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SUMMARY

Given the scarcity of seismometers in marine environments, traditional seismology has
limited effectiveness in oceanic regions. Submarine Distributed Acoustic Sensing (DAS)
systems offer a promising alternative for seismic monitoring in these areas. However, the
existing machine learning model trained on land-based DAS data does not perform well
with submarine DAS due to differences in noise characteristics, deployment conditions
and environmental factors. This study presents a machine learning approach tailored
specifically to submarine DAS data to enable automated seismic event detection and P-
and S-wave identification. Leveraging DeepLab v3, a neural network architecture opti-
mized for semantic segmentation, we developed a specialized model to handle the unique
challenges of submarine DAS data. Our model was trained and validated on a data set
comprising nearly 57 million manually and semi-automatically labelled seismic records
from multiple globally distributed submarine sites, providing a robust basis for accurate
seismic detection. The model adapts to a variety of deployment scenarios and can process
DAS data from cables with different lengths, configurations and channel spacings, mak-
ing it versatile for various ocean environments. We thus provide an adaptable and efficient
tool for automated earthquake analysis of DAS data, which has the potential to enhance
real-time earthquake monitoring and tsunami early warning in submarine environments.

Key words: Body waves; Distributed acoustic sensing; Earthquake early warning; Earth-
quake monitoring and test-ban treaty verification; Seismic instruments.

1 INTRODUCTION

In the last decade, distributed acoustic sensing (DAS) has ad-
vanced rapidly, transforming fibre optic cables into dense seis-
mic sensor networks (R. Posey et al. 2000). Its high spatial
resolution, cost-effectiveness and ease of deployment have ex-
panded its applications across seismology (N.J. Lindsey et al.
2017; P. Jousset et al. 2018). In addition, the volume of DAS
data collected from submarine environments has increased sig-
nificantly, driven by advances in fibre optic technology and its
deployment in underwater settings (A. Sladen et al. 2019; N.J.

Lindsey et al. 2019; B. Romanowicz et al. 2023; Z.J. Spica et al.
2023; Q. Shi et al. 2025). This surge in data presents a unique op-
portunity to advance earthquake detection and characterization
in marine environments (A. Ugalde et al. 2021; D. Mata Flores
et al. 2023; 1. Lior et al. 2023; C. Strumia et al. 2024). Better in-
formation on offshore earthquakes is invaluable for studies of
fault behaviour, earthquake physics and seismotectonics; this is
of particular relevance in subduction zones where often most
of the plate interface seismicity occurs offshore and where ex-
isting studies frequently suffer from limited backazimuthal cov-
erage. In addition, if submarine DAS data can be processed in
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real-time, additional lead time for earthquake and tsunami early
warning could be achieved (I. Lior et al. 2023; J. Yin et al. 2023;
M. van den Ende et al. 2025).

However, offshore seismic sensing is challenging due to the
complex and often uncontrollable underwater environment,
where acoustic signals from ocean dynamics overlap with those
from tectonic activity. Traditional seismic detection methods for
submarine environments, such as the STA / LTA (Short-Term
Average / Long-Term Average) trigger algorithm and template
matching, face significant challenges when applied to DAS data.
The STA/LTA method is highly sensitive to noise and often re-
sults in false detections in marine environments due to micro-
seisms, vessel noise, ocean waves and marine life (H. Xiao et al.
2022; L. Bouffaut et al. 2022; E.F. Williams et al. 2023; W.S.D.
Wilcock et al. 2023; H. Xiao et al. 2024; Y. Ni et al. 2024), which
degrade the signal-to-noise ratio (SNR) of seismic signals (M.
Withers et al. 1998) and are often also transient. Template match-
ing, while improving detection accuracy, requires pre-defined
waveform templates, making it less adaptable to the diverse
and complex waveforms observed in submarine DAS recordings
(C.E. Yoon et al. 2015). At the same time, a nonlinear azimuthal
response in DAS must also be accounted for, which can further
complicate seismic signal interpretation (R. Posey et al. 2000).
Denoising before detection, whether in the form of denoising
(Q. Shi et al. 2025) or wavefield separation (Y. Ni et al. 2024),
adds complexity to workflows. Furthermore, the shallow ma-
rine sediment layer introduces various converted waves, such
as basement-converted PS waves, adding another layer of com-
plexity to the signal interpretation (Z.J. Spica et al. 2020; A. Tra-
battoni et al. 2024). Meanwhile, the recently developed Kurtosis-
Value-Picker (KVP) algorithm may improve seismic event detec-
tion and phase picking accuracy in complex DAS and OBS data
using multiband kurtosis-based characteristic functions (H. La-
torre et al. 2025).

Recent advances in machine learning, especially deep learn-
ing, have shown promise in addressing these challenges, with
studies demonstrating the efficacy of deep learning models in
automatically detecting and classifying seismic events (W. Zhu
& G.C. Beroza 2018; S.M. Mousavi et al. 2019, 2020; W. Zhu et al.
2023). However, models trained in terrestrial seismic data often
fail (can sometimes be successful) to perform adequately in sub-
marine environments due to different noise characteristics and
geological differences (N.A. Ruppert et al. 2022; A. Niksejel &
M. Zhang 2024; T. Bornstein et al. 2024; Fig. S1). Currently, the
vast majority of machine learning models are trained on data
from traditional three-component seismometers, making them
unsuitable for direct application to single-component DAS data.

