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ABSTRACT

To disseminate accurate and useful warnings, earthquake early warning (EEW) systems
must quickly determine the size and location of an earthquake to estimate expected shak-
ing. Traditional seismic-based algorithms tend to underestimate the true magnitudes of
large earthquakes, a phenomenon known as magnitude saturation. This limitation moti-
vated the recent inclusion of Global Navigation Satellite Systems (GNSS) data into the U.S.
Geological Survey’s ShakeAlert EEW system with the Geodetic First Approximation of Size
and Time (GFAST) algorithm because GNSS data do not saturate with large ground
motions. However, the noise levels of GNSS data are very high compared with traditional
seismic data, which obscures P-wave arrivals and can result in less accurate magnitude
estimations if displacement amplitudes are low, such as for lower magnitude earthquakes
or large source-station distances. In this study, we develop a deep-learning model that
detects earthquakes in GNSS data and use the Ridgecrest, California, earthquake sequence
as a case study to demonstrate how the model could act as a filter to reduce the amount of
low-quality data that enters an algorithm like GFAST. To preserve our limited real earth-
quake data for model inference, we generated a training dataset composed of >700,000
synthetic displacement waveforms. We combined the synthetic waveforms with real-time
GNSS noise to produce realistically noisy training waveforms and then tested our model on
additional synthetic data and performed inference using the real data that were held back.
We discuss the performance of our trained model on both the unseen synthetic data and
real inference data. Our model can be used to selectively filter only high-quality data
where an earthquake signal is observed for input into an algorithm like GFAST (outper-
forming a simple signal-to-noise ratio-based filter) to reduce the error in GFAST's real-time
earthquake magnitude estimations.

(GFAST) algorithm (Crowell et al., 2013, 2016) represents a
first-of-its-kind advancement in preparing EEW systems to
handle very large earthquakes (Murray et al, 2023). GFAST
uses peak ground displacement (PGD) measurements from
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INTRODUCTION AND BACKGROUND

The recent incorporation of Global Navigation Satellite
Systems (GNSS) data into the U.S. Geological Survey’s
ShakeAlert earthquake early warning (EEW) system through
the Geodetic First Approximation of Size and Time
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GNSS stations to invert for earthquake magnitude (Mpgp).
Most EEW systems rely only on seismic data to detect and ana-
lyze earthquakes, but for great earthquakes, seismic-only sys-
tems generally fail to register the true size of these events
because of a phenomenon called magnitude saturation (e.g.,
Kanamori, 2005; Trugman et al, 2019), where large earth-
quakes are indistinguishable from even larger ones (M 2 7.5).
Many studies have demonstrated that GNSS techniques do not
saturate in the near field of large earthquakes because, for a
fixed geometry of stations and faults, near-field deformation
scales linearly with moment release. For a comprehensive over-
view of existing GNSS studies for early warning, refer to
Crowell (2024).

Magnitudes calculated using seismic P-waves saturate at the
high end of the magnitude scale for several reasons.
Traditionally, to calculate magnitudes, seismic data are twice
integrated from acceleration to displacement, but this requires
the implementation of high-pass filters to remove baseline drift
effects that appear during integration. This removes low-fre-
quency content from the data, changing the relationship
between observed displacement and the calculated magnitude
(Colombelli et al., 2012). Although the relationship between
the log of PGD in seismic data and magnitude is linear for mod-
erate-magnitude earthquakes, for larger magnitudes (e.g, M > 7
when peak displacement is measured over a 4 s time window, or
M > 7.5 when measured over a 20 s time window), this relation-
ship does not hold (Trugman et al., 2019).

In addition, the source spectra of earthquakes of different
magnitudes can affect the accuracy of a magnitude computed
from those seismic waves because, as earthquake magnitude
increases, the source duration and rise time of the earthquake
also increase (Melgar and Hayes, 2017). This results in the cor-
ner frequency of the source spectrum of the earthquake
decreasing as the earthquake magnitude increases (Geller,
1976), and for some seismically derived magnitude types, such
as short-period body wave (m,,) or surface wave (), the mag-
nitude calculation is made from data of a specific period (e.g., 1
and 20 s for those two examples, respectively). If the corner
frequency for an earthquake is smaller than the measuring fre-
quency, the source spectrum is not flat at that frequency,
resulting in a calculated magnitude that is too small and
not proportional to the earthquake moment.

This limitation of seismic data for large-magnitude earth-
quakes has major implications for the dissemination of accu-
rate earthquake and tsunami warnings for systems that only
use seismic data to solve for source parameters. A notable
example of this occurred during the 2011 Tohoku earthquake
in Japan, where even the fifteenth EEW “forecast” 116.8 s after
the system was triggered interpreted the M 9.1 earthquake as
an M 8.1 due to magnitude saturation (Hoshiba and Ozaki,
2014). In contrast, GNSS data do not suffer from magnitude
saturation because they measure displacement of the ground
relative to an absolute reference frame (Melgar et al, 2015),
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making it possible to determine the true size of the largest earth-
quakes. In anticipation of large earthquakes within ShakeAlert’s
alerting region, covering the states of Washington, Oregon, and
California as of the time of this writing, the ShakeAlert system
has been upgraded to include GNSS data analysis with the
GFAST algorithm. GNSS position solutions are derived from
the time delay and phase accrual of microwave signals emitted
by orbiting satellites and collected by receivers on the ground
(Melgar et al., 2020). These calculations require knowledge of
how much delay time the troposphere and ionosphere introduce,
as well as the orbits of the satellites and timing of their clocks,
which can be difficult to ascertain with precision in real time. In
addition, the physical setting of a receiver station can also affect
the position solutions because of multipathing of signals off sur-
rounding structures and terrain. Combined, these factors result
in real-time GNSS data that have a very high noise floor on the
order of a few to 10 cm (Geng et al., 2018), which obscures small
signals such as P-wave arrivals. Postprocessed GNSS position
solutions, calculated after ~2 weeks using “final” clocks and
orbits from the International GNSS Service, are less noisy than
real-time GNSS data, but real-time solutions are still good
enough to use for real-time earthquake characterization in a set-
ting like EEW (Melgar et al., 2019; Goldberg and Haynie, 2022).
Still, the real-time GNSS noise can be highly irregular, con-
taining large spikes with unidentified origins that can be mis-
taken for large ground motions caused by earthquakes
(Kawamoto et al., 2017). This means that to be reliably opera-
tional in a real-time EEW environment, GNSS algorithms like
GFAST must be triggered by earthquake detections made using
seismic instruments to begin analysis for earthquakes in
progress. Moreover, as of the time of this writing, for a GFAST
magnitude solution (Mpgp) to be used in a ShakeAlert warning,
three internal conditions within GFAST must be met: (1) the
Mopgp estimate must be greater than or equal to 7.0; (2) the
Mpgp uncertainty must be less than or equal to 0.5; and (3) three
or more GNSS stations must have recorded PGDs above a time-
dependent PGD threshold (Murray et al., 2023). The latter two
conditions are empirically derived from real-time GNSS dis-
placement records and are time dependent due to the colored
noise structure of GNSS data. Having a separate mechanism to
determine if the signal observed on a GNSS time series is the
result of seismic shaking or simply noise could directly affect
the existing threshold conditions in GFAST and allow for more
reliable warnings of intermediate magnitude earthquakes.
Although it could be useful to have a standalone GNSS-
based EEW system that could both accurately identify when
earthquakes are occurring, as well as estimate their magnitudes
without saturation, the former goal is much more difficult to
achieve because of the aforementioned noise levels that would
obscure the earliest seismic wave arrivals until long after they
had been detected by seismometers. However, it has been dem-
onstrated for methods such as the Machine-Learning Assessed
Rapid Geodetic Earthquake (M-LARGE) algorithm, which
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uses three-component GNSS data to ascertain earthquake
source properties such as magnitude, centroid location, and
rupture length and width, that reductions in the noise levels
of data fed into the algorithm improve the accuracy of the
model’s predictions of the source properties (Lin et al., 2023).
In this study, we developed a model that can quickly detect
earthquake signals in noisy real-time GNSS data so that it
may act as a filter for high-noise data, ensuring that only wave-
forms wherein earthquakes are reliably observed and the earth-
quake signal is strong are fed into algorithms to determine
earthquake source properties. A similar dynamic station selec-
tion approach was taken using GNSS velocities computed
through the time-differenced carrier phase method (e.g.,
Crowell, 2021) and a random-forest classifier (Dittman
et al., 2022; Dittmann et al., 2023); however, we aimed to look
directly at the displacements similar to those that are currently
available within ShakeAlert.

