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Abstract

Characterizing fault behaviors prior to large earthquakes through long-term seismicity is crucial for seismic hazard assessment,
yet constructing high-resolution catalogs over extended periods poses significant challenges. This study introduces LoSAR,
a novel deep learning-driven workflow that enhances phase picking by Localizing a Self-Attention Recurrent neural network
with local data, addressing the generalization problem common in data-driven approaches. We apply LoSAR to two distinct
regions that are both featured by recent large earthquakes: (1) preseismic period of the Ridgecrest-Coso region (2008-2019),
and (2) pre-postseismic period of the East Anatolian Fault Zone (EAFZ, 2020-2023/04). Through detailed comparisons, we
demonstrate that LoSAR offers slightly higher detection completeness than the QTM matched filter catalog, while boosts an
over 100 times faster processing and a superior temporal stability, avoiding low-magnitude gaps during background periods.
Against PhaseNet and GaMMA, two established phase picker and associator, LoOSAR proves more scalable and generalizable,
achieving roughly 2.5 times more event detections in the EAFZ case, along with a ~7 times higher phase association rate.
By leveraging the two enhanced catalogs and b-value analysis, we gain insights into the preseismic fault behaviors: (1) The
Ridgecrest faults are characterized by sparse and distributed seismicity across a band of 20 km, revealing multiple orthogonal
preexisting faults; coupled with a low b-value that signifies this area as a persistent asperity; (2) The Erkenek-Piitiirge segment
of EAFZ exhibits complex fault geometry that forms a persistent rupture barrier, which consists of a hidden conjugate fault

system that presents as a “10-km wide fault zone.
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Highlights:

e We developed a workflow to Localize a Self-Attention RNN (LoSAR) phase picking

model, which realizes stable and efficient phase picking.

e The Ridgecrest region has weak but distributed seismicity before the mainshock, and the

low b-value suggest a persistent asperity.

e The Erkenek-Putiirge segment of East Anatolian Fault Zone is associated with geometrical
complexity, thus represents a persistent barrier.
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Abstract

Characterizing fault behaviors prior to large earthquakes through long-term seismicity is
crucial for seismic hazard assessment, yet constructing high-resolution catalogs over extended
periods poses significant challenges. This study introduces LOSAR, a novel deep learning-driven
workflow that enhances phase picking by Localizing a Self-Attention Recurrent neural network
with local data, addressing the generalization problem common in data-driven approaches. We
apply LoSAR to two distinct regions that are both featured by recent large earthquakes: (1)
preseismic period of the Ridgecrest-Coso region (2008-2019), and (2) pre-postseismic period of
the East Anatolian Fault Zone (EAFZ, 2020-2023/04). Through detailed comparisons, we
demonstrate that LoSAR offers slightly higher detection completeness than the QTM matched
filter catalog, while boosts an over 100 times faster processing and a superior temporal stability,
avoiding low-magnitude gaps during background periods. Against PhaseNet and GaMMA, two
established phase picker and associator, LOSAR proves more scalable and generalizable, achieving
roughly 2.5 times more event detections in the EAFZ case, along with a ~7 times higher phase
association rate. By leveraging the two enhanced catalogs and b-value analysis, we gain insights
into the preseismic fault behaviors: (1) The Ridgecrest faults are characterized by sparse and
distributed seismicity across a band of ~20 km, revealing multiple orthogonal preexisting faults;
coupled with a low b-value that signifies this area as a persistent asperity; (2) The Erkenek-Pitlrge
segment of EAFZ exhibits complex fault geometry that forms a persistent rupture barrier, which

consists of a hidden conjugate fault system that presents as a ~10-km wide fault zone.

Plain Language Summary

Understanding how faults behave before big earthquakes can help us better prepare for
these events, but tracking these faults over a long time is tricky. In our research, we've developed
anew method called LoSAR that uses advanced technology to improve how we detect earthquakes
by tailoring it with specific local data. This method helps us avoid common issues found in other
data-based techniques. We tested LOSAR in two areas known for their significant earthquakes: the
Ridgecrest-Coso region in the USA and the East Anatolian Fault Zone (EAFZ) in Turkey, covering
events before, during, and after these big earthquakes. Our findings show that LOSAR is not only
faster but also more consistent in detecting earthquakes than other methods. Particularly in Turkey,

LoSAR was able to identify many more seismic events accurately. From this work, we've learned
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that the Ridgecrest area shows signs of long-standing stress across a broad network of faults,
indicating a high potential for earthquakes. Similarly, in the EAFZ, we discovered a complex
network of faults that acts as a barrier to earthquake spread. These insights are crucial for better
understanding earthquake risks and preparing for future seismic events.
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1. Introduction

Microseismicity provides a direct indication to the fault structure and slip behavior at
depth. Such strategy is especially useful when the fault slips at a high rate, e.g. during early
aftershock period (e.g. Zhou et al., 2022a; Ding et al., 2023; Shelly et al., 2024), or other intense
seismic sequences (e.g. Ross et al., 2020; Tan et al., 2021; Gong and Fan, 2022). However, a huge
portion of faults generate low seismicity rate during the interseismic period because of a high
locking ratio or a low fault slip rate (e.g. Jiang and Lapusta, 2016; Bletery et al., 2020; Chamberlain
et al., 2021; Uchida and Burgmann, 2021; Zhou et al., 2022b), while, unfortunately, these faults
are also prone to large earthquakes (Sykes, 2021; Lay and Nishenko, 2022). To study such low-
seismicity faults, a long-term observation is always necessary. For example, Schurr et al. (2020)
built a seismic catalog for 7 years before the 2014 Iquique earthquake, and found that the pre-
mainshock seismicity complements the coseismic slip; Sugan et al. (2023) observed a 8-year
migration of seismicity towards the nucleation area of the 2016 central Italy seismic sequence.
Technically, the construction of long-term catalogs requires a workflow that is both
computationally efficient and of high detection completeness, which is still a challenging task.

Currently, two types of cataloging workflow can realize a state-of-the-art performance: (1)
the PAL-style workflow that follows “phase Picking — phase Association — event Location”
procedure (e.g. Zhou et al., 2021b; Zhang et al., 2022; Zhu et al., 2022b), and (2) the matched filter
technique (MFT) that utilizes pre-detected events as templates to detect similar events (e.g. Ross
et al., 2019a; Shelly, 2020; Neves et al., 2022). The detection completeness of PAL-style
workflows is basically dependent on the phase picking algorithm. In recent years, algorithms based
on artificial intelligence (Al), specifically deep learning, realize outstanding phase picking
performance in terms of the detectability and picking precision (e.g. Zhu and Beroza, 2018; Zhou
et al., 2019; Mousavi et al., 2020; Yu and Wang, 2022; Sun et al., 2023). Most of these models,
e.g. PhaseNet (Zhu and Beroza, 2018), are trained on regional or global datasets, aiming at building
a general model that works for various data not included in the training set. However, systematic
tests show that the Al pickers can suffer from inconsistent performance among data in different
regions (e.g. Chai et al., 2020; Jiang et al., 2021; Minchmeyer et al., 2022; Zhu et al., 2022a; Park
et al., 2023; Bornstein et al., 2024), indicating a lower generalizability compared with traditional
rule-based algorithms, such as short-term-average over long-term average (STA/LTA). The MFT

methods can realize even higher detection ability than Al pickers (e.g. Mousavi et al., 2019; Zhou
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et al., 2021a; Yoon and Shelly, 2024), but its low computational efficiency makes it difficult to
process big data (Ross et al., 2019b). Moreover, the detection results of MFT may be biased by
incomplete templates (e.g. Herrmann and Marzocchi, 2020). In summary, the Al-based picker is
the most promising method that combines both high efficiency and high detectability, whereas
further improvements are needed to realize a consistent picking performance on a large
spatiotemporal range of data.

In this paper, we introduce a novel cataloging workflow powered by deep learning,
featuring the Localization of Self-Attention RNN (LoSAR) for phase picking, tailored with local
data. This approach effectively addresses the challenge of generalization faced by deep learning
models. We apply the LoSAR workflow on two cases that covers a local-to-regional scale and

years-to-decade time length, in order to demonstrate its advantage in building long-term catalogs.

2. Methods
2.1 Overview of the LoOSAR Workflow

As reviewed in the Introduction section, the first-generation Al pickers attempt to provide
a pre-trained model suitable for all datasets, which has not been very successful so far. Instead, we
designed a new workflow that generates a local training set to obtain a locally optimized neural
network (Figure 1). This workflow is composed of a detection module followed by a location
module, and the detection module consists of two major steps: the model training step and the
model application step.

