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SUMMARY

Seismic monitoring is essential for understanding earthquake
processes and mitigating associated hazards. Traditional deep
learning methods in seismology often rely on single-station in-
puts or fixed seismic acquisition geometries, limiting their ro-
bustness and scalability in dynamic seismic monitoring sys-
tems. Recent developments in operator learning have en-
abled new approaches to seismic monitoring, which address
these limitations by leveraging the full spatiotemporal infor-
mation contained in multi-station waveform data and gener-
alizing across diverse seismic network configurations. This
work reviews three recent contributions that illustrate these ap-
proaches: (1) the Phase Neural Operator (PhaseNO), an algo-
rithm for multi-station picking of seismic arrivals; (2) the Lo-
cation Neural Operator (LocNO), a full-waveform earthquake
location algorithm; and (3) an accelerated correlation-based
time-reversal imaging method that uses the Fourier Neural Op-
erator for efficient wavefield backpropagation. Together, these
methods demonstrate that operator learning can enhance the
accuracy, adaptability, and computational efficiency of seismic
monitoring across varying geologic settings and network con-
figurations.

INTRODUCTION

Accurate and efficient seismic monitoring is essential for un-
derstanding earthquake processes and mitigating seismic haz-
ards, including those arising from natural subsurface dynam-
ics and activities related to resource exploration and develop-
ment. Existing deep learning—based seismic monitoring meth-
ods, such as PhaseNet (Zhu and Beroza, 2018) and EQTrans-
former (Mousavi et al., 2020), are primarily designed for single-
station input and may suffer from reduced performance when
dealing with low signal-to-noise ratio (SNR) data or signals
from closely occurred seismic events. In contrast, multi-station
processing is standard practice in seismology, as integrating
spatial information from multiple stations enhances detection
capabilities, improves phase-picking accuracy, and enables more
robust earthquake location. However, early multi-station ap-
proaches based on convolutional neural networks (Yuan et al.,
2018; Hu et al., 2019; Tsai et al., 2019; Wu et al., 2019; Yuan
et al., 2020; Zhang et al., 2020; Zhao et al., 2025) are typically
constrained to fixed and regularly spaced receiver geometries.
These models lack the flexibility to generalize across diverse
seismic network configurations, limiting their applicability to
the specific acquisition geometry used during training. In prac-
tice, seismic networks often evolve over time due to instru-
ment deployment, failure, or upgrades, necessitating repeated
retraining of models and limiting the scalability of deep learn-
ing methods for long-term seismic monitoring.

To address these challenges, we introduce a new class of op-
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erator learning methods that are emerging as promising tools
for seismic monitoring (Sun et al., 2022, 2023; Sun, 2025a).
Classical neural networks are designed to approximate func-
tions between finite-dimensional Euclidean spaces or over fi-
nite sets, which limits their flexibility when modeling func-
tional mappings. In contrast, neural operators generalize neu-
ral networks by learning mappings between infinite-dimensional
function spaces (Kovachki et al., 2023). Originally developed
for solving partial differential equations, neural operators are
constructed as compositions of linear integral operators and
nonlinear activation functions. Like neural networks, they sat-
isfy a universal approximation theorem, ensuring they can ap-
proximate any nonlinear continuous operator. A key advantage
of neural operators is their discretization invariance: the same
model parameters can be applied across different discretiza-
tions of the underlying function spaces, enabling flexible and
scalable modeling across diverse data resolutions.

The seismic wavefield can be treated as a continuous func-
tion over time and space. Seismic recordings from multiple
stations with arbitrary geometries represent a discretization of
this wavefield, with regular sampling in time due to a fixed
sampling rate and irregular sampling in space due to varying
station numbers and geometries. By leveraging neural opera-
tors to construct functional mappings from the input seismic
wavefield to other outputs, such as pseudo-probability func-
tions indicating phase arrival times, we can develop flexible
operator learning-based architectures for seismic monitoring.
These models naturally generalize across arbitrary network con-
figurations and changing monitoring conditions.

