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Abstract We generate a synthetic earthquake dataset for the Cascadia region and present a framework Production Editor:

for validating simulations for use in testing earthquake early warning (EEW) performance. The Cascadia Sub-
duction Zone (CSZ) offshore western North America has hosted ~M9 earthquakes (the most recent being in
1700 C.E.), but few moderate-to-large earthquakes have been recorded here on seismic instruments. Syn-
thetic seismic and geodetic data provide a useful supplement to the paucity of recorded data necessary for
testing EEW; however, no published study to date has validated simulations and their output for such applica-
tions. We use a set of 1D semi-stochastic forward modeling codes to generate 112 M6.6-9.4 CSZ rupture sce-
narios and waveforms for 191 sites between Oregon and British Columbia. We validate the waveforms based
on features critical to EEW infrastructure, which include event detection success, magnitude estimation, and
ground-motion intensities. We also present an example performance test of the ShakeAlert EPIC and Ocean
Networks Canada early warning algorithms using six of the simulated events. Through the validation process,
we find the simulated data represent real earthquakes scenarios well and to be a valuable component in the
training of EEW algorithms for the Cascadia region.

Non-technical summary Earthquake early warning systems (EEW) aim to detect earthquakes and
issue alerts before strong shaking is felt. These EEW systems are often trained and tested using previously
recorded earthquakes to improve accuracy and timeliness of the alerts. The Cascadia Subduction Zone (CSZ)
offshore western North America hosts periodic major earthquakes, but few earthquakes are recorded on a
regular basis. In other words, we lack real earthquake records for testing EEW in the Cascadia region. As an
alternative, simulated earthquake data can be used as a test dataset. We generate simulated CSZ earthquake
slip patterns and waveforms of felt shaking, which we validate to ensure they resemble real earthquakes re-
garding characteristics that influence EEW alerts. We also test six of the events with existing EEW systems in
the Cascadia region. The simulated data are found to represent real earthquakes well, suggesting value in
their use for training EEW algorithms.
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under development in the United States (McGuire et al.,
2025), Central America (Massin et al.,

2026), Canada

Earthquake early warning (EEW) has been at the fore-
front of seismological research for several decades.
The concept of a real-time alert system was initially
proposed in the late 1800s by J.D. Cooper (Cooper,
1868), and advancements in seismic instrumentation
and telecommunication prompted implementation of
local EEW systems for specific users in Japan in the
1960s-1970s (Allen, 2011), with the first public roll out
of an EEW system in Mexico in 1991 (Sudrez et al., 2018).
As of today, public EEW systems are currently active or
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(Craneetal., 2023; Schlesinger et al., 2021), Japan (Naka-
mura, 1988), South Korea (Sheen et al., 2017), Taiwan
(Wu et al., 2021), China (Zhang et al., 2016), India
(Chamoli et al., 2021), Italy (Zollo et al., 2009), and East-
ern Europe (Clinton et al., 2016). Although varying in
technical details, the first alert issued by most EEW
systems is from information recorded in the initial P-
waves, which are not strong enough to cause damaging
shaking. This can be leveraged to forecast future shak-
ing and provide seconds to minutes of warning time
to the public and special groups of interest. Ideally,
these alerts provide enough time for individuals to take
cover and for critical operations to be protected, such as
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electric isolation of computer systems and power grids,
shutting down of nuclear power plants and rail systems,
and protection of hospitals and fire stations (Allen and
Melgar, 2019).

Testing and validating EEW systems performance is
critical because the algorithms are fully automated and
have no human interaction at any point in the process-
ing chain, and because the consequences of missed or
false alerts are significant. Time-series data from real
regional earthquakes are often used in offline validation
tests because they capture the unique crustal properties
inherent to the region and are likely representative of
future ground motions. However, there are instances
where observed data may be insufficient, such as in re-
gions with high seismic potential but less frequent seis-
micity (e.g., Central, Eastern, and Northwestern United
States), or in other regions experiencing high seismicity,
yet lacking seismic or geodetic instrumentation (e.g.,
central and Southeast Asia, Eastern Africa, and some
small island nations). On a global scale, there is a need
to build systems capable of alerting large M8.5+ (mo-
ment magnitude) events, which contribute significantly
to seismic hazard, but near-field data are minimal due
to their long recurrence intervals of several centuries.
For such circumstances, simulated earthquake scenar-
ios are a valuable supplement (e.g., Lin et al., 2021; Ruhl
et al., 2017; Thompson et al., 2023; Zollo et al., 2009).

Earthquake simulations have been used in a variety
of applications, including investigating effects of Earth
structure on rupture kinematics (e.g., Rodgers et al.,
2019; Harris et al., 2021), improving seismic hazard as-
sessments (e.g., Aagaard et al., 2001; Graves et al., 2011;
Melgar, 2026; Poulos et al., 2026), and training EEW sys-
tems (Lin et al., 2021). However, validation of the mod-
els used to generate the data have focused primarily on
rupture physics, and to some extent ground motions
(e.g., Lin et al., 2021; Melgar et al., 2016; Small and Mel-
gar, 2023). A validation framework has not yet been
published for the generation of simulated data for use as
a training mechanism for EEW, especially for shaking-
related intensity measures in the Cascadia region. In
this study, we (1) generate a comprehensive dataset of
kinematic slip models and associated waveforms for use
in testing EEW, (2) evaluate these data based on the
key components of EEW systems (i.e., earthquake detec-
tion, magnitude estimation, and ground-motion inten-
sity) using the CSZ as a case study, and (3) run a subset of
the simulations through offline tests using the ShakeAl-
ert EPIC and Ocean Networks Canada early warning al-
gorithms.

2 Cascadia Region EEW

The CSZ is the tectonic boundary between the North
American Plate and the Explorer, Juan de Fuca, and
Gorda plates, extending 1,100 km from northern Cali-
fornia to southwestern British Columbia (Figure 1). His-
torically, the CSZ has hosted large M8-9 earthquakes,
with the last major rupture occurring in 1700 C.E. (Sa-
take et al., 2003; Walton et al., 2021; Wirth et al., 2022).
Although the CSZ is capable of generating large earth-
quakes, it experiences very little background seismic-
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ity other than intraslab earthquakes and a few patches
along the megathrust offshore central Oregon (Bostock
etal., 2019; Tréhu et al., 2015; Wang and Tréhu, 2016). To
date, no M6+ CSZ interface events have been recorded
on modern instruments. Due to its limited seismicity,
the seismic potential of the CSZ was not realized un-
til the late 1980s (Atwater, 1987). Such earthquake qui-
escence poses a challenge for assessment and mitiga-
tion of seismic hazard since building, transportation,
and communication infrastructures were not designed
to withstand shaking from a large earthquake (Butler,
2018; Cutts et al., 2017).