In the model training step of the earthquake detection module, we utilize the PAL method
(Zhou et al., 2021b) to construct a local training set (Figure 1). PAL utilizes rule-base algorithms
for phase picking and association, thus does not have generalization problem as for deep learning.
Tests on the 2019 Ridgecrest aftershock sequence show that PAL realizes around 2 times the
number of detections by the Southern California Seismic Network (SCSN) (Zhou et al., 2021b),
and PAL has been successfully applied in multiple regions and seismic sequences (e.g. Zhou et
al., 2021a; Zhou et al., 2022b; Ding et al., 2023). Since the detection of PAL is basically made by
the STA/LTA algorithm, which detects both earthquakes and pulse-like noises (e.g. anthropogenic
noise or data glitches), we usually set a relatively high triggering threshold to avoid high false
detection ratio and to reliably detect high signal-to-noise ratio (SNR) events. The PAL detections

serve as the training set for our deep learning model, which can realize stable detections for weak
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signals. Note that deep learning models usually require a large number of training samples to tune
the hyper-parameters, but the number of training samples is dependent on the model complexity.
Thus, for light-weight models (e.g. Zhou et al., 2019; Yu and Wang, 2022), as that used in this
study (see the next subsection for details), a relatively small training set is required to optimize the
neural network (Mousavi et al., 2020; Zhou et al., 2021a).

After the model training step, we simply substitute the PAL picker with the locally-trained
SAR picker (LoSAR), and associate the LOSAR picks with PAL associator (Figure 1). The PAL
associator groups pairs of P&S picks into events based on their travel time-location relationship,
and it also obtains a grid-searched location in the meantime. The magnitude calculation is also
completed by the PAL associator in the local magnitude scale (ML), based on the S-wave amplitude
and hypocentral distance (please refer to Zhou et al., 2021b for more details). We will show in this
paper that this LOSAR workflow realizes >2.5 times more event detections compared with PAL,
and is of a much higher detection stability and accuracy. It also generalizes well among very

different tectonic settings, spatial scales, and network configurations.

1. Localization with
detections
& phase
picks

PAL detections

raw
waveform
SAR
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2. Detection

with SAR picker

or

1
|
|
raw | detections
> & phase
|
|
|
|
I

waveform

picks

CCreloc CT+CC reloc
LoSAR catalog LoSAR catalog

Figure 1. The Localized Self-Attention RNN (LoSAR) workflow. The blue and yellow modules
denote the detection and location algorithms, respectively. PAL refers to an rule-based cataloging workflow
developed by Zhou et al. (2021b); SAR refers to Self-Attention RNN phase picking model developed in
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this study. CT/dt.ct and CC/dt.cc refer to catalog-based and cross-correlation-based differential travel time,
following the hypoDD terminology. The ph2dt_cc module is a CC-based differential time calculation
method developed in this study.

To locate and relocate the detections, we build interface for Hypolnverse (abbreviated as
HypoINV thereafter, Klein, 2002) and HypoDD (Waldhauser and Ellsworth, 2000; Waldhauser,
2001) (Figure 1). HypoINV is a widely adopted algorithm for absolute location, which minimize
the travel times in an iterative manner, where the weight for the phases are adaptively determined
based on their epicentral distance and residual time (Klein, 2002). HypoDD is a double-difference
(DD) relocation algorithm that minimizes the differential travel times between event pairs to
constrain their relative locations (Waldhauser and Ellsworth, 2000). Given that the fault structure
is manifested by the relative locations in seismicity imaging, the relocation process can
significantly improve the imaging resolution (e.g. Waldhauser and Ellsworth, 2000; Trugman and
Shearer, 2017; Lomax and Savvaidis, 2022). Notably, the differential time (dt) data used in
hypoDD can come from catalog picks (CT, i.e. dt.ct) or cross-correlation (CC, i.e. dt.cc), and they
can be jointly inversed or used individually. The best practice of using dt.ct and dt.cc comes from
their different characteristics: dt.ct covers a larger inter-event distance, whereas the precision is
relatively low, because it is dependent on the phase picking and location accuracy; dt.cc realize a
sub-sampling-rate measurement for the differential time and is unaffected by picking errors, but it
covers a much smaller distance, because it relies on waveform similarity between event pairs (as
summerized in Waldhauser, 2001). Thus, jointly using dt.ct and dt.cc in some way is usually
suggested. In our LoSAR workflow, we provide two approaches of combining dt.ct and dt.cc
(Figure 1): (1) sequentially relocate with only dt.ct and dt.cc, and (2) relocate with dt.ct in the first
step and jointly inverse dt.ct & dt.cc in the second relocation. The first approach is suitable for a
relatively dense seismic network, because the near-source stations tend to have higher CC values;
the second approach can maintain more events under a relatively sparse network, while also take
advantage of the high-precision dt.cc data.

The calculation of differential times is the fundamental step for hypoDD relocation. The
hypoDD software (Waldhauser, 2001) provides a ph2dt module that calculate the dt.ct data from
the input phase file. It forms a chain of dt-links between events by searching neighboring events
within a certain radius. For each event, a maximum number of neighboring events are preset in

this process, in order to lower down the computational complexity and model errors. Following a
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similar strategy, we develop a ph2dt_cc module to calculate the high-precision dt.cc data with
waveform cross-correlation (Figure S10). It first finds all possible event pairs by comparing the
location differences and the common station picks. For each event pair, only events within a certain
hypocentral separation and with certain number of shared stations are selected as candidates. To
control the quality of dt measurements, we only use stations within an epicentral distance of about
100 km, and too small events (e.g. M.<0) cannot be linked to each other. To avoid too many
measurements, we also limit the maximum number of stations for each event pair, and each event
can only be linked to a maximum number of neighbors. Secondly, we calculate the CC-derived dt
for each candidate event pair. In the CC calculation, users can set the window length, which
channel to use, and the filtering frequency band. The weight for each phase used in the hypoDD is
determined by the square root of CC value. After the CC calculation, we further select the dt
measurements by discarding that with a too large dt or a too small CC, and the minimum number
of station criteria still applies afterwards. Detailed parameters will be given for each real case in

the following sections.

2.2 Self-Attention RNN (SAR) Model for Phase Picking

The performance of a deep learning model is decided by multiple factors, including the
model structure, target function (labeling strategy), training data, and training parameters. Here,
we introduce a new phase picking neural network stemming from our previous work (Zhou et al.,
2019), but incorporates the recent advances in this field targeting at the above factors (Figure 2).

We adopt a Self-Attention RNN (SAR) model for phase picking. RNN is a typical deep
learning model for sequence modelling, and has been widely adopted in various tasks related to
time series, including speech recognition (e.g. Graves and Jaitly, 2014; Hannun et al., 2014) and
natural language processing (e.g. Cho et al., 2014; Sutskever et al., 2014). Compared with
Transformer (Vaswani et al., 2017), which is recently proven to be powerful in sequence-related
tasks, RNNs have much fewer parameters, thus are more data-efficient and require less
computational resources, making them a practical choice for small datasets (Ezen-Can, 2020; Peng
et al., 2023). RNNs process sequences in a recurrent manner: generating outputs for each time step
by integrating the current input with a hidden state that captures previously encountered sequence
information. Zhou et al. (2019) first adopt a 2-layer bi-directional Gated Recurrent Unit (GRU)

RNN in the phase picking task, where the RNN is trained to classify each 1-s time step as noise,
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P-wave, or S-wave. In this study, we adopt the same GRU structure with 2 bi-directional layers,
and 128 hidden size, but divide the raw data into frames of a much smaller step length (0.5 s) and
stride (0.1 s) to increase the theoretical phase picking precision (Figure 2a). Moreover, we add a
multi-head self-attention layer (Bahdanau et al., 2014; VVaswani et al., 2017) after the GRU layers
(Figure 2a).

Multi-head self-attention is a mechanism that enhances the performance by allowing the
model to simultaneously focus on different parts of the input sequence from different
representation subspaces, which makes a key component of the Transformer architecture (Vaswani
et al., 2017). In a single self-attention head, the input sequence (i.e. the output of GRU layers in
our case) is transformed into three vectors: queries (Q), keys (K), and values (V), which are then
used to compute attention scores that determine how much focus each element of the input
sequence should have on every other element. This process captures dependencies regardless of
their distance in the sequence, making the model able to capture complex dependencies that span
across long sequences. Multi-head self-attention improves upon this by dividing the Q-K-V vectors
into multiple independent heads, performing the self-attention process parallelly. Thus, each
attention head learns to focus on different features of the input sequence, allowing the model to
capture a richer array of relationships within the data. The outputs of all attention heads are then
concatenated and linearly transformed to produce the final output, which combines the diverse
learned representations. Similar attention mechanisms have been proved effective in enhancing
the seismic phase picking performance (e.g. Mousavi et al., 2020; Zhang et al., 2023a).