In this work, I briefly review three recent contributions: (1)
PhaseNO (Sun et al., 2023), an open-source tool and pre-trained
model for earthquake detection and multi-station P- and S-
wave arrival time picking from continuous seismic data; (2)
LocNO (Sun, 2025a), a framework for full-waveform earth-
quake location that accommodates flexible station numbers and
geometries; and (3) a fast surrogate model based on the Fourier
Neural Operator (FNO; Li et al., 2020a; Sun et al., 2022) that
generalizes to various velocity models and source time func-
tions (STFs) for simulating seismic wavefields. Together, these
models demonstrate the potential of operator learning to ad-
vance seismic monitoring by improving generalization, accu-
racy, and efficiency across diverse seismic networks.

PHASE NEURAL OPERATOR

PhaseNO is an operator learning model designed for network-
wide seismic phase picking (Sun et al., 2023). It learns infinite-
dimensional function representations of seismic wavefields across
multiple stations in a seismic network, allowing for accurate
measurement of the arrival times of different phases simulta-
neously at multiple stations with arbitrary geometries. The in-
put to PhaseNO is 30 s of waveforms recorded at any number
of stations arranged in arbitrary geometries. The normalized
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Figure 1: The Phase Neural Operator architecture. P and Q are up- and down-projections parameterized by neural networks,
respectively. PhaseNO takes 30 s of three-component waveforms recorded by an arbitrary number of stations with flexible geometry
and simultaneously predicts pseudo-probability functions for P- and S-wave arrivals at all input stations. Station coordinates (x;,y;)

are encoded as two additional input channels alongside the waveforms. The figure is adapted from Sun et al. (2023).

geographical coordinates of the stations in the easting (x;) and
northing (y;) directions are repeated along the time axis and
concatenated with the three channels of three-component seis-
mograms (or with repeated single-component seismograms, if
applicable). The output function is a pseudo-probability mask
with the same dimensions as the input, indicating the likeli-
hood of P- and S-wave arrivals at each index of the input func-
tion.

Neural operators can be categorized based on how the ker-
nel integral is computed within a linear integral operator layer.
These include graph neural operators (GNOs; Li et al., 2020b),
multipole graph neural operators, low-rank neural operators,
and FNOs (Kovachki et al., 2023). Among these, FNOs com-
pute the kernel in the Fourier domain, enabling efficient eval-
uation of the kernel integral operator using the Fast Fourier
Transform (FFT). The use of FFT requires both input and out-
put functions to be discretized on regular grids. In contrast,
GNOs compute the kernel using the standard framework of
graph neural networks (Gilmer et al., 2017). In this approach,
discretization points are treated as nodes, and the graph is con-
structed based on the distances between nodes.

Although the full seismic wavefield is 3D in space and 1D in
time, only a sparse set of seismic stations provides observed
1D time series data. This leads to limited spatial sampling.
As a result, applying a fully 4D kernel integral over space and
time is both computationally inefficient and unnecessary. To
address this, we decouple temporal and spatial feature extrac-
tion. Temporal features are modeled using 1D FNOs (apply-
ing FFT only along the time axis), while spatial dependencies
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across stations are captured using GNOs. Figure 1 illustrates
the model architecture. FNO and GNO layers are connected
sequentially and repeated multiple times, enabling effective
communication and exchange of spatiotemporal information
among all stations in the seismic network. Skip connections
(He et al., 2016) are introduced between blocks, forming a U-
shaped architecture. These skip connections concatenate the
FNO outputs from the encoder side directly with the GNO
outputs on the decoder side, bypassing intermediate layers.
This improves model convergence and facilitates the training
of deeper neural networks.

We train PhaseNO on an earthquake dataset from the Northern
California Earthquake Data Center (NCEDC) spanning 1984
to 2019 and benchmark its performance against three base-
line models: EQTransformer (Mousavi et al., 2020), PhaseNet
(Zhu and Beroza, 2018), and EdgePhase (Feng et al., 2022).
PhaseNO achieves superior performance in terms of F1 scores,
which reflect the trade-off between correct and false picks, as
well as in terms of time residuals between predicted and man-
ually picked arrivals. Although trained on data from Northern
California, the model has been successfully applied to a seis-
mic network in Southern California with different geological
conditions and network configurations, demonstrating strong
generalization ability beyond the training region. The trained
PhaseNO model has been publicly released and can be directly
applied to continuous waveform data without the need for re-
training (Sun, 2025b).

