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Distributed Acoustic Sensing (DAS) can enhance earthquake early warning (EEW) by transforming 
existing fiber-optic cables into dense seismic arrays, including in offshore areas with sparse 
instrumentation. We present dEPIC (DAS–Earthquake Point-source Integrated Code), the first 
operational DAS-integrated EEW framework, deployed on a submarine cable in Monterey Bay, 
California, and designed to operate independently or jointly with ShakeAlert’s EPIC algorithm. dEPIC 
combines GPU-accelerated machine-learning phase picking, grid-search location, and empirical 
magnitude estimation, with real-time quality metrics to suppress unstable solutions. In event replays 
and continuous data tests, dEPIC detected both onshore and offshore earthquakes accurately with 
sub-second processing time. The modular, edge-computing design enables adaptation to future DAS 
deployments to improve existing EEW systems like ShakeAlert.

Earthquake Early Warning (EEW) systems are designed to rapidly detect and characterize earthquakes and issue 
timely alerts to regions expected to experience hazardous shaking1–3. The effectiveness of EEW systems is highly 
dependent on seismic networks; a spatially dense, low-latency, real-time network ensures timely and accurate 
warnings. Such networks have enabled the operation of successful EEW systems in many regions4–12.

Enhancing EEW capabilities from an observational standpoint often focuses on expanding sensor coverage 
in seismogenic regions, such as along active faults and subduction zones. Because most EEW algorithms require 
good azimuthal coverage and spatially proximal observations to rapidly and accurately locate earthquakes, 
challenges arise at the edges of traditional seismic networks13,14, especially in offshore regions where 
instrumentation is limited due to accessibility and the high cost of seafloor installation and maintenance15,16.

This limitation has motivated exploration of alternative sensing approaches, particularly those leveraging 
existing infrastructure17,18. Recent advances in fiber optic sensing technology have opened new opportunities for 
seismology by transforming existing fiber optic cables into dense seismic arrays19–23. Among these technologies, 
Distributed Acoustic Sensing (DAS) has emerged as one of the most mature and widely adopted methods, 
enabling a broad range of seismic applications24,25. For example, leveraging DAS on offshore telecommunications 
cables can supplement traditional seismic networks without the need for complex offshore deployments and 
extensive logistical support26–37. However, DAS data differ from conventional seismic observations due to their 
dense spatial sampling, linear array geometry, varying coupling conditions, large data volumes, and single-
component axial strain measurements38,39. Recent studies have explored the feasibility of integrating DAS into 
Earthquake Early Warning (EEW) systems, showcasing its potential to augment existing capabilities40–47.

Operated by the U.S. Geological Survey (USGS), ShakeAlert is the official earthquake early warning system 
for the U.S. West Coast48. The USGS provides real-time earthquake information generated by ShakeAlert, 
while official delivery partners distribute public alerts through various communication channels49,50. EPIC 
(Earthquake Point-source Integrated Code) is ShakeAlert’s primary point-source EEW algorithm, designed to 
rapidly detect earthquakes using the first   4 s of P-wave arrivals from at least four stations. It estimates the 
earthquake hypocenter, origin time, and magnitude48,51–53. Here, we present dEPIC (DAS - Earthquake Point-
source Integrated Code), a framework for the first operational DAS-integrated EEW algorithm. dEPIC can 
function independently or in conjunction with EPIC, to provide EEW solutions for the Monterey Bay region 
of California. Our system leverages the high spatial resolution of DAS using a machine learning–based phase 
picker, a grid-search event locator, and an empirical magnitude estimator. To address location errors caused by 
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linear DAS geometry and phase-picking uncertainties in initial solutions, we developed new metrics to evaluate 
solution quality in real time. In addition, using EPIC solutions and its onshore traditional seismic stations 
allows us to further mitigate location ambiguities and identify distant events. The processing pipeline has been 
optimized with Graphics Processing Unit (GPU) acceleration to efficiently handle large data volumes, achieving 
sub-second processing times compatible with streaming data rates. With an edge-computing architecture, 
dEPIC can operate autonomously on a local server, issuing timely alerts for nearby events. Communication 
pathways between dEPIC and EPIC enable joint earthquake locations for associated detections. We present 
results applying dEPIC to both earthquake event data and continuous data. The modular design of dEPIC makes 
it adaptable to future DAS deployments aimed at enhancing EEW systems like ShakeAlert.

Results
The dEPIC framework Fig. 1 consists of three main layers: data acquisition from the instrument, event 
characterization algorithms, and alert generation. The algorithm includes an edge-computing module that 
processes DAS data and an associator that listens for EPIC event messages. The dEPIC associator compares 
seismic phase arrivals observed on the DAS array with EPIC event information from the traditional network 
to determine whether both originate from the same earthquake event. If so, the data are combined for a joint 
location estimate. Location solutions are evaluated using the location metrics described in the Methods section, 

Fig. 1.  Overview of the dEPIC framework for earthquake early warning. The system integrates DAS arrays 
and conventional seismic networks. Real-time DAS data are processed using edge computing with GPU 
acceleration to detect earthquakes. When existing EEW algorithms such as EPIC detect an event, the dEPIC 
associator combines DAS-based detections with the seismic network detection for joint location. dEPIC events 
can then be passed to the decision module for potential alert issuance.
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and solutions with a prominence score< 1.15 or a distribution score< 0.80 are rejected. Accepted events may be 
passed to ShakeAlert’s Decision Module for further evaluation before issuing an alert to the public. We present 
retrospective analyses (replays) of both recorded earthquake events and continuous data from the SeaFOAM 
(Seafloor Fiber-Optic Array in Monterey Bay) project , which turns a 52-km-long DAS array into a seismic array 
with 20.4 m gauge length and 5.1 m channel spacing27.

Replay of individual events
We first applied dEPIC in simulated real-time processing of archived earthquake event data, selecting 21 events: 
all 13 onshore events with M>= 3.5 and 8 offshore events with M>= 2.0 in the Monterey Bay (within 100 km 
from the array) during the project. The list of earthquakes can be found in the Supplementary Materials (Figure 
S1). Each dataset contained 120 s of 200 Hz strain-rate waveforms, with the first P-wave arrival at the DAS array 
at around 30 s. The replayed data were processed together with contemporaneous EPIC messages, as obtained in 
real time. All replays were run using real-time configuration parameters, with a 1-second data update interval.

Of the 21 replayed events, 18 dEPIC detections were successfully associated with EPIC events, enabling joint 
location during the process. Three offshore events did not produce EPIC detections due to their small magnitude 
resulting in insufficient valid triggers onshore; however, dEPIC independently detected these events using DAS 
data alone.