Since the 1700 event, the CSZ has accumulated sig-
nificant strain. Some paleoseismic studies have esti-
mated the probability of a full margin (~M9) rupture
by 2062 to be 7-12% (Goldfinger et al., 2012). Most of
the population in the Cascadia region lives within 300
km of the trench and could experience shaking equal
to modified Mercalli intensity (MMI) > VII during an
M9 event (Madin and Burns, 2013; Wirth et al., 2020).
The likelihood of a large (~MB8) partial margin rupture
initiating along the southern margin is around 37-42%
(Goldfinger et al., 2012). Such an event could still gen-
erate moderate-to-strong shaking (i.e., MMI V-VI) along
the central Oregon coast and potentially as far north as
the central Washington coast (Priest et al., 2014).

EEW will be critical for reducing impact when the
next large earthquake occurs, and EEW systems are es-
pecially advantageous in the Cascadia region because
they can provide more warning time than in a continen-
tal strike-slip setting due to the greater distance from
the fault to population centers. Evaluating EEW perfor-
mance is challenging for a major CSZ rupture, not only
because of the dearth of data to test such algorithms, but
also because the megathrust extends along two coun-
tries (Canada and the U.S.). Hence, different EEW al-
gorithms, seismic networks, detection boundaries, and
alerting policies are in place.

ShakeAlert is the U.S. EEW system, which expanded
coverage from California to Oregon and Washington
in 2020 (Kohler et al., 2020). The current version of
ShakeAlert (V3; McGuire et al., 2025) is supported by
three source characterization algorithms: EPIC, FinDer,
and GFAST-PGD. EPIC is a modified version of the
ElarmS-3 point source algorithm (Chung et al., 2019;
Kohler et al., 2017), which uses a short-term aver-
age/long-term average (STA/LTA) trigger for event detec-
tion. Once an event is detected, the earthquake mag-
nitude and hypocenter location are estimated through
source characterization algorithms using the first few
seconds of the P-wave amplitude. FinDer is a finite
fault algorithm, which uses evolving peak ground ac-
celerations (PGA) to estimate the line source and char-
acterize the rupture for moderate-to-large events (Allen
and Melgar, 2019; Bose et al., 2018, 2023). It is usu-
ally slower than EPIC by 0.1-3.5 s for initial detections
but provides more accurate magnitude estimates and is
used to update alerts as the rupture progresses (Bose
et al., 2022). GFAST-PGD is the newest algorithm and
uses geodetic peak ground displacement (PGD) from
Global Navigation Satellite System (GNSS) data to esti-
mate event magnitudes for large earthquakes given a lo-
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(a) Cascadia Subduction Zone study region with simulated event epicenters (stars) and the network of High-Rate

Global Navigation Satellite System (GNSS) and seismic stations (colored by station network and type) used for waveform sim-
ulation. PNSN: Pacific Northwest Seismic Network, ONC: Ocean Networks Canada. (b) Example stochastic rupture scenario

generated using FakeQuakes, plotted on top of the slab mesh.

cation estimate from seismic data (Crowell et al., 2016;
Murray et al., 2023). The Solution Aggregator aggre-
gates source info from the three algorithms, which is fed
into EQinfo2GM to estimate shaking intensity (Thakoor
et al., 2019). Around 1,400 seismic stations and 1,100
GNSS stations can contribute to ShakeAlert at any given
time (McGuire et al., 2025).

Ocean Networks Canada (ONC) developed an EEW
system for southwestern British Columbia, Canada
(hereafter, ONC-EW; Schlesinger et al., 2021) in a col-
laborative effort with Natural Resources Canada (NR-
Can), which has been operational since 2023 (McMartin,
2025). The network configuration used for ONC-EW
is leading edge as it comprises collocated High-Rate
Global Navigation Satellite System (GNSS) and strong-
motion sensors, which only exists for a handful of sites
around the world (Schlesinger et al., 2021). This unique
network configuration allows for onsite combination of
high-frequency seismic data with unsaturated geodetic
data via a Kalman filter, without the typical time latency

3

transferring information between stations (Bock et al.,
2011; Kalman, 1960; Melgar et al., 2013; Rosenberger
et al., 2018; Smyth and Wu, 2007). The resulting unbi-
ased displacement and velocity time-series are used for
all steps in the EEW system workflow, which includes
STA/LTA event detection and P-wave magnitude estima-
tion. Another unique feature of the network configu-
ration is the addition of five subsea strong-motion sen-
sors connected to an underwater cabled network, NEP-
TUNE (North-East Pacific Time-series Undersea Net-
worked Experiments), which drapes over the CSZ and
is the world’s first regional multi-node cabled ocean ob-
servatory (Barnes and Tunnicliffe, 2008).

Regular EEW system testing ensures continued de-
velopment and refinement for optimal real-time per-
formance. ShakeAlert and ONC-EW have both under-
gone various performance evaluations since their roll-
out, but these have been limited to onshore or small-to-
moderate offshore events due to limited data. For exam-
ple, Bose et al. (2022) assessed the timeliness and accu-
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racy of EPIC and FinDer using M < 7.1 onshore crustal
earthquakes. Lux et al. (2024) evaluated the overall
performance of ShakeAlert, and Babaie Mahani et al.
(2023, 2024) evaluated components of ONC-EW, using
recorded offshore earthquakes, but their datasets were
limited to M < 7 events, most of which were neither in-
terface nor intraslab events. Rosenberger et al. (2019b)
used a simulation dataset to assess the epicenter loca-
tion accuracy of ONC-EW, but magnitudes were also lim-
ited to M7. During the development stage, ONC-EW de-
tected several 3 < M < 6.5 offshore events between 2018
and 2020, but none of these events occurred along the
CSZ interface (Schlesinger et al., 2021). As the CSZ will
inevitably host another M8-9 event, it is critical to test
the performance of both ShakeAlert and ONC-EW in the
event of a large megathrust rupture. To support such
efforts, we generate and validate a dataset of moderate
to large CSZ earthquakes to ensure robust performance
for EEW testing. The overall methodology is outlined in
Figure 2 and described in detail in Sections 3-6.

3 Stochastic Rupture Simulations

We curate a simulated dataset for the CSZ consisting of
112 kinematic ruptures and associated waveforms us-
ing FakeQuakes, an earthquake simulation module from
the MudPy repository (Melgar et al., 2016, 2025). Vari-
ous simulation methodologies exist, ranging from sim-
ple stochastic models of high-frequency ground mo-
tions (e.g., Boore, 2003) to complex deterministic mod-
els involving numerical simulations of full waveform
propagation through 3D velocity structure (e.g., Ko-
matitsch and Tromp, 1999; Faccioli et al., 1997; Mazz-
ieri et al., 2013). FakeQuakes is a 1D semi-stochastic
broadband simulation model, which provides more re-
alistic ground motions compared to a simple stochas-
tic model, yet is efficient enough to support large data
generation. FakeQuakes is not the only existing 1D semi-
stochastic model; however, it is preferred for this study,
as opposed to other similar models (e.g., SCEC Broad-
band platform; Maechling et al., 2014), because it al-
lows for P-wave generation (necessary for EEW) and has
previously been tested in the Cascadia region (Melgar
et al., 2016; Goldberg and Melgar, 2020; Small and Mel-
gar, 2023). Our objective is to assess how well these
waveforms perform at replicating reality with respect
to key metrics needed for an EEW system, and subse-
quently test the performance of EEW systems using sev-
eral example scenarios from the simulated dataset.