They are further impractical for large-scale deployment on
DAS, either due to their reduced performance or to computa-
tional expense (W. Zhu & G.C. Beroza 2018; Q. Shi et al. 2025).
To our knowledge, currently there is only one model trained on
DAS data, PhaseNet DAS, which is based on three terrestrial
DAS data sets acquired in California, which limits its applicabil-
ity in submarine environments (W. Zhu et al. 2023). Recognizing
these challenges, there is a clear need for specialized models ca-
pable of accurately labelling submarine DAS data.

To address these challenges, we propose training a deep learn-
ing model specifically on submarine DAS data. Specifically, we
adapt the DeepLab model, which is known for its robust perfor-
mance in image segmentation tasks, as a promising approach

for seismic wave detection and classification in submarine en-
vironments (L.C. Chen et al. 2017). The development of such a
model has the potential to improve our understanding of subma-
rine seismic activity and contribute to more effective earthquake
monitoring and early warning systems (J. Yin et al. 2023).

In this study, we train our model using 57 million DAS records,
which were collected from 6314 seismic events across 13 subma-
rine fibre optic cables worldwide. To build a robust training data
set, we developed an interactive semi-automated tool to label
the P and S waves in DAS data. This tool improves the accuracy
and efficiency of the labelling, creating high-quality manually
labelled data essential for adapting DAS models to the complex-
ities of the submarine environment. Through this work, our goal
is to advance seismic monitoring capabilities in underwater set-
tings, bridging the gap between terrestrial and underwater DAS
applications.

2 DATA AND MODEL

2.1 Curated DAS data set

To ensure that our machine learning model applies to various
oceanic environments worldwide, we have made a concerted ef-
fort to gather submarine DAS seismic data from multiple global
locations. Our study uses DAS data collected from 13 submarine
fibre optic cables around the world, covering nearly 92 million
seismic records (Fig. 1a). Additionally, we incorporated land-
based DAS earthquake records from the Ridgecrest region in
California to pre-train our model. The following sections intro-
duce the primary data sources and their key characteristics.

The first data set, which is the largest data source, comes from
two optical fibres along Alaska (Fig. 1b; Q. Shi et al. 2025). In
June 2023, two submarine telecom cables were connected to a
single Sintela Onyx v1.0 interrogator unit at the GCI Commu-
nication landing station in Homer, Alaska. The two fibre-optic
cables include the southern span of the Kodiak Kenai Fiber
Link (KKFL-S), oriented north-south, and the east-west ori-
ented TERRA (Terrestrial for Every Rural Region in Alaska) ca-
ble. The strain recordings were decimated from a sampling rate
of 1.25 kHz to 25 Hz to reduce storage demands. The channel
spacing is 9.57 m, with a gauge length of 17.55 m from June
to September and 23.93 m from September to December. Each
cable spans 81.64 km, with 8531 channels in each DAS data
array. During this period, nearly 6000 earthquakes occurred in
the vicinity of 200 km, generating close to 80 million single-
channel earthquake records (Fig. 1a, Table 1). The earthquakes
were detected by the United States Geological Survey Advanced
National Seismic System as part of standard operations of the
Alaska Earthquake Center network.

Fig. 2(a) shows the distribution of the SNR (db) for all seis-
mic records. The SNR is defined here as the ratio between the
maximum absolute amplitude of the seismic signal and the root-
mean-square (RMS) amplitude of the noise in the 3 s preceding
the event. The signal amplitude is determined based on manu-
ally labelled P and S wave arrival times: we extract a 1 s win-
dow centred around each arrival (0.5 s before and after) and use
the maximum absolute value within that window. The signal ar-
rival times are identified from manual picks and used directly to
define the time window for each phase. This approach ensures
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Figure 1. (a) Map showing the locations of all Distributed Acoustic Sensing (DAS) cables used in this study. Each red dot represents the position of a
fibre optic cable. (b) The largest data set is from the southern coastal region of Alaska, with two black lines marking the positions of the TERRA and
KKFL-S DAS fibres. Earthquake locations are depicted by circles, with colour indicating depth and size representing magnitude. (c) Another primary
data set comes from the Chilean coastline, where three cables CCN.N, SER.S and SER.N are shown by black lines alongside earthquake locations.
(d) The locations of two DAS cables and corresponding earthquake locations in the Canary Islands. (e) The DAS cable and earthquake locations in

Kamaishi, Japan.

Table 1. Summary of DAS data set statistics.

Location Year Region Channel Event No. Records Citation

KKFL-S/Homer 2024 Alaska 8531 5985 40 M Q. Shi et al. (2025)
TERRA/Homer 2024 Alaska 8531 5985 40 M Q. Shi et al. (2025)
CCN.N/La Serena 2021 Chile 36 718 41 1.5M C. Strumia et al. (2024)
CCN.N/La Serena 2023 Chile 15 000 229 34M M. van den Ende et al. (2025)
SER.S/Michilla 2023 Chile 15 000 229 34M M. van den Ende et al. (2025)
SER.N/Michilla 2023 Chile 15 000 229 34 M M. van den Ende et al. (2025)
Tenerife 2020 Spain 5984 28 0.17M A. Ugalde et al. (2021)

Gran Canaria 2020 Spain 5984 28 0.17M A. Ugalde et al. (2021)
Kamaishi 2020 Japan 6 000 23 0.14 M T. Tsuji et al. (2021)

Svalbard 2020 Norway 30 000 3 0.09 M L. Bouffaut et al. (2022)
Valencia 2020 Spain 2977 2 0.006 M H. Xiao et al. (2022)

Florence 2021 Oregon 3000 2 0.006 M H. Xiao et al. (2024)
GeoLAB/Madeira 2023 Portugal 11294 1 0.001 M A. Loureiro et al. (2025)
Total - - 116 748 6314 (Unique) 922.0 M -

that the SNR calculation accurately reflects the observed signal
characteristics rather than relying on theoretical traveltime esti-
mates.