Figure 2 shows the earliest accepted solutions after applying location metric filtering (“first” solutions). 
In these cases, only the dEPIC P-wave magnitude estimates are shown to emphasize the rapid magnitude 
estimation capability; Fig. 2 (a) presents dEPIC first solutions with corresponding catalog event location and 
magnitude. Figure 2 (b) shows the time elapsed since the earthquake origin for each solution. While most events 
had reasonable initial locations, early magnitudes were underestimated because dEPIC uses the peak strain rate 
for magnitude estimation, and initial solutions often precede the amplitude peak. All onshore events have jointly 
solved initial locations, as regional seismic stations detected them before P-waves reached the DAS array. This 
helps dEPIC to correctly identify regional earthquakes because otherwise the stand-alone DAS array will have 
poorly constrained event solutions that may lead to false alerts. For 3 offshore events, located north of the cable 
and without EPIC detections, the locations relied solely on DAS data.

Figure 3 presents the “peak” solutions, defined as the time when the magnitude estimate first rose to within 
0.1 magnitude units of the maximum estimated magnitude. This definition accounts for the gradual stabilization 
of magnitude estimates and is consistent with the magnitude update criteria in the ShakeAlert system48. 
Compared to the first solutions, these locations were slightly more accurate and stable, and magnitudes more 
closely matched catalog values due to more complete peak strain-rate data. Magnitude evolution plots for all 
replay events are provided in the Supplementary Materials (Figure S2).

Replay of continuous data
We also tested dEPIC on continuous full-day data to assess its performance in routine detection and false-alarm 
suppression. Figure 4 and Fig. 5 show results for two days, illustrating detected events either accepted or rejected 
by the location metric filter. Catalog events within 100 km around the DAS array are shown for comparison.

On 2024-09-09 (Fig. 4), dEPIC successfully detected the M 4.2 mainshock on the San Andreas Fault and 2 out 
of 3 aftershocks ( 25 km from the DAS array). The smallest aftershock (M 1.1) was detected but rejected by the 
location filter, which also has large location error. Other rejected detections corresponded to small earthquakes 
more than 100 km away or to noise triggers.

Fig. 2.  First accepted dEPIC solutions for replayed events. (a) Event locations and magnitudes from dEPIC 
(orange) compared with corresponding USGS catalog events (blue), including location errors shown as arrows 
proportional to the value. (b) Same events colored by time elapsed since the earthquake origin.
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On 2025-02-22 (Fig. 5), an ongoing earthquake sequence produced many events  50 km from the DAS array. 
All events with M>= 2.0 were detected and accepted with good location and magnitude estimates.  A few smaller 
events (M< 2.0) were detected but rejected correctly because they turned out to have large location errors. There 
are missed events due to temporal overlap with preceding events, or very small magnitude and greater distance.

Fig. 4.  Full-day dEPIC replay results for 29 September 2024. Accepted (orange circles) and rejected (red 
crosses) dEPIC solutions with magnitude estimates and median absolute deviation values. Catalog events (blue 
circles) are shown with magnitude uncertainties. Green bars indicate event distances from the DAS array. 
Solutions with maximum magnitude estimates associated with catalog events are shown with location errors 
(purple dots).

 

Fig. 3.  “Peak” accepted dEPIC solutions for replayed events. Same legend as in Fig. 2. The “peak” solution is 
defined as the time when the magnitude estimate first rose to within 0.1 magnitude units of the maximum 
estimated magnitude.
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Real-time performance
We have installed a local server with an NVIDIA L4 GPU for the DAS array in Monterey Bay and run dEPIC 
in real time since July 28, 2025. Average data transmission latency measured is  0.5 seconds and the algorithms 
normally function with a 1-second data update rate. EPIC event messages are obtained from the ShakeAlert 
system, and dEPIC event messages are not used by the ShakeAlert operational system at this point. Between July 
28 and August 12, 2025, the dEPIC system did not detect any event fulfilling the location metrics thresholds. A 
M3.1 event on July 31, 2025 04:28:00.480 (UTC), SE of Portola Valley, around 55 km from the DAS, was the largest 
magnitude offshore event during the real-time operation. Unfortunately the dEPIC associator was disconnected 
from EPIC due to technical issues during the event. The event message created by EPIC was not associated but 
dEPIC was functioning with only DAS data. The first solution for this event by dEPIC was 12 seconds after the 
catalog origin time, and none of the solutions passed the location metrics thresholds to create an alert message. 
Location errors for this event were 33 km and gradually reduced to 15 km. The initial magnitude estimate was 
2.0 and reached a maximum magnitude of 3.6. This example demonstrates the advantage of using the location 
metrics to suppress poor solutions and to avoid false alerts. A replay shows that if the EPIC event was correctly 
associated, the first accepted solution at 12 seconds after origin time would have a location error of only 3.8 km 
and a peak magnitude estimation of 3.4. The technical problem was fixed and dEPIC has been running since Sep 
10. As of October 20, there was only one onshore earthquake with a magnitude larger than 3 within 100 km of 
the array. dEPIC successfully detected this event (Figure S3).

Discussion
The event replays demonstrate that dEPIC can deliver rapid and reliable earthquake locations and magnitude 
estimates through integration with existing EEW systems. For onshore events in the Monterey Bay region that 
are more than 20 km away from the DAS array, the integration helps dEPIC to generate accurate initial solutions. 
For some offshore events, dEPIC can provide early solutions based solely on DAS data followed by joint solutions 
with a smooth transition derived from the proposed location method.

Figure 6 illustrates an offshore example, showing the algorithm’s decision process from an initial rejected 
poorly constrained solution, to early accepted detections based solely on DAS data,   and finally to a stable, 
jointly-solved location. As shown in Fig. 6 (a), the first solution is rejected due to low prominence and 
distribution scores. thereby avoiding a potentially large location error that could have produced a false event 
with an overestimated magnitude. Around 3 seconds of additional warning time is gained compared to the first 
EPIC solution. For some offshore events, dEPIC’s first accepted solutions precede the first EPIC-only locations 
by several seconds, depending on the location, consistent with the additional warning time estimated in our 
earlier study40 (Figure S4).

