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Making��Invisible��Visible:��Data-Driven��Seismic��
Inversion��With��Spatio-Temporally��
Constrained��Data��Augmentation

Yuxin��Yang,��Xitong��Zhang,��Qiang��Guan,��and��Youzuo��Lin

Abstract—Deep��learning��and�� data-driven��approaches��have��
shown��great��potential�� in�� scienti�c�� domains.��The��promise��of��
data-driven��techniques��relies��on��the��availability��of��a��large��volume��
of��high-quality��training��datasets.��Due��to��the��high��cost��of��obtain-
ing��data��through��expensive��physical��experiments,��instruments,��
and��simulations,��data��augmentation��techniques��for�� scienti�c��
applications��have��emerged��as��a��new��direction�� for�� obtaining��
scienti�c�� data��recently.��However,�� existing��data��augmentation��
techniques��originating�� from�� computer��vision��yield��physically��
unacceptable��data��samples��that��are��not��helpful��for��the��domain��
problems��that��we��are��interested��in.��In��this��article,��we��develop��
new��data��augmentation��techniques��based��on��convolutional��neural��
networks.��Speci�cally,��our��generative��models��leverage��different��
physics��knowledge��(such��as��governing�� equations,��observable��
perception,��and��physics��phenomena)��to��improve��the��quality��of��
the��synthetic��data.��To��validate��the��effectiveness��of��our�� data��
augmentation��techniques,��we��apply��them��to��solve��a��subsurface��
seismic��full-waveform�� inversion��using��simulated��CO2�� leakage��
data.��Our�� interest��is��to�� invert�� for�� subsurface��velocity��mod-
els��associated��with�� very��small��CO2�� leakage.��We��validate��the��
performance��of��our�� methods��using��comprehensive��numerical��
tests.��Via��comparison��and��analysis,��we��show��that��data-driven��
seismic��imaging��can��be��signi�cantly��enhanced��by��using��our��data��
augmentation��techniques.��Particularly,�� the��imaging��quality��has��
been��improved��by��15%��in��test��scenarios��of��general-sized��leakage��
and��17%�� in�� small-sized��leakage��when��using��an��augmented��
tra ining��set��obtained��with��our��techniques.
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I. I NTRODUCTION

SEISMIC full-waveform inversion (FWI) has been utilized
as a popular tool to extract geophysical properties of the

subsurface media. Seismic FWI is a typical ill-posed inverse
problem due to the limited data coverage. Traditional numer-
ical approaches solving FWI are physics-oriented, usually
based on Þrst- (gradient-based) or second-order (gradient and
Hessian-based) optimization techniques [1]. In recent years,
with advances in algorithms and computing capability, there
has been remarkable progress in solving FWI problems. Deep
learning methods have provided new ways to exploit this
abundance of data. Particularly, data-driven seismic inversion
techniques have been recently developed [2]Ð[4].

Most of the current data-driven seismic FWI techniques
are built-on end-to-end neural network structures. In order to
improve the inversion accuracy and the model generalization,
data-driven techniques are usually trained on a large volume
of the dataset, which, in turn, signiÞcantly increases the
complexity of the networks.In [3], an encoderÐdecoder
structure is developed to learn the regression correspondence
from raw seismic data to velocity maps. In [4], a fully con-
nected network structure is designed for the inversion. In [2],
a generative model is utilized and trained for learning the
inversion operator. To give an idea of the size of the training
data, in [3], a ten-layer encoderÐdecoder results in more than
40 million learnable model parameters. To train this deep
neural network, more than 60000 pairs of labeled simulations
need to be available, as reported in [3]. However, obtaining
such a large amount of data is challenging (or even infeasible)
for some subsurface applications due to the practical obstacles
in data acquisition and simulation. Particularly, seismic FWI
for monitoring is notoriously known as a Òsmall-data regime.Ó
A limited number of seismic sensors are distributed over
a large area, and very few time-lapse observations can be
affordably acquired [5]. Training a data-driven seismic FWI
using limited data will result in weak generalizability and
misÞtting. To fully unleash the power of deep learning for a
better, faster, and cheaper subsurface seismic FWI approach,
we develop a new data augmentation technique to bridge the
gap by addressing the critical issues of generalizability and
the capability of generating high quality and a large volume
of training data.

