period
covered by a manual catalog of shallow aseismic slip events”. This
catalog was constructed by visually inspecting the differential and
engineering strain channels of B073, located 1.1km from the San
Andreas Fault (Fig. 1), for their characteristic short-duration, step-like
transients using 4-hour analysis windows. When available, coincident
offsets on nearby creepmeters were used as supporting evidence for
the shallow aseismic origin of a candidate event. These criteria define
the set of short-duration SSEs that we use to validate the automatic
detections from our machine-learning workflow. In addition to this
reference station, we analyzed two other stations: BO75, located on the
opposite (west) side of the fault at a distance of 2.9 km, and B076,
located on the same side as BO73 at a distance of 3.4 km. Both stations
are approximately 4 km from BO73. The nearest station to B073
beyond these is located 17 km away, which is probably too distant to
detect the small, slow slip events observed at BO73.

Our approach consists of four main stages: (1) preprocessing
borehole strainmeter data, (2) transforming the data into a repre-
sentation that highlights slow slip events (SSEs) using wavelet analysis,
(3) feature extraction and dimensionality reduction using Auto-
encoderZ, and (4) clustering for event detection. We describe these
steps in the following.

Preprocessing of Strainmeter data

Strain records often contain unwanted signals that can obscure the
detection of SSEs. These include long-term borehole curing trends,
tidal effects, barometric pressure variations, rainfall-induced changes,

and abrupt offsets that occasionally appear on individual gauges
without a known cause. We use EarthScopeStrainTools* for all pre-
processing steps (Fig. S17). In the following, we describe the
preprocessing steps:

First, we download the raw data and convert it into strain units (see
Fig. S17). We then detrended the data by evaluating the trend over the
relevant timeframe, and remove a simple linear trend from the long-
term borehole relaxation signal. Next, we correct the data for tidal
effects. BAYTAPO8*7%” is a Bayesian modeling procedure that deter-
mines the tidal amplitudes and phases for several of the largest tidal
constituents (M2, O1, P1, K1, N2, S2). These constituents are then used in
SPOTL to generate a forward model time series of tides for each gauge,
which can then be subtracted from the data. We also calculated an
atmospheric pressure correction coefficient for each gauge in BAY-
TAPOS, similar to the tidal constituents. This coefficient is used with the
colocated surface barometric pressure sensor data to create a pressure
correction time series, and the data were corrected accordingly for the
effects of atmospheric pressure variations. The EarthScope doc-
umentation recommends applying an offset correction after the pre-
vious three corrections. Offsets are automatically detected using a
simple first-differencing algorithm. After comparing the data with and
without offset correction for SSE detection, we found that applying the
offset correction over the entire analysis period sometimes altered the
signal shape during the SSE (Fig. S18), preventing its detection. There-
fore, we decided not to apply the offset correction for SSE detection.

The strain recorded by each gauge reflects the combined
response of the instrument, grout, and bedrock to strain; however, we
are concerned with the strain of the rock formation itself. To obtain
this, a calibration (or orientation) matrix is applied to the four gauge
strains, transforming the recorded data into areal (ex+¢),), differ-
ential shear (e, — &), and engineering shear strains (2¢,,) in the East/
North reference system, where €;¢ denotes the components of the
horizontal strain tensor (with i, j = x or y). After correcting the gauge
strain and converting it to regional strain via calibration, the data are
ready for analysis.