3.1 Kinematic rupture models

We use a CSZ slab model (based on Slab2 geometry;
Hayes, 2018) and 1D velocity model (Melgar et al., 2016)
(Figure S1) to generate ruptures for earthquakes with
target magnitudes ranging from M6.8-9.5. The finite
length and width of each simulated rupture is deter-
mined using stochastic rupture dimension-magnitude
scaling laws (Blaser et al., 2010), resulting in final mag-
nitudes ranging from M6.6-9.4. The slip distribution
along the active part of the fault is constructed using a
Von Karman autocorrelation function (Mai and Beroza,
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2002) and Karhunen-Loéve expansion (LeVeque et al.,
2016), and the total slip is the amount of slip required to
produce the target magnitude given the dimensions and
elastic properties. The kinematics of the event are con-
trolled by the velocity structure and the static slip am-
plitudes. See Melgar et al. (2016) for full details of the
rupture model generation and Text S1 for user-defined
parameters applied in this study.

3.2 Simulated waveforms

For each of the simulated events, we generate wave-
forms for 29 collocated GNSS and strong-motion sites
onshore Vancouver Island, 5 cabled array ocean bottom
strong-motion sites offshore Vancouver Island, and 157
broadband and strong-motion sites along coastal Wash-
ington and Oregon. Metadata for these sites can be
found online (Nye et al., 2026). The Vancouver Island
sites are a subset of stations operated by ONC to cover
the Canadian areas of the CSZ. The Washington and Ore-
gon sites are a subset of the ShakeAlert network configu-
ration, focusing on locations at greatest risk for shaking
from CSZ events. The selected stations include coverage
of the major cities landward of the CSZ coastline and are
located within a few hundred kilometers of the trench.

3.2.1 GNSS waveforms

The waveforms for the GNSS stations are generated us-
ing a deterministic (i.e., physics-governed) approach.
1D Green’s functions are first computed with a 2 Hz
sampling rate for each subfault station pair following
the frequency-waveform matrix propagator method of
Zhu and Rivera (2002). The Green’s functions are then
convolved with a “Dreger” source time function (Mel-
gar et al., 2016), corrected for a moment tensor with ap-
propriate strike and dip for the prescribed slab struc-
ture, multiplied by slip on each subfault, and summed
to form a single waveform for each event-station pair.

3.2.2 Broadband waveforms

A semi-stochastic approach is used to model broadband
ground motions, rather than a fully deterministic ap-
proach, due to velocity model limitations and to re-
duce computational cost at higher frequencies. Small-
scale velocity features are poorly-resolved with limited
offshore instrumentation and would thus not provide
meaningful information regarding structural controls
on high-frequency radiation. The low frequencies (< 1
Hz) are generated using the deterministic method de-
scribed in the previous section, and the high frequen-
cies (> 1 Hz) are generated by summing the spectral
response for each subfault assuming a random (i.e.,
stochastic) phase (Graves and Pitarka, 2010, 2014).

A(f) =Y CySi(NGy(NP(f) (1)

j=1,M

The spectrum resulting from slip on a single subfault
(4,;) is afunction of the radiation scale factor C;;, source
spectrum S;, path attenuation G,;, and high-frequency
decay P for subfault i, ray type j, and frequency f.
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Figure2 Flowchartoutliningthe simulated data generation, data processing, and analyses performed in this study. 1. Data
Generation is discussed in Section 3, 2. Validation Tests is discussed in Sections 4-6, and 3. EEW Offline Tests is discussed

in Section 7.

The low- and high-frequency components are com-
bined to form a full spectrum broadband waveform
by first double differentiating the low-frequency dis-
placements to acceleration, after which the two com-
ponents undergo a matched 4" order causal Butter-
worth filter. Matched filters apply a lowpass filter to the
double-integrated low-frequency displacement wave-
forms and a highpass filter to the high-frequency accel-
eration waveforms prior to summation. Following Nye
et al. (2024b), we implement a two-frequency matched
filter, with a 1 Hz lowpass filter and a 0.1 Hz highpass
filter, to reduce an artificial dip in the broadband spec-
tra where the low- and high-frequency components are
combined (Nye et al., 2024a,b).

3.2.3 Post-processing

We apply minor post-processing to the raw output wave-
forms from FakeQuakes to mimic real-time recordings.
Each simulated waveform is prepended with two min-

5

utes of zero-padding and combined with noise. For
waveforms simulated at onshore broadband and strong-
motion sites, segments of real noise are applied. One
day of acceleration data (02/20/2022, 02/02/2022, and
02/26/2022) is downloaded from IRIS for the Ocean Net-
works Canada Onshore Network (OW) stations AL2H,
CMBR, and PHRD, respectively, and the noise streams
are screened to remove potential earthquake signals or
significant noise spikes. Noise subsets from these three
stations are randomly selected and demeaned prior to
being combined with onshore broadband simulations.

Although seafloor instruments generally have higher
levels of environmental noise when compared with land
sensors (Hilmo and Wilcock, 2020), NEPTUNE sensors
are completely buried and relatively quiet (Text S2; Ta-
ble S1; Figure S2). However, as oceanic conditions can
be highly variable in different environments, one day of
acceleration data (10/31/2018) is downloaded from IRIS
for each of the five offshore sites. Segments of the noise
are randomly selected, demeaned, and added to the re-
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spective station’s event waveforms.

We apply synthetic noise to the simulated GNSS wave-
forms using the Melgar et al. (2020) noise model. GNSS
noise is more variable over time compared to that of in-
ertial instruments; thus, one day of noise would not be
an adequate representation of conditions over long pe-
riods of time. Moreover, the synthetic noise model from
Melgar et al. (2020) was derived using data from the Cas-
cadia region, rendering it a better average compared to
a single day of real GNSS data. We generate 10, 50,
and 90™ percentile noise time-series to simulate low-,
median-, and high-noise scenarios. The additional pro-
cessing steps described in the following sections are ap-
plied individually for each analysis.

