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Abstract
Earthquake catalogs are foundational data products for earthquake science. White et al (2019) developed an automated processing
procedure to derive a catalog of earthquake hypocenters from raw waveform data and applied it to nine years of archived data (2008
through 2016) recorded near the San Jacinto Fault Zone (SJFZ) in Southern California. That catalog comprises 60% more events in
the core SJFZ than the standard regional catalog published by the Southern California Seismic Network (SCSN). Here we update the
White et al (2019) catalog using additional data (through 2020) and updated algorithms. Most notably, we a) replace the conventional
energy-based algorithm used in White et al (2019) to detect earthquakes and pick phase arrivals with the deep-learning EQTransformer
method (Mousavi et al 2020), and b) implement a Bayesian algorithm to derive earthquake locations that are robust against uncertainties
associated with observations (phase picks) and velocity models. The updated catalog comprises 152% more events than the SCSN catalog
in the study region around the SJFZ. The revised processing procedure, an overview of the new catalog, and select structural features
observed in the catalog will be presented in the meeting.

1. Data

Figure 1: In this study, we process continuous seismograms recorded by 136 sensors deployed in and around the SJFZ. Data recorded by many of the sensors that target the SJFZ are omitted
from the routine analysis performed by the SCSN to produce standard earthquake catalog for the region. Using an automated procedure to process archived seismograms, we recover many
of the events missing from the SCSN catalog. The black dashed line delineates the focus region of this study, a 50 by 80 km rectangle oriented parallel to the main fault trace.

2.1. Methods

1. Detect and pick phase arrivals
EQTransformer

(Mousavi et al., 2020)

2. Associate phase arrivals with sources
Rapid Earthquake Association and Location

(REAL; Zhang et al., 2019)

3. Locate events individually
PyKonal + MCMC
(White et al., 2019)

4. Relocate event ensembles
GrowClust

(Trugman and Shearer, 2017)

5. Post-processing
(magnitudes and quality control)

Figure 2: Our automated procedure can be broken down into five basic processing steps. First, we use EQTransformer (Mousavi et al., 2020) to simultaneously detect and pick earthquake
phase arrivals in continuous seismograms. Because we use model weights for EQTransformer that were derived from a training data set with many earthquakes from Southern California, we
find it effective for our study region. We associate phase arrivals picked by EQTransformer with their earthquake sources using the Rapid Earthquake Association and Location algorithm
(REAL; Zhang et al., 2019) and then locate each earthquake individually using a 3D eikonal solver (PyKonal; White et al., 2019) and Markov Chain Monte Carlo (MCMC) sampling (see
Figures 3 and 4). We cross-correlate waveforms from closely spaced events to measure differential arrival times and relocate event ensembles using the GrowClust double-difference algorithm
(Trugman and Shearer, 2017). Finally, we compute magnitudes and apply quality control metrics to discard spurious or poorly constrained events.

Figure 3: We account for observation and prediction errors when locating events using data-driven probabilistic models. Station- and phase-dependent observation (pick) errors are modeled
by the best-fitting (in the maximum likelihood sense) Cauchy distribution of residuals between automated (EQTransformer) and manual (SCSN analyst) picks. Phase-dependent prediction
errors (attributed to inaccurate velocity models) are modeled by the best-fitting normal distribution of residuals between observations and predictions based on preliminary 3D locations.
Modeling prediction errors this way is conservative (i.e., overestimates error magnitude) because it assumes that the entire discrepancy between observations and predictions can be attributed
to the velocity models (i.e., neglects observation error).

2.2. Methods

Figure 4: Each event is individually located using MCMC sampling with station- and phase-dependent residual distributions modeled as in Figure 3 and predicted arrival times computed
using PyKonal (White et al., 2020). Maximum a posteriori estimates (orange lines and red circles) are registered as hypocenter coordinates, and 2.5 times the median absolute deviation of
samples from the sample mean (vertical, blue dashed lines on diagonal panels) as corresponding uncertainties.

3.1. Results—Catalog overview

Figure 5: The final catalog, after quality control, comprises 252 007 events (199 757 shown above) illuminating sundry internal fault-zone structures. Generally, seismicity in the core fault
zone is deep (below 12 km depth), whereas flanking seismicity is relatively shallow (above 10 km depth). Localized seismicity in the core fault zone is decorated with diffuse, very shallow
seismicity (above 4 km depth). Clusters of shallow seismicity occur primarily to the SW of the core fault zone and trend towards the Elsinore Fault Zone (EFZ), potentially manifesting macro
scale seismotectonic processes of stress transfer between the SJFZ and EFZ.

Figure 6: Temporal clustering of events in the focus region our new catalog is consistent with that observed in the Hauksson et al. (2012) and White et al. (2019) catalogs, but we detect
many new events, giving a more complete view of seismotectonic processes operating in the SJFZ. It is worth noting that our processing procedure is independent of any template waveforms
and thus mitigates the biases introduced by such templates. Our catalog provides the most complete set of template events currently available for the SJFZ.

3.2. Results—Catalog overview (cont.)

Figure 7: The catalog is 99% complete for events larger than ML0.93.

3.2. Results—Select structural features

Figure 8: Our catalog helps constrain thermomechanical properties of the SJFZ, such as the non-planar geometry of the brittle-to-ductile transition zone (BDTZ). The geometry of the Anza
Seismic Gap and tight spatiotemporal clustering of events above 12 km depth are also clearly visible.

Figure 9: The main fault strand in the SJFZ, viz. the Clark Fault, ruptured in successive events, with the latter, downdip sequence in 2020 penetrating the BDTZ. Multiple tributary faults
associated with the Buck Ridge Fault apparently converge at the top of the BDTZ slightly NE of the surface trace. Seismicity patterns near the Coyote Creek Fault at the apex of the
Trifurcation Region are primarily oriented orthogonally to the strike of core fault zone.

Figure 10: Finally, we observe internal spatiotemporal seismicity patterns in the highly active Trifurcation Region including shallow, conjugate fracture networks flanking the core fault zone,
progressive localization of aftershock sequences onto discrete fault surfaces, and deep, spatiotemporally diffuse seismicity in the core fault zone.

Conclusions
1 We present the most comprehensive catalog of earthquakes currently available for the SJFZ region between 2008 and 2020.
2 The new catalog is available for download at https://data.mendeley.com/datasets/7ywkdx7c62/1
3 We observe diffuse, distributed seismicity in the shallow crust around the SJFZ.
4 Shallow clusters of seismicity SW of the main fault zone may manifest macro scale seismotectonic processes of stress transfer between
the SJFZ and EFZ.

5 We constrain the non-planar geometry of the brittle-to-ductile transition zone in the SJFZ.
6 We observe multiple, distinct spatiotemporal seismicity patterns in the Trifurcation Region that reveal the complex internal structure
of this highly active segment of the fault zone.
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