To accomplish this GNSS-based earthquake identification
task, we took a deep-learning (DL) approach. DL is a subset
of machine learning that utilizes neural networks to learn pat-
terns from data. Applications of machine learning in seismol-
ogy and earth sciences have expanded in recent years, with a
review of the history, current use, and future directions avail-
able from Mousavi and Beroza (2023). These applications
include earthquake detection and location (e.g., Perol et al.,
2018; Mousavi and Beroza, 2020a; Zhang et al, 2020;
Dittman et al., 2022), low-frequency earthquake detection
(Thomas et al., 2021), picking of P- and S-phase arrivals for
improved locations and velocity models and earthquake cata-
log expansion (e.g., Ross et al., 2018; Zhu and Beroza, 2019;
Mousavi et al., 2020), and also determination of source param-
eters such as magnitude (e.g., Lomax et al., 2019; Mousavi and
Beroza, 2020b; van den Ende and Ampuero, 2020; Lin et al.,
2021; Minchmeyer et al., 2021; Ristea and Radoi, 2021;
Licciardi et al., 2022; Lin et al., 2023).

DL methods typically require large datasets with which to
train the models. Unlike seismic instrument data, which are
maintained in large public datasets (e.g., the EarthScope wave-
form data archives), there is a relatively small availability of
GNSS earthquake data. GNSS instruments and data analysis
techniques were introduced into the study of earthquakes much
more recently than seismometers, so GNSS records of earth-
quakes are less plentiful. Furthermore, GNSS data-based earth-
quake and tsunami early warning algorithms are primarily used
during large earthquakes because smaller earthquakes can be
handled by seismic algorithms without magnitude saturation.
However, there are many more small-magnitude earthquakes
than large ones, contributing to a limited GNSS dataset
(Gutenberg and Richter, 1949). Therefore, to train a model
on a more balanced dataset with increased availability of wave-
forms with large ground displacements, we generated a dataset
of synthetic displacement waveforms using FakeQuakes, a part
of a set of codes called MudPy described in Melgar et al. (2016)
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that have subsequently been used to generate synthetic GNSS
data for several DL studies (e.g., Lin et al., 2021, 2023).

In this study, we will present a convolutional neural net-
work (CNN) method for the detection of earthquakes in real-
istically noisy GNSS data. This CNN architecture was based on
U-net (Ronneberger et al., 2015), a model developed for bio-
medical image segmentation. This structure was also used by
Zhu and Beroza (2019) to develop PhaseNet, a model for iden-
tifying P- and S-phase arrivals in seismic data. U-net features
both a down-sampling branch to localize and distill the most
important features of the training data, as well as an up-sam-
pling branch to increase the resolution of the output and
reconnect features from the down-sampling branch to this out-
put. In the case of detection of an earthquake, the model is
being trained to determine whether a waveform contains an
earthquake, and if so, to identify the time at which the earth-
quake signal begins (i.e., the P-wave arrival).

The variation of the U-net that we used was built for iden-
tifying low-frequency earthquakes in seismic data (Thomas
et al., 2021), which are more emergent than impulsive. This
method also seemed appropriate for the detection of P-waves
in noisy GNSS data because for some time after arrival, these
small-amplitude waves are likely to be obscured by noise. Our
model was trained with three-component displacement data
derived from synthetic earthquakes and contaminated with
real noise (i.e., real-time GNSS recordings during seismic qui-
escence), as well as signals consisting only of noise. Each wave-
form sample was labeled with the timing of the P-wave arrival
for earthquake samples or as noise for the noise-only samples.
We then tested the performance of the model on additional,
unseen synthetic data and performed inference using a real
real-time GNSS dataset provided by EarthScope. Finally, we
applied the trained model to a simplified version of the mag-
nitude determination method used in GFAST to determine
whether using only GNSS data where an earthquake was
detected would improve the accuracy of the real-time magni-
tude calculation.

DATA AND METHODS

Real data processing

We focused on the 2019 Ridgecrest earthquake sequence (e.g.,
Ross et al., 2019; Shelly, 2020) for this study because there were
many nearby GNSS stations from which to collect real earth-
quake waveforms, as well as the availability of fault and local
velocity models to facilitate simulation of additional earth-
quakes for training data. We received a dataset provided by
EarthScope composed of day-long, three-component, 1 Hz
real-time GNSS displacement recordings spanning from 1
June 2019 to 31 July 2020. The data came from all available
GNSS stations within 300 km of the Ridgecrest, California, area
(Fig. 1). We parsed these data from the provided real-time
extended format into day-long mini Standard for the
Exchange of Earthquake Data (miniSEED) files.
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Figure 1. Map of the study region. Global Navigation Satellite Systems
(GNSS) stations from which we were given access to archived real-time
position solutions in a 300 km radius around Ridgecrest, California, are
shown with blue triangles. Earthquakes M = 4.3 from the Southern
California Earthquake Data Center catalog (Southern California Earthquake
Data Center [SCEDC], 2013) from which P-wave picks were available are
shown by the circles, which vary in size and color by magnitude. The red
hatched line indicates the boundary between the Pacific and North
American plates. The color version of this figure is available only in the
electronic edition.

These real-time data served two purposes for this study.
First, they provided a source of observed real-time GNSS noise
to add to the noise-free synthetic displacement waveforms we
generated for the training of the DL model, which will be
described in the next section. Second, they provided real exam-
ples of how earthquakes of a range of magnitudes (due to the
extensive aftershock sequence) appear in noisy GNSS data
across our study region at a range of hypocentral distances.
These samples were used as an inference dataset upon which
to evaluate the performance of our DL algorithm after it was
trained, validated, and tested on synthetic data.

We built a large array of noise-only data samples by selecting
random stations and random days from the daily real-time
miniSEED dataset, skipping any days in which there were
M 4.3 or greater earthquakes in the catalog, and selecting ran-
dom starting times from the valid daily samples. We trimmed
the noise samples to 256 s, demeaned them, and combined
the three components of displacement into single samples so that
the model was trained on information from all three directions of
motion. An example of this format can be found in Figure Sla,
available in the supplemental material to this article. This culmi-
nated in a noise dataset consisting of over 1.8 million noise sam-
ples. These noise samples were then randomly combined with
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the synthetic displacement waveforms we generated in a process
that trimmed them down to 128 s, which will be described in
more detail in the Data Generation for the DL Model section.

To create the real earthquake-containing samples for the
inference dataset (data the model would not see in training that
we would use to test its effectiveness), we split the daily
miniSEED files into separate 128 s samples. Traces were
merged with ObsPy’s (Beyreuther et al, 2010) linear interpo-
lation method if there were gaps and demeaned, and the three
components of displacement were also combined into single
samples. This process resulted in an inference dataset with
nearly 1.1 million samples. We then cleaned the dataset by
removing any samples where there was a data gap of 260 s,
reducing the dataset to ~994,000 samples.

To evaluate the performance of the DL model on the infer-
ence dataset, we needed to know which of these 1.1 million sam-
ples actually contained earthquakes. There is no traditional
process for picking P-waves in GNSS data because they are often
below the noise floor, so we downloaded a seismic pick catalog
for earthquakes M > 4.3 (circles shown in Fig. 1) during the 1
June 2019 to 31 July 2020 study window using the Southern
California Earthquake Data Center catalog (SCEDC, 2013). For
a total of 362 events (including two distant earthquakes not
shown in Fig. 1), we collected P-wave picks from all available
seismic stations in the study region from network codes CI
(California Institute of Technology and United States Geological
Survey Pasadena, 1926) and PB (Plate Boundary Observatory
Borehole Seismic Network; operated by EarthScope) for all
the event origin times in the earthquake catalog. It is somewhat
rare for seismic stations and GNSS stations to be collocated, so
we approximated P-wave arrival times at the locations of our
GNSS stations using the seismic pick catalog. To do this, we first
calculated the travel times from each event origin time to each of
the seismic stations for which we had P-wave picks using
ObsPy’s (Beyreuther et al., 2010) TauP function and the 1D
Mojave area velocity model from the Southern California
Earthquake Center’s (SCEC) Broadband Platform v. 15.3.0
(Maechling et al, 2015). We then interpolated those seismic
travel times to the locations of the GNSS stations using a piece-
wise linear interpolator and converted these back to P-wave
arrival times using the event origin times.

Because our ~994,000 data samples still had the original
timing information associated with them, we were able to
use these interpolated P-wave arrival times to determine which
samples contained a P-wave arrival and where it was in the
waveform, and which did not. This left us with 2123 samples
from the full inference dataset that contained earthquakes, or
0.214% of the dataset. A histogram of the magnitude distribu-
tion of the waveform samples is shown in Figure S2a.