4 Earthquake Detection

It is vital to effectively detect an earthquake signal in
real time because this initiates the workflow of an EEW
algorithm and influences the amount of warning time
provided to the public. Events are initially detected us-
ing an STA/LTA trigger, which is a ratio of averages of
the signal amplitude computed over two user defined
time periods. If this function surpasses a predeter-
mined threshold, the picker records a trigger. We eval-
uate the detection success of the simulated data using
the classic_sta_Ita function from the ObsPy Python mod-
ule (Krischer et al., 2015) with parameters used by EPIC
and ONC-EW. EPIC uses STA(s)/LTA(s)/threshold values
of 0.05/5/20 on velocity time-series data. ONC-EW uses
values of 1/5/4.9 on acceleration time-series data.

For STA/LTA analyses using EPIC parameters, we fil-
ter the vertical component of the noise-combined accel-
eration broadband waveforms using a 0.075 Hz 4% or-
der causal highpass Butterworth filter (Wu and Zhao,
2006). The waveforms are integrated to velocity, and
an additional highpass filter is applied. For analyses
using ONC-EW parameters, all three components of
the noise-combined acceleration waveforms are high-
pass filtered, followed by an additional polarization
filter to isolate the P-wave from the full signal (Bail-
lard et al., 2013; Cua et al., 2009; Flinn, 1965; Rosen-
berger, 2010, 2019; Ross et al., 2016; Ross and Ben-Zion,
2014; Schlesinger et al., 2021). The summed square of
the three filtered components is then run through the
STA/LTA picker.

Using EPIC parameters, the STA/LTA picker triggered
(i.e., detected an event) for 79% of the recordings,
whereas the picker triggered for 99% of the recordings
using the ONC-EW parameters (Figure 3). We do not
observe a magnitude bias for missed detections; how-
ever, most of the missed detections occurred for records
with hypocentral distances (Rj,,,) > 500 km (Figure 3a),
which is the case for both sets of STA/LTA parameters.
The detection success is also influenced by radiation
azimuth (Figure 3b). Most missed detections occurred
at directions nearly along-strike. At these orientations,
the P-wave signal can be more emergent due to the P-
wave radiation pattern, which is also observed with real
earthquakes (Kobayashi et al., 2015).

We next analyze the P-wave arrival detection laten-
cies (0ar) for recordings that triggered the STA/LTA
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Figure3 Short-term average/long-term average (STA/LTA)
earthquake detection results for the Cascadia simulations
using (left) EPIC and (right) ONC-EW STA/LTA configurations.
(a) Hypocentral distance (Rhyp) and magnitude distribution
of missed events, colored by density (red). (b) Records
plotted as a function of azimuth and P-wave amplification
factor (i.e., radiation pattern), with marker color delineat-
ing missed (red color scale) and detected (blue color scale)
events. Azimuths of ~0 and +180 degrees correspond with
stations located primarily along strike of the Cascadia Sub-
duction Zone. (c) Detection time residuals (d,,; true P-
arrival minus STA/LTA pick) colored by density (blue) for
each simulation that triggered the STA/LTA picker. Residuals
are plotted as a function of Ry, and the zero residuals are
indicated by a dashed line. Records with latencies greater
than 5 s are not shown.

picker because increased latencies bias location esti-
mates and alert times. J, is calculated as the true
P-wave arrival time (computed using the ObsPy TauP
toolkit and Cascadia velocity model; Crotwell et al.,
1999; Krischer et al., 2015) minus the time of the first
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STA/LTA trigger occurring on or after the P-wave. The
STA/LTA parameters are designed to be highly sensi-
tive to ensure high detection success, which can lead
to the picker triggering on noise spikes, even during
seismically-quiet periods (Chung et al., 2019). Although
aseismic triggering occurs in real-world scenarios, we
want to minimize mapping of these artifacts into vali-
dation analyses. In real time, an alert would not be is-
sued unless a minimum of four stations recorded a trig-
ger (Chung et al., 2019; Schlesinger et al., 2021).

A significant percentage of records (84% for EPIC pa-
rameters and 69% for ONC-EW parameters) have a de-
tection residual < 0.5 s (Figure 3c), which both speaks
to the success of the simulations for use in earthquake
detection, as well as the success of the parameter con-
figurations themselves. Since the exact arrival times are
not known in real time, it is difficult to compare this to
the performance of EEW algorithms. However, if we
assume an analyst’s pick to be accurate, ElarmS (now
EPIC) picked arrival times within 0.5 s of the analyst pick
times for 89% of their real offshore recordings (Hartog
et al., 2016). Our simulated recordings have a slightly
lower trigger success, but still perform well in compar-
ison.

Although the STA/LTA picker quickly detected earth-
quakes on most recordings, there is a negative d,,., dis-
tance bias, especially for records with Ryy, > 250 km
(Figure 3c). For a subset of the records, the STA/LTA
picker triggered on the S-wave rather than the P-wave
because the P-wave was too weak compared to the
background noise for the STA/LTA parameter configu-
ration (Figure S3). EPIC has a check in place to prevent
S-wave triggers from being associated with an event,
which looks at the velocity amplitude range ratio of the
horizontal-to-vertical components for a small time win-
dow following the trigger (Chung et al., 2019).

The application of a polarization filter in the ONC-EW
analysis results in a significant improvement in num-
ber of recordings triggered, yet also results in greater la-
tencies between the true arrival time and the pick time.
Most of the recordings with larger §,,.,. using ONC-EW
parameters occur at Ryy, > 500 km. At these distances,
it would take around 1.5+ minutes for stations to trigger,
and they would likely not contribute to the source char-
acterization and alert levels. Allen and Melgar (2019) do
caution that this type of P-detector may only be useful
for borehole sites because soil response at free-field sta-
tions could reduce the quality of the filtered data. As
near-surface soil response is not included in our simu-
lations, we cannot evaluate this claim.

5 Magnitude Estimation

Once an event is created, source parameters, including
magnitude, are estimated. Initially, the magnitude es-
timate is derived using the first 4-5 seconds of the P-
wave, which provides information about the growing
source (Kodera, 2018). The displacement amplitude (P;)
of P-waves is a common metric because it has been
shown to scale with magnitude for small-to-moderate
earthquakes (e.g., Kuyuk and Allen, 2013; Zhang et al.,
2022). Magnitude estimation from seismic P-waves is
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subject to saturation for larger events due to limita-
tions in inertial instruments and seismic processing,
which presents challenges for effective alerting of a ma-
jor megathrust event. GNSS-derived PGD does not suf-
fer from magnitude saturation and can provide better
constraints on ground-motion estimates for large earth-
quakes (Ruhl et al., 2019). Although not deterministic
of earthquake magnitude (i.e., distinguishable within
the first few seconds), geodetic data provide weak deter-
ministic information as the rupture organizes into a slip
pulse (Goldberg et al., 2018; Meier et al., 2021; Melgar
and Hayes, 2017). We evaluate both P-wave amplitudes
and PGD to assess simulation magnitude estimation re-
liability.