For the model target in the training stage, we label only the frames containing P & S arrivals
as P and S, respectively, and all other frames as Noise (Figure 2a). This labeling strategy forms a
small but finite weight for the P&S arrival times, which guides the model to focus on these features
and makes more stable phase detection. Since the invention of such labeling strategy by Zhu and
Beroza (2018) for PhaseNet, it has been widely adopted by most of the following deep learning
models (e.g. Mousavi et al., 2020; Yu and Wang, 2022; Sun et al., 2023). In the model prediction
stage, instead of treating the SAR output as classifications, we only use the output prediction
probability, so that users can set the detection threshold based on their own problems. In line with
PhaseNet, we also set the default triggering threshold for SAR as 0.3 to balance the detection
completeness and accuracy. We regard a group of consecutive frames with a prediction probability

above the threshold as a P or S pick, and take the median time of these frames as the picked phase



220
221
222
223
224

225

226
227
228
229

manuscript submitted to Journal of Geophysical Research: Solid Earth

arrival. For the cases when multiple P and S picks exist in a sliding window, we group these picks

into all possible P&S pairs, only requiring that the S wave always arrives later than the P wave in

a pair. Also, since we apply SAR in a sliding window manner, and that the sliding windows have

about half the length overlapping, we will merge the picks from different windows if they have

similar P&S picks.
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Figure 2. The SAR model structure and training sample slicing strategy. (a) SAR model structure.

The filtered 3-channel seismogram is plotted in black curves, and the red vertical lines mark the P&S arrival

times. The data processing units are denoted by: x; for the i input time step; Gf and Gy, for forward and
backward Grated Recurrent Unit (GRU); y; for the i*" output of the GRU RNN; Q/K/V for Query, Key, and
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Value input in the multi-head self-attention terminology, and they are all set as the RNN output (i.e. y) in
the case of self-attention; “Linear” for fully-connected layer; “MatMul” for matrix multiplication; “Concat”
for concatenation; z; for the i output of the multi-head self-attention layer; “N/P/S prob” for Noise, P wave,
and S wave prediction probability (b) Training sample slice strategy. Blue, red and pink waveforms for
negative, positive, and augmented positive samples, respectively.

The training samples fundamentally determine how the model behaves. To train the SAR
model with the local earthquakes detected by PAL, we design a sampling strategy to properly
balance the model’s ability of detecting weak signals and identifying different types of noises
(Figure 2b). We slice both positive (i.e. earthquakes) and negative (i.e. noise) samples for training.
The positive samples are sliced surrounding the PAL-picked P&S arrivals (Figure 2b). We
randomly position the P arrival at the first half of the time window, so that the model has a
consistent detection ability for random signal positions that it will encounter in the real
applications. Data augmentation was employed to increase the diversity of the training set and
improve the generalizability of the SAR model. This involves adding real noise, randomly sliced
from the same station-date for a specific P&S pick. For each augmented sample, the noise
amplitude is scaled by a random ratio between 0 and 0.5, multiplied by the maximum P-wave
amplitude. In this way, the number of positive samples is:

Nypos = Naksoe " Naug €)
where i & j is the station and date index, respectively; Npos is the number of positive samples; Nassoc
is the number of associated picks; Naug is the number of augmentations set by the users. Note that
the users need to set the number of augmentations, so that the number of positive samples is large
enough (empirically, >100,000). The negative samples are sliced randomly in each station-date
pair (Figure 2b), while excluding the time ranges that has PAL-picked P&S arrivals. The number
of negative samples on a certain station-date is decided by the number of associated and
unassociated PAL picks on that station-date:

NY

0.5 — —assoc
. —i
Nij — Nij ) Naug ' Nassoc . pick (2)

)
neg unassoc Nunassoc 05

where i & | is the station and date index, respectively; Nneg is the number of negative samples;

Npick, Nassoc & Nunassoc are the number of all picks, number of associated and unassociated picks,

respectively; Naug IS the number of augmentations set by the users. The logic for each term of this
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equation is that: (1) the number of unassociated PAL picks indicate the noise level, the more noise
a station-date is, the more negative samples we need to slice on it; (2) the number of positive and
negative samples need to be balanced in the training process; (3) the pick association ratio indicate
the true positive rate of the PAL picks, and a large number of unassociated picks and a high
association rate can occur together in an intense sequence (e.g. aftershock sequences), thus we
should reduce the number of negative samples in this case. Note that if the association ratio is
larger than 0.5, we do not slice any negative samples on that station-date. In this way, we can
obtain a temporally stable number of negative samples (Figure S7). We will show in this study
that the above sampling strategy realizes stable detection performance.

The training of SAR is performed in a mini-batch manner. We feed both positive and
negative samples in each iteration, and train for about 15-20 epochs to make about 100,000 total
training iterations. Note that with the third term of Equation 2, the total number of negative samples
will be smaller than the positives, thus we feed 128 positives and a smaller number of negatives
so that they experience the same number of epochs. We adopt the Adam optimizer (Kingma and
Ba, 2014) with a learning rate of 10, As will be shown in the real cases here (Figure S8) and in
our previous experiments for RNN (Zhou et al., 2019), the SAR model behaves very stable in the

training process, without showing any signs of overfitting.

3. Comparison of Cataloging Workflows

To test the detectability and generalizability of our LOSAR workflow, we apply it to two
cases that differ in tectonic settings and spatiotemporal scales: (1) the Ridgecrest-Coso (California)
region from 2008 to 2019/07, covering its long-term preseismic period and 20-days’ early
aftershocks; and (2) the East Anatolian Fault Zone (EAFZ, Turkey) from 2020 to 2023/04, which
covers ~3 years’ preseismic period and ~3 months’ aftershocks. Both cases contain large
earthquakes that significantly change the seismicity rate and patterns, which makes the cataloging
more difficult, and is thus suitable for technical discussions. In these cases, we compare LoSAR
with other popular cataloging workflows in terms of earthquake detection completeness, stability,

and phase association rate.
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286 3.1 Case 1: Ridgecrest-Coso Region (2008-2019/07)

(a) LoSAR Preseismic (2008-2019/06) (b) LoSAR Aftershocks (2019/07/04-24)
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Figure 3. Study region and catalog comparison for Case 1: Ridgecrest-Coso (2008-2019/07). (a-b)
plot the LOSAR catalog generated in this study, with preseismic period (2008-2019/06) and aftershock
period (2019/07/04-24) shown separately. Seismicity is plotted as dots that have its depth denoted by color
and size varies by magnitude. M>5 earthquakes after 1946 are marked by yellow stars. Seismic stations
used are denoted by white hollow triangles; active faults are plotted as black lines; surface rupture caused
by the 2019 Ridgecrest earthquakes are marked by white lines. The area of Coso Geothermal Field (CGF)
is marked by a red circle. The insets show location of the study area in a larger scale, with the San Andreas
Fault (SAF) and Eastern California Shear Zone (ECSZ) marked. (c-d) are the same as (a-b), but for the
relocated SCSN catalog (Hauksson et al., 2012). The blue box in (b) & (d) marks the location coverage in
Figure 4a-b & 7.

3.1.1 Background and Motivation

The 2019 Ridgecrest, California sequence comprised a My 6.4 foreshock on 2019/07/04,
followed by a My 7.1 mainshock on 2019/07/06, and was featured by intense aftershock activities
that reveal widespread orthogonal structures (Ross et al., 2019a; Shelly, 2020). It is associated
with a young fault system (Goldberg et al., 2020; Hauksson and Jones, 2020; Xu et al., 2020) and
the majority of the ruptured faults are not mapped before the earthquake (Thompson Jobe et al.,
2020). Tectonically, the Ridgecrest sequence is situated within the East California Shear Zone
(ECSZ), an approximately 100-km-wide band dominated by right-lateral strike-slip faults that
accommodates the relative motion between the Pacific and North American plates (Oskin et al.,
2008; Spinler et al., 2010; Tymofyeyeva and Fialko, 2015). In this study, we focus on an area not
only covering the Ridgecrest ruptures, but also two close-by tectonic units (Figure 3): (1) the
central Garlock fault (McGill and Sieh, 1993; Ganev et al., 2012; Hatem and Dolan, 2018), a major
fault cutting off the Ridgecrest faults on its south; and (2) the Coso Geothermal Field (CGF), one
of the largest three geothermal fields in California that has been inducing intense seismicity for
decades (Schoenball et al., 2015; Trugman et al., 2016; Im et al., 2021).