As shown in Fig. 2(a), the number of S wave records is more
than double that of P wave records. In addition, the S wave gen-
erally has a slightly higher SNR compared to the P wave, with
most S wave SNRs around 8, while the P wave SNRs are mostly
around 6. Fig. 3(a) and Fig. 4(a) present the frequency of earth-
quake magnitudes and depths. The majority of earthquakes have
magnitudes between 1 and 3, with depths less than 150 km.

The second largest data set comes from three DAS recordings
along the Chilean coastline (Fig. 1c). In November 2021, DAS
data were recorded in Chile using an OptoDAS interrogator unit
from Alcatel Submarine Networks. This unit was connected to a

submarine fibre optic telecom cable operated by the GTD group,
spanning from Concén to La Serena (CCN.N) (C. Strumia et al.
2024). The DAS system monitored a 150 km-long segment of
this cable. The data were initially recorded with an 8.16 m gauge
length, a sampling rate of 625 Hz, and a spatial sampling inter-
val of 1.02 m, averaged over 4.08 m, resulting in a total of 36 718
channels. The data were later downsampled to a 125 Hz sam-
pling rate. In total, we collected 41 earthquakes comprising 1.5
million seismic records.

In a subsequent experiment along the Chilean coast between
2023 and 2024, DAS data were acquired from three fibre optic
cables running approximately parallel to the Chilean coastline
for most of their span (M. van den Ende et al. 2025). The DAS
system monitored three 150 km-long segments of these cables
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Figure 2. Signal-to-noise ratios (SNR db) of P wave and S wave recorded by seafloor DAS across various regions. Note that the SNR follows a decibel
scale, that is, a value of 20 corresponds to an SNR of 100. (a) The southern coastal region of Alaska. (b) The coastal region of Chile. (c) The area between
Tenerife and the Gran Canaria Islands. (d) The offshore region in northeastern Japan. (e) The remaining data in Table 1, excluding data from (a)-(d).

(CCN.N, SER.S and SER.N) (Fig. 1c). The data were recorded
with a spatial sampling interval of 10 m and a frequency of
125 Hz. It recorded 229 earthquakes during this period, resulting
in 10 million seismic records across the three fibres. As shown in
Fig. 2(b), similar to the Alaska data, the S wave generally exhibits
a higher SNR, with most S wave SNRs around 10, while most P

wave SNRs are around 6. However, P wave reaches the highest
SNR values, with some exceeding 30. This may be related to our
calculation method, as the noise preceding the P wave is rela-
tively low, whereas the coda of the P wave can affect the SNR
estimation for the subsequent S wave. Figs 3(b) and 4(b) dis-
play the frequency distribution of earthquake magnitudes and
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Figure 3. Earthquake local magnitude (ML) distribution. (a) The southern coastal region of Alaska. (b) The coastal region of Chile. (c) The area between
Tenerife and the Gran Canaria Islands. (d) The offshore region in northeastern Japan. (e) The remaining data in Table 1, excluding data from (a)-(d).

depths. The majority of earthquakes in these data sets have mag-
nitudes between 2 and 6 and are shallower than 100 km.

The third major data set was collected from an undersea fibre-
optic telecommunication cable that links the islands of Tenerife
and Gran Canaria. Two DAS interrogators monitored 5984 chan-
nels each, with a spatial resolution of 10 m (channel length),

covering the first 60 km of fibre starting from the coastline and
extending into the sea (A. Ugalde et al. 2021). The data were ini-
tially recorded with a sampling frequency of 1 kHz and were
later downsampled to 50 Hz. The DAS systems recorded 28
earthquakes, comprising 330 064 seismic records. In this data
set, the number of S wave records exceeds that of P wave, and
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Figure 4. Earthquake depth distribution in the catalogues. (a) The southern coastal region of Alaska. (b) The coastal region of Chile. (c) The area
between Tenerife and Gran Canaria Islands. (d) The offshore region in northeastern Japan. (e) The remaining data in Table 1, excluding data from

(a)-(d).

the Swave also exhibits a significantly higher SNR (Fig. 2¢). Sim-
ilarly, Fig. 3(c) and Fig. 4(c) show the distribution of earthquake
magnitudes and depths from these catalogues, with magnitudes

ranging from 1 to 3 and depths down to 50 km.

The fourth data set comes from the coast of Japan. We uti-
lized DAS data recorded from the seafloor off the coast of Ka-
maishi, northeast Japan, collected between 2020 October 10 and
November 23 (T. Tsuji et al. 2021). In this test survey, the spa-
tial sampling interval was set to 10 m, with a gauge length of
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20 m. The cable used in this experiment was 60 km long, provid-
ing data from 6000 channels. The sampling rate is 500 Hz in this
offshore experiment. In total, it recorded 23 earthquakes, com-
prising 138 000 seismic records. The SNR of earthquakes in the
Japan region is slightly lower than that along the Chilean coast
although the magnitude distribution is similar (Figs 3b and d),
likely due to the larger epicentral distances of the earthquakes
in this area. In general, all the recorded earthquakes are shallow
earthquakes 0 to 100 km (Fig. 4d).

‘We also utilized data from cables located in Svalbard (L. Bouf-
faut et al. 2022), Oregon (H. Xiao et al. 2024), and off the coast
of Spain in the Mediterranean (H. Xiao et al. 2022), as well as
data from the GeoLAB fibre in Madeira (A. Loureiro et al. 2025).
However, since these locations recorded less than five earth-
quakes each, we only provide summarized descriptions of these
data sets in the table. For more information on the seismic data
from these locations, please refer to the previously published ar-
ticles (Table 1).