Although no large offshore earthquakes have yet occurred in the study region since implementation, the 
smaller events analyzed here suggest that dEPIC can provide accurate initial locations for such scenarios. A well-
constrained location is essential for accurate magnitude estimation54,55. The likely magnitude error for larger 

Fig. 5.  Full-day dEPIC replay results for 22 February 2025. Same legend as in Fig. 4.
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offshore events in this region are more difficult to assess due to the lack of data. The estimated largest earthquake 
that happened on the offshore San Gregorio fault is around M7.856. Local large magnitude events could cause 
amplitude saturation in DAS strain or strain-rate data, when the optical phase change between two laser pulses 
exceeds -π or 57–60. Using the theoretical maximum measurable strain rate given our DAS configuration and 
the empirical magnitude estimation equation we calibrated40, the DAS array on average should be sufficient 
to capture magnitudes up to 7.1 at 6.5 km distance using P waves, and magnitude 4.7 using S waves. This is 
higher than reported for the Long Valley DAS array58. The calibrated K term from our DAS data in Equation 
(1) is consistently smaller than in the original study61, which means that for the same magnitude and distance, 
our DAS data records lower peak strain-rate amplitude. This results in the increase of estimated magnitude 
saturation thresholds. The reason for the lower peak amplitude could be due to coupling conditions or local 
scattering. The detailed saturation magnitude at different hypocentral distances for all channels can be found 
in the Supplementary Materials (Figure S5). A recent study has also shown that the secondary phase (P-to-S 
converted phases) scales well with magnitude45. We do observe secondary phases in our data. It is worth 
exploring if the 3-second window we use for the peak-strain-rate calculation systematically includes secondary 
phases. From a practical EEW perspective, the point-source algorithm’s rapid detections are critical for issuing 
the first alerts for M 6+ events, which can be improved by algorithms designed for large magnitudes, such as 
FinDer62,63 (Finite-Fault Rupture Detector) and G-FAST64 (Geodetic First Approximation of Size and Time).

Future improvements could further shorten detection times. One key enhancement would be to enable 
joint location updates at the individual pick level, allowing DAS phase detections to be combined with EPIC 
station picks before an EPIC event message is issued. Since EPIC requires at least four stations to declare an 
event, this change could yield earlier joint solutions, though it introduces additional complexity in associating 
detections across systems. Another avenue is optimizing the current data update interval. While real-time 
processing is presently configured with a conservative 1 s update rate, actual computation times range from 
0.2 s to 0.8 s. Reducing the processing time could enable shorter update intervals and faster detection. Several 
complementary approaches from other studies could also be explored. Mini-array processing strategies may 
help refine locations when DAS coverage is limited44, and combining dEPIC with Bayesian methods such as 
those introduced in bEPIC (Bayesian-EPIC) could incorporate prior seismicity information to improve early 
detections15. To address the risk of false triggers from teleseismic events, dEPIC could adopt EPIC’s existing 
filtering mechanisms or develop dedicated classifiers. Initial real-time tests showed that a distant Mw 8.8 event 
(July 29, 2025, Kamchatka earthquake) as well as its largest aftershock so far (September 18, 2025) did not trigger 
the system due to insufficient channel picks, likely because of differing frequency content between teleseismic 
phases and local seismic phases that the ML phase picker is trained on – an outcome that may be beneficial for 
EEW operation but not general phase detection. On October 10, 2025, two teleseismic events (M 7.6 - Drake 
Passage and M 7.4 - Santiago, Philippines) did not trigger the real-time system either (Figure S6). In another 
case, a distant Mw 4.5 Mendocino event generated a spurious small local solution, but it was rejected by the 
location quality metrics, illustrating the value of the location filter.

Fig. 6.  Example dEPIC solution snapshots for a M 2.0 offshore event (ID: nc75058341). (a) Location score 
snapshots from DAS data alone; (b) First joint location snapshot with seismic network data; (c) Evolution of 
location metrics and errors, including the first rejected solution; (d) Evolution of P- and S-wave magnitude 
estimates.
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Conclusion
We developed and deployed dEPIC, a real-time EEW framework that integrates DAS arrays with regional 
seismic networks through event association and joint-location methods. By combining a DAS array in Monterey 
Bay with the ShakeAlert network, dEPIC improves offshore coverage, delivers consistent solutions for onshore 
events and earlier solutions for some offshore events. We designed location metrics to reject poorly constrained 
detections. Tests with event and continuous data in Monterey Bay demonstrate that dEPIC can operate both 
independently and in coordination with ShakeAlert’s EPIC, enabling seamless transitions from DAS-only to joint 
solutions. Its modular, edge-computing design makes it readily adaptable to other DAS deployments, offering a 
practical approach to enhancing EEW. We aim to use dEPIC to integrate multiple DAS cables with ShakeAlert in 
the future, focusing on regions with limited station coverage, such as the Mendocino Triple Junction in Northern 
California.

Methods
Algorithm overview
The dEPIC framework consists of three core algorithmic modules–PhasePicker, GridLocator, and 
MagEstimator–designed to perform earthquake detection and characterization using DAS data. These modules 
operate under a point-source approximation, following a methodology similar to that used in EPIC. To meet the 
demands of EEW, they are optimized for real-time performance through parallelization and GPU acceleration. 
dEPIC is tailored for edge-computing environments and includes communication pathways to communicate 
with existing regional EEW systems, such as ShakeAlert in the U.S. west coast.

•	 PhasePicker: This module identifies seismic phases (P and S) in real time using a pre-trained convolution 
neural network, SeaFOAM PhaseNet-DAS40,65,66. The model was adapted through transfer learning to gener-
alize from its original training on land-based DAS data to the offshore cable environment in Monterey Bay, 
California40. Each identified phase is assigned a phase score representing the model’s confidence, and only 
high-scoring picks above a fixed threshold are forwarded to the location module.

•	 GridLocator: This module determines earthquake locations by performing a grid search over a predefined 
geographic region near the DAS cable. It calculates the misfit between observed and expected arrival times 
based on a regional 1D velocity model. The module also listens for EPIC detection messages and attempts 
to associate nearby EPIC events with DAS phase picks. When an association is made, a joint location is per-
formed using both DAS data and related seismic stations. To support this integration, we introduced a new 
weighting scheme and solution acceptance criteria, as described in the Joint Earthquake Location section in 
detail. The accepted location is then used as the preferred hypocenter for magnitude estimation.