We work on a time period from 2008 to 2019, because of the significant improvement in
the seismic network starting from 2008 (Hutton et al., 2010), and to overlap with the decade-long
QTM matched filtering catalog that covers 2008-2017 (Ross et al., 2019b). This time frame offers
an exceptional opportunity to directly compare our novel workflow with MFT. For the aftershock
period, we also align our investigations with the MFT catalog by Ross et al. (2019a), which spans
the first 20 days since the My 6.4 foreshock. Both time periods of the QTM catalog utilize the
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routine SCSN catalog as templates, adopting a detection threshold of 12 times the median absolute
deviation of CC, and are relocated with Growclust (Trugman and Shearer, 2017) that inverse the
CC-based differential times. Also involved in the comparison is the relocated SCSN catalog
(Hauksson et al., 2012), which has a similar number of detections as the routine SCSN catalog,
but has a much higher relocation precision that comes from the CC-based relocation. To make a
fair comparison, we utilize the same set of stations maintained by SCSN, which is composed of
broad-band and short-period stations of 3- and 1-component recordings, along with several near-
source temporary stations deployed after the 2019 mainshock (Figure 3 & Sla-b).
3.1.2 Detection and Location

For this case, we run the LoSAR workflow for the ~11-year preseismic period and the 20-
day aftershock period separately, due to the considerable differences in station distribution (Figure
3 & S1) and seismicity rate. This approach also allows for an assessment of the workflow’s
performance under two end-member situations: a scenario of very intense sequence observed by a
rather dense seismic network, and a pure interseismic period (no large earthquakes) with regular
observational condition. We set the LOSAR parameters specifically for the preseismic period, since
it is less investigated; and we keep the same set of parameters for the aftershock period to make
the results more comparable. In running PAL, we set the STA/LTA triggering threshold as 12
(defined by energy), S wave searching window as 12 s after the P pick, in line with the scale of
study region and the average inter-station distance. For PAL association, we require at least 4
stations to have an original time deviation <1.2 s, and a maximum P-wave travel time residual <0.8
s. The PAL obtains 61,053 / 451,694 and 49,737 / 440,942 event detections / associated picks for
the preseismic and aftershock period, respectively. In running SAR, we set the window length as
20 s and the sliding stride as 10 s in the predictions for continuous data. We augment the original
training samples by 2 times, making a total of 812,771 / 451,689 positive / negative samples for
training in the preseismic period, and 792,784 / 123,018 positive / negative training samples for
the aftershock period. Note that there are ~10% remaining samples serve as the validation set. The
waveforms in a time window are band-pass filtered to 1-20 Hz and normalized in both the training
and application stage. We made 15 epochs of training until the accuracy is stable (Figure S8). As
described in the last section, we apply the local-trained SAR picker and the same PAL associator
to enhance the PAL detections. This gives 165,393 / 1,277,974 and 122,933 / 1,078,038 event
detections / associated picks for the preseismic and aftershock period, respectively. In summary,
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350 for Ridgecrest-Coso, the LoOSAR workflow achieves a ~2.5-2.7-fold increase in detection number
351  compared to PAL.

352 To locate and relocate the LOSAR detections, considering a rather dense network, we adopt
353  the first approach described in Section 2.1 (Figure 1), utilizing dt.ct and dt.cc separately for a two-
354  step relocation. Similar as the detection part, we adopt the same set of location parameters for both
355  the preseismic and aftershock period. For the hypoINV absolute location, the distance weighting
356 is configured as follows: 0-50 km assign full weight, >100 km zero weight, and 50-100 km is
357  assigned a cosine tapered in between. A similar weighting scheme is employed for the time residual
358 between 0.25 and 0.75 s. For S waves, the weights are further adjusted by a factor of 0.6,
359  considering a larger picking error relative to P waves. The above weighting strategy results in 95.4%
360 events well located, and an average lateral and vertical uncertainty of 1.11 km and 2.22 km,
361  respectively. In the hypoDD relocation process with dt.ct, we pair events within 8 km (i.e. WDCT,
362 in hypoDD terminology), P & S waves weighted respectively as 1 and 0.6, and inverse for 4
363 iterations. This results in a relative location error of about 120 m for epicenter and 150 m for depth,
364  under the least square criteria by hypoDD. Given that the least-square location error reported by
365  hypoDD tends to significantly underestimate the real uncertainty, we test the dt.ct relocation results
366 under different velocity models, and found highly consistent distributions (Figure S16 & S32). In
367  the final CC relocation stage, we measure the waveform-based differential time on 1-20 Hz band-
368  pass filtered waveforms, with the P and S window length set as 2.5 s and 4 s, starting from 0.5 s
369 and 0.2 s before the phase arrival, respectively. We do not calculate dt between M_<0 earthquakes
370  to lower down the computational costs. A maximum number of 200 neighboring events are preset
371 inthe candidate neighbor selection step, sorted by the separation distance. After the CC calculation,
372  we discard the measurements with CC<0.35, or dt_p>0.5s, or dt_s>0.8 s, and the event pairs with
373 <4 stations fulfilling these criteria are further dropped. The above selections finally maintain
374 18,421,488 P and 12,506,600 S differential time measurements for the preseismic period. For the
375  aftershocks, these numbers are 13,718,530 for P and 8,422,550 for S. In the hypoDD relocation
376  process, we link events within 4 km (i.e. WDCC, in hypoDD terminology), set both P and S waves’
377  weights as 1 and inverse for 4 iterations, because S waves have higher stability in waveform cross-
378  correlation. Finally, we obtained 101,193 and 61,578 well-relocated events for the preseismic and
379  aftershock period, respectively. For both catalogs, the average relocation error reported by

380 hypoDD is about 40 m and 60 m along horizontal and vertical directions, respectively. Note that
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this location error is in the relative and average sense, and reflects more about the goodness of data
fitting, instead of the real uncertainty.

3.1.3 Catalog Comparisons

The cataloging methodology and parameters outlined in the preceding subsection yield the
seismicity distribution shown in Figure 3. The LoSAR catalog and the relocated SCSN catalog
exhibit an overall consistent distribution, particularly in areas of major intense clusters.
Nonetheless, the LoSAR catalog demonstrates a significantly enhanced detection capability,
rendering previously indistinct seismicity structures much more discernible (Figure 3). To make a
more comprehensive and quantitative comparison, we plot the frequency-magnitude distribution
(FMD) and magnitude-time sequences of the relocated SCSN, the QTM catalog, and the LoSAR
catalog for both the aftershock and preseismic period (Figure 4).

FMDs serve to illustrate not only the total number of detections, but also the distribution
of events across different magnitude bins. Ideally, a FMD should adhere to the GR law (Gutenberg
and Richter, 1944), meaning that for the magnitude range above a completeness threshold
(approximately the magnitude of maximum non-cumulative distribution, Wiemer and Wyss,
2000), the occurrence frequency of earthquakes is expected to follow a power-law distribution
relative to their magnitudes (i.e. a linear relationship when plotted on a logarithmic scale).
Furthermore, the objective of earthquake detection is also to achieve the smallest possible
magnitude of completeness, or equivalently, the largest possible cumulative count. Applying the
above criteria to analyze the FMDs, it becomes evident that LOSAR has a comparable or superior
detectability compared with QTM, especially for the preseismic period (Figure 4a-c). While QTM
shows a higher detection ability for the intense aftershock sequence (Figure 4a), it is noteworthy
that ratio of well-located events determined by the Growclust algorithm falls below 35% (Figure
4b). This result also suggests that a trade-off between the quantity of detections and the quality of
their locations, emphasizing the necessity of keeping comparable relocation precision for an
equitable comparison of detectability across methodologies. In addition to overall event counts,
the slope of these FMDs also offer critical insights. First, an apparent inconsistency in detection
completeness exists in both the SCSN and QTM catalogs between the M 0-2 and M >2 events, as
evidenced by the varying slopes in the FMDs (Figure 4a-c). Second, also for the SCSN & QTM
catalog, there is a noticeable shift in the FMDs’ slope around M 3.5 (Figure 4a-c). This shift is
partially caused by the adoption of different magnitude scales (e.g. Mi, Mw, or My, as detailed at
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https://scedc.caltech.edu/eqg-catalogs/change-history.html), which can affect the catalog-based b-

value studies. The LOSAR catalog does not exhibit the aforementioned issues, demonstrating a
consistent detection performance across the magnitude range in this study.

The magnitude-time sequence reveals the temporal evolution of seismicity, which is
modulated by external sources, such as tectonic loading, as well as internal triggering between
earthquakes (Ogata, 1988; Zhuang et al., 2002; Zaliapin and Ben-Zion, 2020; Hsu et al., 2024).
Thus, statistical studies will require a catalog to have temporally stable detection capability for
both the intense sequences and the background seismicity. In our case in the Ridgecrest-Coso
preseismic period, we observe that the SCSN catalog is not temporally consistent, displaying high
detectability mainly during the intense seismic sequences (Figure 4d). This pattern arises from the
SCSN catalog’s compilation process, which involves a semi-automated detection supplemented
by manual inspections, particularly for intense seismic sequences (as detailed at

https://scedc.caltech.edu/eqg-catalogs/change-history.html). The issue of temporal inconsistency is

not alleviated, but being exacerbated in the QTM catalog, as indicated by the highly variable lower
magnitude limit (Figure 4e). It is probably due to the fact that earthquakes within an intense
sequence tend to have high waveform similarity, making them easy to be detected by matched
filtering; Conversely, the background seismicity comes from a wider variety of faults and
asperities, which inherently diminishing the effectiveness of matched filter. In contrast, our
LoSAR catalog realizes markedly improved stability in detection throughout this 11-year period
(Figure 4f), without showing any notable gaps in the detection of lower magnitude events. This
robustness suggests that the SAR model is adept at capturing the statistical features of seismic
events over a large spatiotemporal range, thus making it a more generalized algorithm for long-
term earthquake detection.