To enhance our data set and improve the stability of our
model, we augmented the data by incorporating real oceanic
DAS seismic noise. These noise samples were carefully selected,
ensuring that they were recorded during periods without seis-
mic events. We employed the kurtosis function to determine
whether the noise contained any seismic signals.

The kurtosis K is calculated using the following formula:

_ > (g —x)* B

n-o*

K 3,

where x; is the i-th data point in the data set. X is the mean of
the data set. n is the total number of samples in the data set. o
is the standard deviation of the data set. To maintain the coher-
ence in the seismic waveforms across different channels, we did
not add noise to each channel individually. Instead, we added
noise with the same array size to the earthquake waveforms in
each patch. This method more closely mimics the conditions of
our real seismic recordings, ensuring that the augmented data is
more representative of actual DAS observations. Notably, these
noise samples were sourced from various offshore DAS cables lo-
cated around the world, further diversifying our data set. Addi-
tionally, the noise was normalized, with levels randomly added
ranging from 10 per cent to 50 per cent of signal amplitudes. This
variability in noise levels enhances the robustness of our model
by exposing it to different SNRs, ultimately improving its ability
to detect small earthquakes.

2.2 Semi-automatic arrival time pick labelling

Although PhaseNet, which was originally trained on seismome-
ter data, can sometimes produce reasonable phase picks on DAS
recordings, its performance is inconsistent. In some cases, the
picks generated by PhaseNet exhibit timing errors or fail to de-
tect certain phases, particularly for low SNR or complex wave-
field conditions commonly observed in DAS data. Therefore,
while seismometer-trained models such as PhaseNet can serve
as a useful starting point or reference, their outputs require care-
ful adjustment or manual verification before being used for DAS
applications. To ensure the quality and accuracy of our labelled
data, we adopted a semi-automatic labelling approach. Initially,
we applied PhaseNet (W. Zhu & G.C. Beroza 2018), using the
SeisBench (J. Miinchmeyer et al. 2022; J. Woollam et al. 2022)
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platform, to perform single-channel labelling, leveraging its ef-
ficiency in identifying P and S seismic waves. We applied a band-
pass frequency filter in the range of 0.5 to 20 Hz, as well as an
FK (frequency-wavenumber) filter with a slowness window cor-
responding to apparent velocities between 300 and 50 000 ms™*.
Since PhaseNet is designed to take a three-component input, but
DAS data contains only a single component, we duplicated the
single DAS channel across all three input channels. We used the
original pre-trained weights provided with PhaseNet. Whereas
in many cases, this simplistic approach already resulted in rea-
sonable picks, there were also many instances where the no ar-
rival was identified, P and S waves were not identified correctly,
or the wrong part of the waveform was picked (Q. Shi et al.
2025). Therefore, to enhance the reliability of these labels, we
developed an interactive software tool that allows manual cor-
rection of labelling results. We manually intervened every 5-10
channels, depending on the channel spacing for each DAS ca-
ble, correcting errors that might have arisen due to excessive
noise on single-component DAS data (Fig. 5a). The arrival times
of the P and S waves for the channels in between were deter-
mined through linear interpolation. We also conducted man-
ual checks to ensure the accuracy of these interpolated times,
and if any discrepancies were found, we intervened and cor-
rected them manually (Fig. 5b). This hybrid method enabled us
to efficiently and accurately label P- and S-wave seismic records,
ensuring more accurate labelled data for subsequent analysis
(Fig. 5¢).

Due to the low SNR ratio in some DAS seismic data, there are
instances where even manual labelling cannot accurately deter-
mine the P- and S-wave arrival times (SNR < 3). In such cases,
we choose to discard this data to maintain the overall quality and
accuracy of the data set.

2.3 Training data set preparation

Only the highest quality seismic records within the frequency
range of 1 to 20 Hz, exhibiting clear waveforms and minimal
noise interference, were selected for further analysis. All train-
ing data were carefully bandpass-filtered within this range to
ensure consistency and optimal model performance. This fre-
quency band effectively suppresses ocean wave noise, which
predominantly occurs below 0.2 Hz (A. Sladen et al. 2019;
N.J. Lindsey et al. 2019; H. Xiao et al. 2024), and mitigates
interference from Scholte wave seismic noise, typically ob-
served between 0.1 and 2 Hz (H. Xiao et al. 2025). Users
are therefore advised to apply the same 1 to 20Hz filtering
when preparing their own data to ensure compatibility with
the trained model. Filtering within this range preserves essen-
tial seismic information while discarding irrelevant background
noise.

To standardize the data for analysis and model training, we re-
sampled all waveforms to a uniform rate of 100 Hz, aligning with
typical requirements for seismic analysis (e.g. default sampling
rate in SeisBench models) while maintaining sufficient temporal
resolution for accurate signal interpretation. However, we pre-
served the original channel spacing of each DAS data set to re-
tain the different inherent spatial resolutions and specific char-
acteristics of the seismic signals. This balance between standard-
ization and preserving unique data set properties is critical for
ensuring the generalization of the model.