•	 MagEstimator: This module estimates earthquake magnitude from the peak amplitude of DAS strain-rate 
waveforms using empirical scaling relationships calibrated for the local region40. It accounts for hypocentral 
distance and distinguishes between P- and S-wave–derived magnitudes. In Equation (1), Ei is peak strain-
rate after the P or S arrival, M is the magnitude, Di is hypocentral distance, and Ki is the calibration term 
at the i-th channel that needs to be calibrated using local earthquake data. The magnitude coefficient a and 
distance coefficient b are 0.437 and 1.269 respectively for P-waves, 0.690 and 1.588 for S-waves61. 

	 log10(Ei) = aM − blog10(Di) + Ki� (1)

 The median value of magnitude estimation from all available channels is assigned as the event magnitude.

dEPIC earthquake location method
Grid search
Event location is performed by evaluating arrival-time misfits over a spatial grid covering the region near the 
DAS cable. The rectangular grid search region centered around the DAS array is (36.25◦ N, 37.51◦ N, 121.24◦ 
W, 122.50◦ W) with 0.02◦ grid spacing. Phase arrivals (picks) from the PhasePicker module are filtered before 
the grid search. Invalid phase picks are excluded before computing the misfit. Specifically, we discard any pick 
that occurs at the latest sample of the time window, to ensure sufficient differential time among triggered channels 
for reliable location. Channels with S arrival times earlier than their corresponding P arrivals are also rejected.

To suppress spurious triggers, the grid search process is initiated only when more than 10% of the DAS 
channels have valid P-wave picks. At each grid point x and time step t, a combined misfit is computed between 
the predicted and observed average relative P-arrival time, as well as the S–P differential time when available.

	
M(x, t) =

N(t)∑
i=1

wi ·
∣∣tobs

i − tpred
i (x)

∣∣ ,� (2)

where tobs
i  and tpred

i (x) correspond to either a P arrival time or an S–P differential time, wi is the inverse of the 
phase score (a quality metric) for pick i, and N(t) is the number of valid picks at time t.

The misfit is transformed into a likelihood value using softmin normalization:

	
P (x, t) = exp (−M(x, t))∑

x′ exp (−M(x′, t))
.� (3)

To emphasize phase types observed on more channels, we assign separate coverage weights:
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CP(x, t) = NP(x, t)

Ntotal
, CS−P(x, t) = NS−P(x, t)

Ntotal
,� (4)

where NP and NS−P denote the number of channels contributing P picks and S–P picks, respectively. Ntotal is 
the total number of channels in the DAS array.

The final location score at each grid point is computed as:

	 S(x, t) = (CP(x, t) − CS−P(x, t)) · PP(x, t) + CS−P(x, t) · PS−P(x, t).� (5)

Since phase picking is performed over a finite sliding window, the number of contributing P picks may decrease 
as the wavefield passes. When this occurs:

	 NP(x, t) < NP(x, t − ∆t),� (6)

we update the score recursively to avoid generating inconsistent solutions :

	 S(x, t) ← S(x, t) · S(x, t − ∆t).� (7)

Note that the location score is no longer restricted to the [0, 1] range but serves as a relative measure of plausibility, 
with higher values indicating increased confidence in the location estimate. We take the grid point with highest 
location score as the event epicenter. Finally, event origin time is determined based on the chosen event location 
and the median of the current arrival times.

Association and joint location
As shown in Fig. 1, we established a pathway to listen for EPIC detection messages, which contains event 
information (location, magnitude, origin time, associated triggered stations with triggering time etc.) determined 
by EPIC. To associate EPIC events with DAS phase detections, we estimate the expected arrival time of the 
EPIC event at the triggered channel with median arrival time using EPIC event location and origin time. If the 
absolute time difference between this predicted arrival time and the actual P trigger time on the median channel 
is below a configurable threshold (set to 5 seconds), the EPIC event is considered associated with the current 
DAS detections. Then the triggered EPIC stations within a certain range will be used in the joint location. Joint 
location follows the same method described in the previous section, but combines misfits from both DAS arrays 
and stations. The location score in the joint location case is defined as:

	 Sjoint(x, t) = wEPIC · PEPIC(x, t) + (CP(x, t) − CS−P(x, t)) · PP(x, t) + CS−P(x, t) · PS−P(x, t),� (8)

where PEPIC(x, t) is the softmin-normalized likelihood from EPIC station picks, and PP, PS−P are the DAS-
based components. The weights CP and CS−P are as defined previously.

The weight wEPIC allows tuning the relative influence of EPIC in the joint location process. We currently 
set wEPIC = 1, which gives the EPIC misfit a higher weight. However, this value can be adjusted in future 
deployments to re-balance the contributions depending on network geometry or data quality.

Location evaluation metric
DAS arrays are often linear, and to ensure that only robust and well-constrained locations are forwarded to the 
alerting system, each candidate solution is evaluated using two complementary metrics derived from the spatial 
likelihood distribution S(x, t) as shown in Fig. 7:

•	 Prominence score: This metric quantifies the sharpness of the highest-probability grid point relative to its 
local neighborhood. It is defined as: 

	
prominence score = max(S(x, t))

median(S(x′′, t)) ,� (9)

 where x′′ is the outer edge of a 9×9 box (Slocal box in Fig. 7) without the inner 3×3 box (Smax box in Fig. 7) 
centered at the peak. A higher score indicates a more sharply defined peak.

•	 Distribution score: This metric evaluates how well-centered the peak location is relative to the surrounding 
high-probability region. We first define the high-likelihood region as all grid points between the 68th and 
100th percentiles of S(x, t). We then compute the geometric center of this region and measure its distance to 
the maximum-likelihood point. The score is defined as: 

	
distribution score = 1 − dcenter

dmax
,� (10)

 where dcenter is the Euclidean distance between the high-probability region center and the grid’s maximum 
point, and dmax is the maximum possible distance on the grid (a constant). A higher score implies that the peak 
is well-aligned with the center of mass of the likely region, suggesting an azimuthally well-constrained solution.
Both metrics are evaluated for each location solution. If either score falls below a predefined threshold, the 
location solution is rejected. We have tested different thresholds of the two metrics to evaluate the trade-off 
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between location accuracy and alert timeliness from the replay events. The current thresholds (prominence of 
1.15 and distribution score of 0.80) balance the trade-off (Figure S7) and work well in real time.

Algorithm optimization
To meet the requirements of a real-time EEW system, the data processing speed must exceed the data update 
rate. We stream 200 Hz DAS data for all 10300 channels from an OptaSense QuantX interrogator, with a latency 
around 0.53 seconds at the local server (Figure S8). We optimized SeaFOAM PhaseNet-DAS processing to 
eliminate unnecessary post-processing and deployed the grid search on the GPU to accelerate matrix operations. 
The data receiver, processor, and EPIC message receiver operate in parallel. We process 10-second-long sliding 
data windows. The current processing time varies depending on the number of picks detected by the SeaFOAM 
PhaseNet-DAS model. While the GPU inference for a fixed data window in PhaseNet-DAS is constant, pick 
extraction and filtering times vary, and CPU–GPU data transfer accounts for a significant portion of the total 
processing time. In contrast, grid search and magnitude estimation require relatively little time. At present, we 
can process one data window within 1 s (0.64 s on average with a standard deviation of 0.18 s from replay events), 
so the data update rate is set to 1-second interval.

