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SUMMARY

Jointly determining source locations and velocity structures is
essential in passive seismic inversion due to the coupling be-
tween hypocenters and velocity structures. Traditional meth-
ods, including travel-time tomography and full-waveform in-
version (FWI), face challenges due to their sensitivity to initial
models and high computational costs. Recently, deep learn-
ing has emerged as a promising alternative, offering improved
efficiency and accuracy in seismic inversion. However, most
existing data-driven FWI studies focus on active-source data,
where the source information is known, making their direct ap-
plication to passive seismic data challenging. Here I propose
VSNet, a multi-task learning framework for the joint inversion
of velocity structures and source locations with passive seis-
mic data. VSNet consists of two separate sub-networks: VNet
for velocity inversion and SNet for source localization, which
are updated simultaneously through a soft-sharing mechanism.
Using a passive seismic dataset simulated on the OpenFWI
Kimberlina-CO2 velocity models, I demonstrate that VSNet
can directly estimate both velocity structures and source loca-
tions from full-waveform data. The results show that VSNet
achieves high accuracy in both tasks while being computation-
ally efficient once trained, highlighting the potential of deep
learning in passive seismic inversion.

Figure 1: VSNet takes passive seismic records as its sole in-
put, then separately generates a velocity structure via VNet and
source locations via SNet. The two subnetworks exchange ve-
locity and source information via a soft-sharing mechanism.

INTRODUCTION

The joint determination of source locations and velocity struc-
tures is crucial in passive seismic inversion due to the coupling
between the earthquake hypocenters and velocity structures
(Thurber, 1992). An inaccurate velocity model can lead to
errors in source localization (Kamei and Lumley, 2014; Tong
et al., 2016), while precise source locations form the founda-
tion for passive seismic tomography. Passive data processing

is generally classified into two main categories: travel-time-
based and full-waveform-based methods. The former is widely
used in earthquake seismology, where large-scale subsurface
models are the primary focus. The latter is predominantly ap-
plied in microseismic monitoring, where high-resolution, small-
scale features are of interest. Although full-waveform approaches
are more computationally expensive, they are gaining increas-
ing attention thanks to their ability to reveal more detailed geo-
logical structures. However, the joint inversion of passive seis-
mic data in either way is inherently non-unique and challeng-
ing (Pavlis and Booker, 1980).

FWI with passive seismic data for velocity changes and source
locations has been rapidly developed for microseismic moni-
toring (Behura, 2015). By incorporating time-reversal imag-
ing of passive seismic sources into FWI (Sun et al., 2016;
Lyu and Nakata, 2020) or traveltime inversion (Zheng et al.,
2016), velocity models and event locations can be updated
separately in an alternating manner. Further advancements
include the incorporation of source time function inversion
into the joint inversion workflow (Wang and Alkhalifah, 2018;
Wang et al., 2020; Aghamiry et al., 2022). With a sufficiently
dense receiver network capable of recording high-amplitude
events, Diekmann et al. (2019) relaxed the requirement for
high-quality priori velocity information by employing wave-
front tomography to update the long-wavelength velocity in a
similar workflow. Additionally, Song et al. (2019) linked ve-
locity estimation to the focusing properties of source images
obtained using the geometric-mean imaging condition (Nakata
and Beroza, 2016), allowing for the simultaneous update of the
long-wavelength velocity model and the location of a single
point source. Despite the progress, the joint inversion of veloc-
ity and location still suffers from challenges such as significant
computational resources, the lack of an accurate initial veloc-
ity model, and the feasibility to simultaneously locate multiple
sources.

Deep learning has emerged as a powerful alternative for seis-
mic inversion (Wu and Lin, 2019; Yang and Ma, 2019; Sun
and Demanet, 2020, 2021; Jin et al., 2021; Sun et al., 2023b;
Schuster et al., 2024). By training neural networks on large
seismic datasets, deep learning methods can learn complex
mappings between seismic wavefields and subsurface velocity
structures, offering the potential to improve both the efficiency
and accuracy of seismic inversion. With a well-designed deep-
learning architecture and a diverse training dataset, AI-based
inversion can directly infer subsurface velocity models from
full-waveform data, without requiring the precise prior infor-
mation that conventional methods depend on. Although gener-
alization issues remain, as deep learning models are inherently
limited by the diversity and quality of the training dataset, they
hold promise for providing faster and more accurate inversion
solutions.