Producing the synthetic displacement data
DL methods require a substantial amount of training data to
generalize in testing. In our real dataset, less than 1% of the
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waveforms contained the P-wave arrival from an earthquake.
To produce a more balanced training dataset, we generated a
set of realistic earthquake ruptures and displacement wave-
forms using FakeQuakes (Melgar et al., 2016). These wave-
forms were used in the training, validation, and initial
testing process of our DL algorithm, and after testing on this
simulated data, we also evaluated the algorithm’s proficiency
with the inference dataset containing real earthquakes
described previously.

Synthetic earthquakes are generated with FakeQuakes by
defining slip distributions and kinematic rupture parameters
for a rupture, then synthesizing waveforms from that rupture.
This process is explained in greater detail in Melgar et al.
(2016) and specifically for DL use in Lin et al. (2021) but will
be briefly summarized here. Slip distributions are generated by
calculating the effective length and width of a fault with the
target magnitude defined by the user, which are based on pre-
viously published scaling laws using a stochastic approach that
allows for some variability in rupture size (Blaser et al., 2010).
The mean slip across the entire fault is prescribed to meet the
target magnitude, and the actual slip on each individual sub-
fault varies and is controlled by a Von Karman correlation
function, which describes real observed earthquake slip pat-
terns well (Graves and Pitarka, 2010, 2015). This allows for
the construction of a covariance matrix scaled to the total
number of subfaults, wherein the vector of slip at each subfault
is expressed by the Karhunen-Loéve expansion and is a func-
tion of the mean slip and the eigenvalues and eigenvectors of
the covariance matrix. This allows for the generation of many
slip distributions, which are sampled from a probability density
function with the covariance and, therefore, the spatial statis-
tics of slip required to produce slip distributions with the char-
acteristics that the modeler desires (LeVeque et al., 2016).

Next, kinematic rupture parameters are defined, including
the velocity of rupture, which depends on the local shear wave-
speed and the depth of each subfault. The rise time at each
subfault, or the amount of time that slip is occurring on that
particular subfault, is scaled by the square root of the total
slip on that subfault. This rise time is then used to compute
the slip-rate function for each subfault, based on the Dreger
slip-rate function (Mena et al., 2010). To generate waveforms,
a matrix of Green’s functions is constructed by computing
impulse responses for every subfault-station pair following
the frequency-wavenumber algorithm from Zhu and Rivera
(2002). The subfault slip-rate functions are then convolved
with the Green’s function matrix and multiplied by the slip
vector, producing three-component displacement waveforms.

For this study, we elected to generate strike-slip FakeQuakes
ruptures along the largest of the four fault planes involved in
the 2019 M 7.1 Ridgecrest mainshock from the inversion of
Goldberg et al. (2020), which was composed of 426 triangular
subfaults. This fault plane was set in SCEC’s 1D Mojave area
velocity model (Maechling et al, 2015). We placed receiver
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Figure 2. Example of the rupture pattern for one of the FakeQuakes ruptures
used to generate synthetic displacement waveforms for the training dataset.
The triangular shapes represent individual subfaults. This earthquake had a
magnitude of M 7.45. The color version of this figure is available only in the
electronic edition.

stations for the simulations at the locations of the real
GNSS stations within 300 km of Ridgecrest because we also
received real data for those stations.

We generated ruptures with requested magnitudes between
4.3 and 7.5 in intervals of 0.1 magnitude units with 100 rup-
tures per magnitude bin, for a total of 3300 ruptures. The
earthquake hypocenters were assigned randomly with the
generation of each rupture, and we allowed the earthquake
magnitudes to vary slightly with each rupture as well. A visu-
alization of one example rupture plotted by slip amplitude on
the fault geometry can be found in Figure 2. A histogram of the
final magnitude distribution of all ruptures (M 3.6-7.8) can be
found in Figure S2b. The displacement waveforms generated
were 250 s long at a 1 Hz sampling rate to match the real
Ridgecrest sequence GNSS data we received from EarthScope.

After the ruptures and waveforms were generated, we again
calculated P-wave arrival times using ObsPy’s (Beyreuther
et al., 2010) TauP function and the 1D Mojave velocity model.
The data were then transformed into the format in which they
would be introduced to the DL model. The 250-s-long wave-
forms were zero padded and then trimmed to 256 s so that the
P-wave arrival was placed in the center of the waveform for
each component. The three components were then combined
to match the format of the real data as described previously
(Fig. S1b). This provided a total of ~916,000 displacement
waveforms.

Because FakeQuakes produces ruptures systematically in
order across the range of magnitudes requested, the waveforms
were shuftled to ensure that the DL model could not learn by
the order of the data. Finally, the waveforms were divided into
three groups: 80% of the data (~733,000 waveforms) were set
aside for training, 10% (~92,000) were used for the validation
dataset, and the remaining 10% were saved for the first stage of
the testing process.
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Data generation for the DL model
The FakeQuakes displacement waveforms we produced were
noise free, which is not a sufficient analog to genuine real-time
GNSS data that are utilized in EEW. Although MudPy has the
capability to generate realistic synthetic noise (Melgar et al.,
2020), we chose to use real noise from the real-time GNSS data
around Ridgecrest.

We constructed a data generator similar to that of Thomas
et al. (2021) to feed the data samples into the DL model for

training. This data generator first took a random subset of

the real noise data to be used as nonearthquake samples in

training. It then took an identically sized random subset of

the FakeQuakes displacement waveforms and a different ran-
dom subset of the real noise and combined them. An example
of this process and the resulting noisy waveforms are shown in
Figure 3a-c, where Figure 3a shows a noise-free displacement
waveform produced by FakeQuakes, Figure 3b shows a ran-
dom time series of pure noise, and Figure 3¢ shows the result-
ing noisy waveform from the combination of the two. This
resulted in a training dataset where 50% of the waveforms con-
tained synthetic earthquakes, and 50% contained only noise.
Recall that the FakeQuakes waveforms were 256 s long and
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Figure 3. Example of the process of combining the (a) synthetic displacement
waveforms generated with FakeQuakes with (b) real noise from the GNSS
stations near Ridgecrest to build (c) realistically noisy synthetic displacement
waveforms for the deep-learning (DL) model training process. N, E, and Z
indicate the north-south, east-west, and vertical components of displace-
ment, respectively. (d) An example of a sample from the FakeQuakes
synthetic testing dataset that contained an earthquake, where the N
component of displacement is shown in blue, the target Gaussian function
indicating the P-wave arrival is shown in black, and the prediction made by
the trained DL model is shown in red. (e) An example of a sample from the
synthetic testing dataset that contained only noise, where the N component
of displacement is shown in blue, the target Gaussian function indicating
the P-wave arrival is shown in black, and the prediction made by the trained
DL model is shown in red. The color version of this figure is available only in
the electronic edition.

padded so that the P-wave arrival was directly in the center
of the waveform. The data generator randomly offset each
of the waveforms and trimmed them down to 128 s so that
the P-wave arrival was no longer in the center of the waveform
and instead varied throughout the dataset, with the P-wave eli-
gible to be positioned at any sample within the 128 s waveform
(functionally, an offset of up to +64 s). Finally, to preserve rel-
ative amplitudes, all earthquake and nonearthquake (noise)
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waveform samples were stream normalized by dividing each
component’s data by the single maximum absolute amplitude
value among all three components.

The data generator also created “target” arrays during this
process to facilitate learning for the DL model. The target arrays
for nonearthquake samples of pure noise consisted of an array of
zeroes. The target arrays for samples with earthquakes consisted
of a Gaussian distribution with a user-defined standard deviation
(3 s for this study) centered on the same sample as the P-wave
arrival in the waveform so that the model could learn features of
the waveform that indicated where the P-wave arrival was.
Examples of these targets can be found in Figure 3d,e.

Data generation for the inference dataset was performed
similarly but only involved creating the Gaussian distribution
target array for the samples that did contain P-wave arrivals,
and stream normalizing all samples as described previously.

