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Department of Earth and Space Sciences

Modern seismology is undergoing a data revolution driven by advances in machine learning, fiber-
optic sensing, and cloud computing. This dissertation develops scalable, data-driven approaches

to earthquake monitoring that span the full data lifecycle from acquisition and storage to analysis.

I compile a curated benchmark seismic dataset from 21 years of Pacific Northwest recordings that
improves machine learning phase picker performance in the region. I develop a cloud-native storage
framework for large-scale fiber-optic sensing data and demonstrate its effectiveness on an ambient
noise cross-correlation workflow using data from the SeaDAS-North deployment. I apply a machine
learning wavefield reconstruction method to seafloor fiber-optic data in Cook Inlet, Alaska to en-
hance earthquake detection and phase picking in an edge computing setting. I present a cloud-native
workflow that processes approximately 1.3 petabytes of continuous seismic recordings spanning two
decades, producing a publicly accessible global phase pick database. I develop a multi-stage machine
learning framework that reconstructs earthquake ground motion fields and estimates probabilistic
hypocenter locations from sparse sensor observations, with applications to earthquake early warning.
Finally, I provide a comprehensive review of cloud computing and storage in seismology. Together,
these contributions advance the scalability of earthquake monitoring and will contribute to the

development of next-generation seismic monitoring systems.
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Listing of Figures

The event counts of ComCat and exotic catalog included in the Al-ready Pacific

Northwest dataset as a functionof time. . . . . . . . . . . . .. ... .. ... ..

Number of events arranged by event type of the curated ComCat and Exotic event

datasets. . . ... e

Locations of the events included in the ComCat dataset. The red dashed polygon
denotes the authoritative region boundaries of PNSN. The solid lines mark the depth
contour of the subduction slab with a 20 km interval °°. Some contours are labeled by
the slab depth. The plate boundary between Juan de Fuca and North America Plate
(plate depth o km) is delineated in the white line. Some events are color-coded white

because they are deeper than 60 km. These are intermediate-depth earthquakes. . . .

Distributions of P- and S-wave picking residuals (¢ p/7, — t pvsn) from the benchmark
testing on velocity seismograms. The number in the upper right corner of each subplot
shows the mean absolute error (MAE), the root-mean-square error (RMSE) as the un-
certainties to the MAE, the mean value of the residual, and the picking completeness in
percentage concerning the ground truth. The PNW-retrained Earthquake Transformer
outperforms the other four pre-trained models from SeisBench**” in both picking

accuracy and detecting completeness. . . . ... .. Lo L

Number of streams from each channel type used in the ComCat and exotic event
catalogs through time. Short-period (EH?) and broad-band (BH?) sensors were the
predominant channels for both ComCat and exotic datasets before 2012, while the
recording at higher sampling rates at broadband sensors (HH?) increasingly has become
the standard since then. A limited number of streams from strong-motion accelerome-

ter EN? channels is available in the dataset since2007. . . . . . . . ... ... ...

Magnitude types of ComCat events as a function of time. Md and Ml denote duration
and local magnitudes, respectively. Mh denotes magnitudes manually inserted by the
analysts. Before the PNSN began using the ANSS Earthquake Monitoring System
(AQMYS) in 2012, 483 events had Ml estimates, and 46,326 events had Md estimates in

thedataset. . . . . . .. e

Waveform from event uw1os83988 (M4.8 Brinnon, Washington, 25 April 2003) in-

cluded in the dataset. Only the vertical component is shown. The blue and red vertical
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lines show P- and S-wave arrival picked, respectively. The amplitude units are in counts. 25

Distribution of signal-to-noise ratios (SNR) of the traces from ComCat and exotic

events. SNRs are calculated on each component of the three-component streams. . .
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3.1

3.2

3.3

3.4

Workflow for DASstore: Distributed Acoustic Sensing (DAS) data is converted into
Zarr or TileDB format in the MinIO object storage server. The computing server sends
a data request to the MinIO object storage and loads the data directly into the memory.
A conventional workflow would be downloading the HDFs file from the raw data
server and loading data to memory on the server where computing is performed (gray
dashed arrows). The data attributes converted from the raw HDFj files are stored
in the new format, which in the Ocean Observatories Initiative (OOI) examples are:
RawData-2D DAS data, RawDataTime—1D time axis, with four customized datasets:
GpBits, GpsStatus, PpsOffset, and SampleCount. These datasets are specific to
the OptaSense interrogator of the OOI data. The color version of this figure is available

only in the electronicedition. . . . . ... ... L L L L L Lo

Chunking data in the three formats. The raw data is stored from the interrogators as a
single file for each minute of recording. The Zarr schema separates each HDFs dataset
into a number of chunks; each chunk is a single object. The TileDB schema collects
the entire data into a single array; the chunks are “tiles” and are concatenated in time.
The red arrow represents the case for a “large-T” analysis with a subarray of the DAS
cable. The green arrow represented a “large-N” analysis with a smaller time window.

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

Results of the reading test for (a) chunked HDFs, (b) Zarr and (c) TileDB format. For
chunked HDFs, the compute server downloads the entire HDFs file, reads a subarray of
5000 channels and then performs the feature extraction on each channel. The compute
server requests a subarray of sooo channels from the object storage and performs the
same feature extraction workflow. The upper panels show the time to finish the test,
and the lower panels show the total bytes received by the compute server. The line color
indicates the chunk/tile size for Zarr/TileDB arrays. All lines are overlapping with each
other for the chunked HDFjs test. The black dashed line in the lower section shows the
theoretical data size after compression. The color version of this figure is available only

in the electronicedition. . . . . . . . . ...

Results of the scaling reading test on Amazon Web Service (AWS). Panel (a) shows the
reading time averaged over s runs. The dotted line indicates a strong scaling fitting,
assuming the network transmission time stays constant. Panel (b) shows the total bytes
received from the object storage averaged over s runs. The line color indicates the
data format (Zarr and TileDB). The black dashed line in the right panel (b) shows the
theoretical data size after compression. The color version of this figure is available only

intheelectronicedition. . . . . . . . . ...
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3.5

3.6

4.1

4.2

(a) Map showing the location of the SeaDAS-N cable (solid line) connecting Seattle and
Bothell campus of the University of Washington, United States. Only the red segment
was interrogated in December 2022 for data collection. (b) One-hour SeaDAS-N raw
data of all 2089 channels (in radians unit, a data volume of ~2.7 GB). The image starts
2022-12-15 at 13:30:00 UTC. The gray region indicates a one-minute data gap. The
clipped data (channel ~1100-1700) is from the segment where the cable is above ground.

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

An example of ambient noise cross-correlations functions of SeaDAS-N using channel
500 as the virtual source. The channel number is labeled on the left y-axis, and the
distance along the cable is labeled on the right y-axis. The black dashed line indicates
the location of the virtual source. The color version of this figure is available only in

the electronicedition. . . . . . . . . . .

(a) Map of the Cook Inlet area in Alaska with two seafloor telecommunication cables
shown: the southern span of Kodiak Kenai Fiber Link (KKFL-S) cable and the Ter-
restrial for Every Rural Region (TERR A) cable. 2615 earthquakes shown are selected
from the USGS catalog between 1 July and 31 December 2023. The solid black lines
mark the depth contour of the subduction slab with a 20 km interval””. (b) A r1o-
minute recording of the raw data after demeaning and normalization on the KKFL-S
cable, with corresponding water depth shown on the right and power spectrum in
(c). Channel numbering starts from the landing station in Homer, Alaska. Ocean
signals dominate the spectrum at about 10 s. The instrumental noise, a common mode,
is clearly visible as a long-period vertical band observable along the whole cable and
excessively dominating the data on the land cable segments (channel number smaller

than ~I100). . . . . .

Structure of the wavefield reconstruction model, SHallow REcurrent Decoder
(SHRED?**). Two LSTM:s (long-short-term memory) are stacked together as the input
branch. The shallow decoder is a three-layer, densely connected multi-layer perceptron
(MLP) branch. The LSTM branch maps the time series from sparse DAS channels
into a latent state with a fixed dimension. The latent state is then projected to the
reconstructed wavefield at all N' channels through the shallow decoder network. Note
that time series at and before time 7} is used for input, while only wavefield at time 77

isreconstructed. . . . . . . L. e e e
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(a-c) A 1o-minute example of raw, reconstructed, and residual data from the Cook
Inlet DAS experiment on the KKFL-S cable sampling at 25 Hz. The same color scale
is used for raw and reconstructed data, while the residual is boosted by a factor of 2.
(d-e) The power spectrum of the raw data (black solid line) and reconstruction (red
solid line) across the cables, with six selected channels shown in (i-k), suggesting a

well-reconstruction in the frequency domain belowoxsHz. . . . . . ... ... ..

(a-b) A 10-minute example of raw and reconstruction data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. Data from a segment of 2000
channels are shown. The corresponding data in the frequency-wavenumber (F-K)
domain is shown in (c) and (d), respectively. The dispersion relation for ocean waves

under an intermediate water depth setting (h = 80 m) is plotted as red dashed lines. .

Greedy algorithm tests: DAS data compression and reconstruction using Implicit
Neural Representation (INR) models: Sinusoidal Representation Network (SIREN)
and Random Fourier Feature Network (RFFN) are tested using a ro-minute data from
the Cook Inlet DAS experiment (Figure 4.3). Reconstructive waveforms and their

residuals are shown in (a,c) and (b,d), respectively. . . . . . ... ... Lo L.

(a-c) Raw, reconstructed, and residual data of a 40 s DAS recording from the Cook Inlet
experiment. The selected window contains P- and S-wave arrivals from a regional M3.5
earthquake on 29 December 2023 (USGS event ID ak023godcr3i). Dashed lines
show the theoretical arrival time calculated from Tau-P using the catalog hypocenter
location. (d-f) With the noise (gray), P- (blue), and S-wave (red) onset selected, we
measure the kurtosis for each data on this shorter time window. (g-h) The improvement
of peak kurtosis contrast in the P- and S-wave window before and after removing the
reconstruction. As each circle corresponds to a single event sized by its magnitude,
48.8% and 76.3% events show an enhanced arrival on P- and S-wave, respectively. The

aforementioned eventis filled withstars. . . . . . . . . . ... ... ... ...

A 50 s residual DAS recording after removing the reconstructed wavefields from the
raw data. The selected window contains P- and S-wave arrivals from a regional M2.o
earthquake on 14 July 2023 (USGS event ID ak0238yvmdxr). A band-pass filter is
applied for illustration purposes only, enhancing the earthquake onset. We use the
ensemble learning earthquake phase picker (ELEP**) to pick the arrival time on the
unfiltered residual data, marked by the blue and red crosses. Dashed lines show the
theoretical arrival time calculated from Tau-P using the catalog hypocenter location
and IASP-or reference velocity model. The inset shows the difference between the
ELEP picks (Tyr1,) and the theoretical arrival time (77 p) for P- and S-wave onset. The
mean absolute difference, the standard deviation as the uncertainties, and the mean

value of the difference are reported in the upper right corner. . . . . . . .. ... ..
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4.8

5.1

5.2

5:3

5.4

5:5

Correlated wavefield and dispersion analysis. Cross-channel correlation on (a) raw,
(c) reconstructed, and (e) residual data. Correlation functions are calculated over 100
continuous channels and are stacked linearly over one hour, with slant stacked phase
velocity dispersion map shown on the right, respectively. All cross-correlation functions
and dispersion maps share the same color range, respectively, highlighting little leakage
of coherent seismic ambient wavefield in the reconstruction. The dispersion suggests a

highly dispersive fundamental-mode surface wave on this cable segment. . . . . . . .

Map of stations, displayed as triangles and color coded according to the Data availability
in station-years included in EarthScope, NCEDC, and SCEDC archives. Panel (a)

shows the distribution of global station data availability. Panel (b) shows a detailed

view of stations in the United States, while Panel (c) shows data availability in California. 77

The scalable cloud-native workflow for seismic phase picking. Containerized jobs are
submitted to AWS Batch, which loads miniSEED seismic waveforms directly from
AWS S3 buckets. Phase arrivals were identified with PhaseNet through the SeisBench

implementation. A DocumentDB cluster is employed to store job metadata, picks, and

checkpoints. Finally, an EC2 instance is used to provide a public database query service. 79

Detailed job run history for the EarthScope, NCEDC, and SCEDC dataset. Panel
(a) shows the Job ID as a function of time, color-coded by year the data was recorded,
for the EarthScope dataset. Panel (b) shows the job progression for the NCEDC and
SCEDC datasets. Panels (c) and (d) show the pending jobs as a function of time. Panels
() and (f) show the running jobs as a function of time. The horizontal dashed line

represents thejobquota. . . . . ... Lo L

Daily picks for selected stations. Stations are indicated by triangles on the central map,
annotated with location and channel codes. For each of the ten example stations, the
detail plots show a time series of the number of picks per day and a 28-day moving

averageinred. . . . ... L. L

Omori-type decays of the number of picks per day (blue) and the number of events per
day (red) after the mainshock. We use picks at the reference station provided in the figure
title. Event counts for the Illapel earthquake are from the Chilean Seismic Network
(CSN) catalog, for the other two examples from the International Seismological Centre
(ISC) and United States Geological Survey (USGS) catalog. In each case, we count all
events with at most a 1.5-degree difference in latitude and longitude from the reference

STALION. . . . v o e e e e e e e e e e e e e e e e e e e e e e
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6.1

6.4

(a) Three-dimensional shear wave velocity (V) structure of the simulation domain
(Dz = Dy = D, = 9.6 km). The red outline marks the surface observation area
where virtual sensors record ground motion. (b) Example surface wavefield snap-
shots from a single simulation (sample index 100015). The nine panels show the three-
component (East-West, North-South, and Vertical) displacement (cm), velocity (cm/s),
and acceleration (m/s?) field snapshot, with the projected source location marked by
the gray star. The right panels show the corresponding Peak Ground Velocity (PGV,

cm/s) and Peak Ground Acceleration (PGA, %g) maps at the same time stamp. . . . .

Architecture of the multi-stage wavefield reconstruction framework (EQ-SHRED
and EQ-FLOW). Three-component velocity trajectories recorded at sparse sensors
over a lag window [tg, tg + Njqg) are encoded by a stacked GRU-based recurrent
encoder into a shared latent space. In Stage 1A (wavefield reconstruction), MLP decoder
branches map the latent space to the compressive space, which are then expanded to
the full spatial wavefield through their respective left singular mode matrices as the
low-resolution reconstructions. In Stage 1B (source location estimation), the Gaussian
Mixture Model (GMM) decode the latent space into probabilistic distributions of the
hypocenter locations (o, (+), py, (), pz, (+)). In Stage 2 (wavefield refinement), a flow
matching conditioned U-Net**# takes the low-resolution wavefield reconstructions as
conditioning inputs and generates high-resolution refinements. . . . . . . . . .. ..

Example of the randomized Singular Value Decomposition (SVD) applied to the veloc-

ity field (vertical component). The high-dimensional tensor &2, € RVsim X NaxNyxNe

is decomposed into the left singular vectors U € RNexNyxr (

spatial modes),
the diagonal matrix of singular values 3 € R"*", and the right singular vectors
VT ¢ R Nsim XNt (temporal modes). The center panel shows the singular value
decay (red) and the relative information content (RIC; blue) as a function of the
number of retained modes. The left and right panels show the 10 leading spatial and

temporal modes, respectively. . . . ... L oo o

Schematic of the EQ-FLOW generative refinement stage based on conditional flow
matching. A Gaussian noise sample g ~ N(0,I) is progressively shifted to the
target distribution p1 of high-resolution wavefields 1 = & iR, constrained by the
low-resolution wavefield 1, g reconstructed by EQ-SHRED from Stage 1A. Wavefield
snapshots at two intermediate time steps (€, , €, ) illustrate the gradual emergence
of fine-scale wavefield features as the integrating path evolves from noise toward the

high-resolution target. . . . . . .. .. ... ... L oL o
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6.6

6.7

6.8

Displacement wavefield reconstruction snapshot for a representative test event (sample
index 100044). (a) Spatial maps of the displacement field (cm) for three components
(East-West, North-South, Vertical) and for ground-truth simulation, Stage 2 refinement,
and Stage 1A reconstruction, respectively. White triangles mark the 33 virtual sensor
locations that are used as input. (b) Compressive state amplitudes for modes 1-100 per
component, comparing ground-truth (red), Stage 1A reconstruction (light blue), and
Stage 2 refinement (dark blue). Same comparison for (c) modes 101-200, and (d) vector

wavenumber power spectral density (PSD) as a function of wavenumber k (km™1).

Velocity wavefield reconstruction snapshot for the same representative test event as
Figure 6.5. (a) Spatial maps of the velocity field (m/s) for three components (East-West,
North-South, Vertical) and for ground-truth, Stage 2 refinement, and Stage 1A recon-
struction, respectively. White triangles mark the 33 virtual sensor locations that are used
asinput. (b) Compressive state amplitudes for modes 1-100 per component, comparing
ground-truth (red), Stage 1A reconstruction (light blue), and Stage 2 refinement (dark
blue). Same comparison for (c) modes 101-1000, and (d) vector wavenumber power

spectral density (PSD) as a function of wavenumber & (km™1). .o

Peak Ground Velocity (PGV) and Peak Ground Acceleration (PGA) reconstruction
snapshot for the same representative test event as Figure 6.5. (a) Spatial maps of the
PGV field (cm/s) and PGA field (%g) showing ground-truth, Stage 2 refinement, and
Stage 1A reconstruction, respectively. Gray triangles mark the 33 virtual sensor locations
that are used as input. (b) Compressive state amplitudes for modes 1-100, comparing
ground-truth (red), Stage 1A reconstruction (light blue), and Stage 2 refinement (dark
blue). Same comparison for (c) modes 101-200, and (d) vector wavenumber power

spectral density (PSD) as a function of wavenumber k (km™1). . . . . . .. ... ..

Source location estimation results for a representative test event (sample index 10003s;
see panel (d)) and across the held-out test set. (a) Time-evolving probability density
maps for each hypocenter location axis (s, ys, 2s). The solid red vertical line marks
the time when the event is first detected by a sensor. The white dashed horizontal line
marks the ground-truth source location, and the white cross marks the first model
prediction with a minimum probability density of s, at the time indicated by the red
dashed vertical line. (b) Velocity waveforms (vertical component) from the selected
sensors, ordered by their hypocenter distance, with the first arrivals marked by the red
triangles. (c) Response time as a function of ground-truth source location for all test
events. Each dot represents one event, with the red curve showing the running mean
value. (d) Wavefield snapshot of this representative event showing the 33 virtual sensor
locations (triangles), the source location (gray star), and the corresponding source

parameters used for the simulation. . . . . . ... ... ..o 0000000
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7.4

7-5

Evolution of cloud computing in seismology: before 2020, most computational work-
flows involved downloading data from the Incorporated Research Institutions for
Seismology Data Management Center (IRIS DMC) and other data centers and work-
ing locally. Between 2020 and 2025, seismologists have investigated the use of elastic
computing by pulling data from existing archives and processing directly on the cloud
(e.g., MacCarthy et al. **). At the same time, two regional seismic networks copied
their archives of earthquake catalogs and seismic waveforms to Amazon Web Services
(AWS): the Southern California Seismic Network (SCSN) and the Northern California
Seismic Network (NCSN). Since 2025, the EarthScope Consortium has migrated its
petabyte-scale archive to the cloud, enabling researchers to pull and compute directly

onthecloud. . . . . . . .

Station map of cloud-hosted data: A total of about 1.3 PBs of seismometer miniSEED
data is hosted on Amazon Web Services (AWS) cloud storage: the EarthScope Consor-

tium seismic data archive, and the Northern and Southern California Earthquake Data

Center. Each triangle indicates a seismic station and is color-coded by its data availability. 115

Two canonical workflows in seismology: Event-based seismology that reads large vol-
umes of seismic data (high I — high Input) but outputs low volumes of data in databases
(low O - low Output), and structure-based seismology that reads large volumes of
seismic data (high I) and outputs large volumes of seismic data (high O). The first
workflow outlines the basic steps in generating a seismic event catalog. The second

workflow describes how to extract seismic properties of the subsurface with ambient

field seismology, which generates high data volumes of ambient noise cross-correlations. 124

Ambient Noise Cross Correlation using 1 year of data from the Southern California
Earthquake Data Center: all data are publicly available in the SCEDC AWS cloud
storage (s3://scedc-pds). The Z-Z component cross-correlation functions are bandpass

filtered between1and1oseconds. . . . . . .. ...

Evolution of job statistics in the 2025 Data Mine experiment: top panel has a line
between the start and end time of each job that ran on Fargate. Each year’s worth
of data is sent manually as a separate batch of jobs, color-coded for EarthScope. The
middle panel shows the number of pending jobs in the Fargate queue. Jobs enter the
queue and are scheduled to run until the quota of 1500 jobs is reached. The dips in the
number of active jobs are attributed to our slower job orchestration. One that may be

attributed to SPOT’s intermitency is at hour 6o. Upon success, the experiment on the

NCEDC and SCEDC went smoothly, maximizing the number of jobs until completion. 130

Number of streams from the ComCat event catalog per station. The red dashed

polygon denotes the authoritative region boundaries of PNSN. . . . . . ... .. ..
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B.2

B

B.6

B.7

B.8

C.a

Number of streams from the Exotic event catalog per station. The red dashed polygon
denotes the authoritative region boundaries of PNSN. Note that 96% of the exotic

events are surface EVENTS. . . . v v v o e e e e e e e e e e e e e e e e e e e e e e

Example of a stream with a step offset from short-period EH channel. FDSN network

and station code, ComCat event ID, and source origin time are labeled on the top. . .

Example of a stream with a step offset from broad-band HH channel. FDSN network

and station code, ComCat event ID, and source origin time are labeled on the top. . .

Histogram of P- and S-wave picking residuals (¢ 577, — t pnsn) from the benchmark
test data set of strong motion channels. The number in the upper right corner of each
subplot shows the mean absolute error (MAE), the root-mean-square error (RMSE)
as the uncertainties to the MAE, and the picking completeness in percentage with
respect to the ground truth. The PNW-retrained Earthquake Transformer outperforms
than other four pre-trained models from SeisBench*“” in both picking accuracy and

detecting completeness. . . . . .. ... Lo

Fitting of Gutenberg-Richter (GR) power law distribution of magnitudes (solid lines)
with 3 years of earthquake events cataloged by PNSN (black dots). The plot indicates

that the minimum magnitude of completenessisaround 2. . . . . . ... ... ...

Location of the events with location horizontal uncertainty larger than 20 km. The red

polygon denotes the authoritative region boundariesof PNSN.. . . . . .. ... ..

Location of the events with location horizontal uncertainty larger than 20 km. The red

polygon denotes the authoritative region boundariesof PNSN.. . . . . .. ... ..

Number of picked P-wave polarity as a function of time. The red line marks the

positive-negative ratio of the P-wave polarities. . . . . ... ... ... ... . ...

Loss function during the SHallow REcurrent Decoder (SHRED) model training
process. Mean-Squared-Error (MSE) is used to measure the misfit between the recon-

structedand therawdata. . . . . . . . . ..

A 100 s long example of the raw, reconstructed, and residual data from the Cook Inlet
DAS experiment on the KKFL-S cable sampling at 25 Hz. Figures show the arrivals
from an Mr.9 earthquake near Anchor Point, Alaska, on 22 July 2023 (USGS event ID
ak0239btbal5b). The amplitude coefficient b of this event is estimated to be 0.704.
The same color scale is used for raw and reconstruction data, while the residual is

boosted by a factoroftwo. . . . . ... L
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C.6

A 100 s long example of the raw, reconstructed, and residual data from the Cook Inlet
DAS experiment on the KKFL-S cable sampling at 25 Hz. Figures show the arrivals
from an Mww?7.2 earthquake near Sand Point, Alaska, on 16 July 2023 (USGS event ID
at00rxvmwl). The amplitude coefficient b of this event is estimated to be 0.643. The
same color scale is used for raw and reconstruction data, while the residual is boosted
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(a-c) A 10-minute long example of the raw, reconstructed, and residual data from the
Cook Inlet DAS experiment on the TERR A cable sampling at 25 Hz. The selected
window does not contain earthquakes according to the USGS catalog. The same color
scale is used for raw and reconstruction data, while the residual is boosted by a factor
of two. (d-e) The power spectrum of the raw data (black solid line) and reconstruction
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Generalizability test of the SHRED model. (a) An 80 s long example of the raw data
from the Cook Inlet DAS experiment on the TERR A cable sampling at 25 Hz. Figures
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a segment of 2000 channels are shown. The corresponding data in the frequency-
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for ocean wave under an intermediate water depth setting (h = 80 m) is plotted as red
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(a-b) A 1o0-minute example of raw and reconstruction data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. The SHallow REcurrent Decoder
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wavenumber (F-K) domain is shown in (c) and (d), respectively. Dispersion relation
for ocean wave under an intermediate water depth setting (h = 80 m) is plotted as red
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A so s raw DAS recording from the Cook Inlet experiment. The selected window
contains P- and S-wave arrivals from a regional M2.0 earthquake on 14 July 2023 (USGS
event ID ak0238yvmdxr). A band-pass filter is applied for illustration purposes only,
enhancing the earthquake onset. We use the EQCCT to pick the arrival time on the
unfiltered residual data, marked by the blue and red crosses. Dashed lines show the
theoretical arrival time calculated from Tau-P using the catalog hypocenter location
and IASP-o1 reference velocity model. The inset shows the difference between the ML
picks (T'ar1,) and the theoretical arrival time (77 p) for P- and S-wave onset. The mean
absolute difference, the standard deviation as the uncertainties, and the mean value of

the difference are reported in the upper rightcorner. . . . . . .. ... ... L.
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crosses. Dashed lines show the theoretical arrival time calculated from Tau-P using the
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Introduction

Seismology, rooted in the first principles of elasticity, is becoming an increasingly data-driven subdisci-
pline of geoscience. While seismometers continuously measure ground motion, for a long time, digital
data were archived and made available only as event segments at major data centers. With advances in
computer science and engineering, continuous seismic data archiving became common practice for
most seismic networks in the early 2000s. Driven by the rapid expansion of regional seismic networks,
dense nodal deployments, ocean-bottom seismometers, and trends toward higher sampling rates and
co-located instruments, continuous seismic archives are growing rapidly "°. As of 2024, data hosted by

the EarthScope Consortium (formerly the Incorporated Research Institutions for Seismology (IRIS))



Data Management Center (DMC) have exceeded 1 petabyte*. Additionally, the emergence of Dis-
tributed Acoustic Sensing (DAS) technology has further expanded seismic data collection in various
environments by utilizing fiber-optic cables as dense seismic arrays**”. This proliferation has opened
new opportunities to leverage the full potential of continuous seismic recordings, further advancing our
understanding of the Earth’s structure and dynamics®.

One major motivation for expanding seismic observation is to enhance earthquake monitoring
across scales. Earthquake monitoring serves two complementary roles. In near-real-time, it is critical for
earthquake early warning (EEW) systems that provide rapid alerts before strong shaking arrives, guiding
automated protective actions that can potentially save lives and protect critical urban infrastructure'".
The same system works as a broadband environmental sensor, enabling the real-time detection and
characterization of a wide range of non-tectonic seismic sources such as quarry blasts and explosions ',

196

landslides ', and glacial processes”°. Beyond real-time applications, complete and high-resolution

earthquake catalogs resulting from retrospective data analysis fuel a broad range of Earth science research,

including seismic tomography ***

329, seismic hazard analysis'”®, and volcano monitoring>"7°.
However, fully utilizing the large volume of seismic data to further enhance earthquake monitoring
comes with notable challenges. First, processing continuous seismic recordings requires developing
algorithms capable of efficiently identifying useful signals from seismic ambient noise. Second, many
scientifically important regions remain beyond the reach of dense seismic stations, either due to logis-
tical inaccessibility or prohibitive deployment costs, leaving critical gaps in coverage. Third, the sheer
scale of modern seismic datasets demands advanced computing infrastructure capable of supporting
data-intensive workflows that exceed the capacity of conventional on-premises systems. In this disser-
tation, I address these challenges through three recent innovations in seismology: machine learning,
distributed acoustic sensing, and cloud computing. While individually distinct, these innovations are
complementary and will collectively enable a scalable, data-driven earthquake monitoring framework.
Machine Learning (ML) has increasingly benefited research in geoscience and seismology>®7".
The recent surge of ML applications is fueled by the need to automate feature extraction and pattern

recognition in ground-motion time series data. ML has been widely applied across tasks such as earth-

quake detection and phase picking7+2>2*»*59357 ' phase association »177:227:340 catalog building work-



285,320,330 28,258,312
b

flows , event classification 3%, denoising24(”277’338, structural imaging and inversion

source characterization >%'78:27¢

,and earthquake early warning 779, While the growth of ML research
is transforming scientific understanding of the Earth’s dynamics, it is still necessary to further develop
and refine machine learning algorithms, especially with more high-quality data and computational
resources becoming available.

Distributed Acoustic Sensing (DAS), as an emerging technology for sensing Earth vibrations on
optical fibers, has revolutionized seismic observation. This technology utilizes repeated laser pulses along
optical fibers to measure phase changes of light that are scattered from imperfections along the cable,
which are proportional to the rate of extensional strain along the axis of the fiber. DAS has dramatically
expanded the capability of dense seismic observation with reduced field deployment effort and has

140

been deployed across a vast range of applications, including detecting tectonic faults'*°, subsurface

18,41,164,280

imaging #5314 urban seismic site characterization*>, cataloging regional earthquakes 137,185,341

aquifer and hydrological monitoring**, cryosphere and permafrost sensing**, ocean current and surface

39%, marine acoustic and ship-noise detection 64299 and monitoring vehicular

gravity wave monitoring
traffic and infrastructure state of health™****. DAS has the potential to transform geophysical sensing
and push the frontiers of seismological research, while efforts are still needed to further scale up DAS for
real-time seismic monitoring across diverse environments.

Cloud computing has revolutionized scientific computing by making large datasets and on-demand
computing resources more accessible *#'9*. Cloud adoption in seismology spans a broad range of appli-
cations, including cloud-hosted seismic data archives at major data centers (e.g., Southern California
Earthquake Data Center**), cloud-native and cloud-optimized data formats and storage?, scalable
streaming and batch data processing?>'*34*, large-scale machine learning training and dataset dissemina-
tion*#, and cloud-based educational platforms and tutorials**'*”. Cloud computing has the potential
to transform how seismologists curate, share, and process large-scale datasets. However, many challenges
remain for cloud seismology, such as designing cloud-native seismological workflows, developing com-
munity standards for cloud-hosted data and metadata, and making cloud resources more accessible to

the broader research community '**.

This dissertation addresses the aforementioned challenges and opportunities through six research



chapters spanning the full seismic data lifecycle, from acquisition and storage to large-scale analysis,
with an emphasis on scaling data-driven earthquake monitoring. The remainder of this dissertation is
organized as follows. In Chapter 2, I present a curated seismic dataset compiled from 21 years of Pacific
Northwest Seismic Network (PNSN) recordings, providing a platform for training and benchmarking
machine learning models across a broad range of seismological tasks. In Chapter 3, I develop a cloud-
native object storage system that leverages cloud-optimized formats such as Zarr and TileDB to enable
efficient storage and processing of DAS data. In Chapter 4, I develop a machine learning algorithm for
DAS wavefield reconstruction and lossy compression, applied to data from Cook Inlet, Alaska to enhance
earthquake detection at the edge. In Chapter s, I present a scalable cloud-native workflow for petabyte-
scale event detection and phase picking, processing 1.3 PB of continuous seismic recordings spanning
two decades. In Chapter 6, I develop EQ-SHRED and EQ-FLOW, a multi-stage machine learning
framework that reconstructs multi-physics earthquake ground motion fields and estimates probabilistic
hypocenter locations from sparse sensor observations, with potential applications to earthquake early
warning. Finally, in Chapter 7, I provide a comprehensive review of cloud computing and storage
in seismology, showcasing representative big-data workflows and discussing opportunities, costs, and

challenges of cloud adoption.
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Curated Pacific Northwest Seismic Dataset

2.1 Introduction

The Pacific Northwest (PN'W) region of the United States is a dynamic tectonic plate boundary be-
tween the North American continental plate and the Juan de Fuca oceanic plate. The active margin
between the two plates is a subduction zone that hosts a wide variety of earthquake behaviors: fast
and large megathrust earthquakes®”, intraslab earthquakes®, crustal earthquakes™, slow repeating

earthquakes*»**»*9%, tectonic tremor*”*, and low-frequency events*. The PNW has over twenty active



volcanoes that have experienced eruptions in the historical record. The PN'W has hundreds of glaciers
in the Cascades, the Olympic Peninsula, and sitting atop the Cascade Volcanoes. Due to the active
tectonics and the particular mid-latitude climate, the PNW also experiences hundreds of landslides every
year'#?. Such geohazards generate seismic waves that are well recorded '+,

The Pacific Northwest Seismic Network (PNSN) is the authoritative seismic network in the states of
Washington and Oregon as part of the Advanced National Seismic System (ANSS), which is coordinated
by the United States Geological Survey (USGS). PNSN started in 1969 with s seismometers and has more
than 600 active seismic stations as of 1 November 2022. The authoritative boundaries of the seismic
network are geographical (see Figure 2.3), but the Cascadia subduction zone is also active in Northern

California and southern British Columbia ®>®°

. The longevity of the seismic records and the richness
of the active geohazards in the PN'W form a unique opportunity to explore a vast range of seismic
signatures. Comprehensive investigations that relate seismic signature to specific geohazards'#37¢-°>
benefit from curated datasets.

In recent years, machine learning has increasingly been used for applications in geosciences and
seismology in particular. The rise of machine learning, especially deep learning, is largely due to the
curation of several computer vision (e.g., ImageNet**) and natural language processing (e.g., GLUE*)
datasets. There is a clear surge of machine-learning workflows in seismological research ***»5®'7* that is
driven by the high dimensionality of seismological data, the dramatic growth in data volumes"°, and the
effort by the community to curate seismic datasets. There exists today several curated datasets that have
become standards for machine-learning seismological research: STEAD (a dataset of local and regional
earthquakes and high-frequency noise recorded globally, Mousavi et al. 7*), INSTANCE (Italian seismic
dataset for machine learning, Michelini etal. 165), ETHZ (Eidgendssische Technische Hochschule Zirich,
Woollam et al. **7), SCEDC (Southern California Earthquake Data Center, SCEDC ***), and Iquique
(a data collection of subduction-zone earthquakes and regional recordings, Woollam et al. *®). These
datasets contain earthquake and noise time series recorded by various seismometers. The typical data
attributes are basic earthquake source and receiver characteristics, including locations, magnitudes, focal
mechanisms, and waveforms. The majority of the earthquake sources in these datasets are of tectonic

origins: transform plate boundaries such as in California, subduction zone, and intra-continental crustal



earthquakes*93°¢

. Such datasets are considered “Al-ready” since their data and attributes are packaged
in data formats commonly used by the Machine Learning community.

Surface processes may also generate seismic waves. Environmental seismology is a blooming field
that utilizes seismic waves to understand surface and environmental processes. There is a body of

research done on the seismic signatures of landslides events *»»3'°

, avalanche signals*, and debris
flows*, most of which investigate specific case studies. Catalogs of such events are available in the
Incorporated Research Institutions for Seismology (IRIS) Exotic Seismic Event Catalog (ESEC) (e.g.,
Allstadt et al. , Bahavar et al. ¥, Collins et al. >*); these refined and ground-truth catalogs only contain a
few (~100) events.