To enhance the computational efficiency of PhaseNO since its
publication and to better reflect the physical nature of seis-

10.1190/image2025-w11-02.1
Page 2977

Downloaded from http://pubs.geoscienceworld.org/segeab/proceedings-pdf/SEGEAB.44/1/2976/7754125/image2025-w11-02.1.pdf by University of Texas at El Paso, Hongyu Sun on 19 February 2026



Advancing seismic monitoring with operator learning

mic wave propagation, the version v1.0.1 of PhaseNO (Sun,
2025b) introduces a distance-based constraint parameter, D,
which limits information exchange among stations to only those
within a specified physical distance. This modification re-
solves a key limitation in PhaseNO v1.0.0, where the com-
putational cost, both in terms of GPU memory usage and run-
time, scaled quadratically with the number of stations due to
full connectivity in the graph. In the updated implementation,
quadratic scaling only occurs if D is set larger than the max-
imum pairwise station distance, which restores a fully con-
nected graph. However, such global connectivity is rarely nec-
essary in practice, as earthquake signals recorded at one station
are most relevant to nearby stations within a limited spatial
range. By default, D is set to 30 km, meaning each station
communicates only with others within a 30 km radius. Users
are encouraged to adjust this parameter based on their seismic
network configuration, as reducing D can significantly reduce
computational demands. With an appropriately chosen value,
users can now process all stations in a single run, without the
need to randomly subsample large networks.

LOCATION NEURAL OPERATOR

LocNO is a full-waveform earthquake location algorithm that
directly maps input seismograms from a detected earthquake
or microseismic event to a pseudo-probability function indi-
cating the likelihood of the source location in the easting, nor-
thing, and depth directions (Sun, 2025a). Using the same input
configuration as PhaseNO, LocNO shares its spatiotemporal
feature extraction architecture, which combines 1D FNO lay-
ers for capturing temporal features and GNO layers for mod-
eling spatial dependencies in seismic wavefields. Specifically,
seven FNO layers extract temporal information at individual
stations, while five GNO layers capture spatial relationships
across multiple stations in the seismic network. Compared
with the PhaseNO architecture shown in Figure 1, LocNO places
the seventh FNO layer before the down-projection operation

0.

After the seventh FNO layer, the spatiotemporal feature ex-
tractor produces a latent embedding for each station, summa-
rizing its response to the input earthquake across time and
space. A shared decoder transforms these embeddings into di-
rectional score vectors over discretized easting, northing, and
depth grids. The outputs from individual stations are then com-
bined using an attention-based pooling mechanism. The at-
tention weights, calculated from the latent features, determine
the contribution of each station to the final location estimate.
The resulting directional score vectors are passed through a
sigmoid function to produce pseudo-probabilities over the dis-
cretized spatial grids.

The LocNO model is trained using a binary cross-entropy loss
between the predicted and ground-truth distributions in each
spatial direction. Ground-truth labels are represented by trun-
cated Gaussians centered at the true location coordinates, al-
lowing the model to learn smooth and continuous probability
estimates over discretized spatial grids. When training with

catalog data, catalog locations may be treated as reference ground
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truth, while acknowledging that they include errors introduced
by conventional earthquake location algorithms.

LocNO was benchmarked against SeismicGNN (Van Den Ende
and Ampuero, 2020) using an earthquake catalog from the
NCEDC. Both models were trained and tested on the same
dataset. SeismicGNN is a graph neural network that incorpo-
rates spatial information for seismic source characterization by
enabling information exchange between stations. It processes
features at each station using a CNN, followed by a multilayer
perceptron to estimate earthquake locations. LocNO consis-
tently achieved lower mean absolute errors in both the easting
and northing directions and demonstrated comparable perfor-
mance in depth estimation, which is typically more challeng-
ing due to surface-only observations (Sun, 2025a).