Data availability
The codes and data needed to reproduce the figures can be found at https://doi.org/10.5281/zenodo.16861902. 
dEPIC-detected events were matched to events in the Advanced National Seismic System (ANSS) Compre-
hensive Earthquake Catalog (ComCat): https://earthquake.usgs.gov/data/comcat/ (last accessed August 2025). 
Figures were compiled using the matplotlib and Cartopy packages in Python. Fault data were obtained from U.S. 
Geological Survey and California Geological Survey, Quaternary fault and fold database for the United States at: ​
h​t​t​p​s​:​​/​/​w​w​w​.​​u​s​g​s​.​g​​o​v​/​n​a​t​​u​r​a​l​-​​h​a​z​a​r​d​​s​/​e​a​r​t​​h​q​u​a​k​e​​-​h​a​z​a​r​d​s​/​f​a​u​l​t​s (last accessed August 2025).

Received: 14 August 2025; Accepted: 25 November 2025

References
	 1.	 Allen, R. M. & Melgar, D. Earthquake early warning: Advances, scientific challenges, and societal needs. Annu. Rev. Earth Planet. 

Sci. 47, 361–388. ​h​t​t​p​s​:​​/​/​d​o​i​.​​o​r​g​/​1​0​​.​1​1​4​6​/​​a​n​n​u​r​​e​v​-​e​a​r​​t​h​-​0​5​3​​0​1​8​-​0​6​​0​4​5​7 (2019).
	 2.	 Allen, R. M., Gasparini, P., Kamigaichi, O. & Bose, M. The status of earthquake early warning around the world: An introductory 

overview. Seismol. Res. Lett. 80, 682–693. https://doi.org/10.1785/gssrl.80.5.682 (2009).
	 3.	 Satriano, C., Wu, Y.-M., Zollo, A. & Kanamori, H. Earthquake early warning: Concepts, methods and physical grounds. Soil Dyn. 

Earthq. Eng. 31, 106–118. https://doi.org/10.1016/j.soildyn.2010.07.007 (2011).
	 4.	 Lux, A. I. et al. Status and performance of the ShakeAlert earthquake early warning system: 2019–2023. Bull. Seismol. Soc. Am. 

https://doi.org/10.1785/0120230259 (2024).
	 5.	 Allen, R. M. et al. Global earthquake detection and warning using android phones. Science 389, 254–259. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​2​6​/​

s​c​i​e​n​c​e​.​a​d​s​4​7​7​9​​​​ (2025).
	 6.	 Cuéllar, A., Suárez, G. & Espinosa-Aranda, J. Performance evaluation of the earthquake detection and classification algorithm 2 (t S-t 

P) of the Seismic Alert System of Mexico (SASMEX). Bull. Seismol. Soc. Am. 107, 1451–1463. https://doi.org/10.1785/0120150330 
(2017).

	 7.	 Sheen, D.-H. et al. The first stage of an earthquake early warning system in South Korea. Seismol. Res. Lett. 88, 1491–1498. ​h​t​t​p​s​:​/​
/​d​o​i​.​o​r​g​/​1​0​.​1​7​8​5​/​0​2​2​0​1​7​0​0​6​2​​​​ (2017).

	 8.	 Kodera, Y. et al. Developments of the nationwide earthquake early warning system in Japan after the 2011 M w 9.0 Tohoku-Oki 
earthquake. Front. Earth Sci. 9, 726045. https://doi.org/10.3389/feart.2021.726045 (2021).

Fig. 7.  Illustration of location metrics. (a) Calculation of prominence and distribution scores for a well-
constrained solution; (b) Same metrics for an ambiguous solution.

 

Scientific Reports |          (2026) 16:960 9| https://doi.org/10.1038/s41598-025-30568-3

www.nature.com/scientificreports/

https://doi.org/10.5281/zenodo.16861902
https://earthquake.usgs.gov/data/comcat/
https://www.usgs.gov/natural-hazards/earthquake-hazards/faults
https://www.usgs.gov/natural-hazards/earthquake-hazards/faults
https://doi.org/10.1146/annurev-earth-053018-060457
https://doi.org/10.1785/gssrl.80.5.682
https://doi.org/10.1016/j.soildyn.2010.07.007
https://doi.org/10.1785/0120230259
https://doi.org/10.1126/science.ads4779
https://doi.org/10.1126/science.ads4779
https://doi.org/10.1785/0120150330
https://doi.org/10.1785/0220170062
https://doi.org/10.1785/0220170062
https://doi.org/10.3389/feart.2021.726045
http://www.nature.com/scientificreports


	 9.	 Nof, R. N., Lior, I. & Kurzon, I. Earthquake early warning system in Israel—Towards an operational stage. Front. Earth Sci. 9, 
684421. https://doi.org/10.3389/feart.2021.684421 (2021).

	10.	 Porras, J. et al. Preliminary results of an earthquake early warning system in Costa Rica. Front. Earth Sci. 9, 700843. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​3​3​8​9​/​f​e​a​r​t​.​2​0​2​1​.​7​0​0​8​4​3​​​​ (2021).

	11.	 Wu, Y.-M., Mittal, H., Chen, D.-Y., Hsu, T.-Y. & Lin, P.-Y. Earthquake early warning systems in Taiwan: Current status. Journal of 
the Geological Society of India 97, 1525–1532. https://doi.org/10.1007/s12594-021-1909-6 (2021).

	12.	 Peng, C. et al. Chinese nationwide earthquake early warning system and its performance in the 2022 Lushan M 6.1 earthquake. 
Remote Sens. 14, 4269. https://doi.org/10.3390/rs14174269 (2022).

	13.	 Netanel, M., Eisermann, A. S. & Ziv, A. Off-network earthquake location by earthquake early warning systems: Methodology and 
validation. Bull. Seismol. Soc. Am. 111, 3090–3102. https://doi.org/10.1785/0120200323 (2021).

	14.	 Ziv, A., Eisermann, A. S., Volk, O. & Zbeda, I. Introducing ViDA3, an earthquake early warning algorithm for offshore hypocenter 
determination using onshore seismic networks. Bull. Seismol. Soc. Am. 114, 2446–2456. https://doi.org/10.1785/0120230302 
(2024).

	15.	 Williamson, A., Lux, A. & Allen, R. Improving out of network earthquake locations using prior seismicity for use in earthquake 
early warning. Bull. Seismol. Soc. Am. 113, 664–675. https://doi.org/10.1785/0120220159 (2023).