9z0z Iudy 01 uo Jesn wepsiod Z49 Aq 2688918/1906e66/z/Gz/e10n1e/(6/woo dno-ojwspese//:sdiy woly pepeojumoq



8 H. Xiao et al.

(a)

300

| © Pwaves
| © S waves
250 1
| Before manual
correction
200+ ;

Channel numbers

0 10 20 30 40 50
Time (second)

Channel Number

Channel numbers

| © Pwaves
| ® S waves
After manual

correction
200

—_
[6)]
o

0 10 20 30 40 50 60
Time (second)

0o 20 40 60 80
Time (second)

100 120 140 160 180

Figure 5. An example of semi-automatic labelling of P and S waves from the Chile data set. (a) We initially labelled the P and S waves using PhaseNet
from the SeisBench platform, (b) then manually corrected any mislabelled data through our interactive software tool (c) The final label result from this
semi-automatic process. The channel range in (a) and (b), corresponds to channels 22 500-22 800 in (c). We show the results in panel (c) using black

lines only for clarity.

Subsequently, the P-wave arrival time in the middle channel
of each patch was used as a reference. From these data, we ex-
tracted 40 s waveform segments, with start times randomly cho-
sen between 2 and 10s before the manually picked P-wave ar-
rival in the middle channel. This method aligns with established
data preparation techniques and ensures that the extracted seg-
ments capture a mix of seismic signals and background noise.
We also randomly added real DAS seismic noise chosen before
to the earthquake data. Incorporating this noise is essential for
training models capable of robust detection across a variety of

SNR conditions. To ensure balanced representation in the train-
ing data, we exclusively selected earthquake records containing
both P and S waves, allowing the model to effectively learn the
characteristics of both phases. This selection was necessary be-
cause, in the Alaska data set (Fig. 2), S-wave samples are far more
numerous than P-wave samples; using all available data would
have resulted in a heavily biased training set.

The processed data were then organized into manageable
patches consisting of 200 to 500 DAS channels, with the spe-
cific number determined by the spacing between the channels to
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ensure optimal segmentation for the data set. For training pur-
poses, we exclusively used labelled earthquake data within these
patches to guarantee the model learns from well-defined exam-
ples, avoiding any inclusion of unlabelled segments.

2.4 Training data augmentation

To further augment the data set, we applied slight temporal
stretching and compression (less than 10 per cent) along the
time axis. This approach is inspired by techniques used in im-
age segmentation, where geometric transformations are applied
to introduce variability in the training data without altering its
core features and has been successful for training phase pick-
ers across a wide range of frequencies Q. Shi & M.A. Denolle
(2023). This technique simulates potential interchannel timing
variations in real seismic recordings on the seabed due to the
sediments and improves the model’s ability to generalize across
different ocean environments.

2.5 Test data set

To evaluate the performance of our model, we conducted a com-
prehensive comparative analysis using distinct test data sets.
Specifically, we extracted 10 per cent of the data as test data
and another 10 per cent as validation data. These subsets were
randomly selected from the different DAS data sets to ensure a
diverse representation, capturing a wide range of seismic event
characteristics and environmental conditions. By including data
from multiple regions and varying signal qualities, this approach
enables a robust and generalized evaluation of the model’s abil-
ity to detect seismic events under different circumstances. The
random selection helps mitigate any biases that might arise from
overfitting to specific subsets of the data, thus ensuring that the
model’s performance is a reliable reflection of its real-world ap-
plicability.

2.6 Model

We utilized the DeepLab model for our machine learning ap-
proach. DeepLab is a deep learning model designed specifically
for semantic image segmentation, where the goal is to classify
each pixel in an image into pre-defined categories (L.C. Chen
et al. 2017). It leverages several advanced techniques to achieve
high accuracy in segmenting complex images. One of the core
innovations in DeepLab is the use of atrous convolutions, which
allows the model to capture multiscale contextual information
without losing resolution (Fig. 6). This technique effectively in-
creases the receptive field of the network without adding extra
parameters, making it particularly powerful for handling varied
and complex input data.

We believe that atrous convolutions are especially well-suited
for processing different DAS data, as each DAS setup can have
different channel spacings. By leveraging atrous convolutions,
DeepLab can better accommodate these variations in channel
spacing, leading to improved performance and adaptability in
analysing diverse DAS seismic data sets. Another key feature of
DeepLab is its use of the fully connected conditional random
field (CRF) as a post-processing step, which refines the bound-
aries of segmented objects, making them more precise and bet-
ter aligned with actual object contours. The model also benefits
from employing backbone networks like ResNet, which enhance
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its ability to learn deep and rich feature representations. Due to
these innovations, DeepLab has demonstrated exceptional per-
formance in image segmentation tasks across various challeng-
ing data sets.

3 TRAINING

We pre-trained our model using terrestrial DAS data from Ridge-
crest, California (761 earthquakes and 6 316 300 records), cap-
italizing on the similarities in seismic signal characteristics
(AI4EPS 2023; W. Zhu et al. 2023). Labelling this training data
was also accomplished using our semi-automated labelling tool,
ensuring the accuracy and consistency of the data set. Although
seafloor DAS signals exhibit notable differences from land DAS
data due to oceanic and environmental influences, there are also
fundamental similarities in their underlying seismic wave char-
acteristics. Therefore, we utilized land DAS data to pre-train our
model before fine-tuning it with seafloor DAS data. This ap-
proach allows the model to learn general seismic feature rep-
resentations from the accessible land data sets, which can then
be effectively adapted to the marine environment. Such trans-
fer learning strategies are widely adopted in other domains—
for example, in medical image segmentation, where models pre-
trained on natural image data sets (e.g. ImageNet) are fine-tuned
for medical imaging tasks (H.E. Kim et al. 2022), demonstrat-
ing that leveraging shared features across different data domains
can significantly improve model performance. This pre-training
step is crucial, as it enables the model to rapidly learn the funda-
mental aspects of earthquake detection, such as identifying and
labelling P and S waves, providing a strong foundation that can
be effectively transferred to the more challenging task of subma-
rine seismic detection.