DL model training process
We utilized Thomas et al. (2021) variation on the U-net
(Ronneberger et al., 2015) CNN architecture for our DL model.
Our model was constructed and run using TensorFlow (Abadi
et al., 2015). The contracting side of its structure consisted of
an input layer followed by three pairs of 1D convolutional
layers with 1D MaxPooling (down-sampling) layers. The
resulting output was flattened and fed into a dense, fully con-
nected layer that formed the base of the network. The dense
layer output was reshaped before entering the up-sampling
side of the architecture with three sets of 1D convolutional,
1D up-sampling, and concatenation layers (which connected
the convolutional layers from the contracting side of the net-
work to the up-sampling side). A 20% dropout layer was added
to help prevent overfitting, and then one final 1D convolu-
tional layer completed the network before the output was flat-
tened again. This architecture can be visualized in Figure S3.
The model had a total of 132,161 trainable parameters.
During training, we used the Adam optimizer (Kingma and
Ba, 2015) and a binary cross-entropy loss function. An updated
trained model was saved if the validation loss had improved at
the end of each epoch. Training was initiated with a learning rate
of 107, and we implemented a learning rate plateau function
where the learning rate would decrease when the model pro-
ceeded through four training epochs without an improvement
in validation loss. We also implemented an early stopping func-
tion where the model would quit training after 10 epochs with
no validation loss improvement once the learning rate had
already reached its lowest allowed value to avoid overfitting.
Training stopped automatically because of these functions after
65 epochs, and the training history is shown in Figure S4.

RESULTS

Model performance on the synthetic testing dataset
After completion of training, we first tested the DL model with
the remaining 10% of the FakeQuakes waveforms (combined
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with noise), which the model had not seen in training or val-
idation. We began with a set of binary classification tests. As
with the distribution of the training dataset, the testing dataset
consisted of 50% earthquake samples containing P-wave arriv-
als and 50% noise samples, so we wanted to determine how
often the model was correct or incorrect about whether a sam-
ple contained an earthquake or not (regardless of what time it
predicted for the P-wave arrival). However, our model did not
simply output this binary classification. Instead, the model pre-
dicted the probability between 0 and 1 that each timestep in the
GNSS time series was a P-wave arrival (Fig. 3d,e). To classify
whether the model predicted any particular waveform sample
to contain a P-wave arrival, we first needed to choose a con-
fidence level threshold. If the prediction array’s maximum
value exceeded that of the confidence threshold, the model pre-
dicted an earthquake; if the maximum value of the prediction
array was lower than the threshold, the model predicted only
noise. This binary classification system resulted in four possible
outcomes: (1) true-positive (TP) cases, where the sample
contained a P-wave arrival and therefore an earthquake, and
the model predicted that the sample contained an earth-
quake/P-wave arrival (regardless of the position of the arrival);
(2) true-negative (TN) cases, where the sample contained only
noise, and the model predicted that the sample contained only
noise; (3) false-positive (FP) cases, where the sample contained
only noise, but the model predicted that the sample contained
an earthquake; and (4) false-negative (FN) cases, where the
sample contained an earthquake, but the model predicted that
the sample contained only noise.

We calculated classification statistics for all the predictions
made on the samples in the FakeQuakes testing dataset using a
range of confidence threshold values from 0 to 1. Accuracies,
A, were computed with

_ TP + TN
"~ TP+ TN + FP + EN’

(1)

and the results are shown in Figure 4a. At a threshold of 0, any
value of a prediction array higher than 0 resulted in the predic-
tion that a sample did contain an earthquake so the model
would predict that every sample contained an earthquake.
Because the FakeQuakes testing dataset was 50% earthquakes
and 50% noise, the accuracy at this threshold was 50%. Similarly,
at a threshold of 1, the model would only predict that a sample
contained an earthquake if the confidence value was 1, so it pre-
dicted that every sample contained only noise, resulting in a 50%
accuracy as well. We achieved the highest overall accuracy of
59.73% at an intermediate threshold of 0.125.

We also computed the precision and recall of the model for
the same range of thresholds. Precision, P, was computed with

TP

P=———, 2
TP + FP @
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Figure 4. Results of the testing of the DL model on the remaining 10% of the FakeQuakes synthetic displacement
waveforms that it never saw in training. (a) Accuracy, (b) precision, (c) recall, and (d) F1 scores were calculated
across a range of confidence thresholds from 0 to 1, wherein the threshold determined the cutoff of the maximum

Threshold choosing a high threshold that
optimized precision eliminated
the FPs but further reduced
the number of TP earthquakes
that the model correctly identi-
fied (Fig. 5¢). For the following

confidence of the predicted P-wave arrival Gaussian function (Fig. 3d,e). A maximum confidence above the analyses, we focused on the
threshold meant a prediction that the sample contained a P-wave arrival from an earthquake, and a maximum accuracy-optimized threshold of
confidence below the threshold meant a prediction that the sample contained only noise. The threshold at which 0.125 for a more balanced view
maximum accuracy was achieved was 0.125, which is indicated on all four panels with the vertical red dashed line. of the model’s performance.

The color version of this figure is available only in the electronic edition.

For the samples that did

representing how often the model was correct about the sam-
ples that did actually contain earthquakes (Fig. 4b). The highest
precisions were found from thresholds of 0.8-0.98. Using a
threshold this high in practice would result in limited FPs,
but it would also increase the number of FNs (missed earth-
quakes). Recall, R, was computed with

TP

R=rF——,
TP + FN

(€)
and represented how successful the model was at finding all the
earthquakes in the dataset (Fig. 4c). Recall was highest at very
low thresholds from 0 to 0.025. However, using a threshold this
low would result in very high numbers of FPs because the
model would predict nearly every sample to contain an earth-
quake. We also computed F1 scores for the threshold range
using

2% (PxR)

F1 = , 4
P+R @)

to explore a metric that balances the contrasting precision and
recall (Fig. 4d), but the highest F1 score was also reached at a low
threshold of 0.025, which would lead to a preponderance of FPs.

Figure 5 shows confusion matrices plotted for the three thresh-
old values that optimized recall and F1 score, accuracy, and pre-
cision. This visualization demonstrates how using a low threshold
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contain  earthquakes,  we
wanted to explore how well
the model performed based on the characteristics of those
waveforms or the earthquake sources associated with them.
We observed that although the model tended to be slightly
more accurate for stations closer to the hypocenters of the
earthquakes than farther ones, the overall accuracy across
the distance range was low, indicating that hypocentral dis-
tance was not a primary control on the accuracy of the model’s
predictions (Fig. 6a). In contrast, we observed a much stronger
correlation for earthquake magnitude, with high accuracies
exceeding 75% only for earthquakes M > 7 (Fig. 6b). This
aligned with our observation that PGD was similarly positively
correlated with accuracy because PGD increases with earth-
quake magnitude (Crowell et al, 2013; Ruhl et al, 2018;
Fig. 6¢). Waveforms containing earthquakes with higher PGDs
would be expected to be more easily distinguishable from the
noise, likely increasing the model’s ability to identify them. We
checked this by computing the mean signal-to-noise ratio
(SNR) from the average of the SNR from each of the three
components of data. We calculated SNR using the standard
deviations of 20 s of pre-P arrival noise and 20 s of post-P
arrival signal (when possible, based on the position of the
P-wave arrival in the waveform). We found a positive corre-
lation between mean SNR and accuracy, as expected (Fig. 6d).
By the time the SNR exceeded ~2, the model was ~80%
accurate, and by an SNR of ~3, it was nearly 100% accurate.
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We next explored how well the model was able to identify
the correct position of the P-wave arrival in the TP cases with
earthquakes, again using the intermediate accuracy-optimizing
threshold of 0.125. Of the model-predicted arrival times, 94%
fell within 30 s of the actual P-wave arrival times, 81% fell
within 5 s, and 48% fell within 1 s (Fig. 7). These differences
are larger than those typically observed for seismic arrival time
data from machine learning studies (e.g., Zhu and Beroza,
2019), but this was not unexpected given the noise levels of
the GNSS data because in many cases the arrivals were not
obvious.

Model performance on the inference dataset

After testing the trained model on the remaining FakeQuakes
data, we then performed inference with the dataset containing
real earthquakes from the stations and events around
Ridgecrest, California (Fig. 1), beginning by calculating accu-
racy, precision, recall, and F1 score across the 0-1 confidence
threshold range (Fig. 8).

The results for the inference dataset looked very different
from the results for the FakeQuakes testing data. Whereas
the FakeQuakes data were split evenly to be half earthquakes
and half noise, in the inference dataset, only 2123 of the
~994,000 samples actually contained earthquake P-wave arriv-
als (Fig. S2a). Therefore, the model predicted that almost every
sample did not contain an earthquake at all thresholds above
very low ones, resulting in a very high accuracy because so few
of the samples did actually contain earthquakes (Fig. 8a). The
highest accuracy for the inference dataset was 99.79% at several
thresholds, the lowest of these being 0.89. Precision was also
highest at thresholds of 0.89-0.895 (Fig. 8b), and recall was
highest at very low thresholds of 0-0.025 (Fig. 8c). F1 scores
for this dataset remained very low across the entire threshold
range, but they were highest at a threshold of 0.67 (Fig. 8d).