	16.	 Kanazawa, T. et al. S-net project, cabled observation network for earthquakes and tsunamis (Suboptic, Dubai, 2016).
	17.	 You, Y. Harnessing telecoms cables for science. Nature 466, 690–691 (2010).
	18.	 Howe, B. M. et al. Smart cables for observing the global ocean: science and implementation. Front. Mar. Sci. 6, 424 (2019).
	19.	 Zhan, Z. Distributed acoustic sensing turns fiber-optic cables into sensitive seismic antennas. Seismol. Res. Lett. 91, 1–15. ​h​t​t​p​s​:​/​/​

d​o​i​.​o​r​g​/​1​0​.​1​7​8​5​/​0​2​2​0​1​9​0​1​1​2​​​​ (2020).
	20.	 Zhan, Z. et al. Optical polarization-based seismic and water wave sensing on transoceanic cables. Science 371, 931–936. ​h​t​t​p​s​:​/​/​d​o​

i​.​o​r​g​/​1​0​.​1​1​2​6​/​s​c​i​e​n​c​e​.​a​b​e​6​6​4​8​​​​ (2021).
	21.	 Marra, G. et al. Ultrastable laser interferometry for earthquake detection with terrestrial and submarine cables. Science 361, 486–

490. https://doi.org/10.1126/science.aat4458 (2018).
	22.	 Marra, G. et al. Optical interferometry-based array of seafloor environmental sensors using a transoceanic submarine cable. 

Science 376, 874–879. https://doi.org/10.1126/science.abo1939 (2022).
	23.	 Mazur, M. et al. Global seismic monitoring using operational subsea cable. arXiv preprint arXiv:2409.19827https://doi.

org/10.48550/arXiv.2409.19827 (2024).
	24.	 Lindsey, N. J. & Martin, E. R. Fiber-optic seismology. Annu. Rev. Earth Planet. Sci. 49, 309–336. ​h​t​t​p​s​:​​/​/​d​o​i​.​​o​r​g​/​1​0​​.​1​1​4​6​/​​a​n​n​u​r​​e​v​-​e​

a​r​​t​h​-​0​7​2​​4​2​0​-​0​6​​5​2​1​3 (2021).
	25.	 Xenaki, A., Gerstoft, P., Williams, E. & Abadi, S. Overview of distributed acoustic sensing: Theory and ocean applications. J. Acoust. 

Soc. Am. 158, 801–825. https://doi.org/10.1121/10.0037218 (2025).
	26.	 Lindsey, N. J., Dawe, T. C. & Ajo-Franklin, J. B. Illuminating seafloor faults and ocean dynamics with dark fiber distributed acoustic 

sensing. Science 366, 1103–1107. https://doi.org/10.1126/science.aay5881 (2019).
	27.	 Romanowicz, B. et al. SeaFOAM: A year-long DAS deployment in Monterey Bay. California. Seismol. Res. Lett. 94, 2348–2359. 

https://doi.org/10.1785/0220230047 (2023).
	28.	 Sladen, A. et al. Distributed sensing of earthquakes and ocean-solid Earth interactions on seafloor telecom cables. Nat. Commun. 

10, 5777. https://doi.org/10.31223/osf.io/ekrfy (2019).
	29.	 Williams, E. F. et al. Distributed sensing of microseisms and teleseisms with submarine dark fibers. Nat. Commun. 10, 5778. ​h​t​t​p​s​

:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​3​8​/​s​4​1​4​6​7​-​0​1​9​-​1​3​2​6​2​-​7​​​​ (2019).
	30.	 Cheng, F., Chi, B., Lindsey, N. J., Dawe, T. C. & Ajo-Franklin, J. B. Utilizing distributed acoustic sensing and ocean bottom fiber 

optic cables for submarine structural characterization. Sci. Rep. 11, 5613. https://doi.org/10.1038/s41598-021-84845-y (2021).
	31.	 Lior, I. et al. On the detection capabilities of underwater distributed acoustic sensing. J. Geophys. Res.: Solid Earth 126, 

e2020JB020925. https://doi.org/10.1029/2020jb020925 (2021).
	32.	 Williams, E. F. et al. Fiber-optic observations of internal waves and tides. J. Geophys. Res.: Oceans 128, e2023JC019980. ​h​t​t​p​s​:​/​/​d​o​i​

.​o​r​g​/​1​0​.​3​1​2​2​3​/​x​5​8​q​2​w​​​​ (2023).
	33.	 Xiao, H., Spica, Z. J., Li, J. & Zhan, Z. Detection of earthquake infragravity and tsunami waves with underwater distributed acoustic 

sensing. Geophys. Res. Lett. 51, e2023GL106767. https://doi.org/10.1029/2023gl106767 (2024).
	34.	 Igel, J. K. et al. Challenges in submarine fiber-optic earthquake monitoring. J. Geophys. Res.: Solid Earth 129, e2024JB029556. ​h​t​t​p​

s​:​​/​/​d​o​i​.​​o​r​g​/​1​0​​.​2​2​5​4​1​​/​e​s​s​o​​a​r​.​1​7​1​​6​9​1​1​7​7​​.​7​4​7​4​7​​1​4​0​/​v​1 (2024).
	35.	 Tonegawa, T. & Araki, E. High-frequency tsunamis excited near Torishima Island, Japan, observed by distributed acoustic sensing. 

Geophys. Res. Lett. 51, e2024GL108714. https://doi.org/10.1029/2024gl108714 (2024).
	36.	 Shi, Q. et al. Multiplexed distributed acoustic sensing offshore central Oregon. Seismol. Res. Lett. 96, 784–800. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​

7​8​5​/​0​2​2​0​2​4​0​4​6​0​​​​ (2025).
	37.	 Klaasen, S., Hudson, T., Sachdeva, S., Nomikou, P. & Fichtner, A. Submarine fibre-optic sensing potential for regional seismicity 

monitoring near Santorini and Kolumbo Volcano. https://doi.org/10.21203/rs.3.rs-6227080/v1 (2025).
	38.	 Lindsey, N. J., Rademacher, H. & Ajo-Franklin, J. B. On the broadband instrument response of fiber-optic DAS arrays. J. Geophys. 

Res.: Solid Earth 125, e2019JB018145. https://doi.org/10.1029/2019jb018145 (2020).
	39.	 Trabattoni, A. et al. From strain to displacement: using deformation to enhance distributed acoustic sensing applications. Geophys. 