To adapt the DeepLab framework for DAS data, we modified
its architecture to accommodate single-channel 2-D inputs, rep-
resenting the spatiotemporal features of DAS seismic data (in-
stead of three channels in image analysis). The output layer
was reconfigured to classify each input segment into one of
three categories: P waves, S waves and noise. We tried differ-
ent methods and found that this approach achieved the fastest
training speed and the best convergence. This adjustment en-
sures that the model is specifically optimized for the charac-
teristics of DAS data sets, which differ significantly from tra-
ditional three-component seismic data but also pose different
structures than required in classic image analysis. For labelling
P and S wave arrivals, we represent them using Gaussian func-
tions, transforming each arrival into a probability distribution.
This Gaussian representation allows for more flexible and prob-
abilistic handling of arrival times compared to a single-point la-
bel. We can adjust the values of o independently in both the x-
and y-directions to control the width of the Gaussian distribu-
tion based on their specific needs. A smaller o will produce a
sharper, more precise peak, while a larger o provides a broader
and more tolerant representation of the arrival time. We use a
larger o = 60 in the early stages of training to help better con-
vergence, and a smaller o = 20 in the later stages of training to
achieve higher precision.

We implemented a cross-entropy loss function, which is well-
suited for classification tasks and effectively measures the diver-
gence between the predicted probabilities and the true labels. To
optimize the learning process, we employed the Adam optimizer
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Figure 6. Architecture diagram of DeepLab v3. The model utilizes a Deep Convolutional Neural Network (DCNN) backbone (ResNet) for feature
extraction, followed by an Atrous Spatial Pyramid Pooling (ASPP) module that captures contextual information at multiple scales. ‘Conv’ denotes
convolutional layers. The ASPP module combines parallel atrous (dilated) convolutions with different rates to effectively enlarge the receptive field
without increasing the number of parameters. A final decoder module refines the output predictions, enabling accurate phase localization in noisy

DAS data.

(K. Diederik 2014), known for its adaptive learning rate capabil-
ities, which helps to accelerate convergence while minimizing
the risk of overshooting the optimal solution.

To further enhance model robustness and generalization, we
applied data augmentation techniques mentioned before during
training. These included adding real seismic noise to the DAS
signals, slight temporal stretching and compression, and intro-
ducing temporal shifts. Specifically, the temporal shifts were im-
plemented by randomly selecting the starting point of the input
time window within the 10-s interval preceding the P wave ar-
rival. The shifts followed a uniform distribution and were gen-
erated once per patch based on the first channel, then applied
consistently across all channels within that patch to preserve
spatial coherence. These augmentations ensured that the model
was exposed to a wide range of conditions, preparing it to handle
diverse and noisy submarine seismic data effectively.

Initially, we set the learning rate to 1 x 1073 for the first
five epochs to facilitate rapid learning during the early training
phase. After this initial period, we reduced the learning rate to
1 x 1073 for the subsequent 20 epochs, allowing for more fine-
tuned adjustments as the model converged.

Additionally, we implemented a spatial dropout rate of 0.2 to
prevent overfitting by randomly deactivating a portion of the
units during training. This technique improves the robustness
of the model by encouraging it to learn more general features.
To further mitigate the risk of overfitting, we also implemented
an early stopping mechanism that monitors the model’s perfor-
mance on the validation set (L. Prechelt 2002). This mechanism
halts training when the validation loss begins to increase, ensur-
ing that the model retains its ability to generalize well to unseen
data.

For the main training phase, we employed four NVIDIA A100
GPUs, each with 80 GB of memory, providing good computa-
tional power and memory capacity to efficiently handle large-
scale data sets. Prior to the main training, the model was pre-
trained for 1 hr using terrestrial DAS data to establish a sta-
ble initialization, followed by training on underwater DAS data.
It is important to note that during inference, the model does

not require the same level of hardware resources; a single A100
GPU—or even one with lower memory—can adequately sup-
port model execution. The full training process lasted for 24 hr,
during which we continuously monitored key performance met-
rics and made necessary adjustments to ensure stable conver-
gence and robust generalization.

4 PERFORMANCE EVALUATION

We evaluated our model’s performance using recall, precision
and F1 score. The formulae for these metrics are as follows:
TP
TP + FP’
where TP is the number of true positives and FP is the number
of false positives.
TP
TP + FN’
where FN is the number of false negatives.

Precision =

Recall =

Precision x Recall

Fl=2X ——MM————.

Precision + Recall
These metrics provide a comprehensive evaluation of the
model’s ability to correctly identify positive instances.

The test results for Chile, Alaska and the other data sets are
summarized in Table 2 when the threshold is set to 0.8. For P-
wave detection in the Chilean data set, the model achieved a pre-
cision of 0.95 and a recall of 0.93, significantly outperforming its
performance on the Alaska data (approximately 0.8 for both met-
rics). This improved performance may be attributed to the rela-
tively larger earthquake magnitudes in the Chilean region and
the noisier data in the Alaska region, which is more affected by
the local storms. These factors result in more distinct and eas-
ily identifiable P-wave onsets. For S-wave detection, the model
exhibited consistent performance across different regions, with
precision, recall and F1 scores all around 0.88. This indicates
that the model is relatively robust in identifying S waves, regard-
less of regional variations in earthquake characteristics. We also
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Table 2. Performance comparison on Chilean and Alaskan coastal data. Outliers are defined as picks with abso-

lute error > 1s.