Our study provides a novel curated Al-ready dataset of event and waveform data for a diverse range
of short-duration seismic sources that include tectonic earthquakes, explosions, surface events such as
ice/rock falls and avalanches, sonic booms, and thunderstorms. Not included are phenomena such as
non-volcanic tremors or low amplitude low-frequency earthquakes (LFEs). We leverage the 21 years of
data curation by the PNSN seismic analysts and researchers to measure the event P- and S-phase arrival
times and other attributes. To enable optimal re-usability of our dataset for machine learning studies, we
organized the dataset using the SeisBench data format>®” to improve accessibility in the machine learning
ecosystem. We acknowledge the accompanying human biases that often pollute Al-ready datasets*

are well present in our catalog of event and waveform attributes. Some of these identified biases are

discussed below and are obvious topics of future investigations.

2.2 Data Selection and Preparation

The PNSN has been monitoring the seismicity in the PN'W since 1969. However, seismic waveform
data from PNSN were recorded on film and paper until 1980, when digital data became available. From
1980 to 2002, event-triggered waveform data (often with a limited duration) were saved, but continuous
archiving did not start until 2002.

For machine-learning applications, long seismic traces as input data are preferred to allow user
flexibility when trimming and shifting the data in future investigations (e.g., data augmentation®?).

The data must also have the same dimensions, i.e., the same number of samples. To get waveforms that



are long enough (i.e., 150 seconds and longer in this study), we start the curation when continuous data
are available from IRIS Data Management Center (DMC) since 2002. The drawback of this choice is
that it excludes the largest tectonic earthquakes in the region because they occurred before 2002 (e.g.,
Nisqually Earthquake of 28 February 2001). In addition, we require that both a P-wave arrival time and
an S-wave arrival time information are available for the same station for each event. This requirement
removes some of the smaller, older earthquakes for which no S-picks were available. In the context
of Al-ready datasets, the associated metadata (labels or attributes) include event-derived parameters,
station parameters, and waveform parameters. We use the SeisBench metadata format: Table 2.2 lists the

attributes that we associate with each set of waveforms.

2.2.1 Event Parameters

The detection of new events is both automated and manually reviewed by the regional seismic network
staff. The PNSN monitors and reports on the seismicity in the region using data from seismic stations
(Figures B.rand B.2). A trigger at a station occurs when the short-term-average-long-time-average of the
seismic data (STA/LTA”) exceeds a threshold. When a few stations from a designated geospatial group
of seismic stations, called a subnet, experience a trigger, events are automatically saved. The PNSN
analysts review all automatically detected events and remove erroneous ones by visual inspection of the
event waveforms, a process they refer to as “trigger review”. Teleseisms are also identified but not further
processed.

If the waveform has a clear but emergent signal, does not contain distinct P and S arrivals, and
the frequency content is relatively low, the PNSN assigns a “surface event” label (su) to the source
type. Most surface events are “ice” quakes or avalanches associated with glaciers in the Cascades and
on the volcanoes; however, some may be debris flows or rock falls. Other non-earthquake phenomena
occasionally saved by analysts are recordings of sonic booms, thunderstorms, and other “interesting”
events. Such waveforms are picked at very few nearby stations (one or two), and we gather the phase
pick information in a catalog that we refer to as the “Exotic Event” catalog.

Once the trigger review identifies an event as an actual earthquake, the PNSN analysts further

process the data. First, the automated system picks the arrival times of seismic phases from the recorded
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Figure 2.1: The event counts of ComCat and exotic catalog included in the Al-ready Pacific Northwest
dataset as a function of time.
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seismograms, which are one of the most important and primary data products extracted from the raw
waveforms. The analyst reviews and modifies the picks.

Seismic phase picking is the cornerstone of seismological research. With accurate phase arrival
information, the analysts can locate the event and estimate its origin time. At the PNSN, the first
P- and S-waves are the phases picked for local and regional events. As a part of the PNSN’s ANSS
Quake Monitoring System (AQMS), the network analysts use Jiggle, a graphical user interface in Java
to pick arrivals, locate events, and recalculate magnitudes 4. The analysts will manually annotate the
arrival time and estimate the uncertainties of their picks. The phase arrivals are only picked on a single
component per station, with P-waves usually picked on vertical channels (Z component) and S-waves on
horizontal channels (E/N or 1/2 components). When it s clear, the polarity (first motion is up—positive—,
or down —negative—) of the P-phase is labeled by the analyst as well. Both acceleration and velocity
channels are used for phase picking, although velocity channels are the most commonly used. The
PNSN operates sites with both velocity channels (broad-band or short-period high-gain seismometers)
and acceleration channels (low-gain accelerometers used for “strong motion” seismology). Velocity

channels are preferred when both instrument types exist since they usually have a higher signal-to-noise



ratio than the strong-motion channel.

Additional earthquake characteristics may be obtained from the phase polarity and amplitudes,
such as focal mechanisms and magnitudes. All event parameters are saved in PNSN’s AQMS database,
and reasonably well-located earthquakes and explosions are reported to the ANSS Comprehensive
Earthquake Catalog (ComCat*7#) via USGS Product Distribution Layer (PDL), the software-server
infrastructure that all the ANSS regional networks use to distribute earthquake products. It is impor-
tant to note that the combination of automated tools, which get updated through time, and manual
intervention renders the event parameters not statistically stationary over time.

This study splits the PNW catalog into several datasets: one that has PNSN analyst-verified event
attributes that were sent to the USGS, which we refer to as the “ComCat event” dataset, one that we
refer to as the “exotic event” dataset and that has remained internal in the PNSN AQMS database, and
one that focuses on the 2022 Northern California earthquake sequence. These datasets are packaged in
different files because they have different window lengths and data attributes. We collect and organize
the data from these. We show in Figure 2.1 the annual event counts for the two sets of events, ComCat
and exotic, that are selected for the curated dataset. The temporal patterns ought not to be interpreted
as changes in seismicity rate since there are systematic biases in the detection and labeling of the events

through time, whether they are human (analyst) or instrumental (increased instrumental coverage).

ComcCat Events

We query the ANSS ComCat and download 65,384 events with magnitudes greater than o from 1
January 2002 to 31 December 2022, which we refer to as “ComCat events”. We only select the events
from ComCat sent by the PNSN, whose event ID has a “uw” prefix. The event metadata, including
phase picks, are downloaded using libcomcat®® and stored in the QuakeML format (v.2**). The source
type of these events are either earthquakes or explosions. The download contains 997,213 associated
phase picks. Among these picks, 944,220 were made on velocity channels and only 52,982 (5.3%) on
strong-motion channels. For single-channel stations where only the vertical channel (Z) exists (e.g.,
EHZ), S-waves were also picked only if the onsets were clear. The temporal evolution of the ComCat

events reflects a combination of increased coverage and sensitivity of the seismometers. In 2009, a large

I0



number of the cataloged events came from an intense swarm of earthquakes at Wooded Island in eastern
Washington *°. As listed in Table 2.1, the number of events represented in our final curated dataset is less

than what we originally downloaded due to data selection criteria described in Section 2.2.3.

Exotic Events

We also collect data from 5,657 events cataloged by the PNSN since 2002 that are neither labeled as
earthquakes nor explosions. The exotic events are not incorporated in the ANSS ComCat and are only
available through the PNSN’s ANSS Earthquake Monitoring System (AQMS) database. In this dataset,
we include events that were labeled as “surface event”, “thunder”, “sonic boom”, and unfortunately a

“plane crash” (a confirmed event near Whidbey Island, Washington, 3 March 2013). We refer to these

events as “exotic events” herein. Figure 2.2 shows the number of events in each category for our final

dataset.
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Figure 2.2: Number of events arranged by event type of the curated ComCat and Exotic event datasets.

The temporal evolution of the exotic event catalog depends on manual intervention by the analysts.
Because non-tectonic earthquakes are not the priority of the PNSN, analysts only pick when time
permits. Most of the labeled exotic events, such as surface events, are detected on well-instrumented
volcanoes (see Figure B.2). The lower event count in the period 2005-2008 coincides with volcanic unrest

at Mt. St. Helens, when the network was also desensitized during this period to the events around Mt.



St. Helens due to the intense rate of volcano-tectonic seismicity. It is quite possible that other surface
events outside of the volcanoes are missing, due to having fewer stations elsewhere.

Most of the exotic events are small in magnitude and seismic amplitude and thus local to a few
stations. Due to a lack of additional observation of the events (e.g., a ground truth imagery as done in
the ESEC catalog), source characteristics such as the source origin time, location, and magnitude are not

provided for these events.

2022 Northern California Ferndale Earthquake Sequence

We also include events associated with the 20 December 2022 M6.4 Ferndale (northern California)
Earthquake. This sequence provided us with a rare opportunity to add labels for moderate-to-large
earthquake sizes. These events are outside of the PNSN’s authoritative boundary and, thus are not
routinely processed by the network. We select 20 events of M >3 reported by the California Integrated
Seismic Network (CISN) from that sequence and manually pick 609 P-wave arrivals. Table B.2 lists

events included in the dataset.

2.2.2 Station Metadata

The station metadata describes the technical information necessary for seismic data processing and tracks
the history of any metadata changes. The IRIS DMC stores station metadata as dataless SEED files,
but they can be downloaded in the StationXML format from IRIS International Federation of Digital
Seismograph Networks Web Service (FDSN-WS, http://service.iris.edu/fdsnws). The up-

125

to-date station metadata we use is downloaded using ObsPy'*>. These stations are either long-term

installations maintained by a seismic network (e.g., UW?*7?) or long-time experiments that lasts several

years (e.g., US Transportable Array, FDSN code TA™).

2.2.3 Event Waveforms

All digitized data from the PNSN are requested and downloaded through the IRIS FDSN-WS (http:
//service.iris.edu/fdsnws). In total, we download ~70 TB of continuous data in miniSEED

from 1 January 2002 to 31 December 2022, which takes 2 months to complete. We first curate waveforms
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from high-gain velocity seismometers and specific channels from short-period (EH?) and broad-band
(either BH? or HH?) seismometers. We do not use the SL? and SH? channels since they are simply
derived from EH? channel after low-pass filtering or down-sampling. We also include waveforms from
strong-motion EN? stations separately since there are also picks made on these channels by the analysts.
We do not correct for instrumental response and do not integrate the acceleration to velocity. All
waveforms are resampled to 100 Hz from their original sampling rates, which may be 40 (most BH?
channels) or 100 (most EH? and HH? channels). The resampling step is necessary for deep neural
networks with fixed input sizes. We keep the data as is, even if it is clipped.

For each ComCat event, we only select the stations where both P- and S-wave are picked. We
prepare 150-second data for ComCat events: the window starts so seconds before and ends 100 seconds
after the source origin time (200 seconds after the origin time for the Northern California earthquake
sequence). The same length of traces before this time window is curated as the noise waveforms. The
reason for including so much noise window ahead of the origin time is to allow user flexibility when
trimming and shifting the data in future investigations. In the ComCat events, less than 1% of the S-wave
picks arrive later than 6o seconds after the origin time. Thus, most S-wave arrivals are included in the
time window. Then, we apply a linear detrending. We also resample all waveforms to 100 Hz, which
upsamples the broad-band BH? channels. Due to the small inaccuracy (~0.00008%) of the digitizer
clock of the analog EHZ stations, the sampling rate at these stations shifts away from strictly roo Hz.
We correct this by resampling to 100 Hz. Gappy traces are discarded. Missing channels, for example, the
vertical-component-only instruments (e.g., channel EHZ) are filled with zeroes to keep the consistency
of a three-component stream (further detailed below). Picks are only done with data from a single
instrument per site, even if a site may have several sensors. Therefore, each “stream” is independent of
the other.

The PNSN operates seismic stations that are particularly remote. The transfer of data through
telemetry sometimes leads to artifacts in the time series. Furthermore, the transition from triggered
to continuous data was progressive. Sometimes, both triggered waveforms, which are detrended, and
continuous data, which are unprocessed, are sent together: the triggered data overwrites the continuous

data, creating a step in the data. These show in both short-period (EH?) and broad-band (BH? and
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HH?) stations. For example, the time series may contain offsets that could be corrected in the future in
the seismic archive at the IRIS DMC (see Figures B.3 and B.4).

The waveforms extracted for an exotic event are not aligned with the source origin time, which is
mostly unknown. Instead, we align the waveforms by the phase picks provided by the analysts. The
waveforms start 7o seconds before P-wave picks or 8o seconds before S-wave picks, whichever is available.
Most exotic events have no picked S-waves, but if both P- and S-wave picks exist, the P-wave is prioritized
to align the time window. The time window is 180 seconds long for all types of exotic events, given the
occasional long duration and elongation (e.g., cigar-shaped waveforms’*®) of the surface events. We
follow the same data-curating process and formats as we process the ComCat events.

We also extract noise-only waveforms. These waveforms are extracted just ahead of the event wave-
forms. We selected high-gain velocity channels (EH?, HH?, and BH?) using a random selection. To
turther test if there are hidden events in the noise waveforms, we run the machine learning model (see
Section 2.2.4) to test whether events could be detected and only found very few occasions where events
may have been present.

We organize the three-component waveforms into NumPy arrays and define a stream as a three-
component array*»*5. To improve accessibility in the machine-learning ecosystem, we follow the
SeisBench data format convention. The metadata is stored in CSV (comma-separated values) files, while
all waveforms are stored in the Hierarchical Data Format version s (HDFs) format. The signal-to-noise
ratios (SNR) are calculated (detailed below) and saved as attributes in the metadata file.

After applying the selection criteria described above, more than 70% of the ComCat events are
kept in the dataset. Figure 2.3 shows the map of the selected events. The datasets cover events within
the authoritative boundary of the PNSN, oftshore in the Jan de Fuca Ridge, underneath Vancouver
Island, and further East in Idaho. We provide an overview of the final number of ComCat waveforms
and events in Table 2.1. The summary compiles the data volume across magnitudes from o to 6.4. Itis
possible that most of the events discarded by the selection had no S-wave picks for clipped waveforms.

Our selection criteria also excluded more events before 2010, which we attribute to the much fewer S

picks available when the data is clipped or when only vertical-component stations are available.
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Magnitude range Number of included Percentage of avail- Number of indepen-

events able events dent streams
0-1 19,735 77.1% 70,168
I-2 21,717 79.2% 95,406
2-3 4,825 42.8% 21,901
3-4 398 (15) 37.9% 2,332 (296)
4-s 31(3) 77-5% 205 (138)
5-6 1(1) 100.0% 4(86)
6-7 o (1) N/A o (8s)
o-7 46,707 71.4% 190,016

Table 2.1: Number of included ComCat events in each magnitude range. The magnitude used here
includes duration (Md), local (MI), and hand (Mh) magnitude. The number of streams includes both
velocity and acceleration channels. Also provided is the number of included events as a percentage of
downloaded ComCat events. Numbers in the parentheses show the events and streams from the 20
December 2022 Northern California earthquake sequence and are not included in the total number of
events/streams.

2.2.4 Machine Learning Phase Picker and Enhanced Earthquake Picks

We provide an alternative catalog of phase picks from the earthquake event catalog as a use-case of
the dataset and a research-grade catalog of new picks of P and S waves using Machine Learning (ML).
Automating phase picking using deep neural networks has revived the methodological development for
picking seismic waves 7.

Here, we use the Earthquake Transformer architecture from Mousavi et al. 7# and implement phase-
picking benchmark tests on the ComCat events. The SeisBench toolbox provides a set of Earthquake
Transformer weights for models pre-trained with different datasets. We select all windowed waveforms
from HH?, BH? and EH? channels and detrend the waveform. We compare the picks made by these
models trained on STEAD, ETHZ, SCEDC, and INSTANCE datasets with the PNSN analyst picks
recorded in the ComCat events. We demonstrate their performance by showing the residuals between
ComCat picks and ML-predicted picks for P- and S-waves. The performance metrics are the mean
absolute error (MAE), the root-mean-square error (RMS) for the phase picking, and the percentage of

detected picks relative to ground truth picks.
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Figure 2.3: Locations of the events included in the ComCat dataset. The red dashed polygon denotes the
authoritative region boundaries of PNSN. The solid lines mark the depth contour of the subduction
slab with a 20 km interval °°. Some contours are labeled by the slab depth. The plate boundary between
Juan de Fuca and North America Plate (plate depth o km) is delineated in the white line. Some events
are color-coded white because they are deeper than 60 km. These are intermediate-depth earthquakes.

The input size of the Earthquake Transformer using SeisBench is 3-component, 60 seconds at 100
Hz. The probability threshold for picking is 10%. Figure 2.4 shows the distributions of the residuals
among models and for both P and S wave picks.

The approaches to benchmark the detection and picking performance are 1) the seismic network-
specific expectations for the manual picking uncertainties and 2) the comparison of bias and variance in

the residual distributions relative to other studies7+'*°. We find a general trade-off between detection
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accuracy (completeness) and phase-pick quality (low errors). The model trained with the STEAD dataset
has the best quality in phase picks relative to the (ground truth) analyst’s picks, but it misses more than
20% of the detections. In contrast, the model trained with the SCEDC dataset had the best detectability
and only missed about 5% of arrivals for both P- and S-waves, but the picking accuracy, especially that of
S-waves, is poor. Both models show negative mean residuals for both P- and S-waves, indicating that the
ML picks are always earlier than the manual picks. There is also a similar pattern on the model trained
with ETHZ and INSTANCE dataset in Figure 2.4. The performance trade-off between detection and
picking accuracy makes retraining the phase pickers using the PN'W data necessary.

Using our curated dataset of ComCat earthquakes and explosions, we retrain the Earthquake
Transformer model. Instead of training from scratch (randomly initialized weights), we start the training
from the SeisBench-trained model, which used the STEAD dataset, and continue training for additional
100 epochs on our dataset. We note that about 3% of the STEAD data set contains PNSN data, which
may be problematic for data leakage. However, the STEAD data is bandpass-filtered 1-45 Hz, while
we do not filter the data. We randomly select 70% of the ComCat dataset for training and use the rest
30% for testing. We use a triangular label with a 10-sample half-width. We use the same loss function
that Mousavi et al. 7# used to train the Earthquake Transformer (a weighted sum of loss from P-, S-
and detection branches). We use a small learning rate (1 x 10~%) with the Adam optimizer™ during
the training. Compared with the other pre-trained models, the transfer-learning on the PN'W dataset
improves the detection accuracy, considerably improves the S-wave picks, and performs as well as the
STEAD-trained dataset (see Figure 2.4). Although not eliminated, the negative mean residuals are
reduced after retraining. We also test all these models on strong-motion (acceleration) channels, for
which INSTANCE contains the most acceleration waveforms (28.3%). The PNW transfer-learned
model outperforms other pre-trained models on strong-motion channels, as shown in Figure B.s.

The ability to find more and accurate picks by the retrained Earthquake Transformer makes it
possible to create a future Machine-Learning-enhanced earthquake catalog. We revisit waveforms from
the ComCat events that included either P or S picks. There are 683,133 P- and 244,431 S-wave picks
for 62,054 events from these waveforms. We detect 16,201 (2%) and 207,146 (85%) new arrivals out of

686,748 time windows for P- and S-waves using the refined phase picker. As a crude quality control,
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we remove the picks where the ratio between the S-travel time and the P-wave travel time exceeds 2.5
or below 1.5. We add these picks with PNSN manual picks as a part of the curated dataset in a separate
file. We also use this retrained model to predict the noise waveform and drop those with any prediction

greater than o.1. This step effectively removes unpicked seismic events in the noise waveform.
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Figure 2.4: Distributions of P- and S-wave picking residuals (£377, — tpnsn) from the benchmark
testing on velocity seismograms. The number in the upper right corner of each subplot shows the
mean absolute error (MAE), the root-mean-square error (RMSE) as the uncertainties to the MAE, the
mean value of the residual, and the picking completeness in percentage concerning the ground truth.
The PNW-retrained Earthquake Transformer outperforms the other four pre-trained models from
SeisBench*°7 in both picking accuracy and detecting completeness.

2.3 Results

The datasets consist of two files per set, one HDFs file containing the waveforms and a CSV file with

the metadata (attributes).

2.3.1 Waveforms

There are 190,016 and 9,267 three-component streams curated from ComCat and exotic event catalogs,
respectively. Figure 2.5 shows the counts of streams arranged by channel type as a yearly estimate. We
store all waveforms in HDFs files using hspy°° and index them by the trace name in the metadata. The
attribute trace_start_time in YYYY-MM-DDTHH:MM: SS. SSSZ format describes the UTC time at
which the stream begins.

The data is saved as vertically concatenated NumPy arrays of fixed window length (here 150 5), three



components. It is distributed over several “buckets” that are “groups” under the HDFs taxonomy. The
trace name (a data attribute saved in the metadata data frame), the index of the data in the bucket, and

the index of the first dimension.
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Figure 2.5: Number of streams from each channel type used in the ComCat and exotic event catalogs
through time. Short-period (EH?) and broad-band (BH?) sensors were the predominant channels for
both ComCat and exotic datasets before 2012, while the recording at higher sampling rates at broadband
sensors (HH?) increasingly has become the standard since then. A limited number of streams from
strong-motion accelerometer EN? channels is available in the dataset since 2007.

2.3.2 Metadata

The metadata describes the waveform data and its attributes and is essential to our dataset. Each stream
corresponds to one record (or a row) in the metadata file. We follow SeisBench conventions again. The
unit of each attribute is appended as part of the attribute’s name. For example, source_latitude_deg
indicates the latitude of the source in degrees. A full description of the attributes is listed in Table 2.2.

As many attributes are self-explanatory, we provide more details below.

Attribute Description Example
event_id Event identifier uwios64613
source_origin_time Source origin time in  2002-10-

UuTC 03Tor1:56:49.530000
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source_latitude_deg Source latitude in de- 48.553
gree

source_longitude_deg Source longitude in de-  -122.52
gree

source_type - earthquake

source_type_pnsn_label PNSN AQMS event eq
type

source_depth_km Source depth in kilome-  14.907
ters

source_magnitude_preferred - 2.1

source_magnitude_type_preferred - Md

source_magnitude_uncertainty_preferred - 0.03

source_local/duration/hand_magnitude M, Md, and Mhifavail- 1.32
able

source_local/duration_magnitude_uncertainty ~Magnitude uncertainty  o.15
if available

source_depth_uncertainty_km Source depth uncer- 1.69
tainty in kilometer

source_horizontal_uncertainty_km Source horizontal un- 0.694
certainty in kilometer

station_network_code FDSN network code uw

station_code FDSN station code GNW

station_location_code FDSN location code o1

station_channel _code FDSN channel code BH
(first two digits)

station_latitude_deg Station latitude in de- 47.5641
gree

station_longitude_deg Station longitude in de-  -122.825
gree

station_elevation_m Station elevation in me- 220.0

ter

trace_name

Bucket and array index

bucketi$o,:3:15001

trace_sampling_rate_hz All traces resampled to 100
100 Hz
trace_start_time Trace start timein UTC  2002-10-

03T o1:55:59.530000Z
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trace_P/S_arrival_sample Closest sample index of 8097

arrival
trace_P/S_arrival_uncertainty_s Picking uncertainty in  0.02
second
trace_P/S_onset P- or S-wave onset emergent
trace_P_polarity P-wave arrival polarity ~ positive
trace_has_offset Any visible offsetin the o or1
trace
trace_missing_channel Number of missing o,1,0r2

channel of the trace

trace_snr_db SNR for each compo-  6.135]3.065|11.766

nent

Table 2.2: Attributes in the metadata file. Some source attributes are not available for exotic events.

Station Network Code

Stations selected in both datasets may come from nine difterent FDSN network codes. These stations
are either installed and maintained by PNSN (e.g., UW and UO) or used by PNSN when doing phase
picking and events locating (e.g., PB, CC, IU, CN, HW, TA, US). Maps of the stations shown in the
dataset show a similar distribution for both ComCat (Figure B.1) and exotic events (Figure B.2). All
stations are in-land stations, and no off-shore stations (e.g., OOI) are used in our dataset. The numbers of
streams from each FDSN network and their references are listed in Table 2.3. PNSN stations contribute

more than 85% of streams in the ComCat and Exotic event datasets.

Event ID

An event identifier (ID) is given to each event by the PNSN after the processing is finalized and sent
to ANSS through USGS Product Distribution Layer (PDL). The ComCat events contributed by the
PNSN have IDs of eight-digit numbers with a “uw” prefix, e.g., “uw10568488”. The event IDs are
unique in the catalog. The exotic event IDs are internal to the PNSN AQMS database and cannot be

accessed through USGS. To distinguish them from ComCat events, we add a “pnsn” prefix to their
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event IDs.

Event Type

When processing a seismic event as the seismic data comes in, the event type is manually specified by
the network analysts. For example, the PNSN labels “probable explosion” waveforms that have the
characteristics of shallow quarry blasts (strong P waves and location near known quarries). Until the
1990s, the PNSN would confirm these explosions by phone confirmation, though this is no longer
routinely done. When sending the finalized event from the AQMS database to the ComCat, PNSN

» <«

maps and merges several types of events into one: “earthquake”, “slow earthquake”, and “long period
volcanic earthquake” are mapped into the “earthquake” category; “explosion”, “shot” and “probable
explosion” are merged into the “explosion” category. For simplicity and consistency, we use the event
types “earthquake” and “explosion” for the ComCat events, but their original event types are also

included for reference in the metadata. Table B.1 lists the latest PNSN event-type labels from the PNSN
AQMS database.

Source Magnitude and Type

The event size, as represented by the source magnitude, is only available for the ComCat events. All
ComCat events included in the dataset have magnitudes less than seven and greater than zero, as shown
in Table 2.1. The magnitude completeness of the catalog is estimated using the method of Wiemer
and Wyss **7 and found to be around 2 for the years 2019-2022 (Figure B.6). The types of magnitudes
reported are typical to regional earthquakes that have local seismicity: the local magnitude (MI) and the
duration magnitude (Md).

There are three types of magnitude used in the dataset. The PNSN uses a local magnitude (M1)"™
that measures the magnitude of a local earthquake using the average maximum amplitudes of two
horizontal seismograms converted to have the Wood-Anderson response, preferably taken from broad-
band seismometers, and corrected for the distance between the source and the receiver. Such magnitude
is reported by the National Earthquake Information Center (NEIC) for all earthquakes in the US and

Canada. The coda duration magnitude Md is calculated based on the duration of shaking measured on

22



the vertical component and could be the only available magnitude product for small events or those not
well recorded on well-calibrated stations with horizontal components. Over the course of time, processes
to calculate the magnitudes vary because of varied processing routines and analyst interventions.

Unitil 2012, the PNSN only reported duration magnitude to ComCat for most earthquakes using
the algorithm from Crosson 5*, except for a few significant events that were manually changed to the local
magnitude. The early seismic stations of the PNSN only had vertical components, a small dynamic range,
and short-period sensors that would clip even for relatively small magnitude events. It is not possible to
obtain a local magnitude from such data. As the network modernized over time, higher dynamic-range
three-component sensors were added, and the data quality improved, which allowed PNSN to determine
an MI for more events. From 2002 to 2011, 46,326 events had duration magnitude preferred, while
only 483 events (average magnitude 2.45) had local magnitude reported as the preferred magnitude type.
From 2012 to 2015, the PNSN calculated and reported both duration and local magnitudes, though
the local magnitude was still only calculated for larger events. Since 2015, the PNSN has switched from
having duration magnitude to the local magnitude as the preferred and default magnitude. 80% of all
events included in the ComCat dataset until 2008 have a duration magnitude preferred, after when
there were increasingly more Ml-preferred magnitudes (Figure 2.6). While the duration magnitude is
still calculated, it is only the preferred magnitude for about 10% of the events each year. From 2002 to
2022, there were also 111 events with an Mh magnitude in the dataset, extracted from the NEIC and
manually added by the network analysts. Note that there is no moment magnitude Mw reported in this
dataset because the moment magnitude is obtained from low-frequency seismograms, which are often
buried in the seismic noise for small earthquakes. Mw magnitude may be included as Mh.

There are potential challenges in interpreting the magnitudes as ground truth labels. Md and Ml
have known systematic biases that arise from the particularly high near-source scattering of shallow
earthquakes or quarry blasts 123287 1n 2012, the PNSN adopted AQMS, which included a method to
measure coda duration that was inconsistent with the previously used method. The PNSN staft did a
rough recalibration of their Md relationship to partially account for the systematic difference. However,
there is a known inconsistency of the Md magnitudes for the smallest events before 2012 and after 2012.

Future efforts must be made to re-calculate the magnitudes more systematically, ideally using consistent
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methods, throughout the 2002-2022 period.
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Figure 2.6: Magnitude types of ComCat events as a function of time. Md and Ml denote duration and
local magnitudes, respectively. Mh denotes magnitudes manually inserted by the analysts. Before the
PNSN began using the ANSS Earthquake Monitoring System (AQMS) in 2012, 483 events had Ml
estimates, and 46,326 events had Md estimates in the dataset.

Table 2.1 shows the event counts per magnitude bin for this dataset. The largest event in the dataset
comes from Mw 6.4 Northern California, 20 December 2022 by the CISN, but this event was outside the
PNSN’s authoritative boundaries. Thus, ComCat preferred an origin contributed by CISN. The largest
earthquake in this dataset within PNSN’s authoritative boundaries is Md 4.8 Brinnon, Washington, on
25 April 2003 (event ID uw10583988). Relatively small magnitude uncertainty (0.04), depth uncertainty

(0.59 km), and horizontal uncertainty (0.347 km) were reported.

Stream Signal-to-Noise Ratio

The signal-to-noise ratio (SNR) is an important factor in measuring the noise level in the traces. Similar

15 we define the noise window as 8 seconds before the P-wave arrival for the ComCat

to Michelini et al.
events. To better capture the energy of emergent S-wave onsets, the signal window is defined as 1 second
before to 2 seconds after the S-wave arrival. For the exotic event catalog, since P-wave and S-wave arrivals

may not be available, the noise window is defined to begin 12 seconds after the beginning of the traces.
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Figure 2.7: Waveform from event uwros83988 (M 4.8 Brinnon, Washington, 25 April 2003) included in
the dataset. Only the vertical component is shown. The blue and red vertical lines show P- and S-wave
arrival picked, respectively. The amplitude units are in counts.

The signal window is the same as exotic events, P- or S-wave, whichever is available. For each component,

the SNR is defined as

S
SNR = 20log,, !’NTJ\ (1)

where | Sgg| and | Nog| are the 98% percentile of the absolute values in the signal and noise window,
respectively. When no data is available, e.g., a single-channel station with only the EHZ channel, NaN
(not-a-number) is filled as a placeholder in the missing channels. Figure 2.8 shows the distribution of
individual SNRs calculated from the ComCat and exotic event catalogs. The traces with SNR > 80 db
(indicating an error in the noise window) or < —20 db (indicated too low of a signal) are removed from

the dataset.
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Figure 2.8: Distribution of signal-to-noise ratios (SNR)) of the traces from ComCat and exotic events.
SNRs are calculated on each component of the three-component streams.

Uncertainties

The metadata includes four types of uncertainties for the ComCat events. The P- and S-waves arrival
uncertainties are estimated at the time of picking. Before the PNSN used AQMS, the uncertainty was
directly measured and recorded in the phase data, and a weight was calculated. Using Jiggle from AQMS
since 2012, the analysts assign weight as an integer ranging from zero to four to each pick by visually
measuring the impulsivity of the arrival. A zero weight indicates the highest accuracy of picks, typically
for P-wave arrivals, and has 0.03 seconds of uncertainty. A weight of three indicates a low pick accuracy,
typically for S-wave arrival with 0.3 seconds of uncertainty. Phase uncertainties are used when locating
the events, but those with uncertainty weights of four are typically not used in earthquake locations.
Before 2012, PNSN used Spong (an adaption of Fasthypo®) as the location engine. This changed to
HYPOINVERSE " after PNSN started using AQMS and Jiggle.

The origin location (depth and horizontal) uncertainties are the error estimated from the location

engine. Figure B.8 shows the locations of the events with horizontal uncertainty greater than 20 km.
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Note the cluster off-shore Oregon that is outside of the PNSN authoritative boundaries. The PNSN
has poor location constraints on these events since there are almost no offshore seismic stations except
for the Ocean Observatories Initiative Regional Cable Array (FDSN network code OO**?), which
are occasionally picked during PNSN routine data processing. ComCat may not choose these origin
products from PNSN as preferred. However, the events with high horizontal uncertainty only make up
0.4% of all ComCat events, and their picks are still accurate enough to be part of the dataset.

We also include the magnitude uncertainties in the metadata. The magnitude is first evaluated
on the channel level. For three-component stations, the channel-level local magnitude is calculated
only if a P- or S-wave is picked on one of the components to only select clear signals. Since 2012, a few
single-component stations (EHZ) also contribute to the local magnitude and have the same weight as
three-component stations. The event magnitude is the median of all channel magnitudes that meet the
SNR criteria. The event magnitude uncertainty is the median absolute deviation (MAD) of channel
magnitudes used for event magnitude calculation. These uncertainties are calculated for all magnitude

types except Mh.

P-wave Polarity

When analysts pick the phase arrivals, Jiggle also automatically measures the first motion of the P-wave
picks with weights less than one (e.g., best waveforms), leaving the rests as “undecidable”. The analysts
can manually override these polarities if they are confident. Less than 42% of P-waves in this dataset
have undecidable polarity information. The P-wave polarity ratio between positive and negative as
a function of the year is shown in Figure B.9. The sudden switch to a preference to assign or report
positive polarities in 2012 highly suggests that the switch to AQMS and Jiggle in 2012 has affected the
PNSN analysts” output. Until this data collection effort, we were unaware of this fact, and the reason

for the abrupt change is unclear.

Network FDSN Code Number of Streams Reference

comcat exotic noise

uw* 100,561 5,653 26,716 University of Washington *7>

PB 41,674 461 1,126 Plate Boundary Observatory Borehole Seis-

mic Network
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CC 23,9088 3,19 6,784  Cascades Volcano Observatory/USGS »

TA 9,912 4 3,012 IRIS Transportable Array ™

CN 6,008 2 1,692  Natural Resources Canada (NRCAN
Canada) '

UsS 3,420 o 981 Albuquerque Seismological Laboratory
(ASL)/USGS”

uo* 3,593 28 891 University of Oregon *7*

HW 840 o 252 Hanford Washington Seismic Network

IU 20 o 4 Albuquerque  Seismological Laboratory
(ASL)/USGS®

Table 2.3: Description of network FDSN code and their references. Networks annotated by an asterisk
mark (*) are maintained by the PNSN. The number of streams shown for each network is from ComCat

events, exotic events, and noise, respectively. PB and HW network does not have a registered FDSN
network DOI.

2.4 Conclusion

This work contributes to collecting and curating a seismic dataset for the Pacific Northwest region. The
curated dataset is provided with the long-standing work and labeling of the Pacific Northwest Seismic
Network analysts and seismologists. We described the temporal and spatial characteristics of the data
attributes.

This original contribution focused on preparing the seismic waveforms and PNSN-provided data
attributes (phase picks and default source parameters). We picked additional waveforms for the recent
20 December 2022 Northern California earthquake sequence, the largest event recorded recently in
proximity to the PNSN authoritative boundaries. We also transfer-learned an established phase picker,
the Earthquake Transformer'7#, on the best quality of the PNSN picks and provided additional picks
for S waves, which we provided in this contribution as an alternate catalog of picks.