J. Int. 235, 2372–2384. https://doi.org/10.31223/x5zd3c (2023).
	40.	 Gou, Y., Allen, R. M., Zhu, W., Taira, T. & Chen, L.-W. Leveraging submarine DAS arrays for offshore earthquake early warning: A 

case study in Monterey Bay, California. Bull. Seismol. Soc. Am. 115, 516–532. https://doi.org/10.1785/0120240234 (2025).
	41.	 Yin, J. et al. Real-data testing of distributed acoustic sensing for Offshore earthquake early warning. Seism. Rec. 3, 269–277. ​h​t​t​p​s​:​

/​/​d​o​i​.​o​r​g​/​1​0​.​1​7​8​5​/​0​3​2​0​2​3​0​0​1​8​​​​ (2023).
	42.	 Farghal, N. S., Saunders, J. K. & Parker, G. A. The potential of using fiber optic distributed acoustic sensing (DAS) in earthquake 

early warning applications. Bull. Seismol. Soc. Am. 112, 1416–1435. https://doi.org/10.1785/0120210214 (2022).
	43.	 Lior, I. et al. Magnitude estimation and ground motion prediction to harness fiber optic distributed acoustic sensing for earthquake 

early warning. Sci. Rep. 13, 424. https://doi.org/10.5194/egusphere-egu23-13803 (2023).
	44.	 Ben-Zeev, S. & Lior, I. Earthquake location with distributed acoustic sensing subarray beamforming with implications for 

earthquake early warning. Seismol. Res. Lett. https://doi.org/10.1785/0220240452 (2025).
	45.	 Strumia, C., Trabattoni, A., Scala, A., Rivet, D. & Festa, G. Harnessing secondary phases for rapid magnitude estimation with DAS 

offshore Chile and its implications for Early Warning. https://doi.org/10.21203/rs.3.rs-7073144/v1 (2025).
	46.	 Biondi, E. et al. Real-time processing of distributed acoustic sensing data for earthquake monitoring operations. arXiv preprint 

arXiv:2505.24077https://doi.org/10.48550/arXiv.2505.24077 (2025).
	47.	 McGuire, J. J. et al. The GorDAS distributed acoustic sensing experiment above the cascadia locked zone and subducted Gorda 

Slab. Seismol. Res. Lett. https://doi.org/10.1785/0220240415 (2025).
	48.	 Given, D. D. et al. Revised technical implementation plan for the ShakeAlert system—An earthquake early warning system for the 

West Coast of the United States. Tech. Rep., US Geological Survey (2018). https://doi.org/10.3133/ofr20181155.
	49.	 Kong, Q., Allen, R. M., Schreier, L. & Kwon, Y.-W. Myshake: A smartphone seismic network for earthquake early warning and 

beyond. Sci. adv. 2, e1501055 (2016).
	50.	 McBride, S. K. et al. Evidence-based guidelines for protective actions and earthquake early warning systems. Geophysics 87, WA77–

WA102 (2022).

Scientific Reports |          (2026) 16:960 10| https://doi.org/10.1038/s41598-025-30568-3

www.nature.com/scientificreports/

https://doi.org/10.3389/feart.2021.684421
https://doi.org/10.3389/feart.2021.700843
https://doi.org/10.3389/feart.2021.700843
https://doi.org/10.1007/s12594-021-1909-6
https://doi.org/10.3390/rs14174269
https://doi.org/10.1785/0120200323
https://doi.org/10.1785/0120230302
https://doi.org/10.1785/0120220159
https://doi.org/10.1785/0220190112
https://doi.org/10.1785/0220190112
https://doi.org/10.1126/science.abe6648
https://doi.org/10.1126/science.abe6648
https://doi.org/10.1126/science.aat4458
https://doi.org/10.1126/science.abo1939
http://arxiv.org/abs/2409.19827
https://doi.org/10.48550/arXiv.2409.19827
https://doi.org/10.48550/arXiv.2409.19827
https://doi.org/10.1146/annurev-earth-072420-065213
https://doi.org/10.1146/annurev-earth-072420-065213
https://doi.org/10.1121/10.0037218
https://doi.org/10.1126/science.aay5881
https://doi.org/10.1785/0220230047
https://doi.org/10.31223/osf.io/ekrfy
https://doi.org/10.1038/s41467-019-13262-7
https://doi.org/10.1038/s41467-019-13262-7
https://doi.org/10.1038/s41598-021-84845-y
https://doi.org/10.1029/2020jb020925
https://doi.org/10.31223/x58q2w
https://doi.org/10.31223/x58q2w
https://doi.org/10.1029/2023gl106767
https://doi.org/10.22541/essoar.171691177.74747140/v1
https://doi.org/10.22541/essoar.171691177.74747140/v1
https://doi.org/10.1029/2024gl108714
https://doi.org/10.1785/0220240460
https://doi.org/10.1785/0220240460
https://doi.org/10.21203/rs.3.rs-6227080/v1
https://doi.org/10.1029/2019jb018145
https://doi.org/10.31223/x5zd3c
https://doi.org/10.1785/0120240234
https://doi.org/10.1785/0320230018
https://doi.org/10.1785/0320230018
https://doi.org/10.1785/0120210214
https://doi.org/10.5194/egusphere-egu23-13803
https://doi.org/10.1785/0220240452
https://doi.org/10.21203/rs.3.rs-7073144/v1
http://arxiv.org/abs/2505.24077
https://doi.org/10.48550/arXiv.2505.24077
https://doi.org/10.1785/0220240415
https://doi.org/10.3133/ofr20181155
http://www.nature.com/scientificreports


	51.	 Kohler, M. D. et al. Earthquake early warning ShakeAlert 2.0: Public rollout. Seismol. Res. Lett. 91, 1763–1775. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​
1​7​8​5​/​0​2​2​0​1​9​0​2​4​5​​​​ (2020).

	52.	 McGuire, J. J. et al. ShakeAlert® version 3: Expected performance in large earthquakes. Bull. Seismol. Soc. Am. 115, 533–561. 
https://doi.org/10.1785/0120240189 (2025).

	53.	 Chung, A. I., Henson, I. & Allen, R. M. Optimizing earthquake early warning performance: ElarmS-3. Seismol. Res. Lett. 90, 
727–743. https://doi.org/10.1785/0220180192 (2019).

	54.	 Williamson, A., Lux, A. & Allen, R. M. Improving Magnitude Estimates in the EPIC Earthquake Early Warning Algorithm. 
Seismol. Res. Lett. https://doi.org/10.1785/0220240453 (2025).

	55.	 Bozzi, E. et al. Modelling uncertainty in P-wave arrival-times retrieved from DAS data: case-studies from 15 fibre optic cables. 
Geophys. J. Int. 239, 1928–1942. https://doi.org/10.1093/gji/ggae364 (2024).