In our final comparison, we assess the computational efficiency of the LoOSAR workflow
against QTM. The entire LOSAR process (including running PAL) is executed within ~7 days with
1 Nvidia GeForce RTX 2080 GPU card and 1 Intel Xeon E5-2695 CPU. Contrarily, the
construction of the QTM catalog requires 200 Nvidia P100 GPU cards, with a runtime exceeding
60 days. Although the study area of QTM is ~20 times larger, there is still a 100-fold difference in
computational efficiency. This significant difference is attribute to the computationally intensive
nature of cross-correlation and that the linear increase in runtime with the addition of templates in

matched filtering.
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Figure 4. Comparison of frequency-magnitude distribution (FMD) and magnitude-time sequence.
The blue, green, and red color denote the SCSN catalog (Hutton et al., 2010; Hauksson et al., 2012), the
QTM catalog (Ross et al., 2019a; Ross et al., 2019b), and the LOSAR catalog in this study, respectively. (a-
c) plot the FMD comparison for the total aftershock detections, well located aftershocks, and the preseismic
period (2008-2017), respectively. The dots and triangles denote cumulative and non-cumulative distribution
in FMD. (d-f) plot the magnitude-time comparisons for the preseismic period (2008-2017). The thick black
lines denote the magnitude of completeness in the current panel, and the colored dash lines plot that for two
other catalogs. Note that only the events within the location coverage of Figure 3 are included in the

statistics.

In conclusion, the LoOSAR workflow not only exhibits superior detection capabilities and
stability compared to the matched filter approach, but also significantly outperforms in
computational efficiency. This makes it particularly advantageous for applications across

extensive spatiotemporal scales.

3.2 Case 2: East Anatolian Fault Zone (2020-2023/04)

3.2.1 Background and Motivation

On February 6, 2023, Southeast Turkey's Kahramanmaras region was struck by an My, 7.8
earthquake followed by another My 7.6 within ~9 hours, marking one of the largest continental
earthquake doublets ever documented (Dal Zilio and Ampuero, 2023; Hussain et al., 2023; Jia et
al., 2023; Xu et al., 2023; Zhang et al., 2023b; Ren et al., 2024). The 2023 Turkey earthquake
doublet occurs on the East Anatolian Fault Zone (EAFZ), a roughly ~600-km-long fault zone
defining the plate boundary between the Anatolian and Arabian plates (Figure 5). Driven by the
collision between the Arabian and Eurasian plates, the Anatolian plate is extruded westward at a
rate of approximately 20-25 mm/yr, along with a counterclockwise rotation (McClusky et al.,
2000; Bulut et al., 2012; Barbot and Weiss, 2021; Guvercin et al., 2022). This plate motion give
rise to the predominantly left-lateral strike-slip characteristics observed along the EAFZ.
Additionally, the fault slip rate along the EAFZ is relatively low, ranging from ~4 mm/yr on the
SW segments to ~10 mm/yr on the central and NE segments (Cavalié and Jonsson, 2014; Walters
etal., 2014; Aktug et al., 2016; Weiss et al., 2020). It is noteworthy that the two mainshocks of the
2023 doublet are associated with different fault systems (Figure 5): the first My 7.8 mainshock

(denoted as M1) occurs on the major plate boundary faults, whereas the second My 7.6 mainshock
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(denoted as M2) ruptures the intraplate faults. The distinct aftershock patterns observed across this
dual faults suggest contrasting fault properties (Ding et al., 2023; Givercin, 2024).

In this study, we build a seismic catalog covering the entire EAFZ, a task that presents
technical challenges due to the large spatial extent, and the relatively sparse seismic network, with
its inter-station distances ranging from about 30 to 60 km (Figure 5 & S1c). This network density
is representative of most regions outside of the well-monitored areas like California and Japan. We
start our analysis from 2020, because of the significant enhancement of Turkey seismic network
in that year (Figure S1c & S2b), spurred by a My, 6.8 earthquake on January 24, 2020, that ruptured
the NE side of the 2023 rupture zones (Gallovi¢ et al., 2020; Lin et al., 2020; Melgar et al., 2020;
Pousse-Beltran et al., 2020). Our study extends over a 3-month aftershock period to 2023/04,
which expands our previous rapid work that only covers 1 months’ early aftershocks (Ding et al.,
2023) and the 2-month aftershock period examined by Guvercin (2024). We combine 3-channel
broad-band stations from multiple networks, including the TU network from the Disaster and
Emergency Management Presidency (AFAD) and the KO network from the Kandilli Observatory
and Earthquake Research Institute (KOERI). Instead of discussing this case in the EAFZ alone,
we will combine the previous case in the Ridgecrest-Coso to compare the generalization ability of
different phase picking and association algorithms in earthquake detection. This is motivated by
the fact that the two cases are associated with contrasting tectonic settings, spatiotemporal scales,
and network configurations.

3.2.2 Detection and Location

Contrary to our first case in Ridgecrest-Coso, for this case in EAFZ, we execute the LOSAR
workflow over a combined ~3.5-year pre-postseismic period. This approach offers additional
validation of LoSAR’s capability to handle highly variable seismicity rates. The detection and
location parameters for this EAFZ case largely align with those used in the Ridgecrest-Coso case,
with the exception of several parameters adjusted to accommodate the expanded scope and density

of the network.
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Figure 5. Study region and catalog comparison for Case 2: East Anatolian Fault Zone (2020-
2023/04). (a-b) plot the LoSAR catalog generated in this study, with preseismic period (2020-2023/02/05)
and aftershock period (2023/02/06-04/30) shown separately. Seismicity is plotted as dots that have its depth
denoted by color and size varies by magnitude. M>6 earthquakes after 2020 are marked by yellow stars.
Seismic stations used are denoted by white hollow triangles; active faults are plotted as black lines;
responsible faults for the 2023 earthquake doublet are marked by red lines. The insets show location of the
study area in a larger scale, with the Arabian Plate (AR PIt.) and Anatolian Plate (AN PIt.) marked. (c-d)
are the same as (a-b), but for the relocated AFAD catalog by Lomax (2023). The blue boxes mark the

location coverage in Figure 9.

In running PAL, the phase picker utilizes the same triggering threshold, but an 18-s S wave
search window, which corresponds to a ~150-km epicentral distance. The PAL associator
maintains a 4-station requirement, but different in the limit for original time deviation as <1.6 s
and the P-wave travel time as <1.2 s. These specifications resulted in 47,416 / 295,494 event
detections / associated picks. In running SAR, we set a larger window length of 25 s and maintain
the same 10-s sliding stride. We augment the original training samples by 2 times, making a total
of 516168 / 322,894 positive / negative training samples. Similarly, ~10% remaining samples are
used for validation. We applied the same data preprocessing, and made 20 epochs of training until
the accuracy is stabilized (Figure S8). After applying the locally-trained SAR picker and the same
PAL associator, we got 140,119 / 929,944 event detections / associated picks, which represents a
~3-fold increase in the number of detections compared to PAL.