Data augmentation, the process of creating new samples
by manipulating the original data addresses the data shortage
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at the root of the problem [6]. However, the most popular
data augmentation methods are not appropriate for seismic
imaging due to their inability toincorporate generic physics
properties. Furthermore, seismic data usually yield both spa-
tial and temporal characteristics. To address those issues,
we develop data augmentation techniques to account for
both spatiotemporal characteristics and critical seismic physics
to generate high-quality simulations. Our models are built
on variational autoencoder (VAE) to take advantage of its
direct tie to the latent representations [7]. The design of
our techniques considers different representations of physics,
including the governing equations, the observable perception,
and the physics phenomena. To validate the performance of
our developed techniques, we test our models using an existing
CO2 leakage synthetic dataset, Kimberlina dataset, generated
and operated by the U.S. Department of Energy (DOE) [8].
Our interest is to employ our data-driven FWI to image
and detect small CO2 leaks. Via various numerical tests,
we demonstrate that our data augmentation techniques sig-
niÞcantly improve the data representativeness of the training
set, which, in turn, enhances the seismic imaging accuracy.
SpeciÞcally, CO2 plumes related to small leaks can now
be much better imaged than those obtained without using
augmentation.

In the following sections, we Þrst brießy provide the related
work in Section II. We then provide the fundamentals of
physics-driven versus data-driven methods in networks in
Section III. Besides, we also discuss the data option and the
technical challenges of the problem in Section III. We develop
and discuss our data augmentation techniques in Section IV.
We further provide all the numerical tests and results in
Section V. Finally, further discussion, future work, and con-
cluding remarks will be presented.

II. RELATED WORK

A. Deep Generative Models

Generative models are known as a type of unsupervised
learning approaches that explicitly or implicitly model the
distribution of true data so as to generate new samples with
some variations [9]. Current state-of-the-art generative models
are built on deep neural networks [i.e., deep generative models
(DGMs)]. Examples of recent DGMs include VAEs [7] and
generative adversarial networks (GAN) [10].

As a variation in autoencoder, VAE belongs to the DGMs
that learn the data distribution explicitly. It solves a varia-
tional inference problem to maximize the marginalized data
likelihood by using a generative network (decoder) and a
recognition network (encoder). Once fully trained, the encoder
learns a distribution over latent variable given observation,
and the decoder learns a distribution over observation given
latent variable. VAE and its variants have shown great poten-
tial in generating data for augmentation in different applica-
tions [11]Ð[14]. In particular, Luoet al. [11] employ a vanilla
VAE to generate synthetic EEG time series for recognizing
emotions. Nishizaki [13] also employs VAE to generate wave-
form data for automatic speech recognition. In [14], VAE is
used to extracted useful features in the latent space from image

data. Linear interpolation on the latent space is conducted
to obtain new synthetic images. Hsuet al. [12] develop a
VAE-based data augmentation technique to address the distri-
bution mismatch in source and target domains for improving
the performance of a domain adaptation method in speech
recognition. Besides VAE, other DGMs (such as GAN) have
also been applied for the task of data augmentation [15]Ð[18].
In comparison, VAE provides a natural connection to the data
distribution by collapsing most dimensions in the latent repre-
sentations. Another noticeable beneÞt of VAE-based DGMs
is the relatively easier effort to train with less technical
complexity for hyperparameter selection. Provided with these
aforementioned encouraging results of DGMs, a direct applica-
tion of DGMs to our problems may face two major challenges.
First, DGMs are in general highly data-demanding. Second,
they are purely driven by data without considering physics.

B. Physics-Informed Deep Learning

Physics-informed (i.e., domain-aware) learning is a critical
task to scientiÞc machine learning (SciML) community [19].
Particularly, how to incorporate physics information becomes
one of the most challenging and important research topics
across different scientiÞc domains [20]Ð[24]. A thorough sur-
vey on this topic is published by Karniadakiset al. [25] and
Willard et al. [26]. As pointed out in [25], there are three ways
to make a learning algorithm physics-informed: Òobservation
bias,Ó Òinductive bias,Ó and Òlearning bias.Ó The observa-
tion bias approaches introduce physics to the model directly
through data that embody the underlying knowledge. The
inductive bias approaches focus on designing neural network
architectures that implicitly enforce physics knowledge associ-
ated with a given predictive task. The learning bias approaches
incorporate the physics knowledge in a soft manner by appro-
priately penalizing the loss function of conventional neural
networks. Our approach developed in this work belongs to two
categories of the above: observation bias and learning bias.