5.1 P-wave displacement

P, is measured as the maximum amplitude of the dis-
placement P-wave over some time interval of several
seconds following the P-arrival. Earthquake magni-
tude has been shown to scale linearly with log1o(P;) and
logio(distance) for events with magnitudes M < 7-8, de-
pending on the time window used to calculate P; (e.g.,
Crowell et al., 2013; Goldberg and Melgar, 2020; Kuyuk
and Allen, 2013; Trugman et al., 2019; Wurman et al.,
2007). Goldberg and Melgar (2020) validated magnitude
scaling of P; using a FakeQuakes Cascadia dataset to bet-
ter constrain the empirical M-P, scaling from Trugman
etal. (2019) for magnitudes M > 7, though they did not
include noise in their simulations. We find it valuable to
re-perform the analyses using noisy simulations to en-
sure equivalent comparison with empirical data.

We process the simulated waveforms following the
methodology of Trugman et al. (2019) and Goldberg and
Melgar (2020), which includes demeaning the record-
ings, applying a 0.075 Hz 4" order causal highpass But-
terworth filter, double integrating from acceleration to
displacement, and applying an additional bandpass fil-
ter between 0.075-3 Hz. We also truncate the record-
ings at 95% the S-wave arrival time to avoid S-wave con-
tamination. The records are normalized to 10 km Ry,
(Goldberg and Melgar, 2020), and P, is calculated on the
vertical components as the maximum amplitude within
windows of 4, 6, 12, and 20 s following the P-wave ar-
rival.

The simulation P; values generally match the am-
plitude and magnitude-scaling patterns present in the
Trugman et al. (2019) observational dataset, especially
for the 4 stime window (Figure 4). There is a distinct dis-
tance bias for individual events, where larger distance
records exhibit lower normalized P; values. This was
also observed by Kuyuk and Allen (2013). Although all
records are corrected to a uniform distance, this only
accounts for geometric spreading effects; anelastic at-
tenuation also contributes to observed ground-motion
trends at larger distances. The Kuyuk and Allen (2013)
P;-magnitude scaling (currently implemented in both
EPIC and ONC-EW) was derived using data within 250
km epicentral distance, and EPIC only includes data
from stations within 200 km of the calculated epicen-
ter (Chung et al., 2019) for magnitude estimation. If we
only consider records within 200 km epicentral distance

SEISMICA | volume 5.2 | 2026



SEISMICA | RESEARCH ARTICLE | Validation framework for semi-stochastic simulations in Cascadia earthquake early warning

(as with the Trugman et al. (2019) dataset), the event
means and variance closely match empirical trends for
time windows < 20 s.

When calculated over the longer 20 s time window,
P; from our simulations do not exhibit the same de-
gree of magnitude saturation suggested by the lim-
ited large-magnitude observations and by the Goldberg
and Melgar (2020) simulations. A key deviation in our
methodology is the use of a two-frequency matched fil-
ter for broadband simulation. Goldberg and Melgar
(2020) used a uniform corner frequency for the low-
pass and highpass filters. The implementation of a
two-frequency approach increases energy in the sim-
ulated recordings by reducing an artificial dip in the
spectra (Nye et al., 2024a), likely contributing to the de-
creased magnitude saturation. We recognize that this
method also adds additional energy outside the bounds
of the dip due to filter roll off, primarily for the smaller
events in our dataset. It is difficult to ascertain which
matched filter implementation is more physically real-
istic with such limited near-field observations of large
earthquakes. Regardless, we find that the simulations
exhibit expected trends in P; evolution, where P; in-
creases with increased measurement time window and
larger magnitudes are better resolved when longer P-
wave windows are available. For time windows con-
sidered in EEW (~4-5 s), the simulations behave as ex-
pected.

5.2 Peak ground displacement

We evaluate the effects of different GNSS noise lev-
els on simulated PGD and how these values compare
with ground-motion model (GMM) estimates. The over-
lap in frequency content between GNSS signals and
noise hinders effective noise filtering unlike seismic
data. Itis reasonable to assume observed PGD measure-
ments, and subsequently the GMM models regressed on
such datasets, are biased by GNSS noise, especially for
smaller magnitude events.

PGD is computed on the three-component GNSS dis-
placement seismograms (Goldberg et al., 2021; Melgar
et al., 2015) from the collocated ONC sensors.

PGD = max (\/N(t)2 TE@? 1 Z(t)2) )

Although both GFAST-PGD and ONC-EW rely on the
Crowell et al. (2013) GMM, we compare simulated PGD
with the Goldberg et al. (2021, hereafter GA21) model,
which contains the most up to date PGD scaling coeffi-
cients and considers the generalized mean rupture dis-
tance (R,). R, better accounts for fault finiteness of
large ruptures and slip heterogeneity compared to the
more commonly used Ryy,, and it has shown to better
represent unilateral ruptures (Goldberg et al., 2021).

n 1/p
R, = <Z win> (3)
i=1

Here, n is the number of subfaults, w; is the weight of
the ith subfault, R; is the distance to the ith subfault,
and p is the power of the mean. Goldberg et al. (2021)
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Figure4 P-wave displacement amplitudes (P4) measured
over time windows of 4, 6, 12, and 20 s. Py is corrected to
10 km hypocentral distance. The dots indicate individual
recordings, whereas the diamonds indicate event means for
observations (i g 0ps) and simulations (¢ z sim). Blue mark-
ers are the Trugman et al. (2019) observational dataset. The
individual simulation values are colored by epicentral dis-
tance (Repi), but the event means are calculated only us-
ing records within 200 km Repi. The black lines represent
the saturation magnitudes predicted by the Trugman et al.
(2019) model.

derived three sets of coefficients for datasets consisting
of only observed events, only simulated events, and a
joint observed-simulated dataset. Cascadia simulations
were added to constrain large magnitude events; how-
ever, their simulated dataset also did not contain any
noise. To avoid circular validation, we compare our sim-
ulated PGD with estimates using their GMM derived us-
ing only observational data.

log,,(PGD) = —3.841 + 0.919(M) (4)
—0.122(M) logy, (Rp*°)

PGD residuals are calculated as the natural loga-
rithmic residual In(GMM PGD/simulated PGD). In this
way, negative and positive residuals indicate over- and
under-prediction of simulated ground motions, respec-
tively. Well-modeled ground motions should not exhibit
bias with model parameters, such as magnitude or dis-
tance.