To locate and relocate these detections, we adopt the second approach described in Section
2.1 (Figure 1), utilizing both dt.ct and dt.cc in the second round of relocation. For the hypoINV
absolute location, we also weight the phases by its epicentral distance and residual times, but set a
less restrictive set of parameters to account for the sparser network: the distance weighting is
configured as 0-80 km full weight, >160 km zero weight, and 80-160 km cosine tapered; the time
residual weighting is configured in the same way between 0.4 s and 1.2 s. Similar as for Ridgecrest-
Coso, the S-wave weights are further adjusted by a factor of 0.6. The hypoINV outputs ~93.1%
well located events, with an average lateral and vertical uncertainty of 2.48 km and 3.73 km,
respectively. Note that the location error is highly variable across our study region, due to the
heterogenous station distribution. In the first round of hypoDD relocation with dt.ct, we pair events
within 20 km (i.e. WDCT, in hypoDD terminology), and P & S waves weighted as 1 & 0.6,
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inversed for 4 iterations. The relocation uncertainty is also correlated with the station density,
ranging from about 180-280 m for epicenter and 250-550 m for depth, under the least square
criteria by hypoDD. For CC-based differential time measurements, we filter the waveforms to 1-
12 Hz, considering the sparser network, while keeping the same P and S windows as in Ridgecrest-
Coso. We only calculate dt between M >0.5 earthquakes and other events. We limit a maximum
number of 50 neighboring events in the candidate selection step, and we require CC>0.3, dt_p<1
s, and dt_s<1.75 s, in addition to a minimum number of 4 stations fulfilling these criteria. The
above processes finally obtain 3,719,995 P and 2,961,716 S differential times. For the final
hypoDD relocation process that combines dt.ct & dt.cc, we made 2 sets of inversions. In the first
round, we set WDCC and WDCT as 4 km and 10 km, and weighted the dt.ct data strongly; in the
second round of inversion, the WDCC and WDCT are set to 2 km and 5 km, with the dt.cc being
dominantly weighted. Using this weighting scheme, we benefit from both the high-precision dt.cc
data and the wide coverage of dt.ct that helps maintain more events in relocation. Finally, we
obtained 93,680 well-relocated events, with an average relocation error ranging from about 40-80
m and 70-120 m along horizontal and vertical directions, respectively. Furthermore, aiming for a
higher-resolution catalog (at the cost of reducing the number of detections), and for a more realistic
estimation of location uncertainty, we also applied the first approach outlined in Section 2.1
(Figure 1) to relocate the LoSAR detections. We exclusively used dt.cc for relocation, setting
WDCC as 2 km and performing the inverse over 4 iterations. This yielded 56,656 events with a
much lower relocation uncertainty and an overall consistent distribution of seismicity (Figure S22-
S24). However, it is important to note that this relocation approach results in a considerable
reduction of events above the completeness magnitude, rendering it less suitable for b-value
analysis.

The detection and location strategies elaborated above result in a significantly enhanced
catalog compared with the relocated AFAD catalog produced by Lomax (2023), as show in Figure
5. Such advancement is made possible by a much higher detectability and relocation precision.
Similar as in Ridgecrest-Coso, the LOSAR catalog exhibit ideal FMDs and magnitude-time series
in EAFZ (Figure S25), effectively capturing the seismicity features for both the preseismic and

postseismic period.
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Figure 6. Comparison of phase picking and association performance. The blue, cyan, orange, and
red markers denote the results by PAL, PhaseNet picker + GaMMA associator, PhaseNet picker + PAL
associator, and LoSAR workflow developed in this study, respectively. (a & e) plot the number of picks.
The P & S picks are marked by darker and lighter colors. The paired P&S picks are filled by color, with the
paired ratio annotated on top of the bar; (b & f) plot the number of associated picks. The pick association
ratio is annotated on top the bar; (¢ & g) plot the FMD comparison, where circles and triangles denote
cumulative and non-cumulative numbers, respectively; (d & h) plot the number of unassociated picks on
each station. The stations are sorted by the number by PAL. (a-d) and (e-h) plot the Case 1 (Ridgecrest-
Coso) and Case 2 (EAFZ), respectively. Note that for (¢) & (g), only the events within the location coverage

of Figure 5 are included in the statistics.

3.2.3 Comparisons with Both Cases

Utilizing this case in the EAFZ pre-postseismic period, along with our previous case in
the Ridgecrest-Coso preseismic period, we conduct detailed comparisons against PhaseNet (Zhu
and Beroza, 2018) and GaMMA (Zhu et al., 2022c), both of which are considered as the state-of-
the-art phase picking and association algorithms, and are being widely adopted in cataloging
workflows (e.g. Zhang et al., 2022; Zhu et al., 2022b). Through these comparisons, we can evaluate
the scalability of these algorithms across different tectonic environments, spatiotemporal ranges,
and network densities.

In executing PhaseNet and GaMMA, we adhere primarily to their default parameters and
the behaviors anticipated for typical users, which are intended to be broadly applicable. For
PhaseNet, we use 30-s time windows that slide in 15-s steps. They are larger than what we set for
SAR picker in the two cases, and should have enough coverage. The waveforms are high-pass
filtered above 1 Hz. We keep the default triggering threshold at 0.3. Picks from overlapping sliding
windows are merged using a 0.5-s window, where the picks with higher prediction probabilities
are selected. Note that PhaseNet pick P & S arrivals independently, and we pair them up to
combine with the PAL associator. The phase pairing strategy is consistent with that used for the
SAR picker; however, it necessitates manually setting an S-wave search window, which we keep
the same as for PAL picker in the two cases. For GaMMA, we set the criterion at a minimum of 8
phases to declare an event detection, aligning this requirement with the 4-station criterion of the
PAL associator that we applied in both the EAFZ and Ridgecrest-Coso cases. It is important to

highlight that the association results from GaMMA do not necessarily ensure paired P and S phases
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for each station. However, we observed that directly utilizing the GaMMA outputs for hypolNV
lead to a significant number of events unconstrained (Figures S11 & S12). Consequently, we opted
to refine the GaMMA outputs by excluding the stations with only single P or S picks and imposed
a requirement for a minimum of 4 stations.

We first compare the number of associated picks and the association ratio (Figure 6a-b &
e-f). We assume that the association process filters out most of the false picks, thus the number of
associated picks represents the phase detection completeness, and the association ratio indicate the
detection accuracy. In the Ridgecrest-Coso case, all three combinations of Al-driven picker-
associator setups (i.e. PhaseNet+GaMMA, PhaseNet+PAL, and LoSAR) achieved a similar
number of associated picks, with an association ratio around 10% (Figure 6a-b). This performance
markedly outperforms that of the STA/LTA method, as represented by PAL, demonstrating the
advanced picking accuracy and completeness afforded by deep learning methodologies that learn
from waveform features. Note that PhaseNet is originally trained on Northern California data, thus
is intrinsically localized for the Ridgecrest-Coso case. Moreover, all three methods recalled ~97%
events in the SCSN catalog, showing great consistency in event detection. In contrast, in the EAFZ
case, the number of associated picks by LOSAR surpasses that of PhaseNet+PAL by ~1.5 times,
and ~2.5 times more than PhaseNet+GaMMA (Figure 6e-f). Furthermore, both PhaseNet+PAL
and PhaseNet+GaMMA demonstrate significantly lower association ratios (5.9% and 3.3%,
respectively) in comparison to LOSAR’s 23.1%, as well as to their performances in the Ridgecrest-
Coso case (~10%). This result indicates that PhaseNet is less tailored for the EAFZ data, and that
GaMMA suffers from a much larger-scale network with sparse station distributions. By comparing
the FMDs (Figure 6¢ & @), it is evident that the three Al-driven picker-associator combinations
show high consistency in Ridgecrest-Coso, as previously noted. However, PhaseNet+GaMMA
displays noticeable discrepancies for the EAFZ case, missing a significant portion of events above
the complete magnitude. Excluding this particular instance, the remaining seven catalogs across
both cases display consistent FMDs for the portion above completeness magnitude, aligning with
the expectations set by the GR law.

Lastly, we examine the number of unassociated picks across all stations in both cases
(Figure 6d & h). Given the presumption that a large portion of the unassociated picks represent
false detections, the spread of unassociated picks across stations serves as an indicator of a phase

picker’s detection stability. In our analysis, we compare three phase pickers: PAL, PhaseNet, and
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LoSAR, employing PAL (based on STA/LTA) as the benchmark for evaluating PhaseNet and
LoSAR. The rationale behind this comparison stems from the high sensitivity of STA/LTA
algorithms to pulse-like noises (e.g. data glitches), which often results in a higher volume of
unassociated picks. Consequently, when PhaseNet or LoSAR generate significantly more
unassociated picks than PAL, it suggests a high false detection rate for low-SNR phases. In both
cases, there is no correlation in the number of unassociated picks between PAL and the two Al-
based pickers (Figure 6d & h), demonstrating the Al pickers’ effective ability to discriminate
against pulse-like noises. This performance aligns with expectations due to their design to analyze
whole-waveform characteristics. However, even in the case of Ridgecrest-Coso (Figure 6d), a few
stations were identified where PhaseNet produced a significantly higher number of unassociated
picks compared to PAL. Such instability of PhaseNet is notably severer in EAFZ, where multiple
stations recorded more than twice the unassociated picks than PAL (Figure 6h). These observations
suggest that PhaseNet may be sensitive to certain types of low-SNR noises. A similar behavior is
also observed with LoSAR’s picking results, albeit to a lesser extent (Figure 6d). The above
observations highlight a potential area for improvement in Al-picker’s noise discrimination
capabilities, and a multi-station-based picking algorithm could offer a solution (e.g. Feng et al.,
2022; Sun et al., 2023).

In summary, our comparative analysis across cases with divergent characteristics
demonstrate the LoSAR’s superiority in detection completeness and stability over PhaseNet, as
well as PAL’s greater scalability in phase association compared to GaMMA. These attributes
position LOSAR as a notably robust workflow for compiling long-term, large-scale seismic

catalogs.