	56.	 Simpson, G. D., Thompson, S. C., Noller, J. S. & Lettis, W. R. The northern San Gregorio fault zone: Evidence for the timing of late 
Holocene earthquakes near Seal Cove, California. Bull. Seismol. Soc. Am. 87, 1158–1170. https://doi.org/10.1785/bssa0870051158 
(1997).

	57.	 van den Ende, M., Trabattoni, A., Baillet, M. & Rivet, D. An analysis of the dynamic range of Distributed Acoustic Sensing for 
Earthquake Early Warning. EarthArXiv https://doi.org/10.31223/X5KH5R (2024).

	58.	 Zhai, Q. et al. Comprehensive evaluation of DAS amplitude and its implications for earthquake early warning and seismic 
interferometry. J. Geophys. Res.: Solid Earth 130, e2024JB030288. https://doi.org/10.1029/2024jb030288 (2025).

	59.	 Katakami, S. et al. Potential of earthquake strong motion observation utilizing a linear estimation method for phase cycle skipping 
in distributed acoustic sensing. J. Geophys. Res.: Solid Earth 129, e2023JB027327. https://doi.org/10.1029/2023jb027327 (2024).

	60.	 Hartog, A.H. An introduction to distributed optical fibre sensors (CRC press, 2017).
	61.	 Yin, J. et al. Earthquake magnitude with DAS: A transferable data-based scaling relation. Geophys. Res. Lett. 50, e2023GL103045. ​

h​t​t​p​s​:​​​/​​/​d​o​​i​.​o​r​​g​/​​1​0​.​2​2​5​​​4​1​/​e​s​​s​​o​a​r​.​1​​6​7​5​9​1​​​0​7​1​.​1​5​​6​9​​2​0​1​7​/​v​1 (2023).
	62.	 Böse, M., Andrews, J., Hartog, R. & Felizardo, C. Performance and next-generation development of the finite-fault rupture detector 

(FinDer) within the United States West Coast ShakeAlert warning system. Bull. Seismol. Soc. Am. 113, 648–663. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​7​8​5​/​0​1​2​0​2​2​0​1​8​3​​​​ (2023).

	63.	 Böse, M. et al. FinDer v. 2: Improved real-time ground-motion predictions for M2–M9 with seismic finite-source characterization. 
Geophys. J. Int. 212, 725–742. https://doi.org/10.1093/gji/ggx430 (2018).

	64.	 Murray, J. R. et al. Incorporation of real-time earthquake magnitudes estimated via peak ground displacement scaling in the 
ShakeAlert earthquake early warning system. Bull. Seismol. Soc. Am. 113, 1286–1310. https://doi.org/10.1785/0120220181 (2023).

	65.	 Zhu, W. et al. Seismic arrival-time picking on distributed acoustic sensing data using semi-supervised learning. Nat. Commun. 14, 
8192. https://doi.org/10.1038/s41467-023-43355-3 (2023).

	66.	 Zhu, W., McBrearty, I. W., Mousavi, S. M., Ellsworth, W. L. & Beroza, G. C. Earthquake phase association using a Bayesian Gaussian 
mixture model. J. Geophys. Res.: Solid Earth 127, e2021JB023249. https://doi.org/10.1029/2021jb023249 (2022).

	67.	 US Geological Survey, E.H.P. Advanced National Seismic System (ANSS) comprehensive catalog of earthquake events and 
products: Various (2017).

	68.	 Hunter, J. D. Matplotlib: A 2D graphics environment. Comput. Sci. Eng. 9, 90–95. https://doi.org/10.1109/mcse.2007.55 (2007).
	69.	 Met Office, U. Cartopy: A cartographic python library with a matplotlib interface (Exeter, Devon, 2010).

Acknowledgements
The authors thank Barbara Romanowicz, Weiqiang Zhu, Taka’aki Taira, Angela Lux, Ivan Henson, Amy Wil-
liamson, Li-Wei Chen, Savvas Marcou, Knute Brekke, Stephen Thompson, Stephen Guiwits, Utpal Kumar, Julien 
Marty, Doug Neuhauser, Junli Zhang, Stephane Zuzlewski, Martin Karrenbach, and Victor Yartsev for their 
technical support, advice and helpful discussions.

Author contributions
Y.G., R.N.N. and B.P. contributed to the methodology; Y.G. and R.N.N. carried out the formal analysis; Y.G. 
drafted the manuscript; R.M.A. and R.N.N. provided professional oversight; All authors reviewed and approved 
the final manuscript.

Funding
This work is supported by National Science Foundation (NSF) Grant Number OCE-2023301 and California 
Governor’s Office of Emergency Services, Agreement Number A211007522.

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​3​8​/​s​4​1​5​9​8​-​0​2​5​-​3​0​5​6​8​-​3​​​​​.​​

Correspondence and requests for materials should be addressed to Y.G.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Scientific Reports |          (2026) 16:960 11| https://doi.org/10.1038/s41598-025-30568-3

www.nature.com/scientificreports/

https://doi.org/10.1785/0220190245
https://doi.org/10.1785/0220190245
https://doi.org/10.1785/0120240189
https://doi.org/10.1785/0220180192
https://doi.org/10.1785/0220240453
https://doi.org/10.1093/gji/ggae364
https://doi.org/10.1785/bssa0870051158
https://doi.org/10.31223/X5KH5R
https://doi.org/10.1029/2024jb030288
https://doi.org/10.1029/2023jb027327
https://doi.org/10.22541/essoar.167591071.15692017/v1
https://doi.org/10.22541/essoar.167591071.15692017/v1
https://doi.org/10.1785/0120220183
https://doi.org/10.1785/0120220183
https://doi.org/10.1093/gji/ggx430
https://doi.org/10.1785/0120220181
https://doi.org/10.1038/s41467-023-43355-3
https://doi.org/10.1029/2021jb023249
https://doi.org/10.1109/mcse.2007.55
https://doi.org/10.1038/s41598-025-30568-3
https://doi.org/10.1038/s41598-025-30568-3
http://www.nature.com/scientificreports


Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025, corrected publication 2026 

Scientific Reports |          (2026) 16:960 12| https://doi.org/10.1038/s41598-025-30568-3

www.nature.com/scientificreports/

http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Integrating fiber-optic seismic arrays into earthquake early warning systems with the dEPIC framework
	﻿Results
	﻿Replay of individual events
	﻿Replay of continuous data
	﻿Real-time performance

	﻿Discussion
	﻿Conclusion
	﻿Methods
	﻿Algorithm overview
	﻿dEPIC earthquake location method
	﻿Grid search
	﻿Association and joint location
	﻿Location evaluation metric


	﻿Algorithm optimization
	﻿References