LocNO is well suited for earthquake location under non-ideal
seismic network conditions, where traditional travel-time lo-
cation methods may fail. To demonstrate this capability, we
train LocNO on a dataset that includes out-of-network events
recorded by only a small number of stations. These events,
whose origins lie outside the boundaries of the seismic net-
work, are synthetically created by removing stations from one
side of each cataloged earthquake. In this way, LocNO is
trained using catalog earthquake locations determined from
dense and well-monitored networks, while the input waveforms
are restricted to stations forming an azimuthal gap greater than
180°. Numerical experiments in Sun (2025a) show that LocNO
effectively learns to mitigate artifacts and outperforms Hypoin-
verse (Klein, 2002), a travel-time-based method, when locat-
ing out-of-network earthquakes in the Mendocino Triple Junc-
tion, even under sparse station coverage.

ACCELERATED TIME REVERSAL IMAGING

Time-reversal imaging with cross-correlation imaging condi-
tions (Nakata and Beroza, 2016) offers high-resolution earth-
quake locations by using multi-station waveform data. How-
ever, this method is computationally expensive because it treats
each receiver’s waveform as a separate source for backpropa-
gation rather than processing all time-reversed waveforms si-
multaneously. To address this challenge, we present a deep
learning framework that incorporates neural operators to accel-
erate wave propagation within the time-reversal imaging work-
flow. We use a U-shaped neural operator (UNO) architecture
(Rahman et al., 2022) based on FNO layers to simulate wave
propagation at individual stations. Once trained, the model can
rapidly generate wavefields, which are then cross-correlated to
produce source images for earthquake location. Because neu-
ral operators operate in function space and do not depend on
spatial discretization, they can be trained on coarse grids and
applied to fine grids during inference, enabling efficient and
high-resolution earthquake location (Sun et al., 2022).

We develop two training strategies for time-reversal model-
ing (Figure 2). The first strategy trains UNO-A to approxi-
mate Green’s functions on arbitrary velocity models using a
fixed Ricker wavelet as the STF (Sun et al., 2022). Owing to
the linearity of the wave equation, the resulting Green’s func-
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Figure 2: The UNO architecture for wave propagation. Red triangles denote the station locations (also the source locations in
time-reversal modeling). The cyan line shows the velocity profile. The figure is adapted from Sun et al. (2022).

tions can be convolved with time-reversed seismic recordings
to compute back-propagated wavefields. UNO-A is expected
to generalize well across diverse velocity models, eliminating
the need for retraining when applied to regions with different
velocity structures. In the second strategy, we train a model
called UNO-B to directly map time-reversed seismograms to
back-propagated wavefields. Here, the velocity model is not
explicitly input into the neural operator but is used during the
simulation of the training dataset. After training, UNO-B is
expected to generalize across different STFs and accurately
reconstruct back-propagated wavefields on the target velocity
model using time-reversed seismograms as inputs. The second
strategy may be preferred when the seismic network includes
tens of stations, as direct computation of backpropagation be-
comes more convenient in such a case.

In both cases, we sample random functions from Gaussian pro-
cesses to construct training datasets for UNO-A and UNO-B.
These functions represent either spatial velocity models (1D,
2D, or 3D) for training UNO-A or 1D STFs for training UNO-
B. To generate the target wavefields, we numerically solve the
2D acoustic wave equation using spectral element modeling
(SEM). Numerical experiments demonstrate that, after suc-
cessful training, both UNO-A and UNO-B generalize well to
previously unseen velocity models and STFs. The runtime is
approximately two orders of magnitude faster than SEM and
scales nearly linearly with the number of grid points (Sun et al.,
2022).
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CONCLUSIONS

This review highlights the potential of operator learning in ad-
vancing seismic monitoring. By modeling functional relation-
ships between multi-station waveform data and target physical
quantities, neural operators offer a flexible and scalable alter-
native to conventional CNN-based seismic monitoring meth-
ods. The three approaches discussed here demonstrate strong
generalization to diverse seismic networks, maintain high ac-
curacy in low-SNR conditions, and significantly reduce com-
putational costs. These advantages support robust and effi-
cient seismic monitoring, even under sparse or evolving net-
work configurations. As seismic networks grow in scale and
complexity, operator learning provides a promising framework
to meet the increasing demands of real-time, high-resolution
monitoring.
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