However, most existing deep-learning inversion studies focus
on active-source seismic data, where the source location is
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known. In contrast, passive seismic inversion presents signif-
icant challenges due to the uncertainty in seismic source pa-
rameters, making deep learning applications in passive seismic
data inversion far more complex. Addressing this challenge re-
quires deep-learning models to jointly estimate seismic source
locations and velocity structures while incorporating advanced
learning strategies to mitigate the inherent non-uniqueness of
passive seismic inversion.

Unlike subsurface velocity model building, machine learning
has been widely applied to passive seismic data for determin-
ing microseismic event locations, following two main approaches:
picking-based earthquake monitoring enhanced by deep learn-
ing and end-to-end deep learning methods that directly map
seismic waveforms to earthquake locations. The first approach
incorporates deep learning into traditional earthquake moni-
toring workflows (Zhu and Beroza, 2019; Zhang et al., 2022;
Sun et al., 2023a), where deep learning models assist in phase
picking and arrival-time estimation, improving event detection
and localization accuracy. The second approach directly pre-
dicts earthquake locations from seismic waveforms without re-
quiring explicit arrival-time picking. For example, within the
end-to-end deep learning category, Zhang et al. (2020) applied
a convolutional neural network (CNN) to locate induced earth-
quakes in Oklahoma using a fixed seismic network. Wang
and Alkhalifah (2021) trained one CNN to classify the num-
ber of seismic events in the data and another CNN to pre-
dict their source locations, peak frequencies, and amplitudes.
Within the time-reversal imaging framework, Sun et al. (2022)
trained neural operators to accelerate wavefield backpropaga-
tion for fast earthquake hypocenter determination. However,
these methods assume that the velocity model is either ex-
plicitly known or implicitly embedded in the training dataset
(Yang et al., 2024). When both earthquake locations and veloc-
ity structures are uncertain, it becomes crucial to estimate them
simultaneously. Wamriew et al. (2022) determine microseis-
mic event locations along with the velocity at those locations,
using CNN with a single multi-channel output. However, this
approach is limited to 1D layered velocity models and was pri-
marily tested in a downhole microseismic monitoring setting.
A general and robust learning framework for complex velocity
models remains an open research challenge.

In this study, I propose a multi-task learning framework for
the joint inversion of velocity structures and source locations
using passive seismic data. I refer to this framework as VS-
Net, which consists of two separate networks for the two in-
version tasks while being simultaneously updated through a
soft-sharing mechanism (Figure 1). The source location task,
SNet, generates Gaussian-distributed probability maps repre-
senting the likelihood of passive source locations. In contrast,
the velocity inversion task, VNet, produces the subsurface ve-
locity field. A numerical experiment using a passive seismic
dataset simulated on the OpenFWI Kimberlina-CO2 velocity
models (Deng et al., 2022) demonstrates that the well-trained
VSNet model can simultaneously predict seismic source loca-
tions and velocity structures from multi-source full-waveform
data. Once trained, VSNet does not require initial velocity
models and is computationally efficient.

METHOD

The joint inversion of velocity and source location naturally
aligns with multi-task learning, as it involves predicting mul-
tiple related outputs from a single input dataset. In this work,
each task requires distinct feature extraction patterns but ben-
efits from high-level interactions due to velocity-source cou-
pling. To leverage this, I propose a deep-learning model within
the classic encoder-decoder framework, incorporating two in-
dependent sub-networks that share high-level extracted fea-
tures via decoders with a soft-sharing mechanism. This de-
sign minimizes task interference, as the tasks are not highly
correlated, while enabling distinct feature learning for velocity
structure estimation and source localization. Additionally, it
ensures cross-task information exchange, preserving the hypocenter-
velocity coupling essential to the inversion process.

VSNet: Multi-task learning with soft parameter sharing

Here I introduce the method using a 2D velocity model; how-
ever, its extension to 3D is straightforward. I also assume
that there are three microseismic events randomly triggered in
the subsurface. Given passive seismic records X ∈ RC×T×N ,
where C represents the number of sources, N denotes the num-
ber of receivers, and T is the number of temporal sampling
points, our goal is to estimate the subsurface velocity structure
V ∈ R1×H×W and the probability distribution of source loca-
tions S ∈ RC×H×W where H and W correspond to the number
of grid points in depth and horizontal distance, respectively.