Wavelet transform for event representation

SSEs produce a step-like jump in the strainmeter data. To develop an
algorithm for their automatic detection, we require a data repre-
sentation that enhances the visibility of SSEs. First, we tested the Short-
Time Fourier Transform (STFT), but it did not reveal distinct patterns
at the time of the SSE (Fig S19). We found that the wavelet transform
(WT), using the Morlet wavelet basis, provides an effective repre-
sentation of the event because it offers a good balance between time
and frequency localization, making it suitable for detecting transient
signals such as SSEs. The duration of the signals captured depends on
the wavelet scale and the sampling rate. Since our data is sampled at
1Hz, the duration of the signal captured at each wavelet scale
approximately corresponds to the scale itself. For a Morlet wavelet
with central frequency wg = 6 the relationship between the scale s and
the approximate period T is given by:

T ~125xs I

The factor 1.25 comes from the inverse of the Morlet wavelet’s
central frequency’® and s denotes the wavelet scale. Because our
strainmeter data are sampled at 1 Hz, the maximum period captured by
our largest scale s=2048 is :

T max ~ 1.25x2048 ~ 2560 s ~ 43 min )

max
Thus, with the five scales used in this study (evenly spaced between 1
and 2048), the WT is intrinsically sensitive to signal durations ranging
from approximately 1second to ~45 minutes. SSEs are primarily cap-
tured at high wavelet scales (i.e., lower frequencies and longer
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durations), while smaller-scale coefficients capture high-frequency
strainmeter variations. With this setting, SSEs appear as localized, high-
energy signals, making them clearly distinguishable from other parts
of the signal.

Although the WT’s formal maximum resolvable period is ~40 min-
utes, events with rise times up to ~-120-150 minutes still produce
detectable energy within our wavelet scales. A step-like transient with a
multi-hour rise is not a pure low-frequency signal: its onset contains
finite slope and curvature, and these local gradients project energy onto
shorter periods (approximately 10-40 minutes), which lie within the
sensitive band of the Morlet Continuous WT. As the rise time increases,
the transient becomes progressively smoother, reducing its curvature
and thereby suppressing the higher-frequency components that the WT
can detect. For very slow rises on the order of 3-4 hours or longer, the
signal’s spectral energy shifts almost entirely to periods beyond the WT’s
maximum scale, rendering such transients indistinguishable from
background low-frequency variability under our chosen settings. Sup-
plementary Note 2 illustrates this behavior using synthetic step-like
transients, showing how their visibility in the WT progressively dimin-
ishes with increasing event duration when using our specific WT con-
figuration (Morlet wavelet, scales 1-2048, equivalent to periods of -1 s to
~40 min and sensitive to transients from 1s to 150 min).

For the input to the machine learning model, we create daily WTs,
with each day consisting of 86,400 samples. To reduce the input size
for efficient training, we downsample the WT by a factor of 10. This
does not affect the resolution of our detection, as the WT is created
from the 1Hz data, and the downsampling is applied to the already-
transformed data, preserving the necessary details. In the final step, we
normalize the data using its mean and standard deviation. This ensures
that all input features have a similar scale, improving the stability and
performance of the machine learning model. The data is now ready for
use as the model input.

Feature extraction and dimensionality reduction with
AutoencoderZ

To detect SSEs automatically in strainmeter data, we employ a clus-
tering approach that aims to separate them into a distinct cluster.
Clustering is an unsupervised learning approach that groups similar
data points without relying on predefined labels or examples. Unsu-
pervised frameworks have been applied successfully in seismology to
detect and cluster seismic signals’”®. However, as data dimensionality
increases, the performance of conventional clustering methods
decreases. To address this, we apply feature extraction and dimen-
sionality reduction to transform the input data into a lower-
dimensional space before clustering. This is achieved using Auto-
encoderZ, a deep learning-based autoencoder model developed in our
previous studies®*®. This model has been proven to perform excep-
tionally well across various data types®® and durations®. The lower-
dimensional representation serves as the input for the clustering step,
where SSEs are grouped separately from other signals. We train the
model separately for each station and each component. The auto-
encoder was trained in an unsupervised manner using 80% of the data
for training and 20% for validation. During training, the AutoencoderZ
model minimizes a reconstruction loss that quantifies the difference
between the input and its reconstruction. We monitor both training
and validation losses to ensure the model generalizes well and does
not overfit. Figure S20 shows the reconstruction loss curves for the
station BO73 differential component as an example, illustrating the
training and validation behavior.