Because of the low number of true earthquake samples in
the dataset from which TP or TN results could be produced, we
also plotted the number of each of the TP, TN, FP, and FN
outcome cases across the full threshold range (Fig. 9). The most
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Figure 5. Confusion matrices of the results of the DL model’s predictions on
the FakeQuakes testing data compared with the true sample labels for (a) a
best recall and F1 score confidence threshold of 0.025, (b) the best accuracy
threshold of 0.125, and (c) a best precision threshold of 0.8. True-negative
(TN) cases indicate when the sample contained only noise and the model
predicted only noise; false-negative (FN) cases indicate when the sample
contained a P-wave arrival from an earthquake but the model predicted only
noise; false-positive (FP) cases indicate when the sample contained only
noise but the model predicted there was an earthquake; and true-positive
(TP) cases indicate when the sample contained an earthquake and the
model predicted that there was an earthquake. The colorbar indicates how
many samples of each case were in a particular box in the matrix. The
percentages indicate the percentage of the total number of predictions that
each of the four categories contained, and the numbers under the per-
centages indicate the number of predictions in each category. The FP and FN
boxes that represent incorrect predictions by the model have red-colored
text. The color version of this figure is available only in the electronic edition.

dramatic change in outcomes occurred at very low thresholds
around 0.04. Lower than this threshold, the TP and FP cases
were maximized because at low thresholds, the model pre-
dicted that every sample contained an earthquake. The number
of TPs and FPs quickly decreased asymptotically to zero higher
than this threshold. In contrast, below this threshold, there
were no FN or TN cases, but above the threshold, these cases
quickly rose in opposition to the decrease in TPs and FPs. This
made it difficult to choose an appropriate threshold for analysis
because ideally the threshold would maximize TP and TN
cases and minimize FP and FN cases, and there was no thresh-
old at which both goals could be simultaneously achieved.

For this reason, we performed the next analyses at several
different thresholds: (1) 0.025, where recall was maximized and
all 2123 earthquakes were found; (2) 0.04, where the crossover
occurred in Figure 9; (3) 0.125, which was the highest accuracy
threshold found with the FakeQuakes testing dataset; (4) 0.67,
where the F1 score was highest for the inference dataset; and
(5) 0.89, which maximized the accuracy and precision for the
inference dataset.

We plotted confusion matrices for each of these thresholds in
Figure 10. Using the recall-optimized threshold of 0.025, there
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were 2123 TP cases, capturing all the earthquakes in the inference
dataset, but most of the results for this threshold were FPs
(Fig. 10a). With the threshold of 0.04 from the crossover in
Figure 9, approximately 57% of the real earthquakes were cap-
tured as TP cases, with the remainder moving to the FN category
(Fig. 10b). The number of FP cases also decreased, instead becom-
ing TNs. Using the threshold of 0.125 from the best accuracy
results of the FakeQuakes testing data reduced the number of
actual earthquakes captured (TPs) to only 4.1% of the total num-
ber of earthquakes, but the number of FP cases improved sub-
stantially (Fig. 10c). Further raising the threshold to the F1
score—optimized 0.67 reduced the number of TPs again to 1.4%
and again improved the number of FP cases (Fig. 10d). Finally,
using the inference dataset accuracy and precision-optimized
threshold of 0.89, the number of TPs and FPs were both very low
because the model predicted that almost no samples contained
P-wave arrivals from earthquakes, missing all but five waveforms
with P-wave arrivals (Fig. 10e). However, because the number of
TN cases was so high and most of the samples in the inference
dataset were just noise, the overall accuracy was very high.

We next took a closer look at the model’s performance on the
2123 samples that did contain earthquake P-wave arrivals by
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Figure 6. Plots showing the accuracy of the DL model’s predictions on the
FakeQuakes testing data compared with binned source and waveform
characteristics such as (a) hypocentral distance in kilometers, (b) earthquake
magnitude, (c) waveform peak ground displacement (PGD) in centimeters,
and (d) the mean signal-to-noise ratio (SNR; computed as the mean of the
SNR for the north, east, and vertical components). All plots show results for
the confidence threshold of 0.125. Note in (c) and (d) that the x axis scales
logarithmically, not linearly. In (c), there is also a vertical orange line
indicating the position of 2 cm as a reference to a reasonable approximation
of the noise levels of GNSS data (e.g., ~1to 5 cm for periods between ~10
and 100 s; Melgar et al., 2020). The color version of this figure is available
only in the electronic edition.

examining how they were classified compared with their associ-
ated magnitude, PGD, and mean SNR (Fig. 11). For this analysis,
we focused on the three more conservative thresholds, skipping
0.025 and 0.04, because using those thresholds resulted in most
waveform samples being identified as earthquakes and did not
tell us much about how the model performed relative to how
clear the earthquake signal was. The average magnitude associ-
ated with the waveforms in the inference dataset was 4.82, the
average PGD was 2.93 cm, and the average mean SNR was 1.18.
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Figure 7. Histogram of the distribution of differences between the actual P-
wave arrival times and the DL model’s predicted arrival times for the
FakeQuakes testing dataset using the confidence threshold of 0.125. The
color version of this figure is available only in the electronic edition.

When using a lower confidence threshold of 0.125, the best
accuracy threshold from the FakeQuakes testing dataset, the
model correctly identified the inference dataset samples con-
sisting of waveforms from the largest earthquake in the dataset
(the M 7.1 Ridgecrest mainshock) and many of the samples
from the M 6.4 Ridgecrest foreshock, but the results were more
scattered for magnitudes smaller than this (Fig. 11a). There
was not a particularly strong correlation between PGD and

whether the model identified the samples correctly; there were
several very high-PGD waveforms that the model missed
(Fig. 11b). The majority of the high-SNR samples were cor-
rectly identified by the model (Fig. 11c). For this low confi-
dence threshold, the average magnitude associated with the
earthquake waveforms the model correctly identified was 5.78,
and the average magnitude associated with the earthquake
waveforms the model failed to identify was 4.78. The average
PGD for the correctly identified samples was 5.66 cm, and the
average PGD for the missed samples was 2.82 cm. The average
mean SNR for the correctly identified samples was 3.84, and
the average mean SNR for the missed samples was 1.05. These
results demonstrate that the model performed better with
waveforms from larger magnitude earthquakes with higher
PGDs and SNRs, as expected.

Increasing the threshold to a more conservative 0.67 (at
which the F1 score was optimized for the inference dataset)
resulted in the model failing to identify earthquakes in samples
from any earthquakes other than the M 6.4 and 7.1 Ridgecrest
sequence events, and very few of the M 6.4 earthquake samples
were identified (Fig. 11d). The average magnitude of the wave-
forms the model correctly identified was 7.03, and for those
missed, the average was 4.79. With this threshold, no samples
with PGDs under the mean for the dataset were identified as
containing earthquakes (Fig. 11e), with the average PGD for cor-
rectly identified samples being 8.4 cm and, for missed samples,
2.85 cm. There was a similar
reduction in correct earthquake
identifications for samples with

mean SNRs under the mean
SNR of the dataset but not a
complete elimination (Fig. 11f).
The average mean SNR for the
correctly identified samples was
6.37, and for the missed sam-

1
|

ples, it was 1.09.

Finally, when we increased
the confidence threshold to
0.89, at which point the infer-
1 ence dataset accuracy and preci-
sion were optimized, and the
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Figure 8. Results of the testing of the DL model on the inference dataset. (a) Accuracy, (b) precision, (c) recall, and
(d) F1 scores were calculated across a range of confidence thresholds from 0 to 1, wherein the threshold determined
the cutoff of the maximum confidence of the predicted P-wave arrival Gaussian function (Fig. 3d,e). A maximum
confidence above the threshold meant a prediction that the sample contained a P-wave arrival from an earthquake,
and a maximum confidence below the threshold meant a prediction that the sample contained only noise. The
minimum threshold at which maximum accuracy was achieved was 0.89, which is indicated on all four panels with
the vertical red dashed line. The color version of this figure is available only in the electronic edition.
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correctly identified was 7.1 (only the Ridgecrest mainshock), and
the average magnitude associated with the earthquake wave-
forms the model failed to identify was 4.82. The average PGD
for the correctly identified samples was 6.74 cm, and the average
PGD for the missed samples was 2.92 cm. The average mean
SNR for the correctly identified samples was 4.84, and the aver-
age mean SNR for the missed samples was 1.17.