Overall, the VSNet architecture consists of one VNet for ve-
locity inversion and one SNet for source localization. The
specific architectures of VNet and SNet are not fixed; vari-
ous classical deep learning models, such as UNet, ResNet, and
Transformers, can be employed within this multi-task learn-
ing framework. In this work, I implement UNet and leverage
its classic encoder-decoder structure for both VNet and SNet.
Each task has a separate encoder for feature extraction:

Zv = fθv(X), (1)

Zs = fθs(X), (2)

where θv and θs are the encoder parameters. To enable feature
fusion with the soft parameter sharing mechanism, I define a
learnable fusion function F as follows:

Z̃v = Fv(Zv,Zs), (3)

Z̃s = Fs(Zs,Zv). (4)

Here, F represents a trainable fusion mechanism, which adap-
tively combines the extracted features from different tasks while
preserving task-specific representations. Each task has a sepa-
rate decoder for task-specific predictions:

V̂ = gφv(Z̃v), (5)

Ŝ = gφs(Z̃s), (6)

where gφv and gφs are decoder functions. I use supervised
learning to minimize the difference between neural network
outputs and labels. Considering the velocity output is a veloc-
ity field and location is represented as a probability map, I use

10.1190/image2025-4316895.1
Page    1493

Fifth International Meeting for Applied Geoscience & Energy
© 2025 Society of Exploration Geophysicists and the American Association of Petroleum Geologists

Downloaded from http://pubs.geoscienceworld.org/segeab/proceedings-pdf/SEGEAB.44/1/1492/7753384/image2025-4316895.1.pdf by University of Texas at El Paso, Hongyu Sun  on 19 February 2026



VSNet: Deep-learning inversion with passive seismic data

Mean Squared Error (MSE) for velocity inversion loss and Bi-
nary Cross-Entropy (BCE) for source localization loss. Then
the total loss is defined as:

L= λvLMSE(V̂ ,V )+λsLBCE(Ŝ,S), (7)

where λv and λs are task weights. With this learning strat-
egy, we can effectively disentangle the coupling between ve-
locity and source location while preserving their information
exchange in determining the final solutions to the joint inver-
sion problem.

In addition, as a UNet architecture, the encoder employs a
convolutional downsampling strategy, while each decoder in-
tegrates skip connections. The velocity decoder utilizes a Tanh
activation, whereas the source decoders apply Sigmoid activa-
tions to produce probability maps.

Figure 2: Examples of two samples from the dataset. Three
microseismic events (marked by black stars) are randomly trig-
gered in each model and recorded by 100 surface receivers.
For clarity, only ten receivers are shown as blue triangles.
These recorded waveforms serve as inputs to VSNet.

Dataset and Training

To train VSNet, I simulate a synthetic passive seismic dataset
using the Kimberlina-CO2 velocity model family from the Open-
FWI dataset (Deng et al., 2022). These 2D acoustic veloc-
ity models describe the spatial and temporal migration of the
supercritical CO2 plume within a geologic carbon sequestra-
tion reservoir over a time frame of 200 years. I reserve mod-
els with continuous time evolution within a 20-year interval
and randomly select 4,500 models for training and 619 models
for testing. Since the OpenFWI dataset contains only active-
source seismic surveys, I use only the velocity models from
the dataset and generate passive seismic data specifically for
this study.

Figure 2 presents examples of two samples from the dataset.
Each velocity model uses a uniform grid spacing of 10 m. Each
data sample is simulated on a velocity model with various pas-
sive sources triggered at random locations in the subsurface.
The true source locations are retained to generate probabil-
ity maps based on Gaussian distributions, indicating the likeli-
hood of source positions.