4. Characterizing Preseismic Fault Behaviors

Leveraging the high-resolution catalogs developed in the preceding section, we conduct
practical analysis to demonstrate the advantages of an enhanced catalog in characterizing fault
behaviors before a large earthquake. Our investigation spans both the Ridgecrest-Coso and EAFZ
region, exploring whether the preseismic catalog shed light on coseismic fault behaviors, which is
potentially helpful in seismic hazard assessment for other regions prior to large earthquakes. We
confine the analysis within the spatial dimension, utilizing seismicity distribution to infer the fault

geometry and using b-value as an indicator of stress level. The examinations of temporal seismicity
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evolution and b-value variation demand more rigorous analysis and statistical techniques, thus fall
beyond the scope of this paper.

The seismicity imaging technique relies on the understanding that earthquakes, regardless
of their size, occur on faults, including both major and subsidiary ones. Consequently, the clustered
seismicity serves as a tool to detect geologically hidden faults, and to direct delineate fault
structures at depth with a high resolution (e.g. Waldhauser and Schaff, 2008; Hauksson et al., 2012;
Ross et al., 2019b; Shelly, 2020). However, the occurrence of seismicity is intricately linked to the
stress and frictional state of faults (as reviewed in Birgmann, 2018), which introduces several
caveats in the interpretation of seismicity distribution. For example, certain fault segments can be
quiescent during the interseismic period, because of the stress shadow drawn by a deeply
penetrated rupture of previous large earthquakes (Jiang and Lapusta, 2016). Therefore, a lack of
continuous seismicity does not necessarily imply a discontinuity in fault structure. Another
commonly observed phenomenon is the complementary distribution between aftershocks and
coseismic slip (Wetzler et al., 2018; Toda and Stein, 2022). In such cases, aftershocks tend to
concentrate on the periphery of ruptured asperities, thereby obscure the fault dip in cross-section
views. Thus, to accurately infer fault geometry, it is always recommended to jointly consider the
focal mechanism solutions and the surface traces of faults or ruptures (e.g. Lu et al., 2021; Zhou
et al., 2022a; Ding et al., 2023).

The b-value in the GR-law, which quantifies the relative number of large versus small
earthquakes, is inversely related to the stress level, as demonstrated by numerous experimental and
statistical studies (Scholz, 2015, and references therein). In this study, we obtain the spatial
distribution of b-values by calculations performed on each grid cell, incorporating earthquakes
within a specified radius. Given a set of earthquakes, the b-value can be estimated by the
maximum-likelihood method (Aki, 1965):

lo
p=—20C 3)
M_MC+T

where M, M., and AM is the mean magnitude, lower cut-off magnitude, and the magnitude bin,

respectively. The b-value uncertainty is estimated following Shi and Bolt (1982):

8b = 2.3 x b? X \/Zn (M, = M) (4)

i=1 n(n—1) '
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where n is the number of events. For reliable b-value estimations, we require a minimum number
of events above the cut-off magnitude, typically >80. It is important to recognize that the b-value
uncertainty determined by Equation 4 tend to underestimate its true variability (Woessner and
Wiemer, 2005; Amorese et al., 2010; Marzocchi et al., 2019). Therefore, we conduct additional
tests to prevent over-interpretation in our applications, which includes: (1) Adjusting the slicing
radius for each grid, which affect the number of events in b-value estimations; (2) Modifying the
cut-off magnitude (Mc), given that b-value estimation is positively correlated with Mc (Cao and
Gao, 2002; Zhou et al., 2018); and (3) whether to adopt a uniform Mc or calculate Mc individually
on each grid. Note that we opt to use a uniform Mc in the main text, based on the considerations

mentioned above.

4.1 2019 Ridgecrest-ruptured fault

As reviewed in Section 3.1.1, the 2019 Ridgecrest sequence activated a largely unmapped
orthogonal fault system. However, subsequent detailed geological investigation by Thompson
Jobe et al. (2020) suggest that up to 50-70% of the fault traces could have been mapped before the
earthquake. It is practically important to know whether those faults can be imaged by long-term
seismicity, and whether this region represent a hazardous seismic gap, considering that the
Ridgecrest sequence breaks a ~20-year quiescence in the ECSZ (Ross et al., 2019a; Chen et al.,
2020; Hauksson and Jones, 2020).

From the event distribution prior to the earthquake (Figure 7a-b), it is evident that an over
20-km-wide zone along the Ridgecrest faults is characterized by spreading microseismicity. This
pattern is more distinctly observed in our LoSAR catalog compared to both the relocated SCSN
catalog and the QTM catalog (Figure S17). Though the southern segments have much lower
seismicity rate, the seismicity in the LoOSAR catalog exhibit multiple clusters trending orthogonally
to the main faults ruptured during the 2019 M, 7.1 earthquake, aligning with the focal mechanisms
of M>2 events within those clusters (Figure S18). Additionally, these orthogonal clusters appear
to be further activated following the mainshock, since they collocate with the aftershocks and
mapped surface traces (Figure 7¢). The above observations suggest that multiple subparallel faults
extend to the SE of the 2019 My, 6.4 foreshock, an area where previously few fault traces had been
mapped. The net effect of such a fault system is a distributed shear deformation and a low slip rate

on each individual fault, which agree with the weak seismic activity observed in this region.
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By examining the seismicity depth distribution in the cross sections (Figure 7), we find a
similar pattern of depth contour before and after the 2019 mainshocks, despite contrasting
intensities of seismic activity, both complementing the coseismic slip. Furthermore, the b-value
mapping results reveal that the areas of weak seismicity in the southern segments correspond to
notably low b-values (Figure 8), indicating a high level of differential stress. Collectively, these
findings suggest that the southern segments were strongly locked prior to the earthquake, and can
be considered as a persistent asperity primed for rupture. It is noteworthy that the northern
segments, responsible for the My 7.1 mainshock ruptures, are of relatively high b-value (Figure
8). This can be interpreted by the stress shadow effect caused by several M>5 events during the
1990s on its western subparallel faults. Nanjo (2020) identified a similar contrasting pattern in
preseismic b-value distribution using an extensive dataset from over 40-yr SCSN catalog, a pattern
not discernible with merely ~11 years of data, as shown in Figure 8a. This contrast in preseismic
b-value near the foreshock and mainshock hypocenters provides insight into the sequential
occurrence of the My 6.4 foreshock before the larger My 7.1 mainshock.

In summary, the distributed microseismicity prior to the mainshock unveils a preexisting
fault system composed of multiple subparallel branches. This system, characterized by a weak

seismicity and an overall low b-value, represents a persistent asperity of potential hazard.
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Figure 7. Seismicity on the Ridgecrest faulting area before and after the 2019 earthquakes. (a-b)
plot the preseismic period of relocated SCSN catalog (Hauksson et al., 2012) and LoSAR catalog in this
study, respectively, and (c) for the LOSAR catalog aftershock period. Note that the dot size and transparency
for the preseismic (a-b) and aftershock (c) period are set differently, because of the very different seismicity
rate. In the map view plots (upper panels), the seismicity is plotted as dots that have its color denoting the
depth and size varies with the magnitude. The active faults are plotted as black lines; the surface ruptures
are marked by white lines. The reference points and spatial coverage of the along-fault cross-section is
marked by blue dashed rectangle. The hollow black stars denote the largest foreshock and the mainshock
of the 2019 Ridgecrest sequence. In the cross-sections (lower panels), the rupture model by Yue et al. (2021)
is plotted as different shades of red. The Garlock Fault (GF) on the surface and seismicity-interpreted depth

extension is marked by red lines. The black lines are the imaged cross faults by seismicity.

(a) Reloc-SCSN (2008-2019/06) (b) QTM (2008-2017) (c) LoSAR (2008-2019/06)
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Figure 8. Comparison of b-value mapping results for the RC-Coso region during preseismic period
with different seismic catalogs. (a-c) plot the b-value mapping results with the relocated SCSN catalog
(Hauksson et al., 2012), the QTM catalog (Ross et al., 2019b), and the LoSAR catalog in this study,
respectively. The active faults and surface ruptures are plotted by gray and black lines, respectively. The
M>5 earthquakes after 1946 are marked by yellow stars. The area of Coso Geothermal Field (CGF) is
marked by red circle in the map view and by horizontal line in the cross section. The coseismic slip by Yue

et al. (2021) is plotted as black contours in the cross section. Annotations in the map view include: Risiice,
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the slicing radius for each grid in b-value calculation; Nmin, the minimum number of events above the

complete magnitude to calculate b-value; Mc, the magnitude of completeness.