Region Phase Precision Recall F1 MAE (s) Outlier (per cent)
Chile P 0.95 0.93 0.94 0.22 3.2

S 0.96 0.82 0.88 0.15 2.1
Alaska P 0.88 0.79 0.83 0.21 4.2

S 0.91 0.89 0.90 0.18 3.7
Other data sets P 0.87 0.76 0.81 0.20 6.2

S 0.88 0.85 0.86 0.17 7.1

evaluated the model on data sets from other data sets including
Svalbard, Madeira and Valencia. The performance on these data
sets is slightly lower than that on the main training regions, indi-
cating that the model may be influenced by the dominant char-
acteristics of the primary training data (Chile and Alaska). This
result suggests that while the model generalizes reasonably well,
further improvement could be achieved by incorporating more
diverse data sets from different regions.

In addition, we compared the performance of DeepSubDAS
and (original) PhaseNet DAS in picking seismic P and S waves
from submarine DAS data (see Fig. 7). Our findings suggest that
DeepSubDAS outperforms PhaseNet DAS in those examples.
This result is understandable, as PhaseNet DAS was originally
trained on DAS seismic data from land-based sources. PhaseNet
DAS tends to exhibit a higher rate of false picks, which could
be attributed to the differences in noise characteristics between
marine DAS seismic data and those from terrestrial environ-
ments. It is worth noting that for the correctly picked P and S
waves by PhaseNet DAS (Fig. 8, Table S1), the picking error is
slightly higher than that of DeepSubDAS (Fig. 9), with most er-
rors within 0.5 s. This indicates that, although PhaseNet DAS
tends to produce many more false positive detections, the time
error of its true positive picks remains within a reasonable range;
however, there are still many outliers.

In the case of the Alaska data set, PhaseNet DAS produced
erroneous picks for both P and S waves (Fig. S1 and Table S1).
The inaccuracies in picking P and S waves for the Alaska data set
are likely due to the short duration of the pre-event noise data. A
longer time-series of background seismic noise prior to the event
could provide more contextual information, potentially benefit-
ing the performance of both models. This difference in perfor-
mance highlights the importance of training models specifically
for the offshore DAS and land-based data to which they will be
applied, as well as the need for more diverse ocean-based train-
ing data sets to improve robustness.

Moreover, we observed that DeepSubDAS is more sensitive
to local time variations caused by seafloor sediment layers,
whereas PhaseNet DAS tends to produce smoother picks (Fig. 7).
PhaseNet DAS’s tendency toward smooth picks could be bene-
ficial in more stable environments but becomes a disadvantage
in complex, sediment-heavy seafloor regions where abrupt time
delays or scattering may occur and should be visible in the pick-
ing time.

In addition, we found that DeepSubDAS is capable of detect-
ing some signals with low SNRs that humans might miss (Fig.
S2). Additionally, for some low SNR seismic records, DeepSub-
DAS outperforms semi-automated manual labelling (Figs S3a
and S3b). This advantage likely arises from the interpolation
methods used in semi-automated labelling, which can result in
significant onset deviations in low SNR conditions, while hu-
man analysts struggle to correct these inaccuracies effectively.

Furthermore, human fatigue during the labelling of large data
sets can introduce errors (Figs S3c and S3d), which further high-
lights the model’s stability and reliability, especially in challeng-
ing data conditions.

Fig. S5 illustrates the performance of our model when mul-
tiple earthquakes occur simultaneously. As shown, the model
is still able to clearly identify both P and S waves. While the
model inherently distinguishes P and S phases, we note that,
given the single-component nature of DAS data, the relative or-
der of the seismic phases may play an important role. Neverthe-
less, the model likely also learns additional features that aid in
phase identification.

5 DISCUSSION

While the overall performance of DeepSubDAS demonstrates
clear advantages over PhaseNet DAS on submarine DAS data,
several limitations and edge-case behaviours merit further dis-
cussion. These insights not only help clarify the current bound-
aries of the model but also provide directions for future develop-
ment.

1. Trade-off between context window and memory con-
straints. When running inference on systems with limited mem-
ory, processing long time-series data across thousands of chan-
nels (e.g. 5000 channels for 30 s) may exceed available mem-
ory. To mitigate this, we allow users to specify a smaller num-
ber of channels or shorter time windows for input. While ef-
fective in avoiding memory issues, this approach introduces a
drawback: the model’s limited global context. In DAS data, SNR
often degrades at the cable’s distal ends. In such scenarios, S
wave arrivals are occasionally misclassified as P waves due to
the weak P wave signals. This type of misclassification is more
prevalent in single-component DAS recordings compared to tra-
ditional three-component seismometers, where polarization in-
formation aids in phase identification (see Fig. 10a).

2. Challenges in S-wave onset detection. In some cases, the on-
set of S wave is difficult to pick accurately. This typically occurs
when the coda energy from the P wave masks the beginning of
the S wave, leading to a decreased SNR for S-wave identifica-
tion (see Fig. 10b). These edge cases illustrate the need for im-
proved phase boundary discrimination, especially under over-
lapping waveforms.

3. Performance under extremely low SNR conditions. Finally,
in cases where the P-wave signal is almost imperceptible to hu-
man analysts across the entire DAS array, the model may also
fail to reliably identify the P wave. Interestingly, under such con-
ditions, the model tends to label the only clearly visible wave-
form as a P wave, even when it is more likely to be an S wave
due to its higher amplitude. This behaviour contrasts with hu-
man analysts, who can draw on domain-specific knowledge—
such as typical amplitude differences between seismic phases to
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Figure 7. This figure compares the performance of DeepSubDAS (a) and PhaseNet DAS (b) in picking P and S waves for an ML 3.6 earthquake in Chile.
Panels (c) and (d) provide a zoomed-in view of the results for channels 5000 to 8000.
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Figure 8. Histogram of P and S wave residuals of PhaseNet DAS on
Alaska and ChileChilly data picks compared to semi-automatic picks.

make more accurate judgments (see Fig. 10c). This highlights
both the model’s sensitivity to phase order features and its cur-
rent limitations in reliably distinguishing phases under extreme
noise.