Passive seismic data are simulated by solving 2D acoustic wave
equations using the Deepwave software (Richardson, 2023). A

Ricker wavelet is used as the source time function, and data is
recorded with a sampling rate of 0.002 s. In total, 1024 time
samples are recorded. There are 100 receivers evenly spaced
along the surface of each velocity model, with a spacing of
40 m. I simulate three seismic events on each velocity model.
The dimension of the input data is 3× 1024× 100. The out-
put source image has a dimension of 3×141×401, while the
velocity output has a dimension of 1× 141× 401. The sub-
surface velocity distributions are normalized to [−1,1] before
being fed into the neural networks.

The VSNet parameters are optimized using Adam with an ini-
tial learning rate of 2×10−5. A step decay learning rate sched-
ule is applied, reducing the learning rate by half every 50 epochs.
The model is trained for 100 epochs with a batch size of 4
on a single GPU. Performance on velocity inversion is eval-
uated using root mean square error (RMSE), mean absolute
error (MAE), and structural similarity index (SSIM), while
source localization accuracy is evaluated based on both ver-
tical (zTrue − zV SNet ) and horizontal location (xTrue − xV SNet )
errors.

RESULTS

The trained VSNet model is applied to the test dataset for per-
formance evaluation. The final source location is inferred from
the probability map, where the maximum probability indicates
the source position, assuming each output channel represents a
single source. The histogram of all test samples shows that the
MAE of location errors is 45.02 m in horizontal distance and
35.39 m in depth (Figure 3a). It is important to note that the
resolution of the source image (grid spacing) affects the final
localization accuracy, with finer grids leading to more precise
source positions. Despite a discretization of 10 m in the source
image, VSNet demonstrates high accuracy and robustness in
source localization.

Figure 3b compares the accuracy of the predicted velocity mod-
els against the ground truth. The average RMSE between the
predicted and true velocity models is 53.50 m/s, while the av-
erage SSIM index is 0.96, demonstrating the high accuracy
of VSNet in velocity model building using passive seismic
data. The histogram shows that the majority of samples have
an SSIM greater than 0.9, confirming the effectiveness of the
proposed method, particularly when both the training and test
datasets follow the same data distribution.

Figure 4 presents examples of VSNet’s predictions on two test
samples. The results demonstrate that VSNet successfully re-
constructs the velocity distribution and accurately localizes pas-
sive sources using multiple passive records. The CO2 reser-
voirs and the source probability maps are well recovered, show-
ing high consistency with the ground truth.

Then I analyze the impact of velocity errors on source localiza-
tion, assuming the velocity model is given as prior information.
To achieve this, I adapt the input layer of SNet to accommodate
both passive seismic records and the velocity model, allowing
for the prediction of passive source locations. This design en-
ables the manual introduction of errors into the input velocity
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model, facilitating the analysis of how velocity inaccuracies
affect source localization.

Figure 5 shows that source location errors increase with grow-
ing errors in the input velocity model in both the horizontal
and depth directions. Moreover, the localization error when
using an accurate velocity model remains higher than that of
VSNet, likely due to the lower generalization capability of a
single network compared to a multi-task learning framework.
Nonetheless, this experiment underscores the critical role of
accurate velocity information in passive seismic source local-
ization. Therefore, a joint inversion approach that leverages
the coupling between velocity and source location is essential
for enhancing accuracy in both tasks.

(a)

(b)

Figure 3: Performance on the test dataset. (a) Source location
errors in horizontal xTrue − xVSNet and vertical zTrue − zVSNet
directions. (b) Accuracy of velocity predictions measured by
RMSE, MAE, and SSIM. The mean (µ), standard deviation
(σ ), and MAE of each histogram are labeled.

CONCLUSIONS

I propose VSNet, a multi-task deep learning framework for the
joint inversion of subsurface velocity structures and seismic
source locations using passive seismic data. Instead of relying
on iterative optimization between velocity and source parame-
ters, VSNet adopts a multi-task learning approach with a soft-
parameter sharing mechanism to estimate both simultaneously
from full-waveform data. Numerical experiments show that
VSNet achieves high accuracy in both velocity model building
and source localization. These results underscore the potential
of deep learning to advance passive seismic inversion and con-

(a)

(b)

Figure 4: Examples of VSNet predictions on the test dataset.

tribute to the broader development of AI-driven FWI methods.

Figure 5: The impact of velocity errors on source localization
in SNet, assuming the velocity model is known and provided
as a secondary input alongside seismic records for determining
source locations from passive seismic data.
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