There remains tremendous work to improve the quality and consistency of the data attributes. We
use version control on the curated dataset through GitHub to allow for future development of the data
and metadata. Examples of future developments may be a refinement of the current attributes or the

addition of new labels. In particular, the attribute “magnitude” should be carefully interpreted as 60%
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of the catalog uses duration magnitude, and 40% of the catalog uses the local magnitude, but both may
have biases. Therefore, a follow-up task is to re-calculate these magnitudes using consistent methods.
Another avenue for improvement is to re-estimate the polarity of the P and S waves, using the known
labels and predicting the “undecided” labels. Furthermore, we have not yet included other types of
tectonic events, such as low-frequency earthquakes(’(’, but these would improve the diversity of events.
Finally, an obvious next step will be event classification work that will take the waveforms and predict

the event type.

Code and Data Availability

The facilities of IRIS Data Services, and specifically the IRIS Data Management Center, were used
for access to waveforms, related metadata, and derived products used in this study. IRIS Data Ser-
vices are funded through the Seismological Facilities for the Advancement of Geoscience (SAGE)
Award of the National Science Foundation under Cooperative Support Agreement EAR-1851048.
The earthquake catalog on ComCat contributed by PNSN was downloaded using libcomcat®®. The
Earthquake Transformer implementation is from the SeisBench toolbox*°7. All plots are made with
Matplotlib’® and PyGMT*”". The final datasets and the codes used in this study are available at
https://github.com/niyiyu/PNW-ML, and we have made the dataset available through SeisBench

athttps://github.com/seisbench/seisbench.
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Object Storage for

Distributed Acoustic Sensing

3.1 Introduction

Distributed Acoustic Sensing (DAS) is an emerging technology for measuring seismic vibrations. DAS

is revolutionizing geophysical sensing because it provides unaliased wave field images with resolution as
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fine as ~ 0.5 m along optical fibers up to ~170 km in length***. DAS utilizes repeated laser pulses along
optical fibers to measure phase changes of light that is scattered from imperfections along the length of
the cable. These phase changes are proportional to the rate of extensional strain along the axis of the
fiber. Typical sampling rates using DAS are in the range of 0.01 Hz - 100 kHz, with longer cable lengths
ultimately limiting the highest possible sampling rate. DAS dramatically expands the capability of dense
seismic observation and has been used for a vast range of applications, such as detecting new tectonic
faults™#°, high-resolution subsurface imaging'®*'#, cataloging earthquakes™, tracking marine mammal
vocalizations*?, observing ocean gravity waves*°*, and monitoring vehicular traffic and infrastructure
state of health™#>*#. DAS has the potential to transform geophysical sensing in the broadest sense and
push the frontiers of geophysical research.

DAS data rates vary widely depending on the observational target. Data rates may be calculated as
r = afL/dx, where o is the size of one sample on one channel, here assumed to be & = 4 Bytes, f is the
sampling frequency, L is the total fiber length, and dz is the spatial sampling interval (channel spacing).
DAS observations targeted to measure ocean surface gravity waves (SGWs) need only be recorded at 1-10
s period sampling rate to capture unaliased T = 2-20 s period SGWs. Unaliased spatial sampling in the
shallow water limit requires a spatial sampling T'v/g H /2, where g is gravitational acceleration, and H is
the water depth. In 100 m deep water, 2-20 s period SGWs have wavelengths of ~30-300 m; in 1 km deep
water, the same periods have wavelengths 100-1000 m. Assuming maximal DAS range ~150 km and that
samples are stored as single precision floating point numbers gives data rates from so MB/d to 1.7 GB/d.
As an example of an intermediate data rate, we now consider DAS observations of tectonic earthquakes.
Here, although seismic () limits observable source frequencies to ~10 Hz**#, azimuthal variation in

seismic observables™®

and small-scale variation in near-surface structure*” may justify spatial sampling
at 1-10 m; the total resulting data rates are on the order of 14-28 GB/d, assuming a shorter, 10-20 km long
urban optical fiber span. Other applications may result in much higher data rates. DAS observations
targeted to observe the vocalizations of marine mammals may attempt to sample ~ 750 Hz signals with
2m Watvclengths64 associated with the acoustic wave speed in water. Such observations result in data

rates of 19.4 TB/d. Optical fading and other effects may, in practice, necessitate greater spatial sampling

intervals e.g., as in **%; for that reason, we take this number to be an upper bound estimate.
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Managing 10-1000 TBs data volumes is presently the foremost barrier to democratizing DAS data
access and research. This poses a challenge for storage and sharing on multiple fronts. First, the data
volume is immense and surpasses today’s total volume of seismic data stored at national archives (e.g., at
Incorporated Research Institutions for Seismology Data Management Center, IRIS DMC®). DAS
metadata is largely unconventional and yet to be agreed upon by the community. Furthermore, DAS
data sharing has been limited because, as of June 2023, no federally funded facility accepts DAS data
and because enabling public access to large datasets at an individual principal investigator (PI) level
is difficult. A pioneering effort to address these needs led a collective of PIs to open a shared storage
system for heterogeneous DAS datasets*>*. Similar to the Department of Energy’s Geothermal Data
Repository (GDR *7#), PubDAS uses GLOBUS endpoints to transfer entire DAS data files to end users.
Beyond data storage, the processing of large volumes of DAS data is limited due to impractical choices
in data formats (detailed below), limiting the processing required for seismological research. New DAS
data analysis frameworks have been developed, e.g., DASCore that provides DAS data I/O and basic
processing*, and DASSA that enables parallel data processing on modern supercomputers .

Cloud computing has revolutionized scientific computing with large datasets. Seismological, and
therefore DAS, research typically handles subsets of data using identical workflows and software. These
workflows are perfectly suited for horizontal parallelization, the optimal design for cloud computing*.
The rise of cloud computing also fueled the development of data formats optimal for cloud-native
storage and parallel throughput. The combination of cloud-native data formats and horizontal scaling
of cloud computing architecture is an attractive solution for DAS seismological research.

This study proposes a novel data platform for DAS that incorporates object storage with cloud-
optimized data formats: we store DAS data in Zarr'®® or TileDB"® file formats using the MinIO
open-source object storage. MinIO is compatible with Amazon Web Services (AWS) Simple Storage
Service (S3) object storage. The combination of these technologies replicates on local Linux servers
a cloud-native framework that can be seamlessly ported to AWS. We demonstrate below with several
canonical examples that typical DAS workflows can be designed with low-memory, parallelized jobs on
alocal Linux server and AWS. The demonstration includes examples of public access to the new DAS

public archive of the University of Washington (UW) FiberLab.
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3.2 Background

A typical data flow in a DAS experiment begins at acquisition. DAS interrogator units usually have
built-in storage capable of storing several TBs of data. Some installations may involve real-time data
streaming, as was the case for the Whidbey and SeaDAS-N experiments at the FiberLab '*>'#4. Given the
typical configurations with the number of channels and sampling rate, internal storage is insufhicient for
months-long continuous recordings that can accumulate up to hundreds of TBs. For this reason, it is
common to use a separate Network Attached Storage (NAS) connected to the DAS interrogator via
ethernet in order to sync the data as the unit is recording. The NAS can also serve as the primary data
repository for further processing, or data may be subsequently transferred to a separate archival server or
workstation. This last step necessitates transferring full copies of the relevant HDFs files, which could
amount to hundreds of TBs and even petabytes (PBs) worth of data. This is the model, for example, of
PubDAS and the GDR *#. Still, the expectation is that data transfer will proceed with single-thread

requests and be limited by the internet speed.

3.2.1  Cloud Storage

Cloud storage is a general term referring to services that allow users to store data somewhere other than
their local computers but with the maintenance and upkeep of such storage systems handled by the
“cloud provider” (e.g., AWS) rather than the end-user or I'T personnel affiliated with the end-user. In this
arrangement, the cloud provider is responsible for storing, managing, and maintaining the infrastructure
and network, ensuring that data is safely accessible with virtually unlimited capacity. However, all of this
is provided at a cost, and consequently, cloud providers will offer many storage models with variations
in flexibility to stretch the end-user’s dollar further. One such type is “object storage”, which treats each
data file as an object identified by globally unique IDs. As there are no hierarchical structures across
objects, this type of storage appears simpler than a traditional networked file system. It can be scaled
up much larger for an order-of-magnitude reduction in cost. It is provided by most cloud platforms,
usually under individual brand names (e.g., AWS “S3”, Microsoft Azure’s “Blob Storage”, and Google
Cloud Platform’s “Object Storage”). Several do-it-yourself server products allow users to deploy local

object storage systems. One example of these local storage systems is MinIO. This high-performance
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open-source object storage implementation provides an “object storage” abstraction across various
modes of deployment. The single-node single-drive (SNSD) is designed for a single machine, single
drive, and datasets typically up to 20 TBs on a workstation. The single-node multiple-drive (SNMD) is
designed for a single machine with multiple drives and datasets typically up to soo TB on a rack-mounted
server. Lastly, the distributed multiple-node multiple-drive (MNMD) is designed for a multiple-node
server and multiple drives with datasets typically at and above 1 PB on multiple units of rack-mounted
servers. MinIO is AWS S3-compatible in that it uses an identical API, which supports access control
through the credential keys and secrets granted to users with proper permissions. This compatibility
facilitates researchers moving between commercial cloud storage systems and locally hosted options

with minimal impact on their code or workflow.

3.2.2 Challenges in Storing and Formatting Large Seismic Data

Traditionally, seismic data repositories have mostly been hosted by data centers managed partly by
research institutions. One example is the IRIS DMC and its data archive in Seattle, Washington, USA.
The archive has grown over time and accumulated ~877 TB data as of 1 Jan 2023. The IRIS DMC has
shipped 7.2 PB data cumulatively between 1 January 1990 and 1 January 2023 and more than 1 PB data in
the single year of 2022. Other seismic archives face similar challenges, especially driven by user-specific
research and trends toward tackling larger and larger datasets'®*°?. Supporting this level of data growth
has already greatly challenged the DMC and has prevented the archive from hosting more voluminous
DAS datasets.

Another example of a large seismic archive on the cloud is the AWS Open Data of the Southern
California Earthquake Data Center (SCEDC; s3://scedc-pds), which has provided its entire archive of
continuous time series and curated dataset, including an earthquake sequence dataset recorded on DAS
stored in DAS-native format”>**'. The SCEDC has not changed the formats the seismic instruments
provide, which suit cloud storage with small (~ 10 MBs) single-day, single-channel files. Another example
of alarge seismic archive is that of PoroTomo7#, which was collected in 2016 and is hosted in DAS-native
SEG-Y and HDFs formats as an AWS Open Data (s3://nrel-pds-porotomo/). The DMC is transitioning

to cloud storage on AWS in 2023 and will adopt a new cloud-optimized data format for future incoming
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data. Thus, there has been a trend of moving data to the cloud where storage is available, albeit oftentimes
at significant financial cost.

In seismology, variants of HDFs schema (e.g., ASDEF"°, HDFseis**°) have been introduced to
accommodate multi-dimensional time series with no dataset size restrictions. However, the monolithic
nature of all HDFjs variants introduces data access latency, whether on local drives or the commercial
cloud. Since the hierarchical data structure must be flattened to be stored on disks, HDFs readers
must first read several byte blocks to decode the structure and find the address of the actual data in
the file. Therefore, there are trade-offs in chunking the data: the smaller the chunk, the smaller the
memory requirement, but the longer it takes to read the data schema map*’. Latency is made worse
when compression is enabled. Another bottleneck of HDFs is that the entire file has to be downloaded
locally to be read. The downloading effectively duplicates data on local drives and is dramatically limited
by the data volume (e.g., file size), the network connectivity or speed, and the storage availability on the
local computing server. The computing overhead of copying large volumes of data is wasted if users
only need a subset out of the whole data, which defeats the purpose of designing a single large file with
small datasets within. Similar formats used in the geoscience community sufter the same issues on the
cloud, such as NetCDF* and GeoTIFF*7.

Efforts have been made to optimize reading HDFs on the cloud. One example is made by the
Kerchunk project (see Data and Resources) to scan the HDFjs structure (byte ranges and compression
information) and saves this information as index files in order to locate datasets directly without changing
the original HDFs file. Additionally, the National Aeronautics and Space Administration (NASA)
supported sliderule project has developed a cloud-optimized read-only HDFj library, Hs-coro. Hs-coro
is currently used to read data from the ICESat-2 laser altimeter, stored directly as HDFs files, into AWS
S37#. Although both of these projects are under ongoing and rapid development, neither approach
generalizes well for diverse Hs structures and data schema types™’.

The ability to efficiently read small space-time subsets of data is essential for many scientific studies
using DAS. This issue occurs with DAS because, for example, the complexity of the cable geometry
may challenge traditional seismic data processing. Rather than using the entire cable, DAS analysts

may therefore select linear segments for surface wave dispersion analysis”*, velocity monitoring**', and
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beam-forming®. Furthermore, various factors affect the noise level of the DAS data, including the
coupling between the cable and the ground and proximity to anthropogenic or natural noise sources.
Finally, a cable may be long enough to span regions with different wave physics, e.g., seafloor cable that

extends onshore, oftshore, and deep water regions 266

. These effects naturally split the full cable into
multiple segments that can be separately analyzed, which further necessitates a data-sharing system that

favors such a reading pattern.

3.3 Object Storage and Format for DAS

This study proposes to develop and test an object storage framework for DAS: we deploy S3-compatible
object storage locally and on AWS and optimize data chunking for the performance of two cloud-

optimized data formats, Zarr and TileDB (see Figure 3.1).

3.3  Object Storage for DAS

Object storage has seen increasing use as a framework for large geophysical archives. National archives
of large datasets, such as data products from NASA, have migrated to cloud object storage to improve
data access delivering over 100 PB on the cloud. The EarthScope Consortium Data Service (formerly
IRIS DMC and UNAVCO) is migrating to AWS S3 Cloud Storage and will deliver almost 2 PB of
data upon their merger. Paired with object storage is the necessity for a cloud-optimized data format.
Choosing a hierarchical data format such as HDFs requires high-memory virtual machines and for
users to load or download the entire HDFs in memory locally. Although HDFs was invented for better
data sharing, it can dramatically slow down DAS data sharing and scientific investigation in modern
distributed computing environments.

Here, we design a proof-of-concept implementation of a DAS data platform using cloud-optimized
data structures and an object storage abstraction. We set up a server (either local or remote) with the
MinIO object storage and convert raw DAS data into cloud-optimized formats. We find that this data
platform outperforms a traditional, dedicated storage server (with a file system) for three reasons. First,
we avoid having a local copy on the compute server and allow data chunks to be loaded directly into

memory from the remote storage. Second, both cloud-optimized formats are highly compatible with the
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Figure 3.1: Workflow for DASstore: Distributed Acoustic Sensing (DAS) data is converted into Zarr or
TileDB format in the MinIO object storage server. The computing server sends a data request to the
MinIO object storage and loads the data directly into the memory. A conventional workflow would be
downloading the HDFs file from the raw data server and loading data to memory on the server where
computing is performed (gray dashed arrows). The data attributes converted from the raw HDFj files are
stored in the new format, which in the Ocean Observatories Initiative (OOI) examples are: RawData-—
2D DAS data, RawDataTime-1D time axis, with four customized datasets: GpBits, GpsStatus,
PpsOffset, and SampleCount. These datasets are specific to the OptaSense interrogator of the OOI
data. The color version of this figure is available only in the electronic edition.

widely used Python data science and scientific computing environment, thereby enabling a user-friendly
computing workflow with a shallow learning curve (e.g., NumPy??, Dask**°, and Xarray**®). Third,
the S3-compatibility of MinIO facilitates an effortless migration to the commercial cloud, for example,

for heavier computation.
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3.3.2 Data Schema

Organizing data in a file is a first-order design choice for read/write performance. The chunking pattern
is particularly determinant for formats like Zarr to perform well on object storage. A file may contain
many data arrays representing different variables, which are split into chunks that form the minimum
units to be read and processed in parallel. The size of a chunk is the minimum requirement for the
memory of the computing unit. A small chunk will necessitate low memory, and a large chunk will
necessitate a large memory. Thus, the number of processing units and memory allocation to each should
be defined appropriately for the chunk size and file design.

Seismic data, in general, is multi-dimensional: it has a spatial dimension that may refer to the channel
location and a time dimension that refers to the time series that the instrument record. The schema
of data containers for seismology is designed to organize the data according to either dimension (e.g.,
ASDF organizes the data as a dataset per channel). DAS data is, by nature of being constrained along
the arc of a fiber, a two-dimensional (2D) array with a time dimension and a channel dimension (i.e.,
arclength along the fiber). The HDFj stored by the DAS interrogator has a simple data schema, where

the RawData object is the 2D DAS data, and the RawDataTime object is the 1D time axis.
Acquisition
| --— Raw[0]
| | --- RawData (47500, 12000), int32
I | --- RawDataTime (12000, ), int64
|
| --— Custom
|--- GpBits (12000, ), uint8
| -—- GpsStatus (12000, ), uint8
| -—— PpsOffset (12000, ), uint32
| -—- SampleCount (12000, ), int64

Three strategies exist for chunking a 2D array with spatial and temporal dimensions. The first
strategy aims to optimize long-time series data investigations (sometimes referred to by the community
as “large-T7, red arrow in Figure 3.2): the optimal way would be to have chunks that are elongated on the
time axis and narrow along the spatial axis. A second strategy would be to focus on spatial investigations

(sometimes referred to by the community as “large-N”, green arrow in Figure 3.2): the optimal way
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would be to have chunks that are short on the time axis but long on the spatial axis. A third strategy

would be to compromise between the first two.
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Figure 3.2: Chunking data in the three formats. The raw data is stored from the interrogators as a single
file for each minute of recording. The Zarr schema separates each HDFs dataset into a number of
chunks; each chunk is a single object. The TileDB schema collects the entire data into a single array; the
chunks are “tiles” and are concatenated in time. The red arrow represents the case for a “large-T” analysis
with a subarray of the DAS cable. The green arrow represented a “large-N” analysis with a smaller time
window. The color version of this figure is available only in the electronic edition.

3.3.3 Formatting the Metadata

There are three types of metadata in this context. The first is associated with each object in the object
storage, which is used to identify objects and their properties. The storage server globally manages
the object metadata and is part of the MinIO built-in design. The second is the format-specified
metadata that is inherently part of the format, e.g., the ARRAY_DIMENSIONS field in Zarr metadata to be
compatible with Xarray. The third is the research-defined metadata that describes the DAS experiment.
Here, we focus on the convention proposed by the DAS Research Coordination Network (RCN),

a National Science Foundation-supported community effort to define common metadata for DAS.
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As of December 2022, the DAS-RCN defined five levels of metadata describing an experiment under
this convention: Quverview, Cable, Fiber, Interrogator, and Acquisition. These metadata are saved as
key-value-pair attributes with the raw data. In addition, channel-specific information (channel number,

location, and uncertainty) is saved in a separate comma-separated values (CSV) file.

3.4 Performance Test on DASstore

We design performance tests based on seismological use cases to optimize the DAS data chunking schema
for the best performance of the object storage. We consider data 1) converting data from HDFs to
Zarr or TileDB and 2) implementing a feature extraction workflow. Three local servers are used for
the benchmark tests: one raw data server storing HDFs DAS data, one object storage server deployed
in a single Hard Disk Drive (not distributed), and one computing server as the client to request the
data and perform computing. Table 3.1 lists the hardware specification of these servers relevant to the

optimization criteria, including an AWS EC2 instance for the test on the cloud.

Server Network CPU RAM Main Storage
Raw Data Server 1 Gbps 96 754 GB 16 TB HDD
Object Storage Server 10 Gbps 16 92 GB 16 TB HDD
Compute Server 10 Gbps 2 1007 GB 1 TBNVMe

Elastic Compute Cloud (ms.xlarge) Upto1o Gbps 4 15 GB 8 GB SSD

Table 3.1: Servers used in the tests: role, network, CPU cores, RAM, and primary storage. These
specifications emulate a researcher-level DAS setup and include an example AWS ECz instance for cloud
benchmarking.

We conducted these tests using the Ocean Observatories Initiative (OOI) DAS experiment that
was conducted in the first week of November 2021 on two ocean bottom cables (north cable and south
cable) of the OOI Regional Cable Array**®. We focus on the records of a 95-km long segment of the
south cable, which goes from the land station westward until an optical repeater at a water depth of
~1500 meters. The data was recorded by an OptaSense interrogator unit with a gauge length of s1.05
m, a channel spacing of 2.04 m, 47,500 channels, and a sampling rate of 200 Hz. The data is stored in
HDFs files every minute (~1.2 GB each), and 7.1 TB was collected. Almost 50,000 channels are rather

large for typical DAS experiments*#, and reading a single HDFj file only gives 1 minute of data and

40



already requires large memory. To reconstitute longer time series requires selecting subarrays (groups of
channels) within the file, which is computationally expensive using HDFs. This makes OOI DAS data
ideal for testing our platform.

We design two performance tests to emulate potential use cases. First, a writing test evaluates the
costs of converting the DAS HDFs data into Zarr or TileDB and whether it can be done in near real-time.
Second, we conduct a reading test that evaluates the computational costs of a minimal seismological
workflow that performs simple feature extraction (peak amplitude) after pre-processing (detrending,
demeaning, filtering). This second test aims to represent the use case of selecting a group of channels (e.g.,
a subarray of the DAS cable) and extracting features. More specifically, we extract ten-minute subarray
data with sooo channels and apply the typical processing steps of detrending and tapering to each
channel, followed by a second-order [o.o1, 1] Hz Butterworth band-pass filter and output the maximum
amplitude of each channel. We perform these tests on our local Linux servers (see Table 3.1), emulating

the case of a DAS experiment and archives being run by an individual investigator’s computing system.

3.4.1 Baseline

We choose a baseline test that emulates how researchers traditionally access remote HDFs data. We first
download the OOI DAS data from the storage server to the computing server. The total downloading
time depends mostly on the ethernet bandwidth between the two servers. Using a single process that
saturates the full bandwidth, it takes 110 seconds to download all files (11.7 GB, 106.3 MB/s on average).
The feature extraction workflow takes an additional 12.9 seconds on average with a single process. We
also chunk the data into HDFs files with varying chunk sizes (byte shuffle filter and LZ4 compressor
enabled). Then we download and run the feature extraction workflow separately on the compute node.
This baseline test demonstrates that data download is a bottleneck and particularly inefficient when

selecting several channels out of the array.

3.4.2 Writing Test: Data Conversion Costs

Zarr TileDB
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Chunk/Tile Writing Time Number of Ob- Writing Time Number of Ob-

Size (sec) jects (sec) jects
12000 X1 1349.0 475004 196.8 33
12000 X2 894.1 237504 193.2 33
12000 X3 833.1 158344 196.5 33
12000 X 4 695.4 118754 197.3 33
12000 X 551.9 95180 202.4 33
12000 X10 460.8 47504 - -
12000 X 50 279.4 9504 - -
12000 X100 326.3 4754 - -
12000 X 500 248.8 954 - -
12000 X 1000 242.4 660 - -

Table 3.2: OOI DAS data conversion from HDFjs into Zarr and TileDB formats. HDFj files are converted
directly to the object storage from the raw data server. The green numbers highlight the writing time
shorter than the data duration, indicating the configurations that would allow real-time conversion.

To test the I/O performance of the platform, we first test data conversion from the raw data server to
the object storage. We sequentially convert 10 HDFs files on the raw data server to the object storage
in Zarr and TileDB formats. We use a single process to ensure that neither network nor disk I/O is
saturated. The test demonstrates the feasibility of collecting and converting DAS data in real-time. The
test also represents the canonical workflow for users interested in earthquake waveforms: each HDFs file
is only 1 minute of data, typically shorter than the seismic waveforms of moderate-to-large-size tectonic
earthquakes. To measure the expense of converting and hosting DAS data in these formats, we track
the conversion time, array size, and the number of objects after conversion. We do not test on AWS S3
servers to emulate the case of researcher-level data acquisition without edge computing capabilities.
We first test using different chunk-size configurations. We define a single Zarr array and concatenate
DAS data along the time axis. To have a more straightforward data schema and have the Zarr compatible
with more existing tools (e.g., Xarray), we group all datasets that are described in Figure 3.1 (10 minutes of
data and all channels) and flatten the hierarchical structure of the HDFj file. Zarr saves each chunk as an
individual object (each 1-min long). For a fixed data size, choosing a chunk size determines the number
of objects after conversion. The test begins with a small chunk (12000 x1, equivalent to 1 minute of data

at 200 Hz), and the conversion takes ~22 minutes with ~0.48 million objects (each a single channel
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for 1 minute of recording or 25 KBs). As we increase the chunk size to 1000 channels per chunk, each
object size increases, the number of objects in the Zarr array decreases, and the writing time decreases.
Table 3.2 demonstrates that the data conversion would become as short as the duration of the record
(e.g., near-real time) for a small chunk size of s channels per object.

Selecting an optimal chunk size is critical for Zarr to perform well. A larger chunk size could bring
more network overhead and slow down reading. On the other hand, small chunks have better reading
performance, but many small objects could slow down the object storage as data grows. This latter
latency may be due to our choice of hardware and may not exist on AWS S3. It is recommended to
have at least a 1 MB chunk size, corresponding to grouping so channels in our case. The size of the Zarr
array after conversion is almost equivalent to the original HDFj files using a byte shuffle filter and LZ4
compressor. Thus the conversion does not create more storage needs for the storage.

Next, we test the TileDB format using different tile size configurations. We concatenate DAS data
along the time axis for a 10-min window and store it in a single TileDB array. Similar to the chunks in
the Zarr format, a tile is the atomic unit of reading and writing for TileDB. This array has 10 tiles of
1-min data for each channel group. For the OOI DAS, we define the time dimension as an unsigned

32-bit integer (uint32), which allows 232

— 1 time index in the array (equivalent to ~248 days for a 200
Hz sampling rate). We use the same byte shuffle filter and LZ4 compressor as the test for Zarr when
writing the data, which generates slightly bigger objects after conversion. As a result, TileDB generates
only 33 objects for all tile size configurations: 10 objects correspond to 1o-time data (called fragments,
including data and data schema) and 2 additional objects per writing operation that store the changes
and commits. In our case, we do not have data that gets updated over time and do not need to leverage

the data versioning capabilities of TileDB. Unlike the Zarr format, the conversion keeps relatively steady

at about 20 seconds as the tile size increases.

3.4.3 Reading Test: Seismological Use-Case of Feature extraction

We request a sooo-channel subarray (adjacent arrays in space and the data) on the computing server
from the storage server to conduct the feature extraction workflow using the same ro-minute OOI DAS

data in Zarr and TileDB format. We detrend, taper, and [o.o1, 1] Hz Butterworth band-pass filter each
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channel data. Here, we use Open-MPI to distribute the channel indexes to each process and parallelize
the workflow using a different number of processes. The results are shown in Figure 3.3. Each run reads
the same amount of data (sooo channels for 10 minutes) and is distributed over a variable number of
processes.

The performance tests of Zarr indicate a sweet spot in terms of chunk size and the number of MPI
processes for optimal read time. A small chunk (under so channels) requires large query times but
decreases as a function of MPI processes. This may be attributed to the accumulated object storage
latency, as a small chunk size corresponds to more S3 requests to get the same amount of data. On
the contrary, a large chunk read is faster, but the network overhead and compute times increase with
the number of MPI processes. Grouping more channels in a single object effectively increases the data
granularity, potentially creating more network overhead, especially when a smaller subset of the data
is requested (e.g., as processes increase). A similar pattern is visible on the AWS test (see Testing the
Migration to Commercial Cloud).

TileDB is fully parallelized internally. The format indexes the array and supports byte-range requests,
and there is minimal extra network overhead. The performance with respect to tile sizes up to 5 channels

was almost identical throughout the test.

3.4.4 Testing the Migration to Commercial Cloud

We test our platform on AWS. We upload the OOI DAS data to AWS S3 and query data on an ms.xlarge
ECa2 instance (general purpose, 4 vCPU, 15 GB RAM) from the S3 bucket. We use 12000 X tile size
for TileDB and 12000 x 50 chunk size for Zarr, which we found optimal between read and write tests.
Figure 3.4 shows the reading test implemented on AWS. The results are similar to those implemented
through MinIO and match well with a strong scaling fitting (dotted line in Figure 3.4a), assuming the
network transmission time stays constant.

We identify three advantages of using the commercial cloud service to host the DAS data. First, there
is usually no cost for the data transmitted into the cloud (no ingress cost), and storing data on the cloud
for short periods of time is relatively cheap. For example, it costs $ 25 per month per TB on AWS S3: for

a 1-day experiment, the storage costs would be less than $1 per day. Second, cloud storage services do not
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Figure 3.3: Results of the reading test for (a) chunked HDFs, (b) Zarr and (c) TileDB format. For
chunked HDFs, the compute server downloads the entire HDFs file, reads a subarray of sooo channels
and then performs the feature extraction on each channel. The compute server requests a subarray of
5000 channels from the object storage and performs the same feature extraction workflow. The upper
panels show the time to finish the test, and the lower panels show the total bytes received by the compute
server. The line color indicates the chunk/tile size for Zarr/TileDB arrays. All lines are overlapping with
each other for the chunked HDFjs test. The black dashed line in the lower section shows the theoretical
data size after compression. The color version of this figure is available only in the electronic edition.

impose a space limit, which is different from local storage, where the quotas are set by the hardware or
the cluster centers. Therefore, cloud storage is an ideal repository for write-once-read-many scientific
data. Third, commercial cloud storage has better back-end support and can handle a higher data request
rate than the local object storage deployment (e.g., MinIO introduced in the previous section).

For most seismological applications, almost no network bottleneck exists between the computing
instance and the object storage within the same AWS region, even on the lowest-tier virtual machine.
If the computing is performed in the same region of the data, the data transmission is free. This is

equivalent to having a massive file storage server with fast data query rate.

3.5 Application: SeaDAS-N Cross-correlation

We next carry out a standard ambient noise cross-correlation analysis using DAS data. We use the con-

tinuous records of an urban DAS experiment, SeaDAS-N, collected by the UW FiberLab between April
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Figure 3.4: Results of the scaling reading test on Amazon Web Service (AWS). Panel (a) shows the
reading time averaged over s runs. The dotted line indicates a strong scaling fitting, assuming the
network transmission time stays constant. Panel (b) shows the total bytes received from the object
storage averaged over s runs. The line color indicates the data format (Zarr and TileDB). The black
dashed line in the right panel (b) shows the theoretical data size after compression. The color version of
this figure is available only in the electronic edition.

2022 and March 2023. The dark fiber used is owned by the University and runs from the Atmospheric
and Geophysics (ATG) building in the UW Seattle campus to the UW Bothell campus. The fiber
runs mostly underground, but the cable segments are above ground, which can be observed in the
raw DAS amplitude and confirmed by independent distributed sensing measurements (temperature
and strain sensing). The data was collected using a Sintela Onyx interrogator vi.o with 2,089 channels
(4.78-meter channel spacing, 9.56-meter gauge length) at a 100 Hz sampling rate. Figure 3.5 shows
one-hour SeaDAS-N data as an example.

We select data from December 2022 and perform a typical workflow for ambient noise seismology
applied to DAS data. This type of analysis is common for seismometers to construct surface waves and
perform tomography #5*%23624035:326 o1 3llow for monitoring changes in the subsurface #6227,

For DAS data, most cross-correlation analyses have used a subset of the data**®*

, and only a few
examples exist today of full cable cross-correlations**.
We test the seismological use case of ambient noise seismology with our data platform on AWS. One

month of SeaDAS-N data stored on local drives is converted to Zarr and uploaded to an AWS S3 bucket
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Figure 3.5: (a) Map showing the location of the SeaDAS-N cable (solid line) connecting Seattle and
Bothell campus of the University of Washington, United States. Only the red segment was interrogated
in December 2022 for data collection. (b) One-hour SeaDAS-N raw data of all 2089 channels (in radians
unit, a data volume of ~2.7 GB). The image starts 2022-12-15 at 13:30:00 UTC. The gray region indicates
a one-minute data gap. The clipped data (channel ~1100-1700) is from the segment where the cable is
above ground. The color version of this figure is available only in the electronic edition.

in the us-west-2 region (Oregon). One minute of 100 channels is chunked into a single object on S3.
It takes 5 hours to upload 1.7 TB SeaDAS-N data using 4 processes. A modified version of NoisePy "
is containerized and submitted to the AWS Batch service for parallelization. Using all 2089 channels
(~9.98 km), the correlation of 1-month data is split into 248 small tasks. We distributed the tasks using
AWS auto-scaling: a service that automatically manages the type and number of EC2 instances based on
the job requirements. Each task contains the following workflow: 1) requests 3 hours of SeaDAS-N data
from §3, 2) processes the ambient field with one-bit temporal normalization and spectral whitening, 3)
calculates the cross-correlation, and 4) linearly stacks the cross-correlations for each hour of data. In
contrast to using HDFs as the local intermediate data product as designed in NoisePy, each task writes
the 3 hourly-stacked cross-correlations directly to another S3 bucket in TileDB format. Figure 3.6 shows
a daily stacking of the correlation function using channel soo as the virtual source.

All tasks run on AWS memory-optimized (R-family) EC2s in the us-west-2 region (co-located with
the data). The typical cost (rs.large; 2 vCPU; 15 GB RAM) is $0.0348 per hour on average, using
preemptible SPOT instances (unused virtual machines sold at a much lower rate). On average, it takes
2.4 hours per task to compute 393 million cross-correlations, with ~98 billion correlation operations

performed in total. As more tasks are completed, the auto-scaling group automatically shuts down idling
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instances to optimize cost. Since the data I/O is fully implemented through our data platform, no extra
local storage (“block storage”) is required for each computing instance. In addition, there is no cost
during data uploading and transmission within the cloud, but it costs on average $1.3 and $2.8 per day
storing 1.7 TB DAS data and 3.7 TB correlation function on the cloud. Researchers may download the
data product (egress cost applied) or conduct further analysis on the cloud. Overall, we spent ~$430 to
cross-correlate and download the stacked data. While SPOT instances are preemptible, in our experience
the small instances (rs.large) are rarely recalled. When they are recalled, batch automatically restarts new
instances to relaunch the job that was interrupted. Furthermore, minimizing each job run on batch
decreases the risk to lose intermediate results.
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Figure 3.6: An example of ambient noise cross-correlations functions of SeaDAS-N using channel soo
as the virtual source. The channel number is labeled on the left y-axis, and the distance along the cable is
labeled on the right y-axis. The black dashed line indicates the location of the virtual source. The color
version of this figure is available only in the electronic edition.

The cross-correlation between channel soo and all other channels of the DAS cable segment (see

Figure 3.5) is shown in Figure 3.6. We filter the data between 1 and 20 Hz. We find a typical cross-
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correlation image: waves propagate from the virtual source at about 400-s00 m/s. The most likely wave
type in this context is surface waves. Given the frequency band, it is not unusual to see slow-moving
surface waves in shallow sediments, particularly in this area®>. DAS correlations also often exhibit
coherent, zero-lag signals that are instrumental and can be removed with an F-K filter>*°. Parts of the
cable are above ground (e.g., between channels 1100 and 1700), and therefore there is no correlation
between channel soo and these channels. Additional analysis of these data may involve a more careful
analysis of the wave-type (Rayleigh versus Love waves)”?, the generation of dispersion curves, and

shear-wave inversion for a velocity model.

3.6 Conclusions

This study presents the first cloud-native workflow for Distributed Acoustic Sensing (DAS) research.
We developed a cloud-optimized data platform using object storage and cloud-optimized data formats
applicable to DAS seismological research. We attempted to represent a range of seismological use cases,
focusing on writing (I-input) tests for the archives and reading (O-output) tests for the users. Our
benchmark tests demonstrate that one-time costs for data conversion from HDFs (a common DAS data
format) to Zarr or TileDB are manageable in near-real time.