4.2 Erkenek-Putlrge fault segment (EPF) of EAFZ

As reviewed in Section 3.2.1, the 2023 Turkey doublet is extraordinarily large for
continental environments, raising questions about the mechanisms that allow an earthquake to
reach such size. Instead of investigating how the rupture grows, we are curious about how it
terminates. Specifically, we explore the termination of the M1 rupture at its NE end, named as
Erkenek-Putirge fault segment (EPF), which acted as a barrier not only for M1, but also for the
2020 My 6.8 earthquake and multiple historical and paleoseismic events (Hubert-Ferrari et al.,
2020; Guvercin et al., 2022; Karabacak et al., 2023). Fortunately, the observational condition for
this segment of the EAFZ were optimal during our study period from 2020 to 2023, which set a
solid foundation to examine the formation of this persistent barrier.

Firstly, we utilize all seismicity from 2020-2023 to image the fault structure (Figure 9).
The map view (Figure 9a-b) and cross-sections (Figure 9c) reveal an along-strike variation in fault
structure: from a single major fault in profile 01-04, to a major-secondary fault style in profile 05-
10, and then to a wide fault zone from profile 11-15, and reverts to the major-secondary pattern in
profile 16-18. A zoom-in plot with CC-relocated LoSAR catalog (Figure 10c) show that the ~10-
km wide fault zone (profile 11-15) is composed of two major subparallel branches, along with
several subsidiary conjugate faults in between. Intriguingly, the surface fault traces in this area
also exhibit two subparallel branches with shapes similar to the seismicity observed at depth, but
of a much narrower width (Figure 10c). This may imply that the fault zone broadens as it extends
deeper into the crust, a scenario not commonly observed (Scholz, 1988; Ben-Zion and Sammis,
2003; Scholz, 2019). In addition to the aforementioned structural variation is a shift in the dip
angle of the major fault, which gradually change from an SSE-dipping in profile 01-04 to an NNW-
dipping in profile 17-18 (Figure 9c¢). This contrast in fault dip direction of the EPF is also reflected
in the moment tensors of the 2023 M1 (subevent inversion by Jia et al., 2023) and the 2020 My
6.8 & Mw 5.6 (Figure 9b). These structural variations appear to correlate with the coseismic
behavior, with the unruptured segments (profile 08-14) show greater geometrical complexity, in
contrast to the relatively simpler structures that were ruptured in 2023 (profile 01-07) and 2020
(profile 15-18).
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Figure 9. Seismicity and fault geometry interpretation for the Erkenek-Putirge fault segment (EPF)
of EAFZ. (a-b) plot the map-view distribution of postseismic (2023/02-04) and preseismic period (2020-
2023/01) seismicity. The events in current panel / time period are color coded by the depth, and the
seismicity in the other time period is plotted as white dots in the bottom. (c) plot the fault-normal cross-
sections. The 2023 aftershocks and preseismic events are denoted in blue and green, respectively. The
interpreted fault dip is marked as black lines. (d) plot the along-strike cross-section. The coseismic slip of



786
787
788

789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815

manuscript submitted to Journal of Geophysical Research: Solid Earth

the 2023 M,, 7.8 obtained by Ren et al. (2024) is plotted in orange-red contours, the coseismic slip and
afterslip slip of the 2020 My, 6.8 obtained by Cakir et al. (2023) are plotted as orange and black contours,
respectively.

We further examine the b-value distribution before the 2023 mainshocks (Figure 10a-b).
Note that we exclude events occurring within 24-hr following the 2020 My, 6.8, since it causes a
transient incompleteness in the catalog that can bias the b-value estimation (Figure S27). However,
we tested that using different time ranges do not alter the relative values in the distribution (Figure
S30). The b-value distributions, derived from both the LoSAR catalog and that by Lomax (2023),
reveal that the 2020-ruptured area is characterized by a relatively high b-value, which agree with
the significant stress drop after the large earthquake. Notably, this segment also exhibits a gap of
M>4 earthquakes in our study period (Figure 10d), further supporting a significantly reduced stress
level. Another area of high b-value coincide with the area experiencing large afterslip following
the 2020 mainshock (Cakir et al., 2023). In the map-view distribution (Figure 10a-b), the
secondary faults show relatively higher b-value compared to those observed along the major fault,
which suggest a contrast in the strength between major and secondary faults. The area near the NE
end of the 2023 ruptures also appear to have a high b-value before the earthquake (Figure 10a).
This area also displays highly variable focal mechanisms, indicating complex local structures.
However, the reliability of this feature may be compromised due to the significantly fewer events
that occurred before the 2023 mainshock. In addition to the high-b areas mentioned above, a
markedly low-b area extends over 15 km length along strike, located southwest of the 2020 My
5.6 aftershock (Figure 10a-b). This area probably represents an unruptured asperity that has not
experienced any M>5.5 earthquakes so far. Observations of postseismic deformation following
the 2023 sequence may help to rule out the alternative hypothesis that the stress in this segment
has been relieved through aseismic slips.

Back to the question posed in the beginning of this section, the high b-value observed in
the northeastern part of the 2023 rupture could potentially decelerate the rupture process; whereas
the presence of a significantly low-b area adjacent to it on the northeast starkly contrasts with the
observation that the rupture terminated before reaching this region. Furthermore, given that fault
stress is more variable than structural features over extended time scales, we posit that the

geometrical complexity is the primary factor rendering the EPF a persistent rupture barrier.



manuscript submitted to Journal of Geophysical Research: Solid Earth

38.6 38.6

38.4 38.4 Rs”cg =0.08°

. Nmin =80
Mc‘=‘1..6

38.21 / 38.21

38.01 38.01

.-b Value b Value

0.60.7 0.8 g 1.0
37.81 s 37.81

380 382 384 386 388 39.0 392 380 382 384 386 388 390 392
0

kv - & ~ b «
= ptured = tured
£ 10 /\’:\ asperity? < 10 % n;::emy?

Q e e = Q 3 ¥
8 ;Z Rslice = 5 km 3 8 ;2 Rsiice = 5 km 5

20 40 60 80 0 20 40 60 80
Along Strike Distance (km) Along Strike Distance (km)
()
Aftershocks (2023/02-04)
(d) §

816



817
818
819
820
821
822
823
824
825
826

827

828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846

manuscript submitted to Journal of Geophysical Research: Solid Earth

Figure 10. B-value mapping and detailed fault structure interpretation of the EPF area. (a-b) B-
value mapping results with the LoSAR catalog by this study and the relocated AFAD catalog by Lomax
(2023) during the preseismic period. The active faults and 2023-ruptured faults are plotted by gray and
orange-red lines, respectively. The M>6 earthquakes during 2020-2023 are marked by yellow stars. The
contours share the same meaning with Figure 9d. The red box marks the spatial coverage of (c) & (d). (c-
d) provide a zoom-in plot for part of the EPF. (c) plot the distribution of CC-relocated LoSAR catalog. The
2023 aftershocks and preseismic events are denoted by blue and red dots, respectively. The white solid and
dashed lines show interpreted faults with clear seismicity delineation (high confidential) and those with
rather scattered seismicity (speculative), respectively. (d) plot the focal mechanism solutions of My>4
events during 2020-2023/04 from AFAD.

5. Conclusions

In this study, we introduce LOSAR, an innovative deep learning-driven workflow for
constructing long-term seismic catalogs. It is designed based on the idea of training a deep learning
model with local data. By applying LOSAR to two distinct cases in the Ridgecrest-Coso and EAFZ
region, we demonstrated that LoSAR realizes a detection ability comparable to MFT, while
offering markedly improved temporal stability and computational efficiency. Through direct
comparisons with other state-of-the-art phase picking and association algorithms, we conclude that
LoSAR has superior scalability and generalizability. These advantages position LOSAR as an ideal
tool for building catalogs of a large spatiotemporal scale.

Utilizing the high-resolution long-term catalogs built for the Ridgecrest-Coso and EAFZ
region, we delve into their preseismic fault behaviors by jointly analyzing the seismicity
distribution and the b-value mapping. We specifically investigate one smaller fault segment of the
two regions, and reached the following conclusions:

(1) The Ridgecrest faults exhibited distributed and weak microseismicity prior to the
earthquake, revealing multiple preexisting orthogonal faults. The seismicity depth contour mimics
that of the aftershocks, and is associated with a low b-value prior to the earthquake. These
observations constitute the Ridgecrest faults a persistent asperity of high stress level.

(2) The EPF segment of EAFZ is characterized by complex fault structures, including
multiple secondary fault of high b-value, and a conjugate fault system that makes a ~10-km wide

fault zone. Despite the overall high b-value, a >15-km-long segment with a notably low b-value
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adjacent to the 2023 rupture points to geometrical complexity as the reason EPF acts as a persistent

barrier for rupture propagations.
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whole Southern California, and Shelly (2020) for the Ridgecrest source region. The referred
velocity models for the EAFZ include that from Guvercin et al. (2022), Acarel et al. (2019), and
Ding et al. (2023). The LoSAR workflow is open sourced at Github:
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