We then examined the model’s performance at identifying
the correct timing of the P-wave arrival in the TP cases with
earthquakes for the inference dataset using the five previously
discussed thresholds (Fig. 12). We generally observed that the
model’s performance for the inference data was degraded com-
pared with that of the synthetic FakeQuakes data (Fig. 7), with
a much wider distribution of large differences between the true
and predicted arrival times. For the inference dataset and the
threshold of 0.125, only 72% of the picks fell within 30 s of the
true arrival time as opposed to 94% of the FakeQuakes data,
45% fell within 5 s as opposed to 81% with the FakeQuakes
data, and 22% fell within 1 s as opposed to 48% with the
FakeQuakes data. This difference may be accounted for by
the difference in the distribution of magnitudes, PGDs, and
SNRs in the FakeQuakes testing dataset compared with the
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Figure 9. Plot showing how the number of TP (green), TN (blue), FP (red),
and FN (orange) cases in the inference data results changed across the
range of confidence thresholds. The inset plot shows a closer cropped look
at the region of the larger graph where the lines converge and cross over
around a threshold of 0.04. The color version of this figure is available only
in the electronic edition.

inference dataset (Fig. S5). For example, in the FakeQuakes
dataset, 30% of the waveforms came from earthquakes over
M 6.5, 10.7% of the waveforms had PGDs over 5 cm, and
5.3% of the waveforms had SNRs over 2, whereas the inference
dataset only had 1.5%, 7.1%, and 2% of the waveforms in the
same categories, respectively. As shown previously, the model
performed better with data from larger earthquakes with
higher PGDs and SNRs, and the poorer performance with
respect to the timing of the picks in the inference dataset could
reflect the relative lack of higher-quality waveforms in it.

DISCUSSION

The model’s performance heavily depended on what confi-
dence threshold was chosen to distinguish between samples
that were determined to contain earthquakes and those that
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did not. The proper choice of threshold would likely vary
depending on the use case. Based on the high numbers of FPs
observed when lower confidence thresholds were used in this
study, we do not find this model to be appropriate for the
earthquake detection portion of a theoretical standalone
GNSS EEW system. Instead, we suggest that the model could
contribute to the existing GFAST framework by acting as a fil-
ter to restrict the GNSS data used in the inversion for magni-
tude to only those waveforms that have high confidence of
containing an earthquake signal.

ShakeAlert’s GFAST currently computes earthquake magni-
tudes in real time by calculating PGD for all eligible stations with
available data following a trigger from ShakeAlert’s seismic algo-
rithms and then using the estimated station hypocentral dis-
tance to compute magnitude using the scaling relationship:

log,,(PGD) = A + BM,, + CM,, log,o(rpyp)> (5)
in which PGD is given in centimeters, A, B, and C are coeffi-
cients, M,, is the moment magnitude, and ry, is the hypocentral
distance in kilometers (Crowell et al., 2013, 2016; Murray ef al.,
2023). The coefficients A, B, and C currently used in ShakeAlert
are —6.687, 1.5, and —0.214, respectively (Crowell et al., 2016).
An exponential epicentral distance weighting is also imple-
mented, where near-source stations are emphasized more
strongly in the inversion for event magnitude; note that the
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Figure 10. Confusion matrices of the results of the DL model's predictions on
the inference data compared with the true sample labels for (a) a threshold of
0.025, where the model captured all of the earthquakes (and recall was
maximized), (b) the threshold of 0.04 at which the crossover in Figure 9
occurred, (c) the best accuracy threshold from the FakeQuakes testing results
of 0.125, (d) the best F1 score from the inference results of 0.67, and (e) the
best accuracy and precision threshold from the inference results of 0.89. TN
cases indicate when the sample contained only noise and the model predicted
only noise, FN cases indicate when the sample contained a P-wave arrival
from an earthquake but the model predicted only noise, FP cases indicate
when the sample contained only noise but the model predicted there was an
earthquake, and TP cases indicate when the sample contained an earthquake
and the model predicted that there was an earthquake. The colorbar indicates
how many samples of each case were in a particular box in the matrix. The
percentages indicate the percentage of the total number of predictions that
each of the four categories contained, and the numbers under the per-
centages indicate the number of predictions in each category. The FP and FN
boxes that represent incorrect predictions by the model have red-colored text.
The color version of this figure is available only in the electronic edition.

coefficients from Crowell et al. (2016) are regressed using this
exponential distance weighting constraint.

GFAST also enforces a travel-time mask that only allows sta-
tions to contribute to the magnitude solution once the larger S-
waves, wherein the PGD would occur, have already arrived at
those stations. This is calculated using a conservative S-wave
travel-time estimate of 3 km/s, creating a circle of included stations
that grows as the time from the earthquake origin time increases.
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GNSS stations that meet these criteria and yet show no clear earth-
quake signal are still used in GFAST’s inversion for earthquake
magnitude. Waveforms containing noise alone can return a
PGD that corresponds to M ~6-8 (Murray et al., 2023), leading
to substantial overestimations in magnitude for small earthquakes.
At the time of this writing, several throttling conditions are in
place within ShakeAlert to prevent spuriously high GFAST mag-
nitude estimates caused by noisy data from contributing to alerts.
These conditions include minimum magnitudes that both the seis-
mic algorithms and GFAST must meet or exceed as well as checks
based on uncertainties in the station positions and maximum
PGD, time-dependent minimum PGD, and uncertainty in the
GFAST magnitude estimation. For details of these throttling con-
ditions and the current implementation of GFAST in ShakeAlert,
refer to Murray et al. (2023) and McGuire et al. (2025).

As designed and trained, the model presented here could be
used to select waveforms that are most likely to contain
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Figure 11. Plots showing the outcomes of predictions for the 2123 individual
waveforms that included P-wave arrivals in the inference dataset. Waveforms
where the model successfully identified the earthquakes are colored black,
and waveforms where the model did not identify the earthquakes are colored
red. For the confidence threshold of 0.125, where accuracy was optimized for
the FakeQuakes dataset, results are shown compared with (a) earthquake
magnitude, (b) waveform PGD in centimeters, and (c) waveform mean SNR.
(d—f) The second row shows the same comparisons for the confidence
threshold of 0.67, where the F1 score was optimized for the inference dataset,
and (g—i) the third row (g—i) shows the same comparisons for the confidence
threshold of 0.89, at which point accuracy and precision were optimized for
the inference dataset. The mean values of the parameter shown in each
subplot for the dataset are plotted with horizontal blue dashed lines. The color
version of this figure is available only in the electronic edition.

earthquake signals for GFAST to analyze, potentially improving
GFAST’s magnitude estimates by excluding irrelevant noise.
Because our model is not currently constructed to operate in
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real time, only working with 128-s-long waveforms, it would
require modification for integration with GFAST; instead, we
present a first-order demonstration of its possible utility. For this
test, we reformatted the 45,870 earthquake-containing wave-
forms from the FakeQuakes testing dataset so that instead of
the P-wave arrival being randomly positioned in the waveform
(which included the possibility of it being at the very end), each
128-s-long waveform began at the origin time of the earthquake,
increasing the number of waveforms that also contained the S-
wave arrival. As before, we combined each of these waveforms
with a random sample of the real-time GNSS noise. We did not
include noise-only waveforms in this test because we were sim-
ulating known earthquake events (i.e., we assumed the seismic
trigger had occurred).

For a 128-s-long waveform, a 3 km/s travel-time mask like
the one used by GFAST would permit stations within 384 km
of the hypocenter to contribute to a magnitude estimation.
However, the largest hypocentral distance in our FakeQuakes
testing dataset was 350 km, so a 3 km/s mask would not
actually exclude any waveforms from the magnitude compu-
tation. We did, however, implement the distance weighting
used by Crowell et al. (2016), where the weight for any par-
ticular station is

2
repi,i
Wi = exp| — , (6)
Srepi,min

in which r.;; is the epicentral distance for the ith station, and
Tepi,min 1S the epicentral distance for the station closest to the
epicenter. We also included GFAST’s requirement that an earth-
quake must have four stations reporting individual PGD mag-
nitudes to compute the weighted event-averaged magnitude.
As a performance baseline, we computed the event-averaged
PGD magnitudes for the entire earthquake-containing
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Figure 12. Histograms of the distributions of differences between the actual
P-wave arrival times and the DL model's predicted arrival times for the
inference dataset using confidence thresholds of (a) 0.025, (b) 0.04,

(c) 0.125, (d) 0.67, and (e) 0.89 (red text). The color version of this figure is
available only in the electronic edition.