Data chunking is a first-order controlling factor in I/O performance. The I/O performance for
Zarr indicates a sweet spot of 5o to 100 channels per chunk to be manageable for object storage for a
typical 200 Hz sampling rate DAS experiment. Performance scaling in I/O is also favorable for Zarr and
TileDB. TileDB natively parallelizes I/O. We distribute I/O using MPI for TileDB, and we demonstrate
its good scaling performance up to 16 concurrent processes, after which latency becomes cumbersome,
and our single disk object storage may not respond well under such concurrency. In whichever case, the
performance has been dramatically improved. Researchers may find the optimal format and chunk/tile
size that favors their data through a similar I/O benchmark and back-end specification.

This study focuses on performance using cloud services. We anticipate that users will seck to lower
costs by minimizing compute time, memory requirements, number of vCPU in the thread. However,
long-term storage of 100 TBs data sets on the cloud s still cost prohibitive, there we have demonstrated a

way for individual researchers to archive DAS data. We demonstrated an example using ambient noise
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cross-correlations. We developed the workflow using an existing Python package (NoisePy) that we
modified by moving intermediate data products from local storage (i.c., the most common workflow) to
cloud storage, which greatly improved the performance.

The integration of DASstore with other DAS community tools in Python can be straightforward:
DASstore is only a package for data query and data is returned as NumPy arrays, a generic type for
Python processing. We will use GitHub as the conduit for collaboration to initiate issues or discussions,

and to support new cloud-native projects.

Code and Data Availability

The scripts of benchmark workflows are available through DASstore’s GitHub repository (https:
//github.com/niyiyu/DASstore, last accessed August 2023). Chengxin Jiang adapted NoisePy
to NoisePy4DAS, which we modified for cloud environments. The scripts to run the cross-correlation
on AWS and instructions on how to run AWS Batch using auto-scaling are available at https://
github.com/niyiyu/NoisePy4DAS-SeaDAS (last accessed August 2023). The OOI DAS data is
available athttp://piweb.ooirsn.uw.edu (last accessed August 2023). The SeaDAS-N data from
December 2022 is freely accessible'#* through our Python API using the endpoint https://dasway.
ess.washington.edu (last accessed August 2023), for which a tutorial can be found on the project
repository page. The Kerchunk projectis hosted athttps://github. com/fsspec/kerchunk (last
accessed May 2023). DAS Research Coordination Network is hosted athttps://www.iris.edu/

hqg/initiatives/das_rcn (last accessed May 2023)

50


https://github.com/niyiyu/DASstore
https://github.com/niyiyu/DASstore
https://github.com/niyiyu/NoisePy4DAS-SeaDAS
https://github.com/niyiyu/NoisePy4DAS-SeaDAS
http://piweb.ooirsn.uw.edu
https://dasway.ess.washington.edu
https://dasway.ess.washington.edu
https://github.com/fsspec/kerchunk
https://www.iris.edu/hq/initiatives/das_rcn
https://www.iris.edu/hq/initiatives/das_rcn

This chapter was published as Ni, Y., Denolle, M. A., Sh, Q.,
Lipovsky, B., Pan, S., Kutz., J. N. (2024). Wavefield
Reconstruction of Distributed Acoustic Sensing: Lossy
Compression, Wavefield Separation, and Edge Computing.
Journal of Geophysical Research: Machine Learning &

Computation 1(3), e2024/Hoooz24. dot: 10.1029/2024]Ho00247

Wavefield Reconstruction of Distributed
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Wavefield Separation, and Edge Computing

4.1 Introduction

Distributed Acoustic Sensing (DAS) is a technology in seismology that uses Rayleigh scattering in optical

fibers to measure the spatially resolved strain rate along a fiber**”. The technology has been used for
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earthquake early warning systems?*

, event detection’, and structure monitoring*” while exhibiting the
same level of advancement for physical oceanography observations*°*, marine mammal monitoring**?,
and tracking sea ice*°*. Offshore sensing is particularly challenging, and seismic networks, if they exist,
are limited to sparse and expensive ocean-bottom seismometers connected by cables (e.g., Ocean Obser-
vatories Initiative Regional Cabled Array). DAS has shown great potential in expanding the observation
system by utilizing the seafloor fiber-optic cable previously used for telecommunication 3924552250301,

The large number of channels and the high sampling rate of DAS allow it to collect significantly
larger data volumes than traditional methods associated with seismological studies. For a single DAS
experiment with ~ 8000 channels and a sampling rate of 25 Hz, the interrogator unit generates ~ 3 GB
data per hour, or ~ 72 GB/day. This rate is much higher than that of a modern regional seismic network.
For instance, on 22 October 2023, the Pacific Northwest Seismic Network (PNSN, FDSN network code
UW, UO) collected ~ 28 GB/day with its 1640 channels sampling at 100 - 200 Hz. Such data volumes
pose a challenge to seismic networks and researchers due to 1) data transmission costs through telemetry
or the internet, 2) the storage and dissemination of seismic data centers, and 3) the computational cost
of data processing and analysis. Despite the development of innovative storage and archival systems and
data analysis tools (e.g., Chambers et al. 3¢ Nietal.®°, Spica et al. >*), the challenge for real-time and
computationally tractable data streaming remains. As a result, most studies on processed DAS data are
performed after the data acquisition is complete, while very few are tested and deployed in real-time (e.g.,
Romanowicz et al. **3, who implement channel decimation).

Lossless or lossy data compression methods can be used to reduce the size of DAS data. Lossless
compression algorithms reversibly encode the original data in a compact space and are usually universal
and commonly generalizable over a wide range of data modalities and formats. Such methods have been
widely used in compressing images, e.g., Portable Network Graph (known as the PNG format), and
scientific data formats, e.g., HDFs (Hierarchical Data Format version s), used by the interrogator units
to store DAS data. Dong et al. ©* proposed a state-of-the-art lossless DAS-specific compression algorithm
based on a two-stage pre-processing and encoding step, reducing the storage requirement by 40%. In

162

addition, Dong et al. °* is built as a plugin that could be incorporated into the HDFs writer for real-time

and post-hoc data-acquiring scenarios. In contrast, lossy compression methods allow a certain degree
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of data distortion, and the information entropy does not limit their compression ratio. The discrete

cosine »"*7 | wavelet's7*%!

, and seislet**7% transformation have been popular methods for seismic array
data compression and sparsity representation. Very few of these methods have been applied to DAS
data yet. Recently, Issah and Martin "> compared the wavelet decomposition, the ZFP floating-point
compression, and singular value decomposition (SVD) and analyzed their impact on the earthquake
detection use case. They conclude that difterent algorithms are preferable depending on the compression
ratio and their impact on preserving small seismic events.

A common strategy to compress DAS data is to drop a portion of the data (e.g., Romanowicz
et al. ***) and reconstruct the correlated original data using an interpolation algorithm or simulation
governed by the underlying physics. Wavefield reconstruction has long been used in reflection seismology
to mitigate the missing, or low-quality channel problem during the data acquisition. Recent studies are
usually motivated by the concept of compressive sensing, aiming at generating regular and dense input for
the downstream data processing”®*°. Similarly in earthquake seismology, previous studies apply the data
(wavefield) reconstruction algorithms on long-period teleseismic body and surface waves*>'7, regional
earthquake wavefields"*'*3, and the exploration scenario ™ from point-based sensors (seismometers).
These methods, when applied to large-IV seismic arrays, have benefited earthquake ground-motion
observation, holding the potential for earthquake early warning. The same concept is closely connected
to denoising when a clean and smoothed wavefield is reconstructed, therefore suppressing or separating
the noise from the original data. They can also be unified under the same framework if the missing
data comes as a result of masking. Previous studies usually seek to find a low-rank representation of
the original data with dimension reduction methods including 1) wavelet and curvelet transform as
mentioned above, 2) dictionary learning3*77%5+27 and 3) Machine Learning'©®>47:27311,

Finally, the edge computing paradigm brings computing resources and storage closer to where the
data is collected or gathered. Benefiting from the rapid development of computer engineering, this
framework bypasses the need for data transmission and makes the data directly accessible on the edge
server end. Data are processed on-site, and only applicable data products are transmitted. The framework

exhibits three major advantages: 1) the demand and financial cost for a high-bandwidth internet have

been dramatically alleviated, 2) applications are run in near real-time, and 3) the storage may also be
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expanded by attaching the network-attached storage (NAS). However, for DAS, edge servers could
still be practically expensive to deploy, especially when dedicated Graphic Processing Units (GPUs)
are required for DAS-relevant Machine Learning training and inference, e.g., denoising, phase picking,
and data compression. Some sites only have limited power, but running the DAS interrogator already
requires enough power (e.g., 100-800 W), and therefore, power may already meet the demand of an edge
computer. These limitations motivate the development of edge algorithms to be more computationally
efficient for deployment.

In this work, we present various algorithms for oftshore DAS data reconstruction and compression.
Primarily motivated by the need to save storage space, we only use the term wavefield reconstruction in
this study to describe the process of restoring the full channel observation of DAS data from spatially
decimated inputs rather than reconstructing a unified continuous wavefield representation. We introduce
the Cook Inlet DAS experiment and the data we use for analysis in Section 4.2. We discuss the model
designs and training in Section 4.3. Then, we discuss the results of model training and validate the
reconstruction on ocean waves in Section 4.4. We also experiment with alternative methods for the DAS
data compression purpose in Section 4.5. In Section 4.6, we demonstrate seismological use cases for

working with the residuals between the raw data and the reconstructed data.

4.2 Data

We use the data from the Cook Inlet DAS experiment conducted by the FiberLab at the University
of Washington (UW). Two seafloor telecommunication cables owned by the GCI Communication
Corporation are used that originate from the landing station in Homer, Alaska: the Terrestrial for
Every Rural Region (TERRA) runs westward to the Iliamna Bay, near Augustine Volcano, and the
southern span of the Kodiak Kenai Fiber Link (KKFL-S) that connects Kenai peninsula and the Kodiak
archipelago. Beginning June 2023, both cables have been connected to a Sintela Onyx v1.0 interrogator
unit in the GCI landing station for continuous data acquisition. The team has built a heterogeneous
edge unit with a Network-Attached-System (NAS) for year-long continuous data storage (~160 TB),
and two CPU and GPU edge computing servers for data processing. The interrogator unit saves the

raw data at a 25 Hz sampling rate and further decimates it into 2.5 Hz; both raw and decimated data are
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saved. There are 8531 channels using a 9.47 m channel spacing with a gauge length of 17.55 m between
June and September and a gauge length of 23.93 m between September and December.

This experiment does not stream the raw continuous data back. Instead, we transmit back two-
minute-long 25 Hz raw data of regional earthquake records. The events are chosen from the Advanced
National Seismic System (ANSS) Comprehensive Catalog hosted by the United States Geological Survey
(hereafter referred to as the USGS catalog), produced by the Alaska Earthquake Center (AEC), and
selected based on their magnitude and distance to ensure a minimum peak amplitude of seismic waves.
In other words, earthquakes may be distant with a high magnitude or local with a small magnitude and

produce similar peak ground motions. We thus select events that meet the following criteria,

where M is the catalog preferred magnitude (mostly local, in some occasions body-wave and moment
magnitude), and R is the hypocentral distance in kilometers. The equation estimates the amplitude of
the earthquake arrival on the DAS observation while excluding the effect of radiation pattern, intrinsic
and geometric attenuation, cable geometry, and coupling effects. Here, b is an amplitude coefficient:
increasing b generally restricts the selection to events with higher amplitude. We use b = 0.55, a relatively
loose criterion to stream more data for archiving purposes. However, we find only events with b > 0.65
will exhibit detectable impulsive arrival after a necessary bandpass filtering. After this selection, we
download two-minute-long waveform data on a daily basis concatenated into one HDFj file for each
event and each cable, while the raw data stays in the NAS for future retrieval. As of 31 December 2023,
502 GB of raw data from 2615 earthquakes have been transmitted back to UW, an equivalent to 87 hours
of continuous recording. No teleseismic event is included. Figure 4.1(a) shows a regional map of Cook
Inlet with the seafloor cable and earthquakes that are used in this study.

While the original data remains unprocessed, in this study, we normalize the data by removing
the mean and scaling the amplitudes by the standard deviation of each channel for the two-minute
data segments. This is the first step in producing a principal component analysis (correlation) of data
streams. This preprocessing step is reversible, but in the context of this study, it removes the recording

discontinuity along the channel axis and further enhances the continuous ocean wave response on the
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Figure 4.1: (a) Map of the Cook Inlet area in Alaska with two seafloor telecommunication cables shown:
the southern span of Kodiak Kenai Fiber Link (KKFL-S) cable and the Terrestrial for Every Rural
Region (TERR A) cable. 2615 earthquakes shown are selected from the USGS catalog between 1 July
and 31 December 2023. The solid black lines mark the depth contour of the subduction slab with a
20 km interval”7. (b) A 10-minute recording of the raw data after demeaning and normalization on
the KKFL-S cable, with corresponding water depth shown on the right and power spectrum in (c).
Channel numbering starts from the landing station in Homer, Alaska. Ocean signals dominate the
spectrum at about 10 s. The instrumental noise, a common mode, is clearly visible as a long-period
vertical band observable along the whole cable and excessively dominating the data on the land cable
segments (channel number smaller than ~100).

cable. In the following, all data is normalized as formerly described. Figure 4.1(b) shows a 1o-minute
normalized recording on the KKFL-S cable. The data appears dominated by landward ocean waves
propagating at an approximate velocity of ~1s m/s. This is also confirmed in the channel power spectrum
(Figure 4.1¢): ocean surface gravity waves around the 9-15 s period. Weaker secondary microseisms also
can be seen at 2.5 s, a little bit higher frequency than the globally observed microseism'” probably due to
particularly shallow water in Cook Inlet. The data shown in Figure 4.1(b) does not contain earthquakes

according to the USGS catalog.

4.3 Methods



4.3.1 Model Architectures

We use the SHallow R Ecurrent Decoder (SHRED)73% for a wavefield reconstruction model. SHRED
was designed to take a short time series (sensory temporal trajectory) of a field sampled on a sparse
network and reconstruct the current state of the field in a dense, 3D spatial array. The addition of
the time dimension with the recurrent neural network permits the reconstruction of time-dependent
processes. The SHRED architecture is a generalization of Principal Component Analysis (PCA) and
separation of variables***. The adapted SHRED model takes inputs as the strain rate time series measured
before and at the current time 7 from Njpy¢ channels and reconstructs the spatial wavefield snapshot
at time Tp of Nyytpyt continuous channel, from which the inputs are decimated. The decimation is
performed by extracting only selected channels instead of masking (zero-padding) so that the relative
channel location is implicitly preserved. The SHRED model is very simple in its design and is made of
two commonly used modules. Specifically, a stacked Long-Short-Term-Memory (LSTM '°°) module
projects the input time series from a sparse network, here a sub-sampled in space - sparse network -
into a lower dimension latent space. A shallow decoder network follows the stacked LSTM:s, and the
latent space representation sensed from the sparse input is mapped to the full wavefield snapshot”".
We use a multi-layer perceptron (MLP) neural network as the asymmetric decoder module with the
ReLU activation functions*. The decoder links the hidden state space to the data space (wavefield) and
implicitly contains a set of near-orthogonal basis parameterized by its weights. The overall architecture is
shown in Figure 4.2 with two stacked LSTM over decimated DAS channels and an MLP decoder with 2
tully connected layers that transform the latent space from an intermediate layer that is half the size of

the full output.

4.3.2 Training

In contrast to supervised deep learning methods, which usually require large volumes of human-labeled
data for supervised training, SHRED, as a self-supervised model, relies solely on the raw data as the
training label, and no task except mapping to the raw data itself is explicitly appointed during the training
process. From a practical point of view, we select Noypur = 1000 consecutive channel segments across

the cable. Eight seconds of data (200 samples) from Njyput = 201 decimated channels are input, and
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Figure 4.2: Structure of the wavefield reconstruction model, SHallow REcurrent Decoder (SHRED?*?).
Two LSTMs (long-short-term memory) are stacked together as the input branch. The shallow decoder
is a three-layer, densely connected multi-layer perceptron (MLP) branch. The LSTM branch maps the
time series from sparse DAS channels into a latent state with a fixed dimension. The latent state is then
projected to the reconstructed wavefield at all V channels through the shallow decoder network. Note
that time series at and before time 7} is used for input, while only wavefield at time 77 is reconstructed.

the SHRED model reconstructs the wavefield snapshot at these 1000 channels. We choose this length
of input series so that the dominant ocean wave is able to travel across the nearest decimated channels
at ~15 m/s. The number of decimated sparse channels is also selected so that the first overtone artifact
does not intermingle with the real data in the frequency-wavenumber (F-K) domain (see Section 4.4.3).
Moreover, evenly channel decimation is favored over random decimation because SHRED does not have
location encoding in the input layer. Without such implicit information on relative sensor location in
the dataset, the model has to learn where the sparse observations are extracted from, which significantly
increases the training difficulty. Finally, the decoder branch is defined as the latent state with 150 nodes
(dimension of the latent space) and one hidden layer with soo nodes before reaching the output layer

with 1000 nodes (DAS channels). The model has ~ 0.97 million trainable parameters in total.
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Data augmentation techniques have been commonly implemented to improve the dataset volume,
diversity, and complexity from limited data and, thereafter, dramatically improve model performance.
Data augmentation methods frequently used in Machine-Learning seismology include time window
shifting and squeezing, random noise superimposing, masking, channel muting, and switchingz“(””“’”‘).
Here, we augment the dataset by randomly sampling each file soo times along both channel and time
dimensions: each sample contains eight seconds of data from 1000 continuous channels, totaling about
2615 x 500 =~ 1.31 million samples. Decimation is made on these 1000 channels by evenly selecting
201 channels as input, which increases the channel spacing by a factor of five (now 47.35 m). Random
windowing along the time axis enables the dataset to feature a diverse seismic characteristic depending
on the sample start time relative to the earthquake arrival. Moreover, random channel selection avoids
over-fitting the data pattern and quality on specific cable segments, e.g., ocean wave direction and
velocity, which tend to be more localized. This step greatly improves the model’s performance and
generalizability.

We randomly split the augmented dataset into three subsets for training (70%), testing (20%), and
validating (10%). The dataset is well-shuffled so that the validating set represents the testing set well. We
use Mean-Square-Error (MSE) as the loss function to measure the misfit between the reconstructed and
the raw data. MSE only considers the point-by-point difference, usually dominated by the strong low-
frequency ocean wave signal below o.15 Hz. As a result, the model poorly resolves frequencies higher than
o.15 Hz, generating a clean and smooth ocean wave signal. We use the first-order gradient-based optimizer
Adam'? to iteratively update model weights and minimize the loss function. We train the model for 40
epochs with an initial learning rate of 1 x 10~*and linearly half the learning rate. All model training
and testing are implemented with an Nvidia Aroo 80GB RAM GPU using PyTorch**°. A mini-batch
training strategy is used, each containing 64 samples from the augmented subset. The loss curve for the
training process is shown in Figure C.1. A 10-minute example of raw, reconstructed, and residual data is
shown in Figure 4.3 with the power spectra of selected channels, suggesting well-reconstructed data in
the long-period band (< o.15 Hz). The Peak Signal-to-Noise Ratio (PSNR) and MSE are reported and
used to assess the reconstruction quality. The metrics are also used for the performance comparison

tests, which help us select the model hyper-parameters (Table S1).
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Figure 4.3: (a-c) A 1o0-minute example of raw, reconstructed, and residual data from the Cook Inlet
DAS experiment on the KKFL-S cable sampling at 25 Hz. The same color scale is used for raw and
reconstructed data, while the residual is boosted by a factor of 2. (d-e) The power spectrum of the raw
data (black solid line) and reconstruction (red solid line) across the cables, with six selected channels
shown in (i-k), suggesting a well-reconstruction in the frequency domain below o.15 Hz.

4.4 Results
4.4.1  Model Performance

The SHRED model performs well on the wavefield data at the dominant frequency of ~o.15 Hz.
Figure 4.3 reveals that the low frequency, slow propagating ocean waves are correctly reconstructed up to
frequencies relevant to seismic waves. It takes ~s1 seconds to reconstruct this 1o-minute-long KKFL-S
test recording on an Nvidia Aroo GPU with 8o GB RAM. However, the spectral amplitude of the
reconstructed waves at higher frequencies is lower than the original waveform. Furthermore, we observe

that the maximum frequency of high-quality reconstructions decreases with optical distance. A possible
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explanation is that ocean surface gravity waves have a lower amplitude in the distant parts of the cables,
and instrumental noise increases due to the laser power attenuation. We show the reconstruction of
seismic waves during recorded earthquakes of low and high magnitude: the 22 July 2023 M1.9 earthquake
near Anchor Point, Alaska (USGS event ID ak0239btba15, Figure C.2) and the 16 July 2023 Mww7.2
earthquake near Sand Point, Alaska (USGS event ID at00rxvmwl, Figure C.3). The reconstruction
model separates ocean waves from earthquake arrivals well, except for the long-period arrival from the
Sand Point event, which overlaps with the instrumental noise traveling at the speed of light.

To alleviate these effects, we experimented with model design, training data sets, and loss function,
though without success. We tested 1) convolutional layers in the decoder branch, 2) a loss function
that penalized the reconstructed Fourier amplitude spectrum to force the training to recognize high-
frequency signals, and 3) filtering training data to frequencies above 0.1 Hz and testing the reconstruction.
Improvements did occur only when more sensors were included, which reduced the compression ratios

and defeated the goal of the effort.

4.4.2 Generalizability

We trained and tested the SHRED model on the KKFL-S cable using training data from the earthquakes
and tested it on the same cable. The test data did not overlap with the training and validation data set.
The power of this method is that the model generalizes well over time and space within the same cable.
This means that only one model needs to be trained for the reconstruction of an entire cable. We also
trained the model using data fully from TERR A cable, and the performance of the new model is similar
to that of KKFL-S (Figure C.4). Furthermore, the bi-directional vergence of the ocean gravity waves is
reconstructed as expected. The model’s generalizability outside the training domain is also of interest.
We implemented the wavefield reconstruction using a model trained by the KKFL-S cable and tested
on channel 1000-2000 from the TERR A cable. We compared it with a model fully trained using data
from TERR A. The measured PSNR and MSE (Figure C.5(b)) indicate that the model trained on the
KKFL-S cable exhibits very good generalizability on the TERR A cable.

We also tested the transfer learning ability of the SHRED model. We fine-tuned the KKFL-S model

with 20% of TERR A data at a smaller learning rate (5 x 1075). During the transfer learning, the
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weights in the LSTM module are frozen. In that way, the latent space mapping is preserved and only
the weights in the decoder module (MLP) are changed during further training. Figure C.s(c) shows an
improved reconstruction after transfer learning. The performance is worse than the model fully trained

by TERR A data Figure C.5(d), but this is not surprising.

4.4.3 Ocean Wave Reconstruction

We perform the frequency-wavenumber (F-K) domain analysis by applying the 2D Fourier transfor-
mation on the channel 1000-2000 data shown in Figure 4.3(a,b). The F-K transform has strong power
when the 2D wavefield image has a high SNR moving wave. Non-dispersive waves, i.e., when all waves at
all frequencies travel at the same speed, have strong amplitudes at constant k for all f. Dispersive waves,
i.e., when waves travel with different speeds at different frequencies, have strong power in an F-K curve.
With an 8o m average water depth h, the dominant power in the F-K domain well matches the ocean

surface gravity wave dispersion defined by

(27f)? = g - k tanh (kh), (3)

where f is frequency, k wave-number, and g gravitational acceleration. The SHRED model well
reconstructs the power of bi-directional ocean waves in this dominant frequency and wave-number
range (Figure 4.4). We noticed that artifacts exist as an overtone in the larger wavenumber band when
the wavelength of interest falls below the closest channel distance after spatial decimation, and the model
can not uniquely resolve the wave among its multiple overtones as a form of aliasing. A test where only
101 out of 1000 channels are used for SHRED training exemplifies the effect that inadequately sampled
data limits the minimum resolved wavelength. At this decimation rate, the effective channel spacing
increases to ~95 meters, corresponding to a 0.066 wavenumber. This is where the first overtone artifact
starts to show in Figure C.6, indicating the model confused on the right seaward propagating wavelength
and frequency. In conclusion, with enough decimated channels, wavefield reconstruction is a possibility

for compressing offshore DAS for the oceanographic use case presented above.
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Figure 4.4: (a-b) A 10-minute example of raw and reconstruction data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. Data from a segment of 2000 channels are shown.
The corresponding data in the frequency-wavenumber (F-K) domain is shown in (c) and (d), respectively.
The dispersion relation for ocean waves under an intermediate water depth setting (A = 80 m) is plotted
as red dashed lines.

4.5 Alternative Greedy Data Compression

As a complementary to the DAS data compression, we employ two other novel Machine Learning
methods that have recently been used for data compression. Specifically, we adapt the networks from
Sitzmann et al. >** and Tancik et al. >°*, hereafter referred to as SIREN and RFFN (Random Fourier
Feature Network), respectively. Both SIREN and RFFN are Implicit Neural Representation (INR)
methods, widely used for data compression, dimension reduction, wavefield interpolation, and image
fusion ©2972%> When the INR model is implemented on two-dimensional data, the coordinate of each
pixel (z,y) € R?is mapped to the intensity (I € R for a single-channel image). Due to the invariance of
coordinates for a set of images with the same dimension, this mapping is data dependent, and thus, by its
nature, the INR models cannot generalize across images: IV images correspond to [N set of models, and
consequently requires IV independent training (encoding) process. This lack of generalizability applies

to both SIREN and RFFN used in our study. Moreover, data are not split into training and testing
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sets: the weights are iteratively updated to fit the data as a whole without the requirement to validate
generalizability through a test data set, and thus consistently “overfitting” the data. The loss function is
used to be an indicator of the model generalizability, but it is now a measurement of model encoding
quality and the amount of data loss in the reconstruction. Here, we apply the INR compression every
10 min for every 1000 channels. We use an RFFN of 3 layers with 160 units and a SIREN of 20 layers
with 128 units. While RFFN uses the ReLU activation function, SIREN uses a sine function to connect
hidden layers. There are ~193k and ~331k trainable parameters in SIREN and RFFN mapping the
channel number and time index to the strain-rate value. These weights, transmissible as an encoded
form of the raw data, are only 1.29% and 2.21% of what they can be reconstructed to (600 s at 25 Hz, 1000
channels), respectively.

We use the same data shown in Figure 4.3(a) to train the INR-based networks. The training dataset
is selected as 10% samples of the DAS data array, and no data augmentation is applied. We train each
model up to 20 epochs, or until the loss function drops below 1 x 1072, Similar to how we train
SHRED, we use the Adam iterative optimizer and minimize the MSE loss function between the raw and
reconstruction data. A 1o-minute example of raw, reconstruction, and residual data is shown in Figure 4.5
encoded and then decoded by the SIREN and RFFN. Although the two models show different residual
patterns, the MSE suggests an overall well-fitting across the entire data array.

Itis worth noticing that a significant amount of time is required to train an INR model, as previously
reported in Dupont et al. °®. Insufficiently encoded data leads to more reconstruction artifacts or data
loss. Our test on the DAS data confirmed this, as the fitting time on an advanced GPU is comparably
longer than the original data recording time. This implies that it may be impractical to deploy INR-based
data compression on an edge machine as a real-time compression setting if the encoding takes as long
as, or longer than the recording. However, in a post-hoc scenario where timeliness is not required, and
more computation resources are available, the INR-based model exhibits a better compression rate. We
report that further tests on these two algorithms were developed and performed on another offshore

DAS experiment in Oregon, leading to the same conclusions 186
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Figure 4.5: Greedy algorithm tests: DAS data compression and reconstruction using Implicit Neural
Representation (INR) models: Sinusoidal Representation Network (SIREN) and Random Fourier
Feature Network (RFFN) are tested using a ro-minute data from the Cook Inlet DAS experiment
(Figure 4.3). Reconstructive waveforms and their residuals are shown in (a,c) and (b,d), respectively.

4.6 Offshore Seismological Use Cases

In this section, we explore offshore seismological use cases on the residual data by subtracting the
reconstruction data from the raw data.

4.6 Earthquake Detection

Earthquake detection is one of the most important tasks in the earthquake monitoring process. It is the
foundation of numerous event-based studies and applications, e.g., catalog building**® and earthquake
early warning'°. For both real-time data streaming and post-hoc data mining settings, a characteristic

function is used to detect transient seismic wave arrivals (usually impulsive P- and S-wave onset) and
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triggers additional analysis. The sensitivity to weak signals of an earthquake detection algorithm greatly
affects the catalog completeness, while its robustness helps prevent false detections due to potential noise
and waveform glitches. Similar criteria apply to the early warning algorithm, as a robust and sensitive
characteristic function permits longer warning time and fewer false warnings. In traditional station-based
seismology, detection algorithms are performed independently on each station, and triggers are clustered
into an event through an aggregation process (for example, an association for phase picks). Although
array-based methods have been proposed (e.g., Li et al. *°), there is a pressing need for a scalable event
detection algorithm designed specifically for DAS.

Kurtosis, defined by the fourth standardized moment, is a statistical value measuring the shape of
a given distribution, and it has been used as a characteristic function for the state change of a system.
Because the seismic phase onset usually generates non-Gaussian distribution on the wavefield mea-
surement, the kurtosis can be used for event detection indicated by a sharp jump when the measuring
window includes the onset signal**. Here, we apply kurtosis measurement to detect earthquake events
on DAS data. When combined with characteristic functions like kurtosis and STA/LTA for real-time
event detection, the high-pass filter is commonly used to remove strong ocean waves and reveal the
transient seismic arrival. This step can be computationally expensive, given the large number of channels
in a typical DAS deployment, in addition to the lack of computing resources in the landing station
or wilderness. We show that by simply subtracting reconstruction data from the raw recording, the
residual wavefield exhibits mostly the transient earthquake arrivals and can be used for event detection
straightforwardly without the need to implement a high-pass filter.

Figure 4.6(a-c) shows the 40 s raw, reconstructed, and residual recording of a regional M3.5 earth-
quake on 29 December 2023 (USGS event ID ak023godcr3i). The theoretical P- and S-wave first
arrival time on each channel are calculated using the ObsPy implementation of Tau-P*”* and the

IASP-91 velocity model "

. We calculate the kurtosis using a one-second window and average over all
channels. The kurtosis on the raw and reconstructed data shows little variability at the time of theoretical
P- and S-wave arrival, possibly due to the weak energy arrived at the cable. However, on the residual data

where ocean waves have been subtracted, the rapid increase of kurtosis around 22 s and 35 s coincides

well with the P- and S-wave arrivals.
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Figure 4.6: (a-c) Raw, reconstructed, and residual data of a 40 s DAS recording from the Cook Inlet
experiment. The selected window contains P- and S-wave arrivals from a regional M3.5 earthquake on
29 December 2023 (USGS event ID ak023godcr3i). Dashed lines show the theoretical arrival time
calculated from Tau-P using the catalog hypocenter location. (d-f) With the noise (gray), P- (blue), and
S-wave (red) onset selected, we measure the kurtosis for each data on this shorter time window. (g-h)
The improvement of peak kurtosis contrast in the P- and S-wave window before and after removing the
reconstruction. As each circle corresponds to a single event sized by its magnitude, 48.8% and 76.3%
events show an enhanced arrival on P- and S-wave, respectively. The aforementioned event is filled with
stars.

To quantify the improvement in the kurtosis event detection, we evaluate the peak kurtosis in a
three seconds pre-arrival (noise), P- and S-wave onset window on each channel (K,pise, K p and Kg,
respectively). Windows are shifted based on the theoretical arrival time in order to account for the
move-out effect along the cable. For 393 events with b > 0.65, we calculate the kurtosis contrast AK in
the P- and S-wave onset window with respect to the noise window (Kp — Kppise and Kg — Kpoise)-

The kurtosis contrast AK in the raw and residual data is used as the indicator of improvement after
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removing the ocean waves. We selected and found 393 events when using b > 0.65. As Figure 4.6(g-h)
shows, 300 or 76.3% of the events show an improved S-wave kurtosis contrast. The improvement on the
P-wave window is less significant: 192 out of 393 events (48.8%) exhibit an improved kurtosis contrast.
Moreover, the computation cost of such an operation is significantly smaller than running-window
filtering when data are streamed. We conclude that using the residual between raw and reconstructed
wavefield can be efficiently used to improve event detection on offshore DAS data, especially on the

landing station where real-time pre-filtering is computationally limited.

4.6.2  Phase Picking

Seismic phase picking is the step of annotating the exact arrival time of seismic phase arrival. Earthquake
source origin parameters like hypocenter location require precise marking of the onset time of P- and
S-wave arrival. In most seismic networks, this step is usually performed by human analysts because
automated pickers are usually only deployed for detection. However, picking phase arrivals on DAS
is more difficult than that on the traditional broadband or short-period stations, particularly for three
reasons: 1) DAS has only one horizontal component and is less sensitive to the P-wave traveling oblique
or perpendicular to the cable, 2) the coupling of the cable to the ground may not be favorable, making
phase arrivals less impulsive and much more noisy on DAS, 3) the number of channels is significantly
larger than what human can handle as a routine work using visual picking methods. Machine Learning
methods have been extensively used in seismic phase picking as they are more sensitive, robust, and
efficient, especially at low SNR. Many Machine Learning phase pickers have been built to work on
various data styles in terms of the instruments, noise level, and event type, and are made standardized by
SeisBench*°7. However, few are designed for DAS data due to the lack of high-quality labeled datasets
for model training**'.

We keep exploring the low-pass filtering effect of the reconstruction and perform an earthquake
phase picking test on a one-minute windowed DAS data. The selected window includes arrivals from a
regional M2.o earthquake on 14 July 2023 (USGS event ID ak0238yvmdxr). Filtering is commonly
applied in Machine Learning phase pickers to remove microseismic noise, e.g., PhaseNet**, Earthquake

Transformer (EqTransformer'7#), and EQCCT™°. In contrast, we pick on the DAS data without
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performing any bandpass filtering step to reduce computing time. We implement the ensemble learning
seismic phase picker (ELEP***) using the EqTransformer as the base model and five pre-trained weights
from SeisBench*°7. As Figure 4.7 shows, the ensemble phase picker can effectively identify and pick the
arrival time of P- and S-wave from the residual data at relatively high accuracy, even though the base
pickers are neither trained on DAS data nor fine-tuned using transfer learning. We also perform the
picking using EQCCT on the same residual data, indicating that EQCCT is giving more picks for both
P- and S-wave but at a cost of higher variance (Figure C.8). It should also be noticed that both ELEP
and EQCCT produce P- and S-wave arrivals with up to 0.33-second mean bias compared to the travel
time from Tau-P, suggesting an underestimated P- and S-wave velocity. This may be attributed to the 1D
IASP-o1 Earth reference model we use, which does not depict the structure of a subduction zone well,
as the case in the Cook Inlet, Alaska. The same picking algorithm is applied to the raw data where no
filter is applied (Figure C.9), which exhibits much fewer identified arrivals for both P- and S-waves, less
accuracy, and misidentified phases. We show that Machine Learning phase picks on the DAS cable may
potentially be a critical off-shore complement to the regional seismic network for earthquake monitoring

as well as local tomography study.

4.6.3 Seismic Ambient Noise Interferometry

Seismic noise interferometry techniques can be used to extract dispersive surface waves from raw seismic
signals, an important step in passive surface wave tomography (e.g., Nishida et al. %, Yang and Ritz-
woller**). On land, such study is usually performed by arrays made of hundreds of nodal seismometers.
In such cases, DAS is capable of reaching the same order of aperture while requiring far less workload on
data acquisition. On the other hand, it is practically impossible to achieve such a high spatial resolution
on the seafloor where deploying Ocean Bottom Seismometers (OBS) is challenging (e.g., Gao and
Shen®', Liu et al. ™, Zhang et al. ). By leveraging existing seafloor telecommunication cables, the
DAS system provides a unique opportunity for seismic ambient field observation and surface wave
tomography *5*.