4. Limitations of the current training data set: Our current
model is trained exclusively on manually labelled P and S
phases, without inclusion of converted phases such as P-S or S-
P. Consequently, the model is unable to detect or classify these
converted phases (see Fig. 10d). This limitation arises not only
from the training data itself but also from the model’s output
design, which currently considers only three classes: P, S and
noise. Properly addressing converted phases would require ei-
ther extending the classification scheme to include P-S and S-
P phases or training separate models specialized for converted
phases. Given the prevalence and often large amplitude of con-
verted phases—particularly P-S conversions—this limitation is
important to acknowledge. A more diverse and fully annotated
data set that includes these phases would likely enhance the
model’s versatility and interpretability.
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Figure 9. Histogram of P and S residuals of DeepSubDAS picks compared to semi-automatic picks. (a) and (b) show data from the Chilean coast, while
(c) and (d) display data from Alaska, (e) and (f) are rest of the data. In (a), (c) and (e), the threshold we selected is 0.8, whereas in (b), (d) and (f) it is
0.9. It can be observed that the picking error follows a Gaussian distribution and is mostly within 0.2 s. See Table 2 for statistics of the distributions.

These observations emphasize that while DeepSubDAS per-
forms robustly in many settings, its behaviour is still influenced
by architectural constraints, input pre-processing strategies, and

the composition of the training data set. Particularly, model gen-
eralization could benefit significantly from enriched data sets
that include converted phases and broader signal conditions.
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Figure 10. Representative examples of typical failure cases in DeepSubDAS seismic phase picking on submarine DAS data. (a) Limited context mis-
classification: In distal regions of the DAS array, where SNR is low for P waves, the model incorrectly classifies S waves as P waves due to the absence of
global context when inference is limited to smaller channel subsets. (b) Obscured S wave onsets: The trailing energy of strong P wave arrivals can mask
the onset of S waves, leading to incomplete or inaccurate S wave picks. (c) Severe low-SNR scenario: When the P-wave signal is below the visibility
threshold for both human analysts and the model, DeepSubDAS tends to label the dominant visible wave—likely the S wave—as a P wave, highlight-
ing the model’s sensitivity to amplitude in the absence of clear P phase cues. (d) Undetected converted phases: Converted phases such as PS are not
identified by the model, as they are not labelled in the training data set, which only includes P and S phases.

6 CONCLUSIONS

In this study, we developed and trained a deep learning model
specifically for submarine DAS data using a framework based on
DeepLab. To support model training, we collected a data set of 92
million seismic records from DAS data across 13 submarine fibre
optic cables worldwide. Recognizing the challenge of creating a
high-quality labelled data set, we developed a semi-automated
labelling tool to accurately mark P and S waves within this ex-
tensive data set. Our model demonstrates superior performance
compared to existing models, achieving higher accuracy in pick-
ing seismic P and S waves. For seismic records with low SNR ra-
tios, it can detect arrivals, when human identification becomes
difficult at best. To assert the quality of picks in such very low
SNR ratios requires estimates of their performance in down-
stream location tasks, and is beyond the scope of this study.

This advancement is particularly valuable for the future appli-
cation of submarine DAS data in seismic early warning systems,
as it enhances both the reliability and speed of seismic event de-
tection in underwater environments.

In this study, we did not perform earthquake relocation for
two primary reasons: first, the precise locations of DAS chan-
nels along the cables were unavailable; secondly, relocation is
not within the scope of this paper. Oceanic sediment layers, in
particular, can heavily influence seismic velocities, adding com-
plexity to precise relocation efforts.

Our model is designed with high flexibility, allowing it to pro-
cess input data of varying sizes, making it well-suited for deploy-
ment across DAS data sets from different regions. This adapt-
ability is critical for the scalability of submarine seismic moni-
toring, enabling more comprehensive and tailored data analysis
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for diverse oceanic environments. Its ability to accommodate re-
gional variability without extensive reconfiguration underscores
the model’s potential as a robust tool for global submarine seis-
mic monitoring and earthquake early warning systems.

However, our model still has several limitations. For exam-
ple, it currently cannot identify converted waves, and when the
preceding P wave signal is too weak, the model may mistakenly
classify the subsequent S wave as a P wave. Addressing these
challenges will be an important direction for improvement and
optimization.

Looking to the future, several strategies can be employed to
improve the generalization and accuracy of our model. One
key approach is the adoption of advanced deep learning archi-
tectures, such as combining convolution networks with recur-
rent or transformer models, which can enhance the model’s
ability to capture both spatial and temporal patterns in seis-
mic data. Furthermore, data augmentation techniques and the
generation of synthetic data could help expand the training
data set, allowing the model to generalize over a wider range
of seismic events and noise conditions. To further improve the
adaptability of the model, we can explore multisource data fu-
sion, integrating submarine DAS data with complementary sen-
sors such as ocean bottom seismometers or satellite-based mea-
surements. Furthermore, transfer learning and domain adap-
tation techniques would allow the model to be more easily
adapted to new regions with fewer available data. Finally, ex-
panding the data set to include a wider variety of seismic events
from different geographic and geological conditions will ensure
the model’s robustness, allowing it to perform reliably in di-
verse underwater environments. Through these advances, our
goal is to create a more accurate, flexible and scalable tool for
submarine seismic monitoring and rapid earthquake detection
systems.
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