FakeQuakes testing dataset without any kind of GFAST-like
modifications or additional filtering. The mean absolute error
(MAE) between the true earthquake magnitudes and the calcu-
lated event-averaged PGD magnitudes for this unfiltered dataset
was 1.312. These data are shown in red for comparison in all
panels of Figure 13. Note that for even small true magnitudes, the
calculated event-averaged PGD magnitudes are around M 7. This
is because, as previously mentioned, magnitude estimates made
using GNSS noise alone can reach as high as M ~6-8 (Murray
et al, 2023). Then, in addition to the GFAST-like magnitude
computation with epicentral distance weighting described earlier,
we also computed event-averaged PGD magnitudes using an
SNR filter (where we only allowed waveforms with SNRs > 1, 2,
and 3 to contribute; Fig. 13b-d), as well as event-averaged PGD
magnitudes using only waveforms that our DL model detected as
TPs using both the accuracy-optimized threshold of 0.125 and
the precision-optimized threshold of 0.8 from the FakeQuakes
testing results (Fig. 13d,e).

In the GFAST-like test (Fig. 13a), because the 3 km/s travel-
time mask was irrelevant for this test due to the 350 km maximum
hypocentral distance in the dataset, and there were more than four
stations available for each event, no events were excluded from the
final plot. Although the implementation of the distance weighting
did bring some of the smaller magnitude earthquakes down in
calculated PGD magnitude closer to the one-to-one line, there
were still many earthquakes for which the calculated event-aver-
aged magnitudes were far higher than their true magnitudes. As a
result, the MAE for the GFAST-like test was 1.092.
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Figure 13. Plots of the event-averaged PGD magnitudes for the FakeQuakes
earthquakes in the testing dataset using several different methods to restrict
the dataset. The red points indicate event-averaged PGD magnitudes
calculated using all the data with no filters, and the blue points indicate
event-averaged PGD magnitudes calculated with a restriction on the
waveforms permitted to contribute. The black-dashed lines represent the
one-to-one relationship between true magnitude and the event-averaged
magnitude calculated from the PGD scaling law, with the gray-dashed lines
indicating half a magnitude unit above and below the one-to-one line. The
mean absolute error (MAE) is shown on the plot for each method.

(a) Contributing station magnitudes computed using a Geodetic First
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Approximation of Size and Time (GFAST)-like exponential epicentral dis-
tance weighting scheme and requiring a minimum of four stations per event.
(b) Contributing stations limited to those with waveform SNR > 1.

(c) Contributing stations limited to those with waveform SNR > 2.

(d) Contributing stations limited to those with waveform SNR > 3. (e) Only
stations with TP results as picked by the DL model developed in this study
were allowed to contribute, using the accuracy-optimized confidence
threshold of 0.125. (f) Only stations with TP results as picked by the DL
model developed in this study were allowed to contribute, using the
precision-optimized confidence threshold of 0.8. The color version of this
figure is available only in the electronic edition.
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Figure 14. Plots of the event-averaged PGD magnitudes for the earthquakes
in the inference dataset using several different methods to restrict the
dataset. The red points indicate event-averaged PGD magnitudes calculated
using all the data with no filters, and the blue points indicate event-
averaged PGD magnitudes calculated with a restriction on the waveforms
permitted to contribute. The black-dashed lines represent the one-to-one
relationship between true magnitude and the event-averaged magnitude
calculated from the PGD scaling law, with the gray dashed lines indicating
half a magnitude unit above and below the one-to-one line. The MAE is
shown on the plot for each method. (a) Contributing station magnitudes
computed using a GFAST-like exponential epicentral distance weighting

figure is available only in the electronic edition.
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scheme and requiring a minimum of four stations per event. (b) Contributing
stations limited to those with waveform SNR > 1. (c) Contributing stations
limited to those with waveform SNR > 2. (d) Contributing stations limited to
those with waveform SNR > 3. (e) Only stations with TP results as picked by
the DL model developed in this study were allowed to contribute, using the
accuracy-optimized confidence threshold of 0.125 from the FakeQuakes

test. (f) Only stations with TP results as picked by the DL model developed in
this study were allowed to contribute, using the precision-optimized con-
fidence threshold of 0.8 from the FakeQuakes test. The color version of this
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Including only those waveforms with SNR > 1 in the event-
averaged magnitude computation still allowed 99.97% of the
earthquakes through and did not improve the performance
over the unfiltered dataset; the MAE for this test was even
slightly worse than for the unfiltered data at 1.327 (Fig. 13b).
When we only permitted use of the earthquake waveforms
with SNR > 2, which was approximately when in the
FakeQuakes testing dataset the accuracy of the predictions
began to show a dramatic improvement (Fig. 6d), only 26.52%
of the earthquakes had event-averaged magnitudes computed
for them, which removed the majority of the smaller-magni-
tude events where the difference between the true and com-
puted magnitude was large (Fig. 13c). At magnitudes below
M ~7, performance for the events that remained was still poor,
resulting in an MAE of 0.459. Further restricting the permitted
waveforms to only those with SNR > 3 reduced the number of
events that had computed magnitudes to 15.03% (Fig. 13d).
Although some outliers remained, the magnitudes computed
for the remaining events above M ~6.5 fell close to the
one-to-one line, resulting in an MAE of 0.167.

Finally, we tested our DL model as a filter, using only those
waveforms with TP earthquake detections for the event-aver-
aged PGD magnitude calculations. Using the confidence
threshold of 0.125 that maximized the model’s performance
in terms of accuracy on the FakeQuakes testing dataset permit-
ted magnitude estimations for 86.45% of the earthquakes, but
this captured many of the smaller magnitude earthquakes that
had high errors compared with the true magnitudes (Fig. 13e).
This resulted in an MAE of 1.202, which is better than that of
the unfiltered data and the SNR > 1 filter (Fig. 13b) but worse
than the GFAST-like distance weighting approach (Fig. 13a).

When we instead used the confidence threshold of 0.8 that
maximized precision (Fig. 13f), the percentage of permitted
events was reduced to 26.67%, but the MAE improved to
0.164. This was the lowest MAE of any of the filters we used.
In addition to MAE, we calculated the mean squared error
(MSE) for each of the different filter tests, which is more sensitive
to outliers. The MSE for the SNR > 3 filter was 0.097, whereas the
MSE for the 0.8 TP confidence threshold was 0.045, further indi-
cating the advantage of the DL model filter. The DL model filter
approach with a conservative confidence threshold outperforms
the SNR-based filter approach by both metrics and allows for
magnitude computation for nearly twice the number of earth-
quakes compared with the SNR > 3 filter. In addition, most of the
magnitude estimates for the DL filter approach for earthquakes
over M 6 fell within half a magnitude unit of the true magnitude.
The scatter in the results also improved with increased earth-
quake magnitude compared with the SNR > 3 filter test.

We performed these same comparisons with the inference
dataset, even though the sample size of earthquakes was very
limited (Fig. 14). For the unfiltered inference data, the MAE
between the true magnitudes and event-averaged PGD magni-
tudes was 2.033, which was higher than the MAE for the
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unfiltered FakeQuakes data. For simplicity and ease of compari-
son, we used the same two thresholds of 0.125 and 0.8 for this
test on the inference data as we used for the FakeQuakes data.
The GFAST-like test on the inference dataset shows more clearly
the difference that the epicentral distance weighting makes
because the majority of the smaller earthquake magnitude esti-
mates were drawn down toward the one-to-one line using the
weighting scheme (Fig. 14a). However, the error was still rela-
tively high with an MAE of 1.665, which was higher than the
GFAST test MAE for the FakeQuakes data.

When only waveforms with SNR > 1 were used in the mag-
nitude computation, 93.59% of events were permitted through
the filter (Fig. 14b). Similar to the results shown in Figure 13b for
the FakeQuakes testing data, this filter resulted in an even higher
MAE than that of the unfiltered data at 2.094. Restricting the
data further using a filter of SNR > 2 reduced the qualified events
to 26.92% but only marginally improved the MAE to 1.997
(Fig. 14c), and restricting the data to SNR > 3 reduced the quali-
fied events further to 7.69% but still only improved the MAE to
1.833 (Fig. 14c). As Figure 14c,d shows, for the inference data
using SNR restrictions did not seem to leave only the higher
magnitude earthquakes behind as observed in Figure 13¢,d.

Next, we allowed only the TP cases detected by the DL
model to contribute to the event-averaged PGD magnitude.
When we used a threshold of 0.125, similar to the results for
the FakeQuakes data (Fig. 13e), many of the smaller magnitude
earthquakes that have large differences between true and com-
puted magnitude were still included, with 37.18% of events
passing through the filter (Fig. 14e). The MAE was still high
for this threshold at 2.025, which was better than the SNR > 1
filter but worse than the SNR > 2 and > 3 filters and the
GFAST-like epicentral distance weighting scheme.