While the long-period strong ocean wave has been effectively reconstructed and removed, the residual

of the data exhibits coherent seismic ambient signal in the higher frequency band. Here, we use the same
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Figure 4.7: A so s residual DAS recording after removing the reconstructed wavefields from the raw
data. The selected window contains P- and S-wave arrivals from a regional M2.o earthquake on 14 July
2023 (USGS event ID ak0238yvmdxr). A band-pass filter is applied for illustration purposes only,
enhancing the earthquake onset. We use the ensemble learning earthquake phase picker (ELEP**?)
to pick the arrival time on the unfiltered residual data, marked by the blue and red crosses. Dashed
lines show the theoretical arrival time calculated from Tau-P using the catalog hypocenter location and
IASP-o1 reference velocity model. The inset shows the difference between the ELEP picks (Trz,) and
the theoretical arrival time (77 p) for P- and S-wave onset. The mean absolute difference, the standard
deviation as the uncertainties, and the mean value of the difference are reported in the upper right corner.

NoisePy package by Jiang and Denolle "# and Ni et al. ° to calculate cross-correlation functions for a
100-channel cable segment. Figure 4.8 shows the cross-correlation function of the raw, reconstructed,
and residual data stacked over one day using channel 1000 as the virtual source. On the raw and residual
data, strong Scholte waves can be extracted in the [1, 3.5] Hz frequency band. Scholte waves are interface
waves that travel in the subseafloor as interface waves between the fluid ocean and the solid Earth and are
typically seen on dense seafloor surveys 269,

At frequencies where we expect no good reconstruction (see Figure 4.3), we do not expect coherent

seismic waves to be extracted in the reconstructed wavefield. Indeed, Figure 4.8(c) illustrates the non-
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coherent nature of the high-frequency reconstructed wavefield. This suggests that one should not
interpret the high-frequency content in the reconstructed wavefield. Nevertheless, the positive outcome
of removing the reconstructed wavefield is that the coherence of the seismic wavefield in the residual
is enhanced, especially at lower frequencies. In fact, the residuals are effectively “denoised” from the
raw data and enhanced the seismic signals. We further comment on the dispersion with a factor of 4

difference between wavespeed at ~1 Hz (~1200 m/s) and wavespeed at ~2 Hz (~ 400 m/s).
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Figure 4.8: Correlated wavefield and dispersion analysis. Cross-channel correlation on (a) raw, (c)
reconstructed, and (e) residual data. Correlation functions are calculated over 100 continuous channels
and are stacked linearly over one hour, with slant stacked phase velocity dispersion map shown on
the right, respectively. All cross-correlation functions and dispersion maps share the same color range,
respectively, highlighting little leakage of coherent seismic ambient wavefield in the reconstruction. The
dispersion suggests a highly dispersive fundamental-mode surface wave on this cable segment.

4.7 An Edge-Computing Framework

Here, we propose an edge computing workflow for real-time DAS data processing. The paradigm suggests
bringing computing resources close to the data and enables time-sensitive low-latency applications. In the

cable landing station where the interrogator is deployed, on-site SHRED inference reconstructs the ocean
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wave and the subsequent residual data. The aforementioned low-latency applications could be performed
for continuous event detection and phase picking. Moreover, the edge machine can concurrently
calculate and stack ambient noise cross-correlation functions, with dispersion measurements sent back
as a data product. Once needed, the same decimated data can be streamed back and reconstructed at
high fidelity in the home institute for various oceanography studies. Our study is a pilot experiment of
such a framework, with only 10%-20% of the data streamed back from the field site.

We further envision a reduced need for GPU- and other servers on the edge side. Indeed, it is possible
to apply SHRED inference in real-time using a small single-board computer like a Raspberry Pi, thanks
to the recurrence of the LSTM model and the simple structure of the decoder network. We experimented
with a Raspberry Pi 4B (4GB RAM) that could perform ~8o reconstruction operations per second for
1000 channels in a recurrent inference mode with no quantization applied. The kurtosis measurement
is also tested, suggesting that we can perform an earthquake detection algorithm on the real-time DAS

data using only a low-cost computer.

4.8 Conclusions

This work demonstrates the use of innovative deep-learning methods to compress and reconstruct
wavefields recorded by offshore distributed acoustic sensing. We find that SHallow REcurrent Decoders
(SHRED) provide an effective framework to compress DAS data, enabling lower streaming rates, and
being effective at reconstructing wavefield from ocean wave that composes the broadband DAS data.
Two other novel Machine Learning methods are used for complementary data compression: Sinusoidal
Representation Network (SIREN) and Random Fourier Feature Network (RFFN). Although both
models exhibit no temporal and spatial generalizability and require more time on training, they show
great data compression ability and are suitable for a post-hoc data-acquiring scenario.

Moreover, we demonstrated that SHRED does not reconstruct short wavelength (high-frequency)
wave components, probably due to the sampling of channels and the lack of spatial encoding. Neverthe-
less, SHRED allows the separation of the total wavefield into the oceanic contributions from the seismic
contributions. We illustrate seismological use cases that could be deployed on an edge computing unit

to improve Earth imaging and seismic event detections in an offshore setting.

72



Code and Data Availability

We use PyTorch to develop the reconstruction and compression models*°°. The scripts and notebooks
for DAS data downloading and model training are available at https://github.com/niyiyu/
DAS-reconstruction. Earthquake data from the Cook Inlet DAS experiment is publicly available at
https://dasway.ess.washington.edu/gci/. The USGS catalog is downloaded using ObsPy
client®”. All figures are made with Matplotlib’®” and PyGMT*"".
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A Global-scale Database of Seismic Phases
from Cloud-based Picking at Petabyte Scale

5.1 Introduction

Detecting earthquakes by picking P- and S-wave arrival times is fundamental to seismology. It enables

rapid estimation of earthquake source properties, provides early warning for potential ground shak-
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ing, and supports seismic hazard assessment. Picking the arrival time is also the first step in building
earthquake catalogs. Traditional earthquake detection methods are typically unsupervised and rely on
signal characteristics such as impulsivity, using techniques like the short-term average/long-term average
(STA/LTA) filter® or kurtosis-based approaches'**. However, these methods are highly sensitive to
background seismic noise, limiting their effectiveness to small-magnitude events or recordings from
particularly quiet stations.

Recent advances in seismic data processing techniques demonstrate that artificial intelligence (AI)
and machine learning (ML) overcome these limitations and have shown high performance in earth-
quake detection 7*>**5, phase picking‘(’5"74’“8’337"40, and phase association %7427 Supervised deep
learning approaches to earthquake detection and phase identification require and have benefited from
large, labeled datasets (e.g., several hundred thousand examples of P-waves, S-waves, and noise, along
with the timing of body wave arrivals) for model training. These datasets are often compiled from
analyst-reviewed phase picks cataloged by regional seismic networks and compiled by researchers for

Al-readiness7>'$831¢

3734 Once trained, deep-learning-based detection and phase picking frameworks
have significantly outperformed more conventional approaches in sensitivity and timing accuracy. They
can detect arrivals in data with low signal-to-noise ratios and reliably pick arrivals to within less than
0.15"7+%7, without requiring manual intervention for hyperparameters. Additionally, once trained,
these models are inference-only, making them extremely fast and scalable. These successes, combined
with the abundance of readily available continuous seismic data, facilitate large-scale regional and global
data mining efforts.

Data volumes in seismology are expanding rapidly, with researchers now typically tackling datasets
of TBs in size that require advanced computing strategies for analysis. Cloud computing is a promising
infrastructure that can support this by enhancing the reliability, scalability, and accessibility of data®,
promoting reproducible and open science. Most importantly for users, cloud computing provides
large-scale computing power close to the data archives, eliminating the need to download massive
datasets and enabling users to run analyses in-place on the cloud using cloud-native tools (e.g., elastic

computing, batch computing, scalable storage, and database services). We refer the readers to Ni et al. >

for comprehensive descriptions of various AWS resources commonly used for scientific computing,
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including the ones used in our experiment. The Southern California Seismic Network (SCEDC) has
been hosting a copy of its entire data archive on the Amazon Web Services (AWS) Simple Storage
Service (§3) since 2019°**. The Northern California Earthquake Data Center (NCEDC) followed a
similar model and architecture in 2024. The EarthScope Consortium is a non-profit organization that
supports Earth science research by collecting, managing, and providing access to seismic and geodetic
data collected worldwide from all United States (US) NSF-supported seismic experiments, a subset of
the US regional seismic networks, and a selection of stations from global seismic networks**. It serves
the scientific community by operating and maintaining networks of instruments, curating data and
metadata, and delivering these to end-users. In recent years, the EarthScope Consortium decided to
migrate data collection, archiving, and delivery services to the cloud.

Here we present results from one of the first large-scale, cloud-based seismic data-mining efforts.
We processed approximately 1.3 PB of continuous seismic data from stations worldwide (see Figure s.1).
Leveraging modern cloud infrastructure, we developed a scalable cloud-native workflow to efficiently
manage and analyze this extensive dataset. The sections below describe the waveform formats, cloud
architecture, and compute resource utilization. We also describe the structure and contents of the
resulting phase-pick database and provide public access through a web service. This work demonstrates
the feasibility and advantages of using cloud computing for robust, high-throughput seismic waveform
analysis. At the same time, the resulting database can serve as a starting point for the community to
study seismicity globally. As in a typical catalog workflow, phase picking is the most runtime-intensive
step. We believe that our database, providing global-scale, high-quality phase picks, has the potential to

substantially accelerate seismicity studies worldwide.

5.2 Methods

5.2 Data

The NCEDC provides public access to continuous seismic waveform data through AWS, utilizing
the AWS Open Data Sponsorship program. NCEDC continuous waveform data are hosted in the
ncedc-pds S3 bucket in the us-east-2 region (Ohio, United States). Files are organized by network, year,

and day of year, and are stored in miniSEED format, with each file representing one day of data from a
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single channel. Similarly, the SCEDC offers public access through the scedc-pds S3 bucket in the us-
west-2 region (Oregon, United States). The EarthScope Consortium provides data access to credentialed
users through an S3 Access Point, which gives fine-grained control over permissions and network access.
While users interact with the Access Point much like a standard S3 bucket, internally, requests are routed
through a Lambda function that handles S3 requests, enabling dynamic access management and custom
logic. The combined archives represent 47,354 stations recording data between January 1, 2002, and

March 31, 2025, for a total of more than 1.3 PB of continuous seismic data (Figure 5.1).
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Figure s.1: Map of stations, displayed as triangles and color coded according to the Data availability in
station-years included in EarthScope, NCEDC, and SCEDC archives. Panel (a) shows the distribution
of global station data availability. Panel (b) shows a detailed view of stations in the United States, while
Panel (c) shows data availability in California.

s.2.2  Workflow

214,261,285,330 some of which have focused on cloud

Several earthquake catalog building workflows exist
deployments'*#*#*. Here, we develop a scalable cloud-native workflow for seismic data processing
designed for large-scale data mining using AWS services, which we illustrate in Figure 5.2.

The workflow begins with a user-specified list of station codes and a defined time range. A unique
combination of 40 stations and a 20-day time window is paired as one job, which is submitted to an

AWS Batch computing queue. We request 8 vCPU and 16 GB RAM for each job, with interruptible

SPOT instances enabled. In contrast to the on-demand counterpart, SPOT instances utilize unused
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AWS capacity with a discount (up to 90%) but can be arbitrarily recalled. With appropriate retrial
and checkpoint mechanisms implemented, SPOT instances effectively optimize the cost efficiency of
our workflow. The submitted jobs stay pending until requested resources are supplied, automatically
elevating queued jobs into the running state until the account quota is reached. With a 12,000 vCPU
account quota, the computing queue allows 1,500 jobs to run in parallel. A running job first retrieves
instrument response information from the EarthScope International Federation of Digital Seismograph
Stations (FDSN) fdsnws-station service via the ObsPy library*”. A temporary user credential is
requested from EarthScope to specifically enable EarthScope S3 access, while no credential is required
for SCEDC and NCEDC. Waveforms are loaded directly from the S3 buckets by mapping the network
code to the appropriate data center’s bucket, bypassing the need for middleware returning waveforms
such as the FDSN fdsnws-dataselect service. For this project, we processed all available seismic
data from January 1, 2002, to March 31, 2025, across channels with the following codes: EH?, HH?, BH?,
HN?, EP?, DP?, EL?, SL?, SH?, CN?. When stations host multiple location codes or channel types,
we pick and record them separately in the workflow. We skip waveforms that are empty, embargoed, or
contain over so gaps per component.

Once data is acquired, phase arrivals are identified using PhaseNet**, a deep learning-based algo-
rithm for automatic P- and S-wave detection, trained on the INSTANCE dataset™®s, implemented
through the SeisBench framework®>3°7. We extract ground velocity estimates around each peak if
horizontal components exist. Each job’s output includes phase picks, job metadata, and checkpoint
information during processing. These are stored in an AWS DocumentDB server, which functions as
a NoSQL database for tracking job progress and storing results. This cloud-native architecture sup-
ports high throughput, fault-tolerant processing of large-scale seismic datasets, leveraging the scalability
and modularity of AWS cloud services — separating data storage (S3), compute (Batch), and output

management (DocumentDB).

5.2.3 Database

We employ the AWS DocumentDB to store intermediate and final data products. The DocumentDB

service is a NoSQL database that manages and stores data in a structured, flexible format. The database
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Figure 5.2: The scalable cloud-native workflow for seismic phase picking. Containerized jobs are sub-
mitted to AWS Batch, which loads miniSEED seismic waveforms directly from AWS S3 buckets. Phase
arrivals were identified with PhaseNet through the SeisBench implementation. A DocumentDB cluster
is employed to store job metadata, picks, and checkpoints. Finally, an EC2 instance is used to provide a
public database query service.

is organized into several collections, each representing a different category of data relevant to the seismic
data processing workflows we’ve implemented here. Each collection contains documents (JSON-like
records) with a defined set of fields representing specific information pieces. The collections are also
indexed to improve performance and to avoid duplicate picks.

The DocumentDB server organizes station metadata and processing outputs into distinct collec-
tions (Table s.1). This design enables efficient querying and auditing of picking results and the exact
software and settings used to generate them. The schema is flexible enough to query independent
information, as station information, job configuration, and analysis results are stored independently
but connected through unique IDs and timestamps. During this experiment, an I/O-optimized class

instance (db.r6g.2xlarge, 8 vCPUs, 64 GB R AM) was employed as the DocumentDB server.

Collection Field Description Type Example
trace_id Station identifier str UW.SHW.o1
network_code Network code str uw
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station_code Station code str SHW
location_code Location code (if any) str o1
stations channels Available channels str SH
latitude Latitude of station float 46.19364
longitude Longitude of station float -122.23492
elevation Elevation in meters float 1442.0
start_date Operational start date str 1972.275
end_date Operational end date str 3000.00I
trace_id Station identifier str CLSVD.
channel Channel code str HH
start_time Start of pick window datetime  2012-01-01T02:45:37.400
peak_time Peak amplitude time datetime  2012-01-01T02:45:38.270
picks end_time End of pick window datetime  2012-o1-01T02:45:38.610
confidence ML confidence score float 0.48456
amplitude Signal amplitude float 0.00027764
phase Phase type (P/S) str P
run_id Associated run ID Objectld  Objectld(...)
trace_id Station identifier str CLSVD.
channel Channel code str HH
picks_record year Year of record int 2012
doy Day of year int I
n_picks Number of picks int 2
run_id Associated run ID Objectld  Objectld(...)
run_id RunID Objectld  ObjectId(...)
model ML model used str PhaseNet
weight Model weight name str instance
p-threshold P-phase detection threshold  float 0.2
sb_runs s_threshold S-phase detection threshold  float 0.2
components_load Inputcomponent configure —str ZNE1
seisbench_ver SeisBench version str 0.8.2
weight_ver Weight version str 2

Table 5.1: DocumentDB Collections and Schema Summary.
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5.3 Results
5.3.1 Job Statistics

Mining the EarthScope dataset took less than three days, while the combined NCEDC and SCEDC
datasets took less than 16 hours. Given the configurations detailed in Section 5.2.2, this experiment results
in a total cost of ~$15,000. Since this was the first major data mining exercise on the EarthScope archive,
job sets were launched manually, progressively, and actively monitored. Each set of jobs was intended to
process a year of data recorded on all stations with channels matching those listed above. Figure s.3a
shows the progression of the jobs mining the EarthScope dataset, color-coded by the year the data was
recorded. Figure s5.3¢c and e show the pending and running jobs as a function of time. Time periods
where jobs were manually launched manifest as increases in the number of pending and running jobs.
Since we used a quota of 1500 running jobs, the pending jobs decreased at an approximately constant
rate. There are occasional abrupt decreases in the number of running jobs, for example, the one near 60
hours in Figure 5.3¢, that correspond to times when stations are listed as available in the metadata service,
but no data is actually loaded. Figure 5.3b, d, and f show the job ID, pending, and running as a function
of time. For the NCEDC and SCEDC datasets, all jobs were submitted and queued simultaneously and

not parsed by year, as they were with the EarthScope dataset.

5s.3.2 Phase Picking

The mining exercise resulted in a total of 4.3 billion picks (2.8 billion P-wave picks, 1.5 billion S-wave
picks), with the EarthScope, NCEDC, and SCEDC datasets containing 2.8, 1.1, and 0.4 billion picks,
respectively. Figure D.1 shows the total number of picks broken down by the dominant network codes
in each dataset. The NC network has the largest number of picks at nearly 1 billion, followed by UW
at o5 billion, and CI at 0.4 billion. These differences in the number of picks among networks may be
factorized into multiple aspects: 1) the amount of data available, 2) the tectonic settings where stations
are installed, 3) non-tectonic noise signals that could be incorrectly picked, and 4) noise level that aftects
the performance of the phase picker.

Figure 5.4 shows examples of the daily number of picks as a function of time for ten stations around
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Figure 5.3: Detailed job run history for the EarthScope, NCEDC, and SCEDC dataset. Panel (a) shows
the Job ID as a function of time, color-coded by year the data was recorded, for the EarthScope dataset.
Panel (b) shows the job progression for the NCEDC and SCEDC datasets. Panels (c) and (d) show the
pending jobs as a function of time. Panels (¢) and (f) show the running jobs as a function of time. The
horizontal dashed line represents the job quota.

the world. Station UW.BVW is a station near Beverly, WA, atop the Saddle Mountains. UW.BVW
displays a strong seasonality of detections, with detection rates peaking in the late summer. IU.FURI is
a station in southern Addis Ababa, Ethiopia. This station shows a large number of detections beginning
in late 2024 and extending into early 2025. These detections likely correspond to a swarm of earthquakes
that began in late September and produced 19 Ms+ earthquakes, the largest of which was a Ms.9 on
February 14th, 2025. IU.MAJO in Matsushiro, Japan, clearly recorded aftershocks from the 2011 Mg
Tohoku-oki, 2014 M6.2 Hakuba, and 2024 M7.5 Noto earthquakes, as well as many others. AK.MCK
in McKinley Park, AK shows strong seasonality in detections and recorded the 2002 M7.9 Denali
earthquake. HV.KKO in Hawai’i records seismicity from the 2018 M6.9 earthquake and ongoing
eruptive activity from the Kilauea volcano. NZ.KHZ in Kahutara, New Zealand, recorded the 2013
Mo.s Blenheim and the 2016 M7.8 Kaikoura earthquakes and aftershocks. IU.QSPA at the South
Pole shows a strong seasonality of detections and also records increased detections beginning in late

2024, possibly due to a series of Ms+ events near the Balleny Islands and on the Pacific-Antarctic Ridge.
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C.GOo4 at the Tololo Observatory, Vicuna, Chile, records the 2015 M8.3 Illapel and the M6.7 Coquimbo
earthquakes. ILNNA records the 2007 M8.0 Pisco, Peru earthquake. Finally, CI.CGO records the 2009
M4.7 Inglewood, 2009 Ms.8 Northern Baja California, the M6.4 and M7.1 2019 Ridgecrest, and the

2020 Ms.8 Lone Pine earthquakes.
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Figure s5.4: Daily picks for selected stations. Stations are indicated by triangles on the central map,
annotated with location and channel codes. For each of the ten example stations, the detail plots show a
time series of the number of picks per day and a 28-day moving average in red.

Figure 5.5 shows the number of picks and earthquakes after three selected large earthquakes: (a) 2015
M3.3 Illapel earthquake, (b) 2016 M7.8 Kaikoura earthquake, and (c) 2002 M7.9 Denali earthquake. In
each case, the daily pick count follows approximately an Omori decay law*7*. While the Omori decay
in the event count can only be observed for a short period in the regional and global reference catalogs
used, they are stable over longer durations in the pick count. For the Kaikoura earthquake, the Omori
decay in pick counts is stable over more than 1000 days. Notably, the Omori p values, describing the
decay rate, differ between picks and events with systematically higher p values for events, indicating a
faster decay. For example, for the Illapel earthquake, we estimate p = 0.87 for the event counts, a typical
value, yet p = 0.49 for the pick counts, a surprisingly low value. We suggest this difference originates

from the joint effects of event rate and event magnitude on the pick counts. This highlights the value
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of analyzing pick count dynamics to study earthquake statistics. Several time series of picks shown in

Figure 5.4 exhibit seasonality, demonstrating the potential effects of the noise floor.
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Figure 5.5: Omori-type decays of the number of picks per day (blue) and the number of events per
day (red) after the mainshock. We use picks at the reference station provided in the figure title. Event
counts for the Illapel earthquake are from the Chilean Seismic Network (CSN) catalog, for the other
two examples from the International Seismological Centre (ISC) and United States Geological Survey
(USGS) catalog. In each case, we count all events with at most a 1.5-degree difference in latitude and
longitude from the reference station.

s.4 Discussion

To estimate the total number of earthquakes we can identify from the 4.3 billion seismic phase picks, we
begin by assessing how picks are distributed across different magnitude bins. Based on estimates from

161

McBrearty and Beroza ', we expect an average of approximately 20 P-wave picks per M1 earthquake, 6o
picks per M2, and 100 picks per M3. Because earthquake frequency decreases with increasing magnitude,
for each M event (20 picks), we expect roughly o.1 M2 events (6 picks) and o.o1 M3 events (1 pick).
This implies that M2s contribute only about 30% as many picks as Mis, and M3s contribute just 5%.
While these estimates are for the dense network in California, the same trends, even though with shifted
magnitude values, are observed in deep learning-based catalogs from other regions™". This suggests
that the dataset is overwhelmingly composed of picks associated with earthquakes near the regional
detectability threshold, e.g., in densely instrumented regions like California M1 and smaller. Using this
assumption, and taking 20 picks per event as a working average, along with an estimated association

115,161,177,181

rate of 25%, based on typical values from literature , We arrive at a rough estimate of more than
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54 million earthquakes that could be associated with the data. We note that many further picks will
correspond to actual events that just lack sufficiently many detections to successfully associate them. For
context, in the time period of interest, the Southern California Seismic Network (SCSN) catalog contains
approximately 450,000 events, while the Advanced National Seismic System (ANSS) Comprehensive
Earthquake Catalog (ComCat) includes about 4 million events for the United States and larger global
events. Deep learning methods have already demonstrated the ability to increase catalog completeness
by up to an order of magnitude in sparsely instrumented regions'”. Given the unprecedented scale
of this pick database, we fully expect it to significantly expand the number of earthquakes identified
globally, particularly in regions that have historically been under-detected.

We anticipate that the archive of picks will be of use to many researchers in the field of earthquake
science. As such, we have made it available for public query using web services and URL builders
(see Code and Data Availability). A dedicated EC2 instance receives HTTPS requests and directly
returns query results. As an example, one can query the picking results for AK.MCK. station for
one month of data using the following Python script. The script uses the pandas package (https:
//pandas.pydata.org)and loads the query results as a data frame. We also ofter a binary dump of

the entire database for download.

Listing 1: Python query of the picking database

import pandas as pd
base_url = "https://dasway.ess.washington.edu/quakescope/service/picks/"
url = f“{base_url}query?tid=AK.MCK.&start_time=2010—01—O1&end_time=2010—02—01&limit=1000"

pick = pd.read_csv(url, delimiter="|")

Our demonstration is simply a starting point for future and more focused exploration. For instance,
we did omit the NCEDC SP? channels that had a name change at some time during the network
operation. We also omitted using specialized base models, such as PickBlue, that include hydrophone
data and would be more appropriate for picking ocean-bottom seismometer (OBS) data**. There are also
opportunities to identify non-traditional seismicity, such as volcanic earthquakes®* or low-frequency
earthquakes associated with slow slip events”®*"**. The fully open-source and modular design of the

workflow ensures reproducibility while allowing flexibility to incorporate different models and pre-
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trained weights optimized for different applications. This enables other researchers to easily adopt and
extend the cloud-native workflow for their own analyses. Future work might consider using template
matching to enhance our detections, as done in California 226,

Moreover, we did not use data from other seismic data providers. For instance, we omitted the non-
FDSN seismic networks, the Observatories and Research Facilities for European Seismology (ORFEUS)
federated networks, and the AusPass networks. Pulling data from these data centers can be done using

51 Because of the

their FDSN web services; however, care must be taken not to overload the data service
resiliency of the commercial cloud providers to spiked demand in data access, a strategy to improve the

stability of the non-cloud-hosted archive is to use cloud storage as a backup in case of service interruption

and route users toward the cloud-hosted archive instead of the local seismic network’s data servers.

s.s Conclusions

In conclusion, our data mining experiment plants the seed for impactful advances in geophysics. Cloud-
based and Al-aided picking of P- and S-waves can be used to retrain neural networks and improve
the rapid and precise assessment of earthquake hazards, such as earthquake early warning**. These
newly detected potential earthquakes and waveforms may be valuable to build foundational models for

146,290) 2Hld

seismology that learn fundamental seismic signal patterns from massive waveform libraries
then be fine-tuned for specific tasks (e.g., picking, polarity, backazimuth, etc.). Running this petabyte-

scale workflow on the cloud also provides a testbed for greener computing with tools that can allow

researchers to deploy carbon-aware computing jobs*%s.
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Reconstruction of Earthquake Ground
Motion Fields with Compressive Learning

and Generative Refinement

6.1 Introduction

Accurately predicting earthquake ground motion is critically important in seismology, forming the basis

of earthquake early warning (EEW) systems that enable rapid event response'®™'°7. The characteristics
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of earthquake wavefields are governed by three primary factors: 1) the excitation of seismic waves at the
source, 2) their propagation through a 3D elastic medium, and 3) their propagation in nonlinearmedia
in the near-surface environment (e.g., site response). Earthquake sources generate diverse wavefield
characteristics depending on their size, geometry, and sense of motions that ultimately govern their
rupture dynamics, giving rise to a wavefield enriched in the period of the earthquake duration. The
heterogeneity of the Earth model controls 3D wave propagation effects, including geometrical spreading
and scattering, which determine wave amplitude decay and prolong shaking through the coda. Finally,
near-surface site conditions introduce variability in ground motion intensity*>*"". Capturing the com-
bined influence of all these factors for rapid wavefield reconstruction and ground motion prediction
remains a challenging problem.

Rapid shaking assessment relies on ground-motion intensity measures, most commonly predicted
through ground-motion prediction equations (GMPEs)', which regress observations from past events
against a set of scalar source and site attributes (e.g., magnitude, source-to-site distance, site conditions,
Boore et al.**). GMPE predictions can be rapidly available after an earthquake is detected, but they
exhibit two fundamental limitations. First, GMPEs rely on accurate source parameters, especially
magnitude (e.g., Wu and Kanamori ***), and their initial uncertainties or errors propagate directly into
uncertainties of predicted ground motions. Second, because GMPEs parameterize ground motion
through scalar features, their predictions are inherently spatially smooth and cannot resolve the localized
variability driven by wavepath complexity, scattering, and site amplification, leaving unexplained eftects
asa “o” error.

Physics-based earthquake wavefield simulation offers an alternative way for ground motion predic-
tion by numerically solving the wave equation. Open-source software (e.g., SPECFEM "*"*°4, SeisSol 7,
SW42°¢) has made such simulations accessible, but routine operational usage of such simulations faces
two fundamental limitations. First, the computational cost is prohibitively high for routine prediction
that necessitates rapid response, particularly for the fine meshes needed to resolve shallow sediments and
short-wavelength site effects 256264 Second, the accuracy of any simulation is bounded by the fidelity of
the Earth model used, while such input is poorly constrained by limited observations and is subject to

inherent uncertainties. Therefore, physics-based wavefield simulations may serve as a scenario-planning

"We use GMPE rather than the common acronym GMM to avoid confusion with Gaussian Mixture Models used later.
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tool as is done by CyberShake 8 rather than supporting a real-time prediction framework.

Data-driven wavefield reconstruction algorithms offer a third path by inferring the continuous spatial
wavefield at current times (i.e, nowcasting) directly from current and past sparse sensor observations. In
contrast to GMPESs, these approaches do not require explicit parameterization of source, path, and site
effects, enabling them to capture spatially complex wavefield patterns. Moreover, data-driven models
require minimal inference cost, enabling near-real-time deployment without repeated numerical solves
while remaining adaptive to dynamic sensor configurations. In seismology, studies have reconstructed
long-period teleseismic body and surface waves*7¢ and regional earthquake wavefields**. These new
methods have enhanced earthquake ground-motion characterization and can be readily applied in
EEW applications when framed for forecasting or future prediction (e.g., Ben-Zion et al. **, Clements
etal. 7, Feng et al. 7, Miinchmeyer et al. 7?. While these existing applications have focused primarily
on waveform fidelity at sensor locations, whether reconstructed wavefields match the ground motion
intensity distributions (e.g., the PGA and PGV maps) has not been systematically evaluated.

In this study, we develop and evaluate a multi-stage machine learning framework (EQ-SHRED and
EQ-FLOW) that reconstructs earthquake ground motion fields from a sparse virtual sensor network and
simultaneously produces spatially resolved PGA and PGV maps together with probabilistic hypocenter
estimates as a nowcasting framework. Building on the SHRED architecture’*® and a compressive
learning approach, EQ-SHRED pairs a GRU-based recurrent encoder with MLP decoders (Stage 1A)
and independent Gaussian Mixture Model source branches (Stage 1B). A conditional flow matching
generative model (EQ-FLOW, Stage 2) then refines the low-rank Stage 1A output to recover short-
wavelength spatial complexity. We train and evaluate the framework on an augmented version of the
HEterogeneous Materials and Elastic Waves with Source variability in 3D dataset (HEMEWS 3D "34),
which provides ground-truth wavefields at a spatial resolution sufficient to resolve the fine-scale features
that intensity measures depend on. Our results demonstrate that the framework accurately recovers the
large-scale spatial structure of multi-task ground motion fields and intensity maps from only ~0.3% of
the surface grid observations, while the generative refinement stage restores short-wavelength spatial
complexity and the source branches localize the hypocenter within seconds of the first arrival. The

remainder of this paper is organized as follows: Section 6.2 describes the synthetic dataset and sensor
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configuration; Section 6.3 presents the machine learning framework; Section 6.4 reports reconstruction
results; and Section 6.5 discusses implications for earthquake early warning and directions for future

work.

6.2 Data

Training a supervised machine learning model for wavefield reconstruction requires paired examples of
sparse sensor observations and the corresponding dense ground-truth wavefield over a large number of
source configurations. Real seismic stations are installed only at fixed station locations, so a spatially
complete wavefield is never observed in practice. Through synthetic simulations with a known Earth
model and source, the full wavefield can be carried out at any desired spatial and temporal resolution,
providing the ground-truth data needed for training a data-driven wavefield reconstruction model.
We generate synthetic ground-motion wavefields in a 3D Cartesian domain with flat topography
by augmenting the HEMEW? 3D dataset**. The elastic wave equation is solved using an open-source
Spectral Element Method (SEM) implementation>*®. In the original HEMEW® 3D dataset, the Earth
velocity model is structured as random homogeneous layered media superposed with random perturba-
tions. Each simulation is performed using a unique combination of velocity model, source location,
and focal mechanism. To simulate a regional earthquake monitoring scenario with fixed geological
conditions and Earth structure, we use the same velocity (V}, and V;) and density model (p) for all
simulations (sample index 100047). No attenuation is applied for both P- and S-waves at this stage,
which will lead to overly large peak ground motion amplitudes. The V,,/V ratio is fixed at 1.7, while the

density p is computed deterministically from the P-wave velocity*’.

s 4
p =1.6612V, — 0.4721V;} + 0.0671V,} — 0.0043V, + 0.000106V}, (4)

We randomly select 4,722 earthquake sources parameterized by the hypocenter location x4, =
(xs,Ys, 2s) and the focal mechanism (strike, dip, and rake angles) from Lehmann et al. *#. We also use
the same earthquake source time function, earthquake moment, and meshing configuration. The same
absorbing boundary conditions with perfectly matched layers apply to all edges except the top surface.

The source amplitude corresponds to a seismic moment My = 2.47 X 106N - m, equivalent to a
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moment magnitude of M,, ~ 4.86. Virtual sensors are arranged on top of the simulation domain
(Dy = Dy = D, = 9.6 km) to record three-component (East-West, North-South, and Vertical) velocity
field at so Hz for up to 6 seconds after the simulation origin time. In contrast to the HEMEW?S 3D
dataset, the spatial resolution of the earthquake wavefield is improved by a factor of 3 (100 meters)
to capture continuous short-wavelength wavefield features. To mitigate high-frequency numerical
instabilities, we apply a 10 Hz low-pass Butterworth filter to the broadband velocity wavefield (Z,ejocity>
for simplicity, @,.;). Each simulation requires approximately 8o core-hours, for a total computational

cost of ~378,000 core-hours across all 4,722 simulations.

East-West North-South Vertical

° * * *
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Displacement (cm)
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g
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Figure 6.1: (a) Three-dimensional shear wave velocity (V) structure of the simulation domain (D, =
Dy, = D, = 9.6 km). The red outline marks the surface observation area where virtual sensors record
ground motion. (b) Example surface wavefield snapshots from a single simulation (sample index 100015).
The nine panels show the three-component (East-West, North-South, and Vertical) displacement (cm),
velocity (cm/s), and acceleration (m/s?) field snapshot, with the projected source location marked by
the gray star. The right panels show the corresponding Peak Ground Velocity (PGV, cm/s) and Peak
Ground Acceleration (PGA, %g) maps at the same time stamp.

Based on the simulated velocity wavefield, we derive the corresponding wavefield metrics. The
three-component displacement field (Zgispiacement, for simplicity, 4;,) is calculated by integrating
the velocity field over time for each channel component. Similarly, the three-component acceleration
field (T geceleration, for simplicity, Zqc.) is derived by difterentiating the velocity field over time for each

channel component. The displacement, velocity, and acceleration wavefields for all simulations are
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represented as sD tensors:

Tgis € RNsimecmexNnyt (5)
Tpel € RNsimecxNxxNnyt (6)
Toee € RNsimecmexNnyt (7)

where Ny, is the number of simulations, N, = 3 is the number of components for velocity, dis-
placement, and acceleration fields, N, = N, = 94 is the number of spatial grid points of the surface
observation, and N; = 300 is the number of time steps. To characterize the maximum intensity of
ground shaking, we calculate the horizontal time-dependent Peak Ground Velocity (PGV) and Peak
Ground Acceleration (PGA) by taking the geometric mean of both the East-West ( Wand EW) and

the North-South (/3 ¥ and 25 components of the velocity and acceleration fields, respectively. This

is chosen as a rotation-independent scalar measure of ground motion intensity, consistent with standard

practice in ground motion characterization*

Niim X Nex Ny x Ny x N,
Tpgo(t —rg/lzgi(\/} zEW ‘mvel t)}, Tpgy € RNVsim X NeXNox Ny x Ny (8)
Tpga(t) = max /£ (¢)] - [N ()], @pga € RV NN o)

where N = 1 corresponds to a single-component scalar field.