Among the three strains (areal, differential, and engineering),
tectonic movements are primarily reflected in differential and engi-
neering strains, while changes in the areal strain are more sensitive to
vertical strain changes, such as those from barometric pressure var-
iations and anthropogenic noise. For this reason, we use only differ-
ential and engineering strains as the input for the model to detect SSEs.

Clustering for event detection

We use the extracted features for the clustering task. During the
training process, the autoencoder learns to reconstruct the output from
the latent space to closely match the input. Once trained, the features
extracted from the autoencoder’s bottleneck are used for the clustering
task, which is performed using the K-means algorithm. K-means is a fast
and commonly applied clustering technique. The algorithm partitions
the latent space into clusters, each represented by a cluster centroid.
This centroid, which marks the center of a cluster, is the mean of all data
points within that specific cluster. K-means clustering was performed
separately for each station and strain component to account for dif-
ferences in signal characteristics, and multiple random initializations
(n_init = 20) were used to ensure stable clustering results.

We use the Silhouette score to define the number of clusters. The
Silhouette score measures how similar an object is to its own cluster
compared to other clusters, with values ranging from -1 to 1. A higher
score indicates better-defined and well-separated clusters. The optimal
number of clusters is determined by maximizing the average Silhou-
ette score, with the highest score indicating the best clustering
configuration.

In this work, we use a two-step clustering approach. First, we apply
clustering, and based on the Silhouette score, and find that the optimal
number of clusters is two. Upon examining the data in the two clusters,
we observe that one cluster contains data with a spike-like pattern in
the Wavelet Transform (WT), while the other cluster includes samples
(each representing one day) that show a smoother progression with-
out sudden changes. The first cluster includes SSE events that exhibit
spike-like patterns in the WT, but also contains other transient chan-
ges, such as earthquakes. To filter out non-SSE events from the first
cluster, we perform a second clustering on the data within it. This step
effectively separates many samples that do not contain SSEs but
include other transient signals. Again, the optimal number of clusters
in this step, based on the Silhouette score, is two. We designate one of
these clusters as the SSE cluster, as it mainly contains SSE events. The
other cluster, with less sharp spike patterns in the WT, is associated
with other transient signals, which are not the focus of this study. The
autoencoder was trained using standard training and validation splits
to ensure stable feature extraction, while the subsequent clustering
step is fully unsupervised and does not rely on labeled targets. The
choice of two clusters and separate clustering for each station and
strain component reflects the distinct signal characteristics of SSEs,
which produce step-like transient strain changes that are clearly
separable from background noise. Further validation on additional
years and regions will be valuable to assess its broader applicability.

Source location and scaling analysis
To estimate the source properties of short-duration SSEs, we imple-
mented a forward modeling framework based on the Okada solution
for rectangular fault dislocations in a homogeneous elastic half-
space®. We performed a grid search over six fault parameters: hor-
izontal location (x, y), depth (), strike, dip, and fault length. We related
the fault width from the length using an empirical scaling relation W=
G, L? with C;=15 and B=2/3, consistent with empirical constraints for
width-limited strike-slip faults®'.

We modeled slip as pure strike-slip, consistent with the kinematics
of the San Andreas Fault®. For each trial configuration, we assumed a
unit strike-slip displacement (1m) and used the Okada solution to
compute the predicted strain tensor at the three strainmeter stations.
This defines the Green’s function matrix G (i.e., influence coefficients),
which quantifies the elastic strain response per unit slip. We then
estimated the scalar slip amplitude s that best fits the observed strain
£ using the linear observation equation:

ePs=Gs 3)
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The best-fitting slip was obtained using a least-squares solution:

_GT e

= 4
G'G @

The forward strain predictions were then scaled by this slip value
and compared to the observed strain. We defined the optimal model as
the configuration that minimized the misfit, defined as the sum of
squared differences between observed and predicted strain:

1€ — sG> 5)

The search domain for the grid search was constrained based on
physical and geological considerations. The horizontal coordinates
(x, y) were allowed to vary within +3 km from the barycenter of the
strainmeter network. Depth values ranged from 500 meters to 4 km.
These ranges were chosen based on preliminary inversions indicating
that misfit minima occur at shallow depths and near the network
center, with little improvement in fit at larger distances or greater
depths (Figs. S10-S12). Strike and dip were constrained to 310°-330°
and 60°-80°, respectively, consistent with the local geometry of the
San Andreas Fault. Fault length was varied between 0.5 and 4 km.

Because the inversion relies on static strain from only three sta-
tions, the misfit surfaces commonly exhibit broad low-misfit regions
rather than sharply defined minima, indicating limited resolution of
source depth and horizontal location. For the best-fitting model, we
extracted the source location, geometry, and slip amplitude, and used
these to compute the seismic moment as:

Mg =puAs (6)

Where p is the shear modulus (assumed 30 GPa), A is the fault patch
area (length x width), and s is the strike-slip displacement across the
fault®>. We then calculated the corresponding moment magnitude
using the standard relation®:

M,, = 5 (log;oMy — 9.1) )

WIN

While fault length is explored during the grid search, the limited
three-station geometry provides only weak constraints on source
dimensions. Slip and seismic moment are better resolved than fault
length or depth, and we therefore focus the scaling analysis on
moment-duration relationships. To investigate the scaling behavior of
SSEs, we used these moment estimates along with manually picked
start and end times for the 22 selected events to calculate their dura-
tions. The resulting moment and duration values were used to con-
struct a moment-duration scaling relationship (Fig. 4c, d).

To visualize the slip direction of the modeled SSEs, we assumed
pure strike-slip motion and used the strike angle and sign of the slip
from each best-fitting model. The slip azimuth was taken to be equal to
the fault strike, while the sign of the modeled slip determined the
polarity of motion along that direction. East-north vector components
were calculated from the strike and normalized slip amplitude as u =
slip x cos(strike) and v = slip x sin(strike), and plotted as directional
arrows at each event location. The inferred slip directions are mostly
aligned with right-lateral motion along the San Andreas Fault, con-
sistent with its known tectonic setting.

Data availability

All strainmeter data used in this study were accessed from the NSF NGF
data archive operated by EarthScope Consortium (NSF award
2435260) and are publicly available at: https://www.unavco.org/data/
strain-seismic/bsm-data/bsm-data.html Creep-meter data are publicly
available through the USGS deformation monitoring database at:

https://earthquake.usgs.gov/monitoring/deformation/data/
download.php Supplementary Data 1, an Excel file, contains the com-
plete catalog of 92 SSEs introduced in this study, with newly detected
SSEs highlighted relative to those previously reported in the manual
catalog. It also includes a subset of 22 SSEs observed at all three
strainmeter stations and used for the Okada dislocation modeling,
with information on amplitude changes at the three stations, the
associated creepmeters where slip is observed, and the corresponding
model results, including SSE location, depth, magnitude, and duration.
In addition, Supplementary Data 2 provides the corrected strainmeter
signals, wavelet transform figures, and the traces of the three nearby
creepmeters for all SSEs in the catalog.

Code availability

The code for preprocessing strainmeter data and preparing it for
analysis, as well as the deep learning algorithm used for detecting slow
slip events, is available at the following GitHub repositories: https://
github.com/ZahraZali/DeepStrain® and https://github.com/ZahraZali/
AutoencoderZ®, The EarthScope tools used for strainmeter data pre-
processing are publicly available from Mikegottlieb84 & Cehanagan
(2024) at: https://github.com/EarthScope/earthscopestraintools/tree/
V0.1.42-beta. For the Okada dislocation modeling in Python, we used
the okada_wrapper available at: https://github.com/cutde-org/okada_
wrapper/tree/master.
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