Raw GNSS waveforms without the addition of noise
present systematically lower PGD than estimated by
GA21, with lower magnitude and larger Ryy, records
exhibiting the greatest bias (Figure 5a). The means of
these residuals are mostly between 0.5-1 natural log
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unit, but individual record residuals range above 2 nat-
ural log units. Melgar et al. (2016) observed a bias in
PGD from FakeQuakes simulations, but their recordings
were larger than estimated using the Melgar et al. (2015)
PGD GMM model, directly opposing residual trends
from this study. Note that they compute residuals as
In(simulated PGD/GMM PGD), so although their resid-
uals are mostly positive, they have a different impli-
cation from the positive residuals we observe. They
also observed greater misfit for large magnitude events.
This discrepancy between our study and Melgar et al.
(2016) could be due to the difference in PGD GMMs
used for validation. FakeQuakes has also undergone
many modifications since its initial publication, which
could further contribute to the difference in residual
trends. A more recent study compared simulations gen-
erated using FakeQuakes (1D velocity structure) and SW4
(3D velocity structure) with observations from several
Japanese events (Fadugba et al., 2024). They observed
PGD residuals more in line with those in this study,
where they are primarily positive and exhibit a distance
bias. They attributed the overall bias to the simplifica-
tion of the earth structure using a 1D velocity model as
the 3D simulations had greatly improved residuals, al-
though still systematically positive.

The presence/absence of GNSS noise also contributes
to the apparent PGD bias, where residuals from smaller
magnitude and larger distance records become more
negative with increased noise levels (Figure 5b-d). With
the addition of 10% percentile (low) noise, PGD residu-
als are reduced for records with M < 8 and Ryy, > 200
km; PGD from all other records is primarily unaffected
(Figure 5b). For smaller magnitude events, even this
low noise level masks true PGD, but the means mostly
fall within GMM uncertainty across the distance range.
With the addition of 50 percentile (median) noise, sim-
ulated PGD is well-modeled (i.e., residual binned means
are near zero) for records with Ry, < 400 km, though
our dataset exhibits greater variability than the obser-
vational dataset used to constrain the model. Residu-
als from low magnitude and large Ry, records are in-
creased. Lastly, with the addition of 90 percentile
(high) noise, the residuals are mostly negative, indicat-
ing the noise levels mask true PGD for nearly all records
(Figure 5d). With increasingly high noise levels, the
signal-to-noise ratio (SNR) becomes too low to distin-
guish the signal from background noise (Text S3; Figure
S4).

Geodetic data are challenging for both modeling and
real-time analyses because they are highly sensitive to
complex 3D structure, and elevated instrument noise
complicates data quality assessment. Even though data
used for the GA21 model underwent a manual inspec-
tion to reduce bias from poor quality records, a more
in-depth quality control, such as one involving SNR, was
not used. Furthermore, PGD scaling laws are based on a
point source assumption, which breaks down for events
with M >~6, well below the magnitudes of the events in
our dataset. Considering these factors, we find the sim-
ulated GNSS data with median noise levels to be well-
modeled overall.
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Figure 5 PGD Residuals (dpgp) between ground-motion
model estimates (GMM) and simulated ground motions
(sim) as a function of magnitude and hypocentral distance
(Rhyp) with (a) no noise added, (b) 10" percentile noise
added, (c) 50t percentile noise added, and (d) 90 per-
centile noise added. The markers indicate binned residual
means and standard deviations, and the dashed black lines
represent the standard deviation for GA21.

6 Ground-motion intensity

Most earthquake early warning studies report perfor-
mance levels based on the timeliness and accuracy of
epicenter location and source characterization. These
features, although crucial for effective earthquake
alerts, omit a key component of early warning—the
ground-motion predictions themselves. Meier (2017)
proposed the best early warning metric to be ground-
motion prediction error as a function of warning time.
If simulated earthquake data are included in EEW devel-
opment and testing, it is necessary that they adequately
capture the expected distribution of ground shaking.
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ShakeAlert and ONC-EW ground-motion forecasts are
expressed as MMI levels using information from source
characterization (McGuire et al., 2025; Schlesinger
et al., 2021). MMI contour products are produced by
first calculating PGA and PGV GMM distance curves us-
ing the event magnitude estimate. These are converted
to MMI curves using the Worden et al. (2012) ground-
motion-to-intensity conversion equations (GMICEs),
where MMI is a linear function of the logarithm of peak
ground motion, logarithm of source-to-site distance,
and earthquake magnitude. The MMIpgy and MMIpgy
curves are averaged together using a specified weight-
ing to produce a single MMI distance curve. Although
MMI is the public-facing intensity measure used for
EEW alerts, we focus our analyses on the instrumen-
tal ground motions PGA and PGV. A brief MMI analy-
sis is additionally included to assess whether potential
instrumental biases are directly translated into MMI bi-
ases using the GMICE.

6.1 Peak ground acceleration and peak
ground velocity

We follow standard signal processing procedures prior
to computing PGA and PGV on the broadband wave-
forms. A 0.075 Hz 2™ order acausal highpass Butter-
worth filter is applied to the acceleration waveforms
(Wu and Zhao, 2006), after which they are integrated
to velocity and highpass filtered a second time. The
simulated PGA and PGV values are computed on the
RotD50 (Boore, 2010) of the horizontal components
and are compared with estimates from the Next Gen-
eration Attenuation Subduction (hereafter NGA-Sub;
Parker et al., 2020) ground-motion model. Ideal circum-
stances would allow for direct comparison of simulated
recordings with observed events in the region of inter-
est to ensure unique regional conditions are captured.
However, limitations imposed by the dearth of inter-
face events in the CSZ require comparison of the sim-
ulated ground motions with estimates from empirical
models. Empirical models are still a suitable validation
benchmark, especially if the model was developed us-
ing solely data from the study region because they re-
flect regional ground-motion trends. NGA-Sub was de-
rived using global interface and intraslab recordings, in-
cluding intraslab recordings from Cascadia. The model
is considered applicable for magnitudes up to M9.5 and
closest rupture distances (Ryyp) outto 1000 km, thus suit-
able for our simulated data ranges.

As with PGD, we evaluate PGA and PGV by computing
residuals as In(GMM/simulated ground motion). Ini-
tial analyses showed a substantial negative bias with
distance, indicating over-prediction of the simulations
(Figure S5). FakeQuakes has predominantly been used to
generate low-frequency geodetic waveforms, and peak
ground accelerations have been minimally validated
in previous studies. Goldberg and Melgar (2020) com-
pared simulated PGA with observed values for the 2014
M83.1 Iquique, Chile event, and found the mean PGA
residuals to be within 0.5 In unit. However, they pre-
sented the entire residual ensemble as a single relation
to the mean, so it is unclear whether a distance bias was
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also observed in their dataset. Furthermore, their 2014
Iquique simulated time-series were within 100-200 km
and would be less subject to attenuation variations.