6.3 Methods

The EQ-SHRED framework consists of two sequential stages (Figure 6.2). In Stage 1, sparse three-
component seismic velocity recordings from a virtual station array are processed by a GRU-based
recurrent encoder that maps the sensor trajectories to a compact latent representation. Two decoding
branches operate on this shared latent space: (1A) the Multi-Layer Perceptron (MLP) decoders recon-
struct the full surface wavefield (displacement, velocity, PGV, and PGA) using a compressive learning
strategy (Section 6.3.1), and (1B) three independent Gaussian Mixture Models estimate probability
distributions of the hypocenter location (Section 6.3.2). In Stage 2, the low-resolution wavefield recon-

structions from Stage 1A are fed as conditioning inputs to a flow matching model, which generates
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high-resolution refinements of all physical fields (Section 6.3.3). The two stages are trained independently,

and the full training and evaluation setup is described in Section 6.3.4.
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Figure 6.2: Architecture of the multi-stage wavefield reconstruction framework (EQ-SHRED and EQ-
FLOW). Three-component velocity trajectories recorded at sparse sensors over a lag window [tg, to +
Niag| are encoded by a stacked GRU-based recurrent encoder into a shared latent space. In Stage 1A
(wavefield reconstruction), MLP decoder branches map the latent space to the compressive space, which
are then expanded to the full spatial wavefield through their respective left singular mode matrices as the
low-resolution reconstructions. In Stage 1B (source location estimation), the Gaussian Mixture Model
(GMM) decode the latent space into probabilistic distributions of the hypocenter locations (pg, (-),
Pys (-)s Pz, (+)). In Stage 2 (wavefield refinement), a flow matching conditioned U-Net*** takes the low-
resolution wavefield reconstructions as conditioning inputs and generates high-resolution refinements.

6.3.1  Wavefield Reconstruction using Shallow Recurrent Decoder

We extend and adapt the SHallow Recurrent Decoder model (SHRED?*) for for this multi-task
wavefield reconstruction. The general form of the SHRED model consists of a recurrent encoder
that maps the sparse sensor trajectories into a latent space, and a decoder that reconstructs the full
spatial-temporal wavefield. Such a design reflects the underlying key concepts of the separation of
variables and the Takens’ embedding theorem. Advancements have been made for a wide range of

scientific applications, including fluid dynamics®*®*, plasma physics**'

, and remote sensing*'. In
seismology, SHRED has been successfully used for seafloor fiber-optic sensing wavefield reconstruction

and separation, advancing earthquake monitoring in an edge-computing environment''. While the
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original encoder-decoder setting in SHRED is based on the Long-Short-Term Memory (LSTM °°) and
the Multi-Layer Perceptron, the general form of a recurrent encoder and a spatial-only decoder allows for
the use of the Gated Recurrent Unit (GRU#*) and the Transformer*”* for better temporal encoding”.
Here, we construct our model (EQ-SHRED hereafter) using a stacked GRU recurrent encoder (two
layers, 600 hidden units) and MLP decoders for the multi-task wavefield reconstruction. The ReLU
activation function is used for all hidden layers of the wavefield decoders*.

We randomly select Nz, = 33 sensors to form a virtual sparse array of seismic stations, occupying
N sta
Ny x Ny

from £ to tg + Nj,g serve as the input to the recurrent encoder, where Nj,y = 100 is the number

~ 0.3% of the total surface grid points. Three-component velocity trajectories @,¢; sampled

of temporal lag steps, which corresponds to 2 seconds. We choose velocity as the sole physical field
for the input, as it is a common type of ground motion measurement for the monitoring of regional
small-to-intermediate earthquakes. While the strong-motion accelerometers are increasingly deployed
for earthquake monitoring, the acceleration field itself features more high-frequency content and short-
wavelength features, and we find that these characteristics made it more challenging to reconstruct from
a limited number of sensors.

While the original SHRED is designed to map the latent space directly to the full spatial-temporal
space of the wavefield, several studies have shown the effectiveness of a compressive learning strategy 216,219
where the Proper Orthogonal Decomposition (POD) is applied to reduce the dimensionality of the
wavefield data, and the SHRED reconstruction is performed in the compressive space. While POD gen-
erally does not require specific orthogonal basis functions, we perform the singular value decomposition
(SVD) to reduce the dimensionality of the wavefield data and improve the interpretability of the POD
modes, as in*>*2%5_ Instead of the standard SVD for full decomposition, we use the randomized SVD
algorithm where the decomposition is truncated and a given number of leading modes are returned at

160

high accuracy and efliciency*°. More specifically, for each component of the displacement, velocity,

) reshape . . .
PGV, and PGA fields as a 4D tensor & € RNVsim X Na XNy x Ny IO, RN+ Ny X Noim Nt the spatial and

temporal dimensions can be effectively separated through the randomized SVD algorithm. The final
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reshaped form of decomposition is given as

x=UxV7? (10)

reshape reshape
—_—

Nz Ny X Ng X Ny X X T X Ngim IV X Ngim X N
UGR x Ny XT R x Yy T, EGRT T7 V ERT sim - iVt Rr sim t’ (II)

where U and 'V are the left and right singular vectors, and 3 is the diagonal matrix of singular values.
As the left singular vector U is not time- or simulation-dependent, it effectively forms a POD basis for
the spatial modes of the wavefield. Meanwhile, the right singular vector V7 is not spatial-dependent,
and it captures the temporal evolution of the POD basis for each simulation. We multiply the singular

values 3 with the right singular vectors V7T to form the compressive state C':
C =3V C e R NsimxN (12)

The dimensionality of the spatial-temporal wavefield @ is reduced by retaining only the leading singular
values and their corresponding singular vectors and compressive states (U and C), considering different
singular value decay rates among different fields. Here, we calculate 7 = 1000 modes for velocity, 200
modes for displacement, PGA, and PGV fields. Moreover, we further truncate down to the leading
" = 100 modes of each wavefield type and component as the target of the EQ-SHRED wavefield
branches. Figure 6.3 shows the singular value decay rates for different wavefields and 10 dominant spatial
modes.

As mentioned above, the design of the EQ-SHRED model reflects the underlying key concepts of
the separation of variables in spatial-temporal wavefields. Here, the use of the SVD-based POD still
honors such a design principle, while only replacing the high-dimensional spatial state (£ € R™e*Nv a¢
t = to+Njqg) with alow-dimensional intermediate compressive state (¢ € R™ att = to+ N, lag)- Once

the EQ-SHRED model predicts the compressive state ¢, the full spatial wavefield & att = tg + Ni,q

can be rapidly expanded by multiplying the left/spatial singular modes of that component and wavefield

type.

& ="U'e, (13)
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Figure 6.3: Example of the randomized Singular Value Decomposition (SVD) applied to the velocity
field (vertical component). The high-dimensional tensor 2, € RNsim*Na XNy XNt g decomposed
into the left singular vectors U € RNz X Nyxr (spatial modes), the diagonal matrix of singular values
> € R™*", and the right singular vectors VI € R"*Nsim*Nt (temporal modes). The center panel
shows the singular value decay (red) and the relative information content (RIC; blue) as a function
of the number of retained modes. The left and right panels show the 10 leading spatial and temporal
modes, respectively.

where U’ € RV=*Nyx"" ig the truncated left singular mode matrix.

There are two key benefits of reconstructing the wavefield within the compressive space. First,
the low-rank representation of the earthquake wavefield, as represented by the discrete spatial singular
modes, provides a form of physical prior that simplifies what the decoder needs to learn from scratch.
The decoder does not need to learn the full mapping from the latent space to the high-dimensional
spatially continuous wavefield; instead, it only needs to learn the mapping to the singular values, while
the full space can be further reconstructed using the spatial singular modes. Second, simpler model
structures with fewer parameters can be used for each decoder branch, allowing more efficient training

and inference.

6.3.2 Earthquake Source Location Estimation using Gaussian Mixture Model

Aside from the decoder branches that reconstruct the multi-task ground motion fields, we also implement

separate source branches that independently predict the hypocenter location (x5, s, and z) directly
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from the same latent space. Instead of predicting the source location as a deterministic regression task,
we design the source branches to predict the probabilistic distribution of the source parameters, allowing
for better time-dependent source parameter estimation and uncertainty quantification. Therefore, each
source branch consists of an MLP and a Gaussian Mixture Model (GMM) to predict the probabilistic
distribution of the targeted parameters as a weighted sum of Ny, Gaussian distributions. Here, we use
Ngmm = 2. Specifically, the MLP has an output shape of 3 X Ng;m, corresponding to the weighting
factors «v;, the means p;, and the standard deviations o; of the ith Gaussian distributions. The final

estimate of the source location is the weighted sum of individual Gaussian distributions:

Ngmm 1 (l’ —u ‘)2
,0(1'5) = Qg j—F— €Xp A (14)
; V2moy, 207
Ngmm
1 (ys - Ny i)2
p(ys) = Qyi———exp | —————5"— (15)
) ; "y 210y, 20?3#’
Ngmm 2
1 (Zs — Mz z)
p(zs) = Oy j———€xp | ———— (16)
; V2mo, 20371.

6.3.3 Wavefield Generative Refinement using Flow Matching

Although EQ-SHRED effectively reconstructs the multi-task wavefields from sparse sensor observations,
the SVD-based compressive learning strategy inherently limits the spatial fidelity of the reconstruction
to a number of leading singular modes. The truncated low-rank representation smooths out fine-scale
spatial features that are not captured by the retained modes, and therefore lacks high-frequency wavefield
patterns associated with short-wavelength heterogeneity when projected back to the full wavefield space.
To recover or interpolate these missing spatial details, we introduce a generative refinement stage that
takes the EQ-SHRED reconstruction €, € RNexNaxNy o5 3 low-resolution prior, and produces
xpr € RNVXNeXNy with refined spatial complexity. We adopt flow matching for this task (EQ-
FLOW hereafter) in preference to score-based diffusion models*° or adversarial approaches®®, as its
straight interpolation paths yield a simpler and better-conditioned training objective with fewer function

evaluations required at inference#*.

Flow matching'#* is a generative modeling framework that learns a continuous normalizing flow by
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directly regressing a vector field vg that transports samples from a simple source distribution pg (e.g.,
standard Gaussian noise) to the target data distribution p; along straight conditional paths. Given a
data sample &1 ~ p1, a noise sample xg ~ N(0,1), and the scalar flow-matching time variable 7 2, the

conditional flow path is defined as

mT:(1_7)$0+7—$17 76[071]7 <I7)

with the corresponding target vector field u (2, | 1) = @1 — xo. Specifically, we use flow matching
for the generative wavefield refinement stage, where €1 = g g, u- (2 | THR) = THR — X0, and the
vector field is additionally conditioned on the low-resolution wavefield € 1. g, i.c., vo (€ +, T, Z LR ), so that
the generated samples are guided toward high-resolution wavefields consistent with &7, r. Atinference, a
refined high-resolution wavefield & i g is synthesized by integrating the conditional Ordinary Differential
Equation (ODE) dz,/dT = vy(x,, 7, xLR) from 7 = 0 to 7 = 1 starting from a Gaussian noise
sample g ~ N (0, I) using a numerical ODE solver (Figure 6.4).

We employ a 2D U-Net**# as the backbone architecture of EQ-FLOW for vg. The conditioning
input to the U-Net is the channel-wise concatenation of the noise sample ¢ € RNe*NeXNy and the

RNexNaxNy where N, is the number of components of the wavefield

low-resolution wavefield ;g €
type (IN. = 3 for velocity and displacement; N, = 1 for PGV and PGA). The time variable 7 is encoded
using sinusoidal embeddings and injected into each residual block**, following standard practices in
diffusion and flow matching architectures>>**#. Note that the model operates on individual wavefield
snapshots: for each simulation, all N; time steps are treated as independent training samples, so the full
training/testing set consists of Nerin X Ny snapshot pairs (€1 g, THR). Since different wavefield types

exhibit different spatial patterns and distributions, we train separate U-Net models for each wavefield

type. More details on the dataset construction are described in Section 6.3.6.

6.3.4 Model Training and Testing

In this section, we report the training and testing of the proposed models: EQ-SHRED in Section 6.3.5

and EQ-FLOW in Section 6.3.6. All experiments are performed with on one NVIDIA RTXPRO 6000

*We use 7 to avoid confusion with the time dimension of earthquake wavefields.
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Figure 6.4: Schematic of the EQ-FLOW generative refinement stage based on conditional flow matching.
A Gaussian noise sample g ~ N (0, I) is progressively shifted to the target distribution p; of high-
resolution wavefields €1 = g R, constrained by the low-resolution wavefield @ 1, g reconstructed by
EQ-SHRED from Stage 1A. Wavefield snapshots at two intermediate time steps (€, , & ,) illustrate the
gradual emergence of fine-scale wavefield features as the integrating path evolves from noise toward the
high-resolution target.

Blackwell 96 GB GPU.

6.3.s EQ-SHRED

We employ a two-stage sequential training strategy for the EQ-SHRED model (see Figure 6.2) corre-
sponding to Section 6.3.1 and Section 6.3.2, respectively. First, the wavefield reconstruction in Stage 1A
allows the optimization of both the recurrent encoder and the wavefield decoder branches. Weights are
randomly initialized at the beginning of Stage 1A and updated using the AdamW optimizer with an
initial learning rate of 5 x 1075 and a weight decay of 1 x 107°4%. We perform a 70/30 random splitting
of all 4,722 simulations for training and testing, respectively. We perform the model training to minimize
the multi-task wavefield branches loss function Lyayefield as the sum of the velocity, displacement, PGA,
and PGV reconstruction 10ss, Lyel, Ldis; Lpga> and Lygy, respectively. For each wavefield type, the loss is

measured as the mean squared error (MSE) between the predicted € and the ground-truth compressive
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states ¢ summed over all components of each field.

3
Loa = lleveri — everill3 (18)
=1
3
Lgis = Z lcaisi — Caisill3 (19)
=1
~ 2
‘Cpga = Hcpga - CpgaHQ (20)
A 2
Logy = lepgo — Epgoll3 (21)
Ewaveﬁcld - £vel + ﬁdis + ﬁpga + Epgv (2'2')

Once Stage 1A converges to form a consolidated and structured latent space representation and the
corresponding wavefield decoders, we then optimize only the weights of the source branches during
Stage 1B, while freezing the weights of the recurrent encoder and the wavefield decoder branches. Using
the same AdamW optimizer with an initial learning rate of 1 x 10~ anda weight decay of 1 X 10548,

we update weights in the source branches and minimize the source location estimation loss.

Ly = —log (e + p(xs)) (23)
Ly = —log (e + p(ys)) (24)
L, = —log (e + p(zs)) (25)
Lsource = Ly + Ly + L, (26)

where € = 1 x 1076 is a small constant to avoid numerical instability, (x5, ys, 2s) are the ground-truth
source locations. The multi-task wavefield branch losses are still being calculated and monitored, but
they are not backpropagated.

We design this two-stage strategy for EQ-SHRED so that the latent space is constructed to map
from sparse sensor observations to the multi-task wavefield snapshots. In other words, the latent space is
not constrained by static hidden variables, i.e., the earthquake source location, the focal mechanism, and
the velocity model. Therefore, the source location estimation is expressed as a decoding task from the

structured latent space, rather than directly from the raw sensor trajectories.
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In both stages, we use the cosine annealing learning rate scheduler with a total of 150 epochs and
a minimum learning rate of 1 X 107547, A batch size of 256 simulations is used to leverage the
computational efficiency of the GPU hardware. All experiments use a fixed random seed of 1234 to
ensure reproducibility. We also employ multiple data augmentation strategies to improve the model
generalization: 1) simulations are shuffled in the training dataset; 2) random Gaussian noise with a
standard deviation of o.1is added to the standardized input sensor trajectories; 3) a random number of
sensors (maximum 10) are muted to simulate dynamic sensor network geometry and potential sensor
failure; and 4) the trajectory windows are randomly selected from the full 6-second time series to enable
temporal generalization. The training and testing losses are shown in Figure E.1. All experiments use a
fixed random seed of 1234 to ensure reproducibility. The training and testing of each stage take 8 hours

to complete.

63.6 EQ-FLOW

The EQ-FLOW model is trained independently from the EQ-SHRED model. The training and the
testing datasets are constructed by pairing low-resolution wavefields & 1, g with the corresponding ground-
truth wavefield snapshots & y7 g from the simulation database. For each sample, &1, is obtained by
truncating the ground-truth compressive state down to only 7/ = 100 modes as is done in Stage 14,
and then projecting it back to the full wavefield space using the left singular modes, i.e., £ r = U'e,
where € is the truncated compressive state. To improve the model generalization and robustness, we add
random perturbations (up to £30%) to the compressive space € before performing the projection. The
Z i r counterpart is the full-resolution simulation snapshot at the same time step without additional
processing.

Given the wavefield pairs (g, € r), the noise sample g ~ N(0,1), and a flow time 7 ~
U[0, 1], the interpolated sample @ is constructed from Equation 17. The U-Net model for each

wavefield type is then trained to minimize the conditional flow matching loss
2
Lim = ||vo(xr, 7, TLR) — (®HR — X0)||5, (27)

which regresses the vector field directly against the straight-path target 7 g — @0, providing more
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stable gradients compared to score-based diffusion models'*>*°

. We use the same AdamW optimizer
and cosine annealing scheduler as for EQ-SHRED'#7'# for 300 epochs. At inference, the refined
high-resolution wavefield is synthesized by integrating the learned ODE using the explicit Runge-Kutta
method of order 5(4) (RK45)“, starting from a Gaussian noise sample z¢ ~ N(0, I) and conditioned

by the EQ-SHRED reconstruction as 1, g. The training and testing losses are shown in Figure E.2. For

each wavefiel typel, the training and testing take 4 hours to complete.

6.4 Results

6.41 Wavefield Reconstruction

We demonstrate the EQ-SHRED and EQ-FLOW framework on the held-out test set by examining the
reconstructed multi-task wavefields for a representative example event (sample index 100044). Figures 6.5—
6.7 compare the ground-truth simulation, the Stage 1A (EQ-SHRED) reconstruction (projected back to
the full wavefield space), and the Stage 2 (EQ-FLOW) refinement for the three-component displacement,
velocity, PGV, and PGA fields. For each figure, the left panel (a) shows the full spatial map of the
wavefield at a representative time step; the right two panels show the corresponding compressive state
amplitudes by inversely projecting the refined wavefield @ back to the compressive space ¢, given that
the left singular mode matrix U is orthonormal. We plot the compressive state separately in panel (b)
for the leading [0, '] modes reconstructed by Stage 1A, and in panel (c) for the higher-order modes
[r" + 1, r| refined in Stage 2. Moreover, we include panel (d), which shows the vector wavenumber
power spectral density (PSD) as a function of wavenumber & (km™!). The PSD is computed from
the 2D spatial wavefield by taking the two-dimensional Fast Fourier Transform (2D FFT) and radially
averaging the vector wavenumber magnitude & = | /k2 + k2. This omnidirectional spectrum provides
a complementary spectral characterization of the spatial resolution achieved by each reconstruction

stage.
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Figure 6.5: Displacement wavefield reconstruction snapshot for a representative test event (sample index
100044). () Spatial maps of the displacement field (cm) for three components (East-West, North-South,
Vertical) and for ground-truth simulation, Stage 2 refinement, and Stage 1A reconstruction, respectively.
White triangles mark the 33 virtual sensor locations that are used as input. (b) Compressive state
amplitudes for modes 1-100 per component, comparing ground-truth (red), Stage 1A reconstruction
(light blue), and Stage 2 refinement (dark blue). Same comparison for (c) modes 101200, and (d) vector
wavenumber power spectral density (PSD) as a function of wavenumber k& (km™1).
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Figure 6.6: Velocity wavefield reconstruction snapshot for the same representative test event as Figure 6.5.
(a) Spatial maps of the velocity field (m/s) for three components (East-West, North-South, Vertical)
and for ground-truth, Stage 2 refinement, and Stage 1A reconstruction, respectively. White triangles
mark the 33 virtual sensor locations that are used as input. (b) Compressive state amplitudes for modes
1-100 per component, comparing ground-truth (red), Stage 1A reconstruction (light blue), and Stage 2
refinement (dark blue). Same comparison for (c) modes 101-1000, and (d) vector wavenumber power
spectral density (PSD) as a function of wavenumber & (km™1).

The Stage 1A reconstruction eftectively recovers the dominant spatial structure of all wavefield types
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using only & 0.3% of all measurements as input. For the displacement field (Figure 6.5), the large-scale
radiation pattern and polarity structure of all three components (East-West, North-South, Vertical)
are accurately reproduced, and the predicted compressive states closely track the ground-truth for the
leading modes. Similarly, for the velocity field (Figure 6.6), the EQ-SHRED reconstruction captures
the sharp wavefront geometry. The near-source amplitude patterns in PGV and PGA (Figure 6.7)
are also well recovered in Stage 1A. By design, Stage 1A only targets the leading truncated modes and
does not predict the higher-order compressive states corresponding to the short-wavelength features.
This truncation is reflected in the spatially smooth appearance of the Stage 1A output relative to the
ground-truth.

The Stage 2 EQ-FLOW refinement substantially improves the spatial resolution of all four wavefield
types. For displacement and velocity (Figures 6.5 and 6.6), the refined snapshots recover short-wavelength
features that are not present in the Stage 1A output, and the compressive state representations show
that EQ-FLOW partially restores energy in the higher-order modes. This is more evident in the PGA
and PGV fields (Figure 6.7), where the ground-truth exhibits localized near-source intensity peaks and
finer spatial patterns. These examples demonstrate that our multi-stage framework effectively decouples
the recovery of large-scale wavefield structure (Stage 1A, EQ-SHRED) from the generation of fine-scale
spatial complexity (Stage 2, EQ-FLOW), with each stage contributing complementary information to
the final reconstruction.

It can also be seen from panel (c) that Stage 1A reconstruction produces near-zero amplitudes
for those [1’, 7] high-order modes. This is consistent with the design of the SVD-based compressive
learning strategy, where only the leading 7’ modes are predicted, and only Stage 2 is responsible for
recovering the truncated modes. Because EQ-FLOW is a generative algorithm that matches the data
distribution in the full wavefield space, the inferred [, 7] modes are not directly conditioned on the
input data (velocity trajectories). Consequently, the Stage 2 predictions for these high-order modes
exhibit variability and deviate from the ground-truth for individual inferences, even when the overall
spatial structure is refined. In addition, the generative nature of EQ-FLOW allows ensemble prediction
by performing multiple independent inferences with the same Stage 1A input @ 1, g and different noise

samples xg. Such ensembles will provide more robust site-level multi-task ground motion predictions
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and uncertainty quantification based on the same low-resolution reconstruction constraints.
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Figure 6.7: Peak Ground Velocity (PGV) and Peak Ground Acceleration (PGA) reconstruction snapshot
for the same representative test event as Figure 6.5. (a) Spatial maps of the PGV field (cm/s) and PGA
field (%g) showing ground-truth, Stage 2 refinement, and Stage 1A reconstruction, respectively. Gray
triangles mark the 33 virtual sensor locations that are used as input. (b) Compressive state amplitudes for
modes 1-100, comparing ground-truth (red), Stage 1A reconstruction (light blue), and Stage 2 refinement
(dark blue). Same comparison for (c) modes 101-200, and (d) vector wavenumber power spectral density
(PSD) as a function of wavenumber k& (km™1).

6.4.2 Source Location Estimation

We evaluate the time-dependent hypocenter location estimation performance of the EQ-SHRED source
branches. Because the recurrent encoder ingests velocity trajectories from tg to tg + Njqg, the predicted
probability distributions p(z5), p(ys), and p(zs) att = tg 4+ Niag evolve as the window advances
through the full recording. Independent predictions at each time step are made and concatenated to
form a time-dependent source location estimation. The same sensor geometry as in Figures 6.5-6.7 is
used, with 33 virtual stations distributed across the simulation domain.

Figure 6.8 summarizes the source location estimation results. Panel (a) shows the time-evolving
probability density maps for the representative event (sample index 100035). Panel (b) shows the velocity
waveforms from the selected sensors, ordered by their hypocenter distance, with the first arrivals detected
by the Short-Time Average / Long-Time Average (STA/LTA”) method and marked by the red triang]es.
It can be seen from panel (a) that before any sensor records the first arrival, the predicted distributions for
all three coordinates are broad and diffuse since no seismic information is yet available to the array. The
predicted distributions progressively sharpen after the first sensor records an onset at the time marked

by the solid red vertical line in panels (a) and (b). As more arrivals are captured in the encoding window,
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Figure 6.8: Source location estimation results for a representative test event (sample index 10003s; see
panel (d)) and across the held-out test set. (a) Time-evolving probability density maps for each hypocenter
location axis (s, Ys, 25). The solid red vertical line marks the time when the event is first detected by a
sensor. The white dashed horizontal line marks the ground-truth source location, and the white cross
marks the first model prediction with a minimum probability density of s, at the time indicated by the
red dashed vertical line. (b) Velocity waveforms (vertical component) from the selected sensors, ordered
by their hypocenter distance, with the first arrivals marked by the red triangles. (c) Response time as a
function of ground-truth source location for all test events. Each dot represents one event, with the red
curve showing the running mean value. (d) Wavefield snapshot of this representative event showing
the 33 virtual sensor locations (triangles), the source location (gray star), and the corresponding source
parameters used for the simulation.

the distributions rapidly concentrate near the ground-truth location (white cross and white dashed
horizontal line). We define the response time ,¢sp as the duration from the very first arrival to the
time at which the predicted distribution first converges to the ground-truth location with a minimum
probability density of s, indicated by the red dashed vertical line in panel (a). For s and ¥, the response
time is around 0.3 seconds after the first sensor picks the arrival, while for z,, the response time is around
0.5 seconds after the first arrival.

We evaluate the response time across all test set events. Panel (c) shows the response time as a

function of the ground-truth source location for each coordinate. No events exist in the shaded gray
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region to leave buffer space for the absorbing boundary conditions. For x5 and y,, the response time
distribution is relatively symmetric, as events closer to the center of the domain tend to have shorter
response times while events near the edges tend to have longer response times. This is consistent with the
fact that events near the edge exhibit poor azimuthal coverage from the network, and therefore require
longer time to constrain the source location with confidence. For 2, events located near the surface
(small z5) tend to have shorter response times than deeper events, consistent with the later arrival of

S-waves as event depth increases.

6.s Conclusions

We presented EQ-SHRED and EQ-FLOW, a two-stage machine learning framework for reconstruct-
ing multi-task earthquake ground motion fields from sparse sensor observations. EQ-SHRED pairs a
GRU-based recurrent encoder with SVD-compressive MLP decoders to recover the dominant large-scale
structure of displacement, velocity, PGV, and PGA fields from only ~ 0.3% of the surface grid, while in-
dependent GMM source branches decode the shared latent space into probabilistic hypocenter estimates
that converge within 0.3-0.5 seconds of the first seismic arrival. EQ-FLOW then refines the smooth
low-rank Stage 1A output via conditional flow matching, restoring short-wavelength spatial complexity
and localized near-source intensity peaks in PGV and PGA. In summary, our results demonstrate that
this framework can be effectively used to reconstruct multi-task ground motion fields with high spatial
resolution and to rapidly estimate earthquake source locations from a sparse sensor network.

It should be noted that the current framework is trained and evaluated on synthetic data from a single
fixed Earth model. Future work will focus on 1) generalizing to multiple Earth models and/or sensor
configurations through encoding of the velocity model and the sensor locations, 2) extending to broader
magnitude ranges, 3) scaling to larger simulation domains with realistic 3D heterogeneity, topography,
and attenuation, and 4) leveraging the reconstructed PGA and PGV maps for time-dependent seismic
hazard estimation such as liquefaction potential prediction and landslide assessment.

A key challenge, however, is the persistent gap between physics-based simulations and real-world
observations. Using purely observational data for self-supervised training is not physically practical,

spatially and temporally dense ground-motion recordings do not exist for the scale of regional earthquake
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monitoring. Therefore, physical simulations remain necessary to provide ground-truth labels, even
though their fidelity is still being investigated. Hybrid physics-ML approaches, such as data assimilation,
offer a promising path forward: a generalizable model can be pre-trained on synthetic data and subse-
quently refined using real observations, provided that the synthetic training distribution is sufficiently

diverse.

Code and Data Availability

The original HEMEW?® 3D dataset used to select earthquake source parameters is available from
Lehmann et al. ®#*. The SEM3D spectral element solver used for waveform simulation is available
athttps://github.com/sem3d/SEM. The EQ-SHRED and EQ-FLOW models are implemented
in PyTorch**°. The randomized SVD is computed using the SciPy implementation***. The STA/LTA
first-arrival detection uses the ObsPy implementation®. All figures are produced with Matplotlib™.

The synthetic ground motion dataset and the codebase will be made publicly available upon submission.
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in Seismology

71 Introduction

Seismology has entered a “petabyte era,” where seismic networks and nodal array experiments routinely

generate more data than traditional workstations and institutional clusters can store or analyze. Data
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from more than 70,000 seismometers has surpassed 1 PB on the EarthScope Data Archive'®. Novel
technologies, such as Distributed Acoustic Sensing (DAS), which collect thousands of sensors per
experiment, are also increasing the data storage needs and already surpassing the PBs of data (i.e., datasets
exceeding 10%° bytes) collected and shared >#3°%*7_ State-of-the-art research networks and transfer tools
now enable the movement of a petabyte of scientific data in about a day under optimal conditions (e.g.,
dedicated inter-institutional research networks with high-throughput protocols such as Globus and
dCache), but remain challenging to move through normal internet bandwidth. Moreover, seismic data
services standards well-adopted by data centers are not well suited for big-data seismology studies 7.
While seismologists’ workflows traditionally involve analyzing data by downloading from archives and
working on-premise, this model faces significant difficulties with analysis that requires more than several
TBs of data. Researchers are exploring cloud computing to address these bottlenecks, which brings code
to data and offers scalable storage and processing.

To turn this data deluge into discovery, seismologists increasingly look to cloud platforms that
put compute next to the archive. In this review, we use dloud computing and storage to mean shared
remote computing and data centers run by global firms like Amazon Web Services (AWS), Google Cloud
Platform (GCP), and Microsoft Azure, as well as European research clouds such as SURF and European
Grid Infrastructure (EGI) that let geophysicists borrow computing clusters and storage on demand,
pay only for the time used. Commercialized cloud computing emerged in the early 2000s, when the
industry began providing capabilities such as large-scale object storage and on-demand computing.
Geophysicists have traditionally used high-performance computing (HPC) centers to deliver tightly
coupled, job-scheduled computing on a shared filesystem, often driven by and designed for large-scale
numerical simulations such as wavefield simulations (e.g., SPECFEM "**°#) and earthquake dynamics
(SeisSol”?). In contrast to HPC systems, cloud providers deliver elastic resources as metered services
that users spin up and pay for only when needed. This encompasses several key design elements of their
inner working, including virtual machines (VMs), cloud storage, and advanced services like databases
and serverless services, which we introduce in this review. Practically, this means a researcher can open a
web portal and launch virtual machines or clusters in several minutes. The cloud’s hidden orchestration

layer juggles requests by slicing real hardware into many small “virtual” ones, which gives users elastic
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capacity but also means users share logically isolated hardware with others. That convenience translates
into strengths (instant scale-up, pay-as-you-go, global access) and weaknesses (performance can vary,
data may cross the public internet, long-term storage fees add up) that we further discuss. Harnessing
cloud infrastructure could fundamentally change how seismologists handle big data, making analyses
faster and more collaborative.

Cloud offers tremendous opportunities for easy access to object storage, a centralized, affordable,
and widely accessible solution for massive data archives. In contrast to HPC, object storage enables
hosting and sharing PBs of public geoscientific data»*#*#+. While individual data queries may have
modest throughput speeds (10-1000 MB/s), the large parallelization capabilities of cloud systems allow
throughput speeds comparable to those of HPC scratch systems (10-100 GB/s). Moreover, cloud
providers are storing PBs of publicly available and free-access geoscientific data’. In seismology, hosting
seismic data on the cloud is rising, as we illustrate in Figure 7.1. The Southern California Earthquake
Data Center (SCEDC) was the first to provide archives of regional seismic networks as open datasets on
the commercial cloud?***. It was recently followed by the Northern California Earthquake Data Center
(NCEDC) and the EarthScope-operated Seismological Facility for the Advancement of Geoscience
repository (formerly Incorporated Research Institutions for Seismology Data Management Center,
IRIS DMC). Cloud has also been a promising storage solution for DAS data (e.g., PoroTomo, https:
//registry.opendata.aws/nrel-pds-porotomo/, and Ridgecrest DAS***).

A typical entry point for scientists to cloud computing is through a freely accessible JupyterHub with
a backend running on cloud platforms. Open-access JupyterHubs with notebooks (e.g., Binder, Google
Colab, and EarthScope GeoLab) lower the entry barrier to the cloud by giving users a ready-made Python
environment. Users can automate software-to-infrastructure, using tools such as repos2docker to
containerize software and automatically provide access to cloud-hosted virtual machines. In particular
for seismologists, Krischer et al. *7 has pioneered the use of cloud-hosted Jupyter notebooks, utilizing
modest yet free Binder instances provided and donated by various cloud providers (e.g., OVHcloud
as of 2025). Alternatively, Google Colab provides free access to modest-sized virtual machines, which
utilize GCP resources with pre-defined Python environments. Cloud is also an on-demand platform to

host educational materialss°.
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Figure 7.1: Evolution of cloud computing in seismology: before 2020, most computational workflows
involved downloading data from the Incorporated Research Institutions for Seismology Data Man-
agement Center (IRIS DMC) and other data centers and working locally. Between 2020 and 2025,
seismologists have investigated the use of elastic computing by pulling data from existing archives and
processing directly on the cloud (e.g., MacCarthy et al. **). At the same time, two regional seismic
networks copied their archives of earthquake catalogs and seismic waveforms to Amazon Web Services
(AWS): the Southern California Seismic Network (SCSN) and the Northern California Seismic Network
(NCSN). Since 2025, the EarthScope Consortium has migrated its petabyte-scale archive to the cloud,
enabling researchers to pull and compute directly on the cloud.

Considering these basics, this article reviews how cloud computing has been applied in seismological
research. We discuss storage solutions for seismic data (Section 7.2), databases (Section 7.3), the various
types of computing resources (Section 7.4), showcase experiments conducted at scale on large archives
of broadband seismic data (Section 7.5), and cloud-enabled visualizations (Section 7.6). We also present
a series of experiments that have targeted archetypes in big-data seismology: 1) data mining using
deep learning models to detect seismic events, and 2) ambient field seismology that requires intensive
generation of cross-correlation at scale. Both tasks are characterized by a high data intake and large
computational requirements, yet differ in output and processing specifics. In particular, we focus on
the specific requirements of each workflow and how they affect the choice of cloud tools. Finally, we
present our recent experience in running a cloud seismology workshop (Section 7.7) and discuss the

opportunities, cost, and challenges in cloud computing for seismological research (Section 7.8).