Increasing the threshold to 0.8 resulted in only one earth-
quake, the M 7.1 Ridgecrest mainshock, passing through the
filter (Fig. 14f). Given the results shown in Figure 11g-i for
the high confidence threshold, at which point only that earth-
quake was successfully picked, this was not necessarily unex-
pected. Accordingly, the MAE for this event was 0.158, much
lower than for the other filtering tests. The PGD magnitude
computed for the M 7.1 Ridgecrest mainshock using this
0.8 TP threshold was 6.94, but the computed magnitude for
the unfiltered dataset was also 6.92—well within the 0.5 mag-
nitude unit lines on the plot. Using the DL model provided a
marginal improvement at best for this earthquake.

Ideally, the other two events M >6 in this dataset would
have had their magnitude estimates improved using the DL
model filter with a threshold of 0.8, as was observed for the
FakeQuakes data in Figure 13f, but the DL model failed to
identify any stations from those events as TPs at this threshold.
A closer investigation of the data explains why the DL model
did not improve performance for these events. The M 6.5 in the
dataset occurred in Nevada (Fig. 1), and there were only six
GNSS stations from which we were able to interpolate P-wave
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arrivals for that event. The closest of these stations to the hypo-
center was over 400 km away, and the SNRs of the earthquake
at those stations ranged from 0.8 to 1.7, lower than where we
observed the model’s best performance in this study. The M 6.4
was the Ridgecrest foreshock, so there were 66 stations from
which we had waveforms containing those interpolated P-wave
arrival times, and some were quite close to the hypocenter.
However, of the 66 waveforms, only two had SNRs > 1.5
(1.71 and 2.28), which were still quite low. Particularly for a
higher threshold like 0.8, the model not having high enough
confidence that a P-wave arrival existed in the sample with
an SNR that low was an expected result.

Our results suggest that using the DL model to select only
waveforms in which earthquakes were confidently detected
would improve PGD magnitude estimations. This follows the
results of the study byLin et al. (2023), which found that the
performance of the M-LARGE algorithm that ascertained earth-
quake source properties such as magnitude, centroid location,
and rupture extent was improved by reducing the amount of
noise fed into the model. It should be noted, however, that
the DL model we presented in this study would require substan-
tial reconfiguration and likely retraining to facilitate real-time
operation, and additional tests could help confirm expected per-
formance. The scope of this study was limited regionally and
temporally to southern California and a timespan around the
2019 Ridgecrest earthquake sequence, as well as to the real-time
GNSS position solutions produced at that time by UNAVCO
(now EarthScope). Future work could include expanding to
other regions, particularly the rest of the U.S. West Coast, where
ShakeAlert and GFAST are active, as well as evaluating the real-
time Fastlane GNSS position solutions ingested by ShakeAlert
(Santillan et al, 2013; Melbourne et al, 2021). In addition,
although we included waveforms from smaller earthquakes in
the training and testing of this study’s DL model, in future work,
it may be appropriate to develop a model based only on GNSS
data from larger earthquakes (e.g., M >7) wherein the PGDs
would be larger and earthquake signal more visible in the data
because this is the magnitude range where GFAST would be
expected to contribute to ShakeAlert. This could potentially
improve the performance of a DL model in case the inclusion
of waveforms in training where the earthquake signal is below
the noise threshold has negative effects on the model’s ability to
learn to distinguish between earthquakes and noise.

Another potential future avenue for improvement could be
the implementation of GNSS denoising into the workflow for
computing earthquake magnitudes from GNSS data. Thomas
et al. (2023) presented a DL model for this application, sim-
ilarly trained on synthetic data, that showed promise when
applied to real data as well. This type of model could poten-
tially be used before a model trained to detect P-wave arrivals
in GNSS data, like the one presented in this study, to improve
the performance of such a model in terms of the binary clas-
sification results, as well as the actual position of the predicted

Volume XX Number XX - 2024 www.bssaonline.org

P-wave arrivals. If successful, this combination may provide a
basis for the development of a standalone GNSS EEW system
where data are denoised in real time, earthquakes are detected,
low-quality data are filtered out, and PGD magnitudes are
computed.

CONCLUSIONS

In this study, we presented the construction, training, and test-
ing of a DL model for detecting earthquakes in noisy real-time
GNSS data. We trained this model using a suite of synthetic
strike-slip earthquakes combined with observed real-time noise
and tested it on additional unseen synthetic data. We also per-
formed inference using real earthquake data from southern
California over approximately a year around the 2019 Ridgecrest
earthquake sequence. When testing the performance of the
trained model, we observed that it was generally difficult to pick
an appropriate confidence threshold to maximize TPs and TNs
while also minimizing FPs and FNs. Maximizing TPs also maxi-
mized FPs because to capture the majority of the earthquakes in
the dataset, the confidence threshold had to be set so low that
many noise-only waveforms were also classified as containing an
earthquake signal. Likewise, maximizing TNs also maximized
FNs because the confidence threshold had to be set so high that
nearly all earthquake samples were missed.

The synthetic testing dataset was composed of equal num-
bers of noise waveforms and earthquake-containing wave-
forms. Using a confidence threshold that optimized the
accuracy of the model, we found that the model’s accuracy
was highest (>75%) at detecting earthquakes M >7, and in
waveforms with PGDs >10 cm and SNRs above ~2. For the
synthetic data with this threshold, the model’s predicted P-
wave arrival times fell within 5 s of the actual arrival time
for 81% of the picks. In contrast, the inference dataset was
highly asymmetrical, with only 0.214% of the tested samples
containing earthquakes. This made choosing an appropriate
threshold even more difficult. Using the same threshold that
maximized accuracy for the synthetic testing data, we observed
that the model’s capability for real earthquake detection
depended substantially on the PGD and SNR of the sample
as well, and for the inference data, only 45% of the predicted
P-wave arrivals were within 5 s of the actual arrival time.

The number of FP results observed in both the synthetic
and inference data was high when using a confidence threshold
low enough to detect the majority of the actual earthquakes in
the data. Current EEW systems that incorporate GNSS data,
such as ShakeAlert in the western United States with the
GFAST algorithm, require triggering by detections made with
seismic data for the GNSS algorithm to begin analysis. Our
study results suggest that it may not be realistic to expect a
GNSS-only system to detect earthquakes on its own due to
the high-noise levels in the data. However, we also explored
how our model performed as a filter to prevent waveforms
from entering a magnitude estimation algorithm if the
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earthquake signal was not confidently detected. We tested the
computation of event-averaged PGD magnitudes using all
available data with no alterations, as well as an epicentral dis-
tance weighting system like the one used in GFAST, wherein
stations closest to the epicenter are more strongly weighted in
the magnitude computation. We then also tried filtering wave-
forms by their SNR, allowing only high-SNR waveforms to
contribute to the magnitude estimation, and also using this
study’s DL model to filter out waveforms that the model
did not confidently detect as including an earthquake signal.
We found that for both the synthetic and inference datasets,
the MAE of the event-averaged magnitude estimates compared
with the true magnitudes was lowest when the DL model was
used compared with using all the unaltered data, the GFAST
weighting method, or an SNR filter.

This suggests that using a DL model like the one presented
in this study to only allow GNSS waveforms wherein earth-
quakes are confidently observed above the noise to contribute
to the magnitude determination process could improve the
accuracy of the magnitude estimates. In future work, this
model could be adapted and tested for real-time performance,
and data from additional regions, time periods, and GNSS
position solution types could be incorporated to explore its
applicability to a wider range of scenarios.

DATA AND RESOURCES

The seismic data used for P-wave picking in this study were accessed
from the National Science Foundation (NSF) National Geophysical
Facility data archive operated by EarthScope Consortium (NSF
Award 2435260; https://www.earthscope.org/data/; last accessed June
2026) under network codes CI (California Institute of Technology
and United States Geological Survey Pasadena, 1926) and PB (Plate
Boundary Observatory Borehole Seismic Network; operated by
EarthScope). The authors appreciate the hard work of the engineers
and network operators who make these data available in near-real time.
The real-time Global Navigation Satellite Systems position solutions we
used were provided by Kathleen Hodgkinson, formerly with UNAVCO
(now EarthScope), who at the time of writing is now with Sandia
National Laboratories. These data, formatted as used in this study,
are available at doi: 10.5281/zenod0.20617754 (Dybing et al., 2026).
Codes used to process and analyze data and make the figures for this
study are available at https:/github.com/UO-Geophysics/gnss-picker
(last updated November 2024 as of the time of this writing). The sup-
plemental material for this article contains five figures that illustrate
characteristics of the waveform datasets, the deep-learning model archi-
tecture, and the model training history.
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