We implement the following adjustments to Fake-
Quakes source code to improve the attenuation relation.
(1) Previously, direct arrivals used to generate S-wave
packets were taken as the first arriving ray, which was
usually the ray turning below the Moho. The deep prop-
agation of these rays results in less attenuation com-
pared to crustal rays. Now, only crustal rays are con-
sidered for the direct P- and S-wave arrivals. (2) The ge-
ometric spreading term is changed from 1/R to 1/R%?,
where R is the source-to-site distance (Sahakian et al.,
2018). (3) Lastly, we add an elastic attenuation term
(Qc) with the form Q¢ pasef™ for modeling Qs attenu-
ation (Farahbod et al., 2016; Pujades et al., 1997). Al-
though this term allows for frequency dependence, we
find Q. = 1501° (i.e., Qc = 150) best reduces the atten-
uation bias. The path attenuation term (G;; in Eq. 1; see
Text S1 or Graves and Pitarka (2010) for more informa-
tion) is computed using the effective S-wave attenuation
(@s,er¢) (Pujades et al., 1997).

1
Qserf= T 1
Qs Qc

Anelastic attenuation values are reduced in the velocity
model to account for the addition of the elastic attenua-
tion term. The results in the previous sections are based
on the updated source code (Melgar et al., 2025) and ve-
locity model.

With these modifications, PGA and PGV are reason-
ably modeled by the simulations (Figure 6a). Overall,
the residual means and standard deviations for both
PGA and PGV fall within the expected uncertainty of the
NGA-Sub model out to ~700-800 km rupture distance.
Beyond this distance range, simulated ground motions
are systematically overpredicted, which may contribute
to the moderate magnitude bias. As Ry is the dis-
tance to the closest point on the fault, large values are
only associated with smaller sources. Although NGA-
Sub is considered applicable for distances out to 1000
km, the regression dataset does not include any Casca-
dia interface events, and it is more sparse at the upper
end of the distance range. Additionally, the magnitude-
dependence of the bias suggests a potential trade-off be-
tween NGA-Sub geometric spreading and anelastic at-
tenuation coefficients as the geometric spreading term
scales with magnitude. Beyond biases associated with
GMM limitations, the simulation framework may also
contribute to the observed residual trends. Structurally,
1D velocity models are unable to simulate complex 3D
structure and wave propagation inherent in real data
(Fadugba et al., 2024). The stronger residual bias and
sensitivity of PGV to frequencies around the matched fil-
ter suggest that the matched filter implementation may
also be a contributing factor. Irrespective of the source
of the bias, records at these distances would not con-
tribute to early alerts.
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Figure 6 Residuals between ground-motion model esti-
mates (GMM) and simulated ground motions (sim) for (a)
PGA (dpga) and (b) PGV (dpgy) as a function of magnitude and
closest rupture distance (Ryp). The markersindicate the bin
residual means and standard deviations, and the dashed
black lines represent the maximum standard deviation for
NGA-Sub (Parker et al., 2020).

6.2 Modified Mercalli intensity

We convert both simulated and NGA-Sub-predicted PGA
and PGV to MMI using the Worden et al. (2012) GMICE.
Although MMIpgs and MMIpgy would be averaged for
EEW products, we evaluate these metrics individually.
MMI residuals are calculated as the linear residual
(GMM MMI - simulated MMI). Similar to PGA and PGV,
MMI residual binned means and standard deviations
fall mostly within the expected uncertainty of the Wor-
den et al. (2012) GMICE (Figure 7). Both MMIpgs and
MMlIpgy exhibit a moderate magnitude bias, but there
appears to be a less-apparent correlation with the bias
at large distances compared to PGA and PGV. Neverthe-
less, the similarity of the residual trends between in-
strumental and macroseismic intensity measures con-
firms additional biases are not introduced through the
GMICE.

6.3 Ground-motion summary

Considering the infrequency of large subduction zone
earthquakes, GMMs for such events are regressed on
sparse global datasets, and estimates from such models
have both high epistemic uncertainty (poor resolution
due to small number of events) and high aleatory un-
certainty (regional variations not accounted for in the
models). We recognize that ensuring our simulated data
are reasonably modeled by such a GMM may result in
poor representation of individual study regions. For ex-
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Figure 7 MMI residuals (Ommi) between ground-motion
model estimates (GMM) and simulated ground motions
(sim) for (a) MMI computed using PGA scaling and (b) MMI
computed using PGV scaling as a function of magnitude
and closest rupture distance (Rp). The markers indicate
the binned residual means and standard deviations, and
the dashed black lines represent the standard deviation for
Worden et al. (2012).

ample, Atkinson and Boore (2003) find that ground mo-
tions recorded at geologically similar sites from similar
events in Cascadia and Japan exhibit amplitude differ-
ences of more than a factor of two. Nevertheless, we
believe these generalized ground motions are sufficient
for EEW testing purposes, and they can be further im-
proved upon as more large earthquakes are recorded in
the future.

7 EPIC and ONC-EW Performance Anal-
ysis

The previous validation analyses demonstrate the suc-
cess of using a 1D semi-stochastic model to simulate
waveforms that capture important features necessary
for EEW testing. We now present an example of their
implementation for EEW performance analysis by run-
ning a subset of the scenarios through EPIC and ONC-
EW offline systems. We limit the analysis to six sce-
narios due to the computational expense of running of-
fline tests, but we recommend using the full dataset if
conducting a comprehensive analysis. The EPIC event
detection boundary extends from California northward
through most of Vancouver Island (Kohler et al., 2020),
whereas the ONC-EW detection grid is concentrated
north of Oregon (Schlesinger et al., 2021). We select
two ~M7, 8, and 9 events (six total) with either hypocen-
ters or peak slip patches located above a latitude of 46°N
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Figure 8 Slip patterns of the six scenario events tested with the EPIC and ONC-EW early warning algorithms. The epicenters
are indicated by the stars on each plot. The sites are indicated by triangles and are colored by the early warning system(s)
they contributed to. The solid and dashed polygons are the detection grid boundaries for EPIC and ONC-EW, respectively.

to replicate scenarios where ideally both EEW systems
would be activated (Figure 9). Recordings for the land-
based PNSN and ONC sensors are used for the EPIC
tests because ShakeAlert plans to extend their coverage
to include ONC sites. Only recordings from ONC sen-
sors (onshore and offshore) and six PNSN sensors lo-
cated near Vancouver Island are included for the ONC-
EW tests because these are the stations currently used
for their alerts. The addition of more data would expo-
nentially delay ONC-EW alerts due to the algorithm con-
figuration. GNSS simulations with 50" percentile noise
are incorporated for the ONC-EW tests.