7.2 Cloud Storage
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7.2.1 Cloud-hosted Data Archives

Transferring and sharing data between institutions is essential for large-scale collaborative research in
seismology. Software from command-line tools (e.g., sftp, wget) to hosted services (e.g., Globus, Allen
etal.*) is made available to securely and efficiently share data over the internet to facilitate the transfer
of moderate to large-sized datasets. However, on-premise storage and bandwidth limitations constrain
point-to-point transfer efficiency. At the same time, the host takes responsibility for processing requests
and maintaining stable data access, usually at the cost of additional man-power. Cloud storage provides
an accessible solution for hosting and sharing scientific data with exceptional scalability and durability,
along with improved findability, accessibility, and reusability>.

Cloud object storage ofters a significant advantage by enabling the storage of large datasets and
scalability for massively parallel queries from both within and outside the cloud. For instance, AWS
provides the Simple Storage Service (S3), a scalable object storage service that allows users to store data as
objects without practical limits on total data volume. Azure (Blob storage) and GCP also provide similar
services. In contrast to the filesystem used in HPC, files are saved as individual objects and organized in
a bucket with a flat structure. S3 objects can be identified by a prefix and a key, much like a folder and
its filename in a filesystem, which users are more familiar with. While S3 is not a Portable Operating
System Interface and differs from the Unix-style semantics most researchers are used to, the departure is
advantageous: freeing storage from strict POSIX rules lets cloud object stores scale to billions of files,
offer global access from any service, and replicate transparently across regions.

Seismic data centers curate and offer vast amounts of invaluable data through the International
Federation of Digital Seismograph Stations (FDSN) web services, which standardized API queries for
seismic data and metadata delivery ”>">*°. Cloud storage fundamentally transforms data center solu-
tions, improving robustness, durability, and stability to data management within the facility, resilience
to storage read spikes, and proximity between storage and compute nodes on the user end**. The
SCEDC has been the pioneer in migrating, hosting, and publicizing ~150 TB of continuous data onto
the cloud****#, followed by the effort of NCEDC of their ~190 TB, and most recently, the EarthScope
Consortium seismic data archive, which has surpassed 1 PB. Direct access to cloud-based archives enables

the development of cloud-native workflows, which we will discuss in Section 7.5. For instance, the
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workflow’s throughput could not be achieved through the FDSN fdsnws-dataselect web service.
However, we note that there are examples of petabyte-scale storage services with high throughput
operated by scientific institutes, for example, for particle physicsl(’7.

Data centers migrating their repositories, or oftering copies, in cloud environments must consider
how data will be discovered and accessed directly by researchers. Whereas previously, these repositories
were only accessible behind services that acted as abstraction layers, the organizations’ data can now
be exposed to direct access (e.g., back-end or raw files). This is important to avoid adding processing
bottlenecks, limiting the ability to subset data, and slowing down data queries and downloads. At the
same time, such direct access increases the burden on the user to write efficient code, downloading only
the relevant sections of data, a task previously handled by the access layer. Operational requirements like
controlling access to restricted data, log data use, etc., may slow down the data access, and careful design

must be considered depending on the application. New services and software are needed to support the

efficient discovery and use of large-scale analyses beyond the simplest cases.
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Figure 7.2: Station map of cloud-hosted data: A total of about 1.3 PBs of seismometer miniSEED data is
hosted on Amazon Web Services (AWS) cloud storage: the EarthScope Consortium seismic data archive,
and the Northern and Southern California Earthquake Data Center. Each triangle indicates a seismic
station and is color-coded by its data availability.
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7.2.2  Data Formats on Object Storage
Array Data

Historically, data centers have relied on SEG-Y (for active seismology) and Standard for the Exchange of
Earthquake Data (SEED, for passive seismology) as primary data formats”'. SEG-Y, designed initially
for tape storage in the 1970s, remains widely used due to regulatory requirements in the petroleum
exploration industry. Still, it suffers from poor parallel read performance and high I/O latency in
modern cloud environments. Meanwhile, SEED (or more accurately, miniSEED) is also actively used
for seismic time series archiving and shipping. Specifically, the miniSEED standard in its 2+ version
adopted the paradigm that separates waveforms (i.c., miniSEED with minimal metadata) from their
metadata counterpart (i.e., dataless SEED with no time series). This only makes this format partially
cloud optimized because it has no native support for object-based data partitioning, indexing, or scalable
metadata integration. It also requires additional infrastructure to serve efficiently from cloud storage
(e.g., an indexing layer or a metadata catalog).

More recently, the HDFs format (Hierarchical Data Format version 5*°*) enables researchers to
design their data structures and storage. HDFs supports a customizable and flexible hierarchical schema,
allowing the storage of multidimensional seismic waveforms and metadata (e.g., Krischer et al. 26 White

et al. 2%

). On the other hand, such a self-describing structure also presents obvious limitations when
used at scale in distributed cloud computing. The monolithic nature of HDFj files introduces overhead
for metadata handling and parallel access, while losing efficiency on byte-range requests and compressed
blocks, i.e., read subsets of large datasets'?7. Despite efforts from open-source projects such as h5coro
(Hs cloud-optimized read-only library, https://github.com/SlideRuleEarth/h5coro) and
kerchunk (https://github.com/fsspec/kerchunk) that were made to optimize HDFs for cloud
object storage, they are often read-only solutions and do not fully resolve challenges from generalized
file structures.

Recognizing these limitations, geospatial data initiatives such as Pangeo and EarthCube have pio-
neered the adoption of cloud-optimized array formats like Zarr and TileDB, which avoid hierarchical

formats and instead store multi-dimensional arrays in a chunked, compressed, and distributed manner.

Pangeo’s use of Zarr, for instance, has enabled massive parallel processing of gridded climate and remote
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sensing datasets, demonstrating ~10x speedup in read performance compared to HDFs when accessed
in parallel from cloud object stores®. Similarly, TileDB has proven effective for sparse geospatial data, in-
cluding global navigation satellite system (GNSS) and seismic sensor arrays, allowing efficient subsetting

and time series access”*

. These technologies are now being adapted for seismology, where efforts such
as those by Ni et al.""” demonstrate that converting DAS data from HDFs to Zarr/TileDB results in
significant memory and compute time improvements. The proliferation of these new open formats and
their variants may be an obstacle to the sustainability of our software, so seismological workflows must

stay format-agnostic and ready to pivot between, or simultaneously support, multiple storage layouts as

standards evolve.

Point Sensors

Seismological research spans a wide range of temporal and spatial scales, requiring storage solutions
that can support both short-duration, multi-station queries and long-duration, station-centric analyses.
These workflows stress storage along different query axes: some pull data from thousands of stations but
only short time windows (e.g., large-N arrays, ambient-noise cross-correlation), whereas others retrieve
long, continuous histories—months to years—for each station in the network (e.g., ambient-noise
monitoring, template matching). Small-object storage enables efficient writing and retrieval, often
providing superior performance relevant to seismological broadband seismic data (e.g., 10 MB per day
for a typical 100 Hz 3-component broadband data).

Cloud-optimized formats designed for petabyte-scale datasets—such as Zarr and TileDB—have
emerged from the geospatial data community to support large queries on colocated compute, enabling
efficient streaming of large data chunks. These formats are particularly advantageous for array-based
datasets, including nodal deployments and DAS records (e.g., Ni et al. 7). However, for many seismolog-
ical applications, which typically involve small, targeted data requests, established formats like day-long
miniSEED files remain highly effective. miniSEED supports efficient remote access to small waveform
segments, making it well-suited for near-real-time, station-centric data streaming and event-driven
workflows.

The data centers mentioned above all host seismic time series in the miniSEED format on AWS
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S3. There are differences in conventions for organizing files in the S3 bucket regarding data granularity.
Specifically, SCEDC and NCEDC store one channel per object, whereas the EarthScope seismic data
archive groups all channels per station in a single file. Despite hosting more small objects, the former
structure exhibits high efficiency when querying data from subset channels or locations since no redun-
dant bytes are read. The latter structure usually requires an external database that indexes files to facilitate
data query (e.g., using mseedindex, https://github.com/EarthScope/mseedindex), although
a fully cloud-native access library has yet to be developed. The various bucket structures indicate that
object naming (prefix and key) has not yet reached a standard across these data centers because the
new paradigm of direct access renders these previously hidden implementation details part of the user
interface.

Delivering seismic station metadata in a cloud-native way remains an open challenge. At present,
the FDSN web service for metadata still operates on on-premises servers at each data center, creating a
bottleneck that is not resilient to large-scale or burst queries. As an initial step toward addressing this,
SCEDC and NCEDC have publicized community-standardized StationXML files — containing the
complete history of station metadata and instrumental response — directly in their respective cloud
storage. While this approach makes metadata accessible from the cloud, StationXML itself is not
optimized for object storage: reading and parsing full XML documents is often slower and less efficient
than targeted queries via the FDSN web service. Significant work remains to design and adopt metadata
formats and delivery mechanisms that are truly cloud-efficient, enabling scalable, selective, and low-

latency access.

7.3 Cloud Databases

Seismologists need databases to manage station metadata and curated datasets such as earthquake catalogs
and phase picks. A database is an organized data collection designed for efficient storage, retrieval, and
management. The simplest form of a database, which is termed a flat-file database, relies on files stored in
hierarchical directories, where data is typically structured in plain text formats (e.g., Comma Separated
Value (CSV) and JavaScript Object Notation (JSON)). Although flat-file databases are useful for small-

scale or static datasets, their limitations in scalability, query flexibility, and concurrent access become
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apparent when managing large volumes of data.

Modern databases are broadly categorized into relational and NoSQL (non-relational Structured
Query Language) databases, each addressing distinct needs. Relational databases were developed decades
before the advent of cloud computing. They organize data into structured tables of rows and columns
governed by the relational model. The relational model handles structured data with a strict schema and
transactional consistency, making it ideal for curated seismic metadata (e.g., event catalogs or station
metadata) scenarios.

In contrast, NoSQL databases became popular during the big data era to address the challenges of
scalability, schema flexibility, and heterogeneous data types, which are common in modern seismological
research. NoSQL databases include document stores (e.g., compatible with a tool such as MongoDB),
key-value stores, wide-column stores, and graph databases. The MsPASS framework is an example of

using MongoDB to manage large-scale seismic data*”"

. NoSQL databases thrive in cloud environments
due to their flexibility in managing semi-structured data (e.g., processed waveforms or phase picks) and
scalability across distributed systems. This aligns seamlessly with the growing reliance of seismological
research on high-volume, multi-modal datasets, such as machine learning-ready archives.

Among NoSQL databases, document stores like MongoDB and its AWS implementation, Doc-
umentDB, exemplify the advantages of schema flexibility in modern seismological workflows. These
systems store data as JSON-like documents, enabling researchers to consolidate heterogeneous datasets,
such as workflow parameters, phase picks, and semi-structured metadata, into a single database without
rigid schema constraints. This flexibility is particularly valuable in seismology, where evolving research
workflows often generate metadata with new and inconsistent attributes. DocumentDB further sim-
plifies scalability by automating sharding and replication in cloud environments, allowing distributed
storage of large-scale datasets while ensuring low-latency access. Modern cloud databases thus can store
the massive output of seismic processing (e.g., billions of phase picks or cross-correlation measurements)

and enable quick queries. We will explore the application of cloud-hosted databases in seismology in the

following cloud workflow examples.
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7.4 Cloud Compute

Cloud providers ofter diverse infrastructures and services well-suited to seismologists’ diverse needs.
Orchestrating these various cloud services to support seismological research involves integrating
compute, storage, and software tools provided by cloud vendors using service orchestrators such as
CLI (command-line interface) tools, Python-based Software Development Kits (SDKs, e.g., boto3,
google-cloud-python), or web-based platforms (e.g., AWS Step Functions, Google Cloud Work-
flows). Scientists developing workflows on the cloud face challenges when providers update their services
and adapt open-source software, but this is possible with the help of research software engineers'*#.
To detect and adapt to cloud service changes efficiently, ensuring workflow resilience requires version
pinning, modular pipeline design, and automated testing. On the other hand, the diversity of resources
in the cloud, in particular, the variability of available machines and services, is typically much higher
than in on-premise HPC systems. While numerous large-scale national science infrastructures exists?,
they are typically much more homogeneous. For researchers, the cloud infrastructure allows them to
tune the requested resources precisely to their demand. At the same time, this increased flexibility also
comes with increased effort for identifying the optimal resource allocation.

The most basic unit on the cloud for scientists and many other higher-level cloud services is a
virtual machine (VM). VMs are the virtualization of hardware and packetization of operating systems,
enabling users to access and share physical infrastructure on demand. The host operating system logically
isolates different VMs running on the same machine. VMs can be configured to the user’s preference,
including the number of vCPUs, Random Access Memory (RAM), local storage, and additional
resources like GPUs, all selected from a set of provisioned templates. The flexibility of VMs is fueling a
democratization of large-scale computing. This review focuses on the type of parallelization well suited

for cloud platforms, one of distributed memory, sometimes referred to as “embarrassingly parallel.”

’e.g., Jean Zay (http://www.idris.fr/eng/jean-zay/jean-zay-presentation-eng.html) or JUWELS
https://apps.fz-juelich.de/jsc/hps/juwels/index.html
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7.4.1  Batch Computing

As a service commonly available in cloud systems, such as Azure, AWS, and GCP, Batch computing
involves the parallelization of jobs on cloud instances, similar to the job arrays in the SLURM scheduler
system*?. The batch computing service is particularly useful for parallelization when the job array shares
the same code base and differs only in passing arguments, whether the jobs are simply command lines
or containerized tasks. While the embarrassingly parallelizable job runs independently, the multi-node
parallel job allows internode communication through message passing libraries (e.g., MPI°°). Such a
framework enables single jobs spanning multiple computing instances as a cloud-based on-demand
cluster for high-performance computation applications*#5%344,

Similar to the scheduler in a modern HPC system, an auto-scaling mechanism dynamically provi-
sions and scales cloud resources based on the volume and requirements of submitted workloads. Such a
mechanism adjusts the number of running instances or containers to ensure that resources match the
computational requirement without over-provisioning. Auto-scaling can be triggered by pre-defined
metrics such as CPU utilization, memory usage, request rates, or job numbers, allowing cloud en-
vironments to handle traffic spikes and workload fluctuations efficiently. This capability is essential
for maintaining high availability, improving fault tolerance, and optimizing resource utilization and

spending, making it a key feature in modern cloud infrastructure.

7.4.2 Serverless

Serverless computing is a cloud-native execution model that abstracts infrastructure management,
allowing developers to deploy code without provisioning servers. By automatically scaling resources in
response to demand, the serverless architecture enables users to focus on their applications rather than
managing operational overhead. This is particularly transformative for seismic early warning systems,
where latency-sensitive processing of real-time data (e.g., event detection) requires rapid, event-driven
workflows. In a serverless framework, cloud providers like AWS (Lambda), Azure (Functions), and
Google Cloud (Cloud Run Functions) dynamically allocate compute resources in response to user
requests.

A compelling example of serverless computing in seismology is demonstrated by Mohapatra et al. 108
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who tested a hybrid cloud-local workflow using AWS Lambda and the MsPASS framework. Their study
found that downloading raw seismic data (i.c., the 40 million-record USArray dataset) to local HPC
clusters created untenable bottlenecks, requiring approximately 462 days for single-worker processing. By
shifting preprocessing to serverless functions (e.g., noise reduction, metadata filtering), they minimized
data transfer volumes and achieved throughput comparable to local HPC processing. The authors
conclude that doing some or all processing on the cloud in this fashion will be essential for any processing
involving large volumes of data already stored on the cloud. While hybrid workflows incur cloud costs,

they bypass local network limitations, offering a scalable path for modern seismology.

7.4.3 Visualization

Effective visualisation turns today’s petabyte-scale seismic data into insight at a glance. Many groups
rely on browser-based notebooks that connect directly to cloud object storage. Browser-based note-
books—commonly hosted in JupyterHub or Google Colab—can mount cloud object storage directly
(e.g., using tools such as s3f's for AWS or gcsfs for GCP), read only the data chunk required for a plot,
and render interactive figures in real time. When those exploratory notebooks mature, researchers often
containerise them into lightweight dashboards (such as Dash or Streamlit) that run on serverless
platforms.

Because ‘serverless’ platforms start containers only at researchers’ demand (e.g., during an earthquake
crisis or a teaching lab), hosting costs remain a few USD per month in quiet periods. When visualising
full 3D wavefields or large seismic datasets such as from DAS, teams spin up short-lived GPU instances
running remote desktop tools such as ParaViewWeb, PyVista, or cloud-proprietary software such as
NICE DCV for AWS, to stream pixels, not raw data, to the user.

Once these visualization environments are running, the challenge becomes delivering data to them
efficiently. Using cloud-optimized formats such as Zarr and TileDB, seismic datasets can be stored in
small, independent chunks, allowing rapid retrieval of specific subsets — for example, waveforms from a
given station and time window, or a horizontal slice through a 3D wavefield — without downloading
entire files. Low-resolution previews, map tiles, or simplified 3D model snapshots can be served instantly

to support smooth navigation and exploration. More computationally demanding visual products,
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such as spectrograms, cross-sectional wavefield views, or machine-learning-derived feature maps, can be
generated asynchronously in the background, with only the resulting lightweight images or metadata
returned to the user interface. This workflow enables seismologists to interactively explore data, compare
results, and monitor networks in real time through a web browser, while keeping bandwidth and latency
low. The products of these visualizations still require robust databases to store and organize derived

measurements, as discussed in Section 7.3.

7.5 Cloud-Native Applications in Seismology

Seismological analyses often require large computational bursts followed by long idle periods of ana-
lyzing, a usage pattern that is tailor-made for on-demand cloud resources. Early adopters, therefore,
re-hosted existing HPC pipelines in the public cloud to rent capacity only when peaks arose, a form of

2%% was among the first to demonstrate the use of

cloud-assisted “lift-and-shift” workflow. Wang et al.
public cloud computing for seismic data processing at the TB scale and performed noise cross-correlation
using the Aliyun cloud service, specifically with the Batch service and the cloud object storage. Mac-
Carthy et al. »* used the FDSN web service to request data on the fly while detecting harmonic tonal
noise. They successfully scanned 6 TB of USArray data within 4 days on a Kubernetes cluster with
so EC2 nodes. Witte et al.>** built a serverless seismic imaging application ported from the HPC
platform, dynamically scheduling jobs and provisioning computational resources using serverless cloud,
demonstrating excellent cost efficiency, scalability, and performance competitive with on-premise HPC
clusters. Similarly, Zhu et al. >** designed an integrated earthquake detection workflow with container-
ized submodules, i.e., data streaming, phase picking, association, and event location. The auto-scaling
mechanism was implemented at both the cluster and cloud platform levels, enabling the automatic pro-
visioning of computational resources based on job load. The paradigm of these cloud-based workflows

'5* as comprising three primary components: the infrastructure,

was summarized by MacCarthy et al.
cluster management software, and domain-specific research software. These “lift-and-shift” studies share
a three-tier pattern: infrastructure (cloud VMs and containers), cluster management layer (Kubernetes,

batch, step functions), and domain software (e.g., noise cross-correlation, full waveform inversion,

earthquake detection). Computing efficiencies depends on how tightly these elements are coupled.
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However, these workflows assumed that data could be fetched on demand, but pulled data from out-
side the cloud; such a prerequisite cannot be easily met in the cloud for data-intensive tasks. Transferring
the raw data or data products can be time-consuming and expensive*7*%*. For example, Zhu et al. *#*
spent ~50% of total job time downloading waveforms through the FDSN web service. Requesting data
at scale may also pose challenges for data centers that receive unpredictable heavy traffic and clusters
where big data is saved and managed on-site. To overcome these bottlenecks, recent efforts embrace
“cloud-native” workflows: 1) harness direct access to the cloud-hosted data to avoid copying datas****, 2)
leverage cloud-managed services, and 3) employ containerized software to ensure portability, consistency,
and ease of deployment across platforms. To illustrate the cloud-native workflows for seismology, we
present two contrasting research workflows in seismology that have benefited from the cloud systems:
1) cross-correlation for ambient noise seismology and 2) earthquake catalog building workflows. Fig-
ure 7.3 illustrates the two alternative workflows with data flows and associated cloud services best used

in large-scale jobs.
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Figure 7.3: Two canonical workflows in seismology: Event-based seismology that reads large volumes of
seismic data (high I - high Input) but outputs low volumes of data in databases (low O - low Output),
and structure-based seismology that reads large volumes of seismic data (high I) and outputs large
volumes of seismic data (high O). The first workflow outlines the basic steps in generating a seismic
event catalog. The second workflow describes how to extract seismic properties of the subsurface with
ambient field seismology, which generates high data volumes of ambient noise cross-correlations.
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7.5  Workflow 1: Large Ambient Noise Seismology

Ambient noise seismology is the methodology that utilizes continuous seismograms, typically dominated
by a diffuse, ambient seismic field, to extract spatial or temporal variations in seismic wave speeds. This
method has been widely used for 1) Earth Imaging reconstruct high-frequency Rayleigh wave and image
shear wave structure where seismic stations are located (e.g., Shapiro et al. *#') and no longer rely on rare
earthquakes, and for 2) Earth monitoring by exploring changes in subsurface structure by subtle phase
shifts on the coda of cross-correlations (e.g., Sens-Schonfelder and Wegler %)

The method relies on the cross-correlation of short time series between channels, presenting some of
the most significant challenges in computational seismology. The cross-correlation typically uses short
windows, ranging from minutes to a few hours, recorded at pairs of seismic channels, and stacks these over
days to years of data. Thus, the workflow scales quadratically with the number of channels IV, a step that
favors shared memory processing, and linearly with the number of windows to stack 7 a step that favors
distributed memory processing. The rise of array seismology with /N > 100 is a real computational
challenge. Because the workflow often entails storing cross-correlation functions, including intermediate
steps such as substacking, cross-correlation may involve writing TBs of files. Several efforts have been
made for open-source and large-scale computing of ambient noise cross-correlations, some leveraging
CPU-based clusters (e.g., Jiang and Denolle "#, Makus and Sens-Schonfelder %), others leveraging
heterogeneous computing with CPU and GPU (e.g., Clements and Denolle 48 Fichtneretal.”7, Ventosa
etal.?”?, Zhou et al. 33°).

Given two canonical seismological approaches for Earth imaging and Earth monitoring, the work-
flow to compute cross-correlation functions is multi-step, and their optimal parallelism strategies differ.
First, the cross-correlations are performed independently on synchronous time series, which permits
distributed memory parallelism, often referred to as “embarrassingly parallel,” and scales only with the
overall period of the instrumental record. Second, the cross-correlations are done on pazrs of seismic
channels, and a given channel window of data could be read once and cross-correlated over all other
channels with N (NN — 1)/2 pairs. This strategy often employs multi-threading with shared mem-
ory, parallelization across channel pairs, and leveraging GPUs to accelerate the correlation step48’77.

When the data is too large for the memory available, local storage of intermediate products, such as the

125



Fourier transforms**, or low-rank factorizations’s?, and parallelization over groups of station pairs is
also possible (e.g., C4 project*»*3),

Cloud infrastructure is particularly well-suited for ambient noise seismology, given its significant
data throughput (reading and writing) and parallelization capabilities. Several attempts to perform
ambient noise cross-correlations on the cloud demonstrated the speed and scalability of adapting cloud
infrastructure. Wang et al. ** developed a parallelization scheme to independently calculate groups of
channel pairs and perform massive daily cross-correlations, totaling 300M, over 10 hours of processing
on nearly 1000 virtual machines using the Aliyun cloud service. Ni et al.”®” performed DAS cross-
correlations on AWS using cloud-native workflows and achieved 300M of daily cross-correlations over
64 instances in 24 hours, spending less than 20 USD. Clements et al. ** and Schmitt et al. ** developed
a workflow on AWS that approached “cloud-native” by streaming from S3 to ECz, generating cross-
correlation locally, saving the results on disk, and uploading them to S3.

We now present Cloud-Native NoisePy, a new version of Jiang and Denolle "# that has been up-
dated with I/O for cloud-based data archives, enhanced object-oriented Python programming, including
parallelization, flexibility in computing platforms, and continuous integration. NoisePy leverages cloud
object storage for massive I/O parallelization and short-term storage of temporary data, such as daily
cross-correlation functions, as illustrated on the right-hand side of Figure 7.3. NoisePy employs two
primary parallelization strategies to optimize performance. The first approach utilizes the Batch compute
service to execute each daily job of processing and inter-channel cross-correlation concurrently and
independently, using the same container with different data. Within each job, NoisePy utilizes native
Python multi-threading for parallelization across several steps, including reading data, pre-processing,
computing the Fourier transform, cross-correlation, and writing daily results, which are stacked and
saved as compressed NumPy . npz files back to storage (file structure and format were found optimal
when experimenting with AWS S3). After processing all daily data, a final aggregation step combines the
results to produce long-term correlation stacks. This architecture efficiently handles large-scale data,
generating TBs of cross-correlation outputs in the cloud.

We present the results of an experiment in which we ran NoisePy on one year of SCEDC data from

Jan 1, 2022 to Jan 1, 2023. We cross-correlated all of HH? channels that included 288 stations and about
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Figure 7.4: Ambient Noise Cross Correlation using 1 year of data from the Southern California Earth-
quake Data Center: all data are publicly available in the SCEDC AWS cloud storage (s3://scedc-pds).
The Z-Z component cross-correlation functions are bandpass filtered between 1 and 10 seconds.

43,000 station pairs. Ran on AWS Fargate with up to 64 instances, it took 11 hours of compute time
to generate 6.2 million files of daily-stacked cross-correlation, with a volume of 1.6 TB on S3, spending
about 250 USD on SPOT pricing. The second step on a similar Fargate cluster took 1.5 hours and
generated the final stacks of all inter-channel cross-correlations, totaling 23 GB of data and 46,000 S3
objects. We present the results of the 1-year stacked ZZ component of the cross-correlation, bandpass
filtered between 1-10 seconds, sorted by the inter-station distance in Figure 7.4. We find the convergence
of the correlation functions past 6oo km of inter-station distances. Seismic tomography from these data
products will involve extracting phase and group velocity measurements from these cross-correlations
and inverting the frequency-dependent velocity curves into a shear-wave velocity model. Our experiment

demonstrates the case of scalable data processing for tomography applications.

7.5.2  Workflow 2: Earthquake Catalog Building

Earthquake catalog building is a complicated, multi-step workflow that ingests raw time series data
and outputs point clouds of earthquake locations and their attributes. The main steps are to detect

events, identify the time at which seismic phases (typically picking P and S arrivals) arrive, associate them
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with a specific origin (event), possibly incorporate location using 3D Earth velocity models, relocate
them using double-difterence relocation, and calculate source parameters, such as magnitude and focal
mechanisms. Each step has been explored using machine learning. In particular, for phase picking, deep
learning has proven highly successful. Network-based analysis typically requires gathering multiple-
station data simultaneously, and has benefited greatly from U-Net and graph networks (e.g, Clements
etal. 7, Miinchmeyer etal. 7%, Sun etal. 269), Most workflows are a sequence of modules (e.g., Retailleau
etal. >+, Walter et al. 284, Zhang et al. »°, Zhu et al. ***), where modules can be adapted according to the
user preferences.

The computational efficiency of these workflows matters when considering large-scale deployment.
Similar to the first workflow presented, we break down the computational efforts into two types of
parallelization. The first step involves extracting features from raw data, including the arrival times of P
and S waves, the amplitude, and possibly the polarity of these waves. This process can be independently
calculated for each data window as a separate job and is amenable to massive parallelization. The second
processing step requires aggregating these features across the stations and benefits from multi-threaded
parallelization. Both steps can be easily orchestrated on cloud systems, which was first pioneered by Zhu
et al. ** by including deep learning phase picking, association, and relocation using double difterence,
and by Pierleoni et al. *°7 for Internet-of-Things (IoT) early warning systems whereby picking is done at
the seismometer level, and location is done on the cloud. We present here another cloud-native workflow
for the basic steps of earthquake catalog building, utilizing the SeisBench ecosystem**” for phase
picking, which we refer to as QuakeScope.

QuakeScope orchestrates its seismic catalog workflow entirely on AWS Batch (Fargate) and a
MongoDB-compatible DocumentDB cluster for outputting detection attributes and checkpointing.
The basic unit of the workflow is a Python job, composed of four steps: (i) obtain a day-long time series
of miniSEED data, (ii) process the continuous waveform with a phase picking model implemented
in SeisBench, such as PhaseNet**” or Earthquake Transformer (EqTransformer'7#), (iii) remove the
instrumental response to extract the amplitude of each detection, (iv) write the resulting detections to
a DocumentDB. As jobs (i) and (iv) are I/O-bound, while jobs (ii) and (iii) are compute-bound, we

implemented an asynchronous processing using the asyncio Python module. This means that the job
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processes data simultaneously, loads the next day, and still writes the picks from the previous day. This in-
creases throughput substantially and thereby reduces resource costs. The individual steps communicate
through limited-size First-In-First-Out queues to avoid excessive memory overheads.

We present the results of the 2025 Data Mine experiment, where we scanned the complete EarthScope
Consortium seismic data archive (1 PB) and the SCEDC and NCEDC AWS-hosted open data, each
with 150 TBs, with QuakeScope. We describe in Figure 7.5 the evolution of our jobs on AWS. Our AWS
allocation had limited quotas for 1,500 jobs (12,000 vCPUs) to be used simultaneously, a tripled quota
relative to the default limits. We manually launch each year, from 2025 going back in time, as a queue of
jobs, and experimented with the EarthScope back-end servers as a pilot experiment. During the initial
stage, we stress-tested the EarthScope archive. We progressively launched the jobs on Fargate SPOT (a
lower-cost queue that is less “on-demand”). In the EarthScope experiment, our progressive load of jobs
in the queue demonstrated the resilience of the backend system, allowing us to launch a larger batch of
jobs by hour 40 in the experiment. For the NCEDC and SCEDC experiments with a smaller dataset of
approximately 300 TB, we launched all jobs simultaneously, reached our quotas, and completed them
in 12 hours. The performance of cloud systems remained constant, demonstrating that this process can
be easily accelerated by allowing for more concurrent processes. See Ni et al. '”* for a complete report of

this experiment and the data product.

7.6 Community Model Visualization and Dissemination

Within the seismological community, there is an acute need for models of natural systems to support both
basic and applied research. For example, models of seismic wave velocities within the Earth are essential
for interpreting tectonic history and evolution*, for generating accurate ground motion estimates using
earthquake simulations (e.g., Glehman et al. %), and for enabling a wide range of analyses related to
seismic hazard and risk. Similarly, geometric models of earthquake-producing fault structures, along
with associated metadata such as slip rates and earthquake histories 208230 form the foundation of
seismic hazard analysis*>. These needs have driven the development of community models, which
are collaboratively developed, synthesis-based representations of natural systems that are maintained

and shared by a broad group of researchers with expertise in the relevant domain (e.g., Aagaard etal.").
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Figure 7.5: Evolution of job statistics in the 2025 Data Mine experiment: top panel has a line between
the start and end time of each job that ran on Fargate. Each year’s worth of data is sent manually as a
separate batch of jobs, color-coded for EarthScope. The middle panel shows the number of pending
jobs in the Fargate queue. Jobs enter the queue and are scheduled to run until the quota of 1500 jobs is
reached. The dips in the number of active jobs are attributed to our slower job orchestration. One that
may be attributed to SPOT’s intermitency is at hour 60. Upon success, the experiment on the NCEDC
and SCEDC went smoothly, maximizing the number of jobs until completion.

Community models are typically open-source and publicly available, designed to incorporate the best
available data and understanding, and intended to serve as common foundations for scientific research,
education, and practical applications (e.g., Plesch etal. >°*, Shaw et al. *#*). The generation of community
models is a focus of various community science organizations such as the Statewide California Earthquake
Center (SCEC) and the Cascadia Region Earthquake Science Center (CRESCENT)"2.

To enable FAIR (Findable, Accessible, Interoperable, and Reusable) access to community mod-
els**° and facilitate their use across a wide range of applications, these models are often distributed
in multiple formats—such as structured text files, binary volumes, databases, or web-based APIs—to
accommodate diverse user needs and computing environments. However, the complexity and size of
these datasets—particularly 3D and 4D models of Earth’s interior or fault systems—can present signifi-
cant technical barriers for many users*+?. There is a growing need for software tools that allow users to

interactively visualize, query, and subset models before downloading or integrating them into workflows.
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These tools must balance performance with accessibility and support interoperability with widely used
scientific programming languages (e.g., Python) and data standards. Ultimately, the effective use of
community models depends not only on their scientific rigor but also on the availability of user-friendly
software that lowers the barrier to entry.

The cloud is particularly well suited for the hosting, visualizing, and disseminating community
models because it provides centralized, flexible infrastructure that meets the needs of distributed scien-
tific teams 34 Community models are often large, dynamic datasets, and are accessed by users across
multiple institutions. These characteristics make local storage solutions inefficient or inaccessible. Cloud
storage enables elastic scaling, allowing both storage and computing power to dynamically adapt to the
community model’s growth, without the managerial burdens associated with on-premises infrastructure.
It also facilitates consistent versioning, access control, and metadata management, which are required
for transparency and reproducibility. In addition, cloud platforms integrate seamlessly with modern
computational tools and workflows, enabling users to analyze and visualize models directly in the cloud
without transferring large datasets. As such, the cloud is a natural fit for managing community-driven,
data-intensive geoscientific resources.

As an example of such a tool in the seismological community, the CRESCENT Community
Velocity Model (CVM) Viewer and Repository*® is a cloud-based platform for storing, distributing,
analyzing, and visualizing seismic wave velocity models of the Earth. It combines Python-based tools
with a geospatial web interface to enable real-time, interactive exploration of datasets. By adhering to
widely accepted metadata and file format standards, the platform ensures that datasets remain consistent,
interoperable, and ready for use in both research and education.

The CVM Viewer is a web-based geospatial visualization tool built with Python, FastAPI, and
Cesium]S*. It allows users to explore CVM datasets interactively through a cloud-hosted 3D map. In
addition to visualizing the spatial extent of seismic velocity models, the viewer displays known faults and
earthquake hypocenters. Users can toggle terrain layers, adjust model boundaries, and navigate using
rotation, zoom, and pan controls. Visualization tools include horizontal slices, vertical cross-sections,
and depth profiles, offering intuitive ways to investigate subsurface structures.

The CVM Repository hosts multiple user-submitted seismic velocity models that have undergone
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peer review and are published. Models are stored in netCDF-4 Classic and HDFs formats on AWS S3,
organized hierarchically to separate 3D model volumes and associated surface data. Automated com-
pliance checks are performed before storage to ensure alignment with community metadata standards.
The backend, built with xarray and h6py, handles data queries and retrieves model subsets based on
user-defined geographic and depth ranges.

Users can extract horizontal slices, cross-sections, or full 3D volumes in various supported formats.
These extraction and conversion tools are deployed using AWS Lambda, enabling efficient access to
large netCDF or HDF:s files and seamless format conversion. Throughout these operations, geospatial
metadata is preserved to ensure compatibility and compliance with metadata standards. The entire
system is deployed using AWS Fargate, a serverless container platform that automatically scales computing
resources in response to user demand.

In addition to the CVM Viewer, CRESCENT is developing a suite of complementary cloud-based
tools to support the broader earthquake science community. The CRESCENT Community Fault
Model Viewer*' enables interactive visualization and dissemination of fault geometries and associated
metadata. Other tools currently under development include platforms for storing, analyzing, and
distributing paleoseismic data and seismicity catalogs, all designed with an emphasis on scalability,
accessibility, and adherence to community data standards. These emerging tools demonstrate how cloud
infrastructure makes data and computational resources more accessible and promotes collaboration

across disciplines and institutions.