EPIC and ONC-EW both detected each of the trial
events, which demonstrates improved EEW algorithm
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performance compared to older versions (e.g., Chung
et al., 2019). Several offshore events were previously
missed or incorrectly characterized due to the sparse
network coverage in Oregon and Washington compared
to California (Chung et al., 2019). These earthquakes
were smaller in magnitude compared to the scenario
events in this study. Another known challenge for point
source algorithms is that large events are sometimes
splitinto separate events (Hartog et al., 2016), which can
significantly affect the issued alerts. None of the six trial
events in this study were recorded as split events. Re-
cently, the EPIC algorithm was modified to disallow trig-
gers from stations at distances > 200 km from being used
in any new event associations while the current one is
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active, which proves to successfully reduce split events
(Williamson et al., 2026).

The evolution of magnitude estimation for the events
is shown in Figure 9. For the ~M7 events (i.e., scenario
events 15 and 18), the maximum magnitudes estimated
by EPIC are within 0.1 magnitude unit of the true event
magnitudes. For the ~MS8, 9 events (i.e., scenario events
51, 65, 96, and 108), the maximum reported magnitudes
by EPIC are within two magnitude units of the true mag-
nitudes. For these scenarios, EPIC underestimates the
true magnitude and saturates between M6.5-7. This sat-
uration is expected because the P, scaling relation used
by EPIC is based upon the first 4 seconds of the P-wave
(Kuyuk and Allen, 2013), which can only resolve magni-
tudes up to ~M7 (Figure 4). This is a common limitation
for point source algorithms dependent solely on seismic
data, but the magnitude estimates of ONC-EW show a
sizable improvement with their joint seismic-geodetic
algorithm.
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Figure 9 Magnitude estimate evolution for six scenario
events using the offline systems for EPIC and ONC-EW.

Although ONC-EW resolves the true magnitude of sce-
nario event 15, it overestimates the magnitude for event
18 by 0.5 magnitude unit, which could be due to the
presence of noise in the GNSS data. With the addition
of 50" percentile noise, PGD is on average two natu-
ral log units larger than expected for an M7 event (Fig-
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ure 5). This no longer appears to bias magnitude esti-
mation for the ~MS8, 9 events. However, ONC-EW sig-
nificantly under-reported the magnitudes of scenarios
65 and 96, which initiated south of their network and de-
tection grid. The initial magnitude estimates for these
events were delayed due to the travel time to reach the
ONC-EW network stations. For scenario 65, geodetic
data did not contribute to event estimation, so only seis-
mic P4 was considered. It is not clear why the geodetic
data did not contribute nor why only one magnitude es-
timate was reported. This warrants further investiga-
tion by ONC. Even though scenario 96 was a full mar-
gin rupture, it ruptured bilaterally, and the southern
extent of the rupture propagation was not captured by
the limited ONC network coverage. Inclusion of more
PNSN stations near the southern border of the detection
grid could improve detection time and magnitude esti-
mation, but the current ONC-EW algorithm is unable to
support large networks.

We did not include earthquake location estimation as
a component of the validation tests in the previous sec-
tions because location accuracy is highly sensitive to
network configuration, and our dataset did not include
the full network of stations operated by EPIC and ONC-
EW. However, offline tests show that EPIC and ONC-
EW are mostly able to resolve simulation epicenters
within several kilometers, even with the limited net-
work configuration (Figure 10). Both EEW systems use
a direct grid search algorithm, and ONC-EW addition-
ally uses a linear least squares algorithm for epicenter
location (Chung et al., 2019; Rosenberger et al., 2019a;
Schlesinger et al., 2021). For the scenario events, the
maximum EPIC location error (scenario 51) is within
8 km and quickly resolves a final epicenter estimate
within 2 km of the true epicenter, which is consistent
with the median error reported for crustal events in
California (Chung et al., 2019). ONC-EW estimates are
not as well resolved and are less stable compared to
EPIC due to the limited stations used to constrain the
source information. For scenarios where the full extent
of the rupture was within the ONC-EW detection grid
(scenario events 15, 18, 51) the epicenter location was
resolved within 5 km.

Overall, EPIC and ONC-EW perform well at char-
acterizing large synthetic events considering the rup-
tures are offshore and are more complex than crustal
events in California. EPIC magnitude estimates satu-
rate at larger magnitudes, but the recent addition of the
geodetic-based algorithm GFAST-PGD can provide more
reliable magnitude estimates, as demonstrated by ONC-
EW. Although the unique configuration of ONC-EW al-
lows for better resolved magnitudes, the smaller net-
work coverage limits resolution of the source charac-
teristics, which can affect alert timing and accuracy for
events initiating south of the detection grid (regardless
of the final rupture extent). A possible refinement of
the EEW algorithms could include implementation of
ViDA3, an early warning algorithm which uses array-
based methodology within existing seismic networks to
better resolve offshore and out of network events (Ziv
et al., 2024).

For this preliminary analysis of Cascadia EEW system
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Figure 10 Epicenter location error evolution for six sce-
nario events using the offline systems for EPIC and ONC-EW.
Some spikes in ONC-EW epicenter location error extend be-
yond the scale of the figure.

performance, we did not evaluate ground-motion accu-
racy. EPIC itself does not report MMI, but rather the
ShakeAlert decision module determines MMI contours
based on information provided by EPIC, FinDer and G-
FAST. ONC-EW allows subscribers to run software code
to estimate time left before shaking and MMI given their
locations of concern (Schlesinger et al., 2021). It would
be valuable to run these simulations through FinDer in
afuture study because FinDer is better designed to char-
acterize large events compared to the EPIC point source
algorithm. Additionally, these scenarios do not include
multi-events, such as in the case of foreshocks or after-
shocks, which are a challenge for EEW systems. That is
beyond the scope of this project but could be an avenue
for additional performance testing.

8 Conclusions

Cascadia is a region of high seismic risk, and when a
large megathrust earthquake inevitably ruptures, it will
leave thousands of unreinforced buildings, bridges, and
other critical infrastructure inoperative. In such a sce-
nario, efficient and reliable EEW alerts will be criti-
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cal for minimizing injuries and disruption. We gener-
ate and validate a dataset of moderate-to-large Cascadia
ruptures and waveforms using FakeQuakes to support
continued EEW performance and testing in this region.
The simulations are found to be well modeled with re-
spect to key EEW features, including earthquake detec-
tion, magnitude estimation, and ground-motion inten-
sity distribution, although there are avenues for further
improvement if additional computational resources are
available. This could include use of a realistic 3D Earth
structure (Fadugba et al., 2024), addition of a coupling
model (Small and Melgar, 2021), increased velocity res-
olution from the Cascadia2021 initiative (Ashraf et al.,
2025), and contribution from upcoming Cascadia Re-
gion Earthquake Science Center (CRESCENT) efforts.
To demonstrate applications of the simulated dataset,
six of the scenarios are run through EPIC and ONC-EW
offline systems, although we recommend performing
an in-depth analysis using all simulations to more com-
prehensively identify possible challenges that may arise
in a large complex rupture of the CSZ.
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