7.7 Education and Training Initiatives

Open-source software and interactive cloud-based computing environments have transformed seismo-
logical research and education by providing free, accessible data analysis and modeling tools. Platforms
like Binder, Google Colab, and institutional JupyterHub instances enable researchers and students to
run open-source Jupyter Notebooks without requiring local installation, significantly lowering entry
barriers. Seismo-1ive ™’ is one example, offering a library of seismology-focused Jupyter Notebooks
that can be executed directly in a web browser using Binder. Similarly, Google Colab provides a free

cloud-based notebook environment with pre-installed libraries, enabling students to analyze seismic
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datasets and run numerical simulations from any device. Google Colab is often linked in seismological
software repositories to provide tutorials on free cloud services (e.g., in SeisBench *°”). By leveraging these
free Jupyter-based platforms, the seismology community ensures that computational tools are widely
available, fostering open science, reproducibility, and equitable access to high-performance research
workflows.

Research projects may also lead to developing cloud-based workflows, and researchers may choose to
provide guides for cloud usage. For example, Krauss et al. *# utilized the Azure platform and compared
pre-trained Machine Learning models and template matching for constructing an earthquake catalog
offshore. Their work also provided informative, educational guidance for individual researchers in code
development and containerization, cloud infrastructure, job design, and performance analysis.

In higher education, instructors leverage cloud platforms to create interactive, scalable learning
environments for seismology and data science. Universities may deploy cloud-like infrastructure with
virtual machines for classroom instruction, enabling students to access the course with affordable devices
(e.g., tablets, laptops, or even phones) and run code and homework on cloud instances. Such cloud
integrations enhance accessibility, enabling students to work with real-world data and modeling problems
in an educational setting.

Hands-on training workshops are essential for advancing computational seismology skills, as they
immerse participants in using modern software and large-scale computing resources. Recent commu-
nity initiatives, such as the NSF-funded SCOPED project, have organized multimodal workshops to
teach researchers and students how to use research-grade seismological software on cloud platforms®.
Engaging the community in multiple ways with cloud infrastructure has been beneficial: from running
simple workflows on a provided cloud-based JupyterHub (e.g., the GeoLab workshop) to deploying an
ECaz instance on their own (e.g., in HPS). Recent workshops have been dedicated to training several

hundred participants, primarily graduate students, postdoctoral researchers, and research scientists.

7.8 Discussion and Outlook

133


https://seisscoped.org/HPS-book/intro.html

~.8.1 Software as a Service

Cloud infrastructure lets seismologists rent powerful computing services only when needed, but those
virtual servers still start life as “bare-bones” operating systems. Researchers must rebuild their software
stack — libraries, compilers, scripts — every time they launch a new instance. To simplify this process,
the common practice is to replicate working environments facilitated by environment management
software, such as a lightweight solution of the package manager Anaconda (https://anaconda.org),
or utilize a fully self-contained option such as Docker'® and Singularity . Cloud platforms also provide
ready-to-use virtual images that cater to general or geophysics-specific needs, often at a small additional
cost.

A more user-friendly approach is Software-as-a-Service (SaaS). It is a delivery model that enables users
to run scientific software easily while interacting through a web form or API. The backend software can
be cloud-optimized, and computing resources are provisioned upon users’ request. Such a model enables
users to access the software in a serverless setting without tedious configuration, while being elastic and
cost-efficient for service providers. For example, Chen et al.*” proposed a web application that allows
users to submit requests to generate synthetic seismograms. The service receives requests along with
source parameter settings and initiates the 3D elastic wave equation solver on the backend. Researchers
of interest may utilize this service through a direct and convenient web interface, receiving synthetic
seismograms without requiring any software configuration. The trade-oft is flexibility—custom methods

or novel algorithms still require direct access to code and data, which Saa$ platforms may not expose.

7.8.2 The Self-imposed Open and Reproducible Science

Seismology already enjoys a culture of open data and open-source software—community archives
expose waveforms through standard FDSN web services, and libraries such as ObsPy*” and SeisBench*°”
make analysis scripts widely shareable. Yet, the full research replication requires running the full-stack
workflow on any machine to obtain similar research results.

Cloud computing has become a critical enabler of reproducible research by forcing workflows to
be explicit and portable. In traditional observational seismology, workflows often rely on trial and

error, such as manually selecting bandpass filters based on domain expertise and visual data inspection.
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While this approach benefits from expert judgment, it poses significant challenges to reproducibility
— other researchers may struggle to replicate results if they do not use the same parameters or follow
the same steps. Cloud computing, however, requires the creation of well-defined, version-controlled,
and containerized workflows that are portable and executable in consistent environments. This shift
toward standardized research workflows facilitates reproducibility by ensuring that the exact conditions
under which the research was conducted can be easily replicated on different systems or by different
researchers. This self-imposed reproducibility fosters a more rigorous and transparent scientific process,

crucial in modern seismology, where big-data applications increasingly dominate.

7.8.3 The cost of the cloud

Most cloud service providers employ a pay-as-you-go pricing model, where users are only charged for
using any related cloud resource. Because commercial cloud services are not directly sponsored or
subsidized by government funds, their cost is priced by hardware rental fees, power and facility fees, and
commercial profit, but are comparable to the “fully burdened” HPC costs after removing government
subsidies. Researchers can estimate the cost of their workload to the first order by timing the duration
of time that virtual machines run and the time that data is stored in cloud storage. For example, we
summarize the spending of Clements and Denolle #* based on AWS EC2 and S3 pricing policy: 1)
downloading and uploading so TB of NCEDC data (~40 USD), 2) performing the single-station noise
correlations (<so USD), and 3) storing all data over one week (~40 USD/week). Such pricing model
holds cost advantages: 1) cloud resources are accessible to almost everyone, whilst on-premise equipment
makes one-time spending unnecessary, 2) maintenance is performed by cloud service providers instead
of full-time institutional I'T employees, and 3) spending is better quantified and monitored through the
billing statistics and may help future budgeting'*.

However, the pricing model can be complex when chargeable usages are vaguely defined for some
services and resources. Consequently, budgeting for cloud infrastructure beyond the basics is often
more complicated. For example, in the cloud-native NoisePy test (see Section 7.5.1), we utilize AWS
S3 to save pre-stacked correlation functions before stacking. Besides the ephemeral storage cost from

pre-stacked correlation functions, S3 write (PUT) and read (GET) operations also come at a flat rate
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(usually several USDs per thousand requests). Despite being minimal, such cost shall not be omitted
when performing a large-N and large-T ambient noise interferometry study with potentially millions of
such operations. Moreover, data bytes traveling across cloud regions will incur a perceivable egress cost,
unless waived under specific agreements (e.g., the Open Data Sponsorship Program, which supports the
SCEDC §3 archive presented by Yu et al. ***). Additional charges may also be applicable for on-demand
servers. For instance, I/O operations with the standard pricing model are not free for DocumentDB
clusters. With this type of cluster, spending may be significant when I/O usage is extensive (e.g., phase
picks, insertions, and metadata queries that scale with the job, see Section 7.5.2). Such scaling terms
should be identified and optimized to avoid unexpected spending in a cloud-native workflow. Despite
these challenges, our experience has been fortunate to overbudget, strategize to optimize, and conclude
with a lower overall cost.

Explicitly comparing cloud compute costs to the costs for on-premise HPC is challenging, as
numerous factors need to be taken into account for on-premise HPC, such as procurement cost, energy,
facilities, and labor. In addition, such costs will vary strongly on a country-by-country basis. However,
for a rough estimate, we compare the costs for AWS Fargate service, the service used for the phase picking
workflow above (Section 7.5.2), to estimates from different universities. A CPU core hour (SPOT
instance as in our workflow) on AWS costs around o.012 USD (~o.010 EUR). The costs charged (for
internal users) by different universities vary between 0.008 EUR and o.o12 EUR*. We note that the
charge for main memory on the university deployments was overall slightly higher than on AWS Fargate;
however, the cost is dominated by the cost per CPU core. While large-scale users should consider a
more precise, task-specific assessment of costs, taking into account local conditions and the expected
long-term resource utilization, these numbers illustrate that for workflows as the ones presented, the cost
of on-premise and cloud resources is in a similar range. In all instances of researchers using institutional
computing centers or cloud services, federal research grants can support these costs (e.g., as was the case
for the numerical experiment shown here through a National Science Foundation CloudBank grant'*).

In summary, researchers in seismology will benefit cloud resources if 1) they need on-demand

resources as in early warning or rapid post-event response without provisioning them over long time-

*https://hpc.rtu.lv/hpc/hpc-services/price-list/?lang=en, https://hpc.ut.ee/pricing/
calculate-costs,https://hpc-docs.uni.lu/policies/usage-charging/ (last access August 11, 2025 for all)
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frames, 2) many researchers are working on the same data (e.g., shared open-access data archive or
post-earthquake response archive), and 3) the data archival is supported by cloud providers (e.g., AWS
open data), non-profits (e.g., RadiantEarth https://radiant . earth/), or funded by governements
(e.g., National Science Foundation Seismological Facility for the Advancement of Geoscience (SAGE)
facility, now operated by the EarthScope Consortium) and on the order of peta-scale. Cloud services may
be too costly for researchers who work directly with TBs of data, whose analyses are not time-constrained,
who can guarantee a stable utilization of on-premise resources, and who mostly want to share that data

within their institutional research groups (i.e., a limited number of users).

7.8.4 Disadvantages of Cloud Computing for Science

No medium offers true permanence—disk drives typically require replacement after 5—8 years—and
cloud object stores are no exception. The difference is economic rather than technical: keeping a petabyte
of data in a frequent-access state becomes an annual operating expense that can outstrip the one-oft
capital cost of a local tape library, especially once data-egress and retrieval fees are factored in. Although
a common perception is that commercial clouds are less reliable than institutional computing centers,
the underlying hardware is identical. The fundamental trade-off, therefore, is not reliability but the
ongoing cost model and the penalties for frequent, bulk access to archival datasets.

Moreover, because cloud uses shared but logically isolated hardware, run-to-run performance may
fluctuate as neighbouring users compete for network or disk bandwidth, whereas a dedicated on-prem
workstation delivers near-identical wall times each day. Second, tightly coupled jobs still run more
efficiently on institutional clusters wired with low-latency node communication; comparable services do
exist on the cloud, but the hourly premium usually outweighs any elasticity benefit. Finally, the funding
model feels unfamiliar: instead of drawing on a pre-paid allocation of CPU-hours, researchers receive a
transparent bill that details costs, which can be unsettling when project budgets are built around fixed

grant lines.
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7.9 Conclusion

Cloud computing and storage offer a viable solution for analyzing petabyte-scale seismic archives,
leveraging the concept that data is transferred only once but distributed to many users. Cloud-optimized
and containerized workflows can be spun up on demand at a relatively affordable cost for the size of the
task. Cloud computing and storage solve the problems of slow campus Ethernet networks and shared
HPC queues, enabling peta-scale analysis completed in hours to days, instead of months. However,
building a cloud-ready pipeline remains a significant undertaking for most scientists. Containerizing
legacy code, wiring up object storage I/O, and automating provenance all require skills that fall between
classical research and production software. Research software engineers remain essential: they translate
scientific intent into robust, version-controlled artifacts, add automated tests, and keep pace with the
rapid evolution of cloud services. Once that up-front investment is made, every run is self-documenting
and trivially repeatable, lowering the long-term maintenance burden. Prototyping for cloud systems on
local servers is beneficial (e.g., minimizing cost) and possible (e.g., developing reproducible software
and environments), for example, using tools such as MinIO object storage systems and MongoDB
databases. Researchers may focus on workflow reproducibility, open-sourcing software, and minimizing
job requirements to increase speed and lower computing and environmental costs.

Our performance benchmarks illustrate the payoff. In our ambient-noise test case, 1.6 TB of
correlation functions—6.2 million files—were generated in eleven hours for about 250 USD, all without
touching a single on-premise disk. Likewise, the QuakeScope catalog builder scanned roughly 1.3 PB of
global datasets in three days, limited only by computing quotas, and likely discovered 1o times more
earthquakes than previously reported. Automatic retries on pre-emptible instances kept utilisation high
and human intervention low, demonstrating that today’s managed services can rival dedicated HPC for
embarrassingly parallel seismology at comparable cost.

Looking ahead, both DAS and the rapid proliferation of low-cost IoT seismometers will significantly
increase data volumes and latency requirements, far exceeding today’s norms. In the earthquake early
warning architecture, hundreds to thousands of edge devices can run lightweight pickers locally, then
stream only compact, parametric data to the cloud. There, serverless functions fan-in those messages,

trigger association and localization, and broadcast alerts—often within a few seconds of the origin
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time. The rapid scaling of cloud resources is particularly suitable for handling rare and extreme events.
Finally, Cloud providers’ per-region carbon-intensity dashboards (e.g., AWS’s Sustainability Pillar,
Google’s Carbon-Free-Energy scores, Microsoft’s 2025 renewables target) can inform users to choose
cloud computing regions with a lower carbon footprint without sacrificing latency and performance.

However, there are caveats about using the cloud for seismological research. Cloud services are
expensive for direct prototyping and experimenting with orchestrating autoscaling. Given the investment
in software development, it is also not necessarily advantageous to use the cloud for analyzing datasets
on the order of 100 TBs or less. Furthermore, the cost of cloud storage is significant for individual
researchers, except when benefiting from free open data programs (e.g., AWS open data), and when
national facilities that typically invest heavily in on-premise servers find cost benefits in migrating services
to cloud systems (e.g., EarthScope). Finally, technological advancements in commercial clouds are
needed to compete with the tightly coupled nodes of conventional HPC centers.

Realizing that vision will take community effort—shared, containerized code, FAIR data in cloud-
optimised formats, and collaborations between domain scientists and research software engineers.
Computing skills and software best practices are constantly improving, especially with the rise of open-
source programming languages and training materials (e.g., Community *).

Publicly funded research networks such as ESnet (United States), GEANT (Europe), and CSTNET
(China), paired with high-speed transfer tools like Globus® and GridFTP, enable researchers to move
multi-terabyte to petabyte datasets at tens to hundreds of gigabits per second, with record demonstrations
reaching 1 PB/day. These dedicated optical backbones interconnect supercomputing centers, data
archives, and universities, providing low-latency, high-reliability transfers at no direct cost to scientists,
critical for sharing seismic, satellite, and climate model data. In parallel, the compute-close-to-data
paradigm allows researchers to run tens of thousands of jobs directly adjacent to petascale datasets on
public HPC platforms (e.g., United States Department of Energy facilities, Partnership for Advanced
Computing in Europe (PR ACE), China National Grid (CNGrid)) or commercial clouds, minimizing
transfer time entirely. Public HPC resources offer this capacity for free to approved projects but remain
gated by competitive access and national affiliation, while commercial clouds are globally accessible yet

cost-sensitive. A globally equitable ecosystem would combine open research datasets with subsidized
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compute near data, ensuring that any researcher, anywhere, could run massive workflows without
prohibitive costs or technical barriers.

To conclude, the heavy lift of the peta-scale era for seismological data analysis is within reach.
Embracing cloud and other scalable computing solutions transforms this burden into a catalyst. It
allows researchers to interrogate Earth processes at resolutions and timescales that were previously out of
reach, opening new frontiers of discovery. It also permits researchers to focus on fundamental physical
methods, rather than being limited by a given observational period and spatial extent. Petabyte-scale

seismology is now practical.
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The SCEDC and NCEDC data used in this study are publicly available through the AWS Open Data

Sponsorship Program (https://registry.opendata.aws/southern-california-earthquakes/
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for SCEDCandhttps://registry.opendata.aws/northern-california-earthquakes/
for NCEDC). The EarthScope Consortium data could be accessed through the EarthScope FDSN
web services. Softwares used in Section 7.5 are available at https://github.com/noisepy and

https://github.com/seisSCOPED/quakeScope/.
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Conclusion

Modern seismology is entering a new era of data-driven discovery, shaped by advances in machine learning,
novel observational technologies such as fiber optic sensing, and the emergence of cloud computing and
storage as an advanced computing infrastructure. Together, these developments create unprecedented
opportunities to advance earthquake science from local networks to global archives, environments from
mountain ranges to the offshore, and deployment contexts from centralized computing clusters to the
far edge. This dissertation suggests that our community is ready to leverage these innovations to scale up
earthquake monitoring systems and transform data-driven discovery in earthquake science.

In Chapter 2, I presented a curated seismic dataset drawn from ar years of Pacific Northwest Seismic
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Network (PNSN) recordings, compatible with the SeisBench **” framework. Deep learning phase pickers
fine-tuned on this dataset show improved performance over pretrained models on the events from the
Pacific Northwest. Overall, this high quality dataset provides a platform for training and benchmarking
machine learning models on a wide range of seismological tasks. Looking forward, this dataset will be a
resource for the community for developing both task-specific and general-purpose foundational models
to better characterize seismic and aseismic phenomena.

In Chapter 3, I introduced a cloud-native data management framework designed to address the
storage and processing challenges posed by the massive data volumes from Distributed Acoustic Sensing
(DAS) deployments. By leveraging the flexibility and scalability of cloud object storage with cloud-
optimized formats such as Zarr and TileDB, this framework delivers efficient data I/O at scale. To
evaluate its effectiveness, I applied it to an ambient noise cross-correlation workflow using one month of
SeaDAS-North data, processing over 2 million channel-pairs and completing the full ~100 billion cross-
correlations in under 24 hours. The viability demonstrated in this study will encourage the community
to adopt cloud object storage for hosting and serving large-scale DAS datasets and beyond. Future
work will focus on leveraging the ambient noise cross-correlation functions for time-lapse near-surface
tomography.

In Chapter 4, I employed a machine learning algorithm for DAS wavefield reconstruction and
lossy compression. By training a SHRED model*® on 2,615 earthquakes recorded by the GCI DAS
cable in Cook Inlet, Alaska, I reconstructed the low-frequency, dispersive ocean wave signals, with
the high-frequency, impulsive seismic wavefield separated as a residual. With this lightweight model,
earthquake arrivals, especially for S-waves, are enhanced and can be easily detected by a simple kurtosis
trigger. I further demonstrated that an ensemble phase picker (i.e., ELEP?*?), despite being trained on
conventional seismic data, can be readily applied to pick phase arrivals on DAS wavefields. Overall, this
work shows that machine learning can be a powerful tool for processing fiber-optic sensing data in the
edge computing paradigm.

In Chapter s, I presented a scalable cloud-native workflow for petabyte-scale event detection and
phase picking. By deploying containerized jobs on AWS and reading waveforms directly from cloud-

hosted data archives maintained by EarthScope, NCEDC, and SCEDC, I processed approximately 1.3 PB
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of continuous recordings from 47,354 stations spanning January 2002 to March 202s. Phase arrivals
were identified with PhaseNet*” implemented through SeisBench*°7, running up to 1,500 parallel jobs
and storing results in a cloud-hosted database. The resulting global phase-pick database is publicly
accessible through a web service. I anticipate this database will serve as a foundation for community-scale
seismicity studies and that the cloud workflow template developed here can be readily adapted for future
large-scale data-mining efforts.

In Chapter 6, I developed EQ-SHRED and EQ-FLOW, a multi-stage machine learning framework
for reconstructing earthquake ground motion fields from sparse sensor observations. By training on
4,722 synthetic wavefield simulations using SEM ***, EQ-SHRED uses a recurrent encoder with a
compressive learning strategy to recover the full surface displacement, velocity, and ground motion
intensity (PGV and PGA) fields from only ~0.3% of the surface grid, while simultaneously estimating
probabilistic hypocenter locations. A subsequent flow matching generative model (EQ-FLOW) then
refines the reconstructed wavefield with short-wavelength spatial complexity. I further demonstrated
that hypocenter localization can be achieved within seconds of the event being detected, making the
framework applicable for earthquake early warning.

In Chapter 7, I provided a comprehensive review of cloud computing and storage in seismology,
synthesizing lessons learned from the workflows developed in Chapters 3 and s. I surveyed cloud storage
solutions, cloud-optimized data formats, and scalable database options, and benchmarked two archetypal
big-data tasks: deep learning-based phase picking and ambient noise cross-correlation at scale. I further
discussed the opportunities, costs, and challenges of adopting cloud platforms. This review, together
with Krauss et al. 4, will serve as a practical reference for seismologists transitioning their workflows to
the cloud.

Despite the progress described in this dissertation, significant challenges and limitations remain.
These include the adoption and standardization of new data formats by key stakeholders, e.g., researchers,
data providers, and the open-source community. Fiber optic sensing has yet to be widely integrated into
seismic network operations, and its compatibility with the existing AQMS system remains uncertain.
Looking further ahead, agentic Artificial Intelligence may transform data-driven seismology in ways

that extend well beyond current machine learning approaches.
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In summary, the contributions in this dissertation span the full data lifecycle: from acquisition and
storage to analysis and interpretation, and across deployment environments ranging from the far edge
to cloud infrastructure. These contributions reflect a common thread: scalable infrastructure, novel
observation systems, and data-driven algorithms are reshaping what is computationally and scientifically
possible in earthquake monitoring. I hope the datasets, workflows, and frameworks presented here will
contribute to the development of next-generation seismic monitoring systems, which will ultimately

advance our ability to characterize seismic hazard and deepen our understanding of earthquake physics.
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Acronyms and Abbreviations

AEC: Alaska Earthquake Center

ANSS: Advanced National Seismic System
API: Application Programming Interface
AQMS: Advanced Quake Monitoring System
ASDF: Adaptable Seismic Data Format

AWS: Amazon Web Services

CISN: California Integrated Seismic Network
CLI: Command-Line Interface

CNN: Convolutional Neural Network
ComCat: Comprehensive Catalog

CPU: Central Processing Unit

CRESCENT: Cascadia Region Earthquake Science Center
CSV: Comma-Separated Values

DAS: Distributed Acoustic Sensing

DB: Database

ECa: Elastic Compute Cloud

EEW: Earthquake Early Warning

EGI: European Grid Infrastructure



ELEP: Ensemble Learning Earthquake Phase Picker

EQCCT: Earthquake Phase Classification and Correction Transformer

FAIR: Findable, Accessible, Interoperable, Reusable

FDSN: Federation of Digital Seismograph Networks

F-K: Frequency-Wavenumber

GCP: Google Cloud Platform

GMPE: Ground Motion Prediction Equation

GNSS: Global Navigation Satellite System

GPU: Graphics Processing Unit

GR: Gutenberg-Richter

GRU: Gated Recurrent Unit

HDD: Hard Disk Drive

HDFs: Hierarchical Data Format version s

HEMEW?: HEterogeneous Materials and Elastic Waves with Source variability
HPC: High-Performance Computing

IASP: International Association of Seismology and Physics of the Earth’s Interior
INR: Implicit Neural Representation

INSTANCE: Italian Seismic Dataset for Machine Learning

IRIS DMC: Incorporated Research Institutions for Seismology Data Management Center
ISC: International Seismological Centre

JSON: JavaScript Object Notation

KKFL: Kodiak-Kenai Fiber Link

LSTM: Long Short-Term Memory

MAE: Mean Absolute Error

ML: Machine Learning

MLP: Multilayer Perceptron

MPI: Message Passing Interface

MSE: Mean Squared Error
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NAS: Network-Attached Storage

NCEDC: Northern California Earthquake Data Center

NCSN: Northern California Seismic Network

NEIC: National Earthquake Information Center

NSF: National Science Foundation

OBS: Ocean-Bottom Seismometer

ODE: Ordinary Differential Equation

OOI: Ocean Observatories Initiative

ORFEUS: Observatories and Research Facilities for European Seismology
PCA: Principal Component Analysis

PGA: Peak Ground Acceleration

PGV: Peak Ground Velocity

PNSN: Pacific Northwest Seismic Network

PNW: Pacific Northwest

POD: Proper Orthogonal Decomposition

POSIX: Portable Operating System Interface

PSNR: Peak Signal-to-Noise Ratio

RAM: Random Access Memory

RFFN: Random Fourier Feature Network

RMS: Root Mean Square

RMSE: Root Mean Square Error

RNN: Recurrent Neural Network

S3: Simple Storage Service

SAGE: Seismological Facility for the Advancement of Geoscience
SCEDC: Southern California Earthquake Data Center

SCEC: Southern California Earthquake Center

SCOPED: Seismic Computational Platform for Empowering Discovery

SCSN: Southern California Seismic Network
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SEED: Standard for the Exchange of Earthquake Data
SEM: Spectral Element Method

SHRED: SHallow REcurrent Decoder

SIREN: Sinusoidal Representation Network

SLURM: Simple Linux Utility for Resource Management
SNR: Signal-to-Noise Ratio

SSD: Solid State Drive

STA/LTA: Short-Term Average over Long-Term Average
STEAD: Stanford Earthquake Dataset

SVD: Singular Value Decomposition

TERRA: Terrestrial for Every Rural Region

URL: Uniform Resource Locator

USGS: United States Geological Survey

UTC: Coordinated Universal Time

VM: Virtual Machine

WS: Web Service

XML: eXtensible Markup Language
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Supplementary Materials for Chapter 2

AQMS event type use by the PNSN  ComCat label Description

eq earthquake

le local earthquake

re regional earthquake

ts earthquake teleseism

se slow earthquake

1p long period volcanic earthquake
1f low-frequency event

ex generic chemical blast

px explosion unconfirmed blast or explosion
sh refraction/reflection survey shot
su surface event surface event

th thunder thunder

sn sonic boom sonic shockwave

pc plane crash plane crash

qb quarry blast quarry blast

nt nuclear explosion  nuclear test

ve volcanic eruption  volcanic eruption

co mine collapse mine/tunnel collapse

af debris avalanche  debris flow/avalanche
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av snow avalanche snow/ice avalanche

1s landslide landslide

rb rock burst rockburst

rs rockslide rockslide

bc building collapse  building collapse/demolition
mi meteor impact meteor/comet impact

uk unknown unknown type

Table B.1: The event types and labels used in PNSN’s ANSS Quake Monitoring System (AQMS). Several
event types are merged into one when being reported to the ComCat.

UTC Time CISN Event ID PNSN Event ID Magnitude
2022-12-20 10:34:24 nc73821036 uw61899256 Mw 6.4
2022-12-20 10:52:39 ncy3821106 uw61899266 Ml
2022-12-20 11:42:54 ncy3821226 uw61899301 Mls.o
2022-12-20 12:21:43 nc73821346 uw61899311 Ml3s.0
2022-12-20 13:35:06 ncy73821486 uw61899326 Ml 3.4
2022-12-20 13:§3:19 nc73821516 uw61899331 Mls3
202.2-12-20 15:09:05 nc73821636 uw61899336 Mw 4.0
2022-12-20 15:30:01 nc73821656 uw61899346 Mls.o
2022-12-20 16:33:41 nc73821761 uw61899381 Ml 3.2
2022-12-20 22:06:34 nc73822026 uw61890602 Mw 4.4
2022-12-21 O1:07:33 nc73822146 uw61890647 Mls.o
2022-12-21 07:17:15 ncy73822341 uw61890697 Ml3s.0
2022-12-2116:28:16 ncy73822556 uw61890767 Mlss
2022-12-22. 08:47:13 nc73822961 uw61890997 Mls3
2022-12-22 11:49:55 nc73823036 uw61891007 Mw 3.8
2022-12-24 19:33:44 nc73824236 uw61900186 Mw 4.2
2022-12-25 19:40:29 nc73824826 uwb61900336 Md 3.0
2022-12-29 00:16:18 nc73826156 uw61900806 Mds.o
2023-01-01 18:35:04 ncy73827571 uw61901146 Mw 5.4
2023-01-06 12:27:19 nc73829331 UWwG61901521 Mls3

Table B.2: The events selected from the 20 December 2022 Northern California earthquake sequence
that are included in the data set. Source origin time, event ID, and magnitude are reported by the
California Integrated Seismic Network (CISN), with corresponding PNSN event ID.
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Figure B.1: Number of streams from the ComCat event catalog per station. The red dashed polygon
denotes the authoritative region boundaries of PNSN.
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Figure B.2: Number of streams from the Exotic event catalog per station. The red dashed polygon
denotes the authoritative region boundaries of PNSN. Note that 96% of the exotic events are surface
events.
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UW.PCMD | uw10574093 | 2002-11-07T12:05:34.710000Z

50 -25 0 25 50 75 100
Time (second)

Figure B.3: Example of a stream with a step offset from short-period EH channel. FDSN network and
station code, ComCat event ID, and source origin time are labeled on the top.
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Figure B.4: Example of a stream with a step offset from broad-band HH channel. FDSN network and
station code, ComCat event ID, and source origin time are labeled on the top.
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Figure B.s5: Histogram of P- and S-wave picking residuals (¢p77, — tpnsn) from the benchmark test
data set of strong motion channels. The number in the upper right corner of each subplot shows the
mean absolute error (MAE), the root-mean-square error (RMSE) as the uncertainties to the MAE,
and the picking completeness in percentage with respect to the ground truth. The PNW-retrained
Earthquake Transformer outperforms than other four pre-trained models from SeisBench**7 in both
picking accuracy and detecting completeness.
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Figure B.6: Fitting of Gutenberg-Richter (GR) power law distribution of magnitudes (solid lines) with
3 years of earthquake events cataloged by PNSN (black dots). The plot indicates that the minimum
magnitude of completeness is around 2.
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Figure B.7: Location of the events with location horizontal uncertainty larger than 20 km. The red
polygon denotes the authoritative region boundaries of PNSN.
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Figure B.8: Location of the events with location horizontal uncertainty larger than 20 km. The red
polygon denotes the authoritative region boundaries of PNSN.
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Figure B.9: Number of picked P-wave polarity as a function of time. The red line marks the positive-
negative ratio of the P-wave polarities.



Supplementary Materials for Chapter 4

Configurations Metrics
Nrstm Niatent Nparam ‘ PSNR?T MSE| Time (sec)]
I 96 664k 25.52 0.0917 15.2
I 150 788k 25.80 0.0859 314
I 196 orzk 25.90 0.0840 37.5
2 150 969k 26.31 0.0764 SL7
2 196 221k 26.46 0.0738 55-9
3 150 stk 26.25 0.0775 72.2

Table C.1: Performance comparison of SHRED under different configurations on a ro-minute long
KKFL-S test recording. Ng7ar: the number of the LSTM layer. Njgtens: the dimension of the latent
space. Npidden: the number of neurons in the hidden layer.
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Figure C.1: Loss function during the SHallow R Ecurrent Decoder (SHRED) model training process.
Mean-Squared-Error (MSE) is used to measure the misfit between the reconstructed and the raw data.

6000

5000

Channel Number
8
S

2000

1000

Raw Reconstruction Residual
6000 6000 60
= PSNR: 21.53
MSE: 0.110
5000 5000 50
= £
4000 e — 4000 T —— -l 4000 20X
= § = ]
v
e —— i c
= = g
3000 3000 = 30 43
— — = — —— = 2o 5 e
E — — = — — ¥ -
2000 2000 . 20
= = = - "’s' 2
1000 1000 L= 10
0 20 40 60 80 100 0 20 40 60 80 100

0 20

60
Time (seconds)

40 80 100

Time (seconds)

Time (seconds)

Figure C.2: A 100 s long example of the raw, reconstructed, and residual data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. Figures show the arrivals from an Mr1.9 earthquake
near Anchor Point, Alaska, on 22 July 2023 (USGS eventID ak0239btba15). The amplitude coefficient
b of this event is estimated to be 0.704. The same color scale is used for raw and reconstruction data,
while the residual is boosted by a factor of two.
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Figure C.3: A 100 s long example of the raw, reconstructed, and residual data from the Cook Inlet
DAS experiment on the KKFL-S cable sampling at 25 Hz. Figures show the arrivals from an Mww?.2
earthquake near Sand Point, Alaska, on 16 July 2023 (USGS event ID at00rxvmwl). The amplitude
coeflicient b of this event is estimated to be 0.643. The same color scale is used for raw and reconstruction
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data, while the residual is boosted by a factor of two.
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Figure C.4: (a-c) A 10-minute long example of the raw, reconstructed, and residual data from the Cook
Inlet DAS experiment on the TERR A cable sampling at 25 Hz. The selected window does not contain
earthquakes according to the USGS catalog. The same color scale is used for raw and reconstruction
data, while the residual is boosted by a factor of two. (d-¢) The power spectrum of the raw data (black
solid line) and reconstruction (red solid line) across the cables, with six selected channels shown in (i-k).
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Figure C.s5: Generalizability test of the SHRED model. (a) An 80 s long example of the raw data from the
Cook Inlet DAS experiment on the TERR A cable sampling at 25 Hz. Figures show the reconstruction
results of (b) the model trained by data from KKFL-S cable, (c) the model in (b) but transfer-learned
with data from TERR A cable, and (d) the model trained by data from TERR A cable.
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Figure C.6: (a-b) A 10-minute example of raw and reconstruction data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. The SHallow REcurrent Decoder (SHRED) model
is trained using 1o1 out of 1000 decimated channels. Data from a segment of 2000 channels are shown.
The corresponding data in the frequency-wavenumber (F-K) domain is shown in (c) and (d), respectively.
Dispersion relation for ocean wave under an intermediate water depth setting (b = 80 m) is plotted as
red dashed lines. The first overtone is modeled as dashed gray lines.
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Figure C.7: (a-b) A 1o-minute example of raw and reconstruction data from the Cook Inlet DAS
experiment on the KKFL-S cable sampling at 25 Hz. The SHallow REcurrent Decoder (SHRED) model
is trained using 151 out of 1000 decimated channels. Data from a segment of 2000 channels are shown.
The corresponding data in the frequency-wavenumber (F-K) domain is shown in (c) and (d), respectively.
Dispersion relation for ocean wave under an intermediate water depth setting (b = 80 m) is plotted as
red dashed lines. The first overtone is modeled as dashed gray lines.
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Figure C.8: A 50 s raw DAS recording from the Cook Inlet experiment. The selected window contains P-
and S-wave arrivals from a regional M2.0 earthquake on 14 July 2023 (USGS event ID ak0238yvmdxr).
A band-pass filter is applied for illustration purposes only, enhancing the earthquake onset. We use the
EQCCT to pick the arrival time on the unfiltered residual data, marked by the blue and red crosses.
Dashed lines show the theoretical arrival time calculated from Tau-P using the catalog hypocenter
location and IASP-91 reference velocity model. The inset shows the difference between the ML picks
(Tarr) and the theoretical arrival time (17 p) for P- and S-wave onset. The mean absolute difference, the
standard deviation as the uncertainties, and the mean value of the difference are reported in the upper
right corner.
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Figure C.9: A 50 s raw DAS recording from the Cook Inlet experiment. The selected window contains P-
and S-wave arrivals from a regional M2.0 earthquake on 14 July 2023 (USGS event ID ak0238yvmdxr).
A band-pass filter is applied for illustration purposes only, enhancing the earthquake onset. We use
the ensemble learning earthquake phase picker (ELEP) to pick the arrival time on the unfiltered raw
data, marked by the blue and red crosses. Dashed lines show the theoretical arrival time calculated from
Tau-P using the catalog hypocenter location and IASP-91 reference velocity model. The inset shows the
difterence between the ML picks (Thr7,) and the theoretical arrival time (77 p) for P- and S-wave onset.
The mean absolute difference, the standard deviation as the uncertainties, and the mean value of the
difference are reported in the upper right corner.
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Figure D.1: Number of phase picks grouped by network codes, with the top 40 networks shown. Bars
are color-coded by the hosting data center: EarthScope (red), SCEDC (orange), and NCEDC (blue).
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