There are many beneÞts considering physics knowledge
when designing a neural network model. Regardless of
the application domains, one of the major beneÞts is to
improve the robustness of the prediction model and produce
physically meaningful (and more accurate) results. Particu-
larly, Lagariset al. [27] propose an artiÞcial neural network
method to solve partial differential equations (PDEs) for ßow
simulations. Raissiet al. [23] develop a deep-learning-based
nonlinear PDE solver. Zhuet al. [24] develop a numerical
PDE solver using a convolutional encoderÐdecoder and a
ßow-based generative model with physics constraints. More
accurate results have been shown in their work. Sunet al. [20]
develop another PDE solver using the physics-informed
deep learning method. Their method leverages both the
full-physics simulations and additional physics-based con-
straints. Wanget al. [22] develop a spatiotemporal deep learn-
ing model to account for both data characteristics and under-
line physics to synthesize high-quality turbulent imagery. All
these aforementioned works provide us with great inspiration
for leveraging useful physics information while developing
deep learning models for our seismic imaging problems.



Fig. 1. Illustration of the Kimberlina dataset and three modeling modules used to generate the simulated velocity maps. (a) CO2 storage reservoir model.
(b) Wellbore leakage model. (c) Multiphase ßow and reactive transport models of CO2 migration in aquifers [28], [29]. (d)Illustration of a set of simulations
with 20 velocity maps over a duration of 200 years. A CO2 leakage will result in a decrease of the velocity value in the location where the leak happens.

C. Data Augmentation in Seismic Exploration

In the seismic exploration community, there has been sur-
prisingly little work addressing this dilemma of the lack of data
for data-driven seismic FWI. The existing approaches can be
roughly categorized into two groups, those based on velocity
building [30]Ð[32], and those based on pure machine learning
approaches [21], [33], [34]. SpeciÞcally, in [30] and [31],
a large volume of subsurface velocity maps are generated to
include different geologic structures. The geometry of those
pregenerated geologic structures is assumed to follow a certain
distribution. Wuet al. [32] design a workßow to automatically
build a subsurface structure with folding and faulting features.
Their method relies on the initial layer-like structure, therefore
producing unsatisfactory results when applying to different
sites. In [21], an adaptive data augmentation technique is
developed to augment the training by using unlabeled seis-
mic data. Fenget al. [33] develop a style transfer technique
to generate synthetic velocity maps from natural images.
Ovcharenkoet al. [34] develop a set of subsurface structure
maps using customized subsurface random model generators.
Their method strongly relies on domain knowledge to generate
the content images, which, in turn, signiÞcantly limits the
variability of the training set.

III. B ACKGROUND

A. Data-Driven Seismic Full-Waveform Inversion

The seismic acoustic-wave equation in the time-domain can
be given by

�
1

K (r )
� 2

� t2
Š � ·

�
1

�( r )
�

��
p(r , t) = s(r , t) (1)

where �( r ) is the density at spatial locationr , K (r ) is the
bulk modulus,s(r , t) is the source term,p(r , t) is the pressure
waveÞeld, andt represents time. In this work, we use a time-
domain Þnite-difference scheme to solve the wave equation for
generating synthetic seismic data [35]. This Þnite-difference

scheme has eighth-order accuracy in space and second-order
accuracy in time.

Due to the ill-posedness nature of FWI, it is challenging
to solve the FWI problem. A new emerging computational
approach for solving FWI is based on deep learning. In our
recent work, we develop an encoderÐdecoder-based end-to-end
network structure and name it ÒInversionNetÓ [3]. In particular,
InversionNet learns an inversion operator directly from seismic
data to the velocity map. InversionNet consists of a series
of convolution blocks with a set of trainable parameters� .
By denoting the target inversion operator asG and further
assuming a training setD = { (x1, y1), (x 2, y2), . . . , ( xn, yn)},
wherex is seismic data andy is velocity map, the InversionNet
is to obtainG by solving the following optimization problem:

G = argmin
G

�
n�

i = 1

� yi Š G(xi )� 1

�

. (2)

It is worth mentioning that we use the mean absolute
error (MAE) as the loss function to calculate the reconstruction
error between the ground truth and the predicted velocity map.
We backpropagate the reconstruction error from the output
of InversionNet to the Þrst layer of InversionNet to update
� in order to obtain its optimal value. Full details of the
implementation of InversionNet are provided in our recent
work [3].

B. Small CO2 Leak Detection and Kimberlina Dataset

In geologic carbon sequestration (GCS), also known as
carbon capture and storage (CCS), developing effective mon-
itoring methods is urgently needed to detect and respond to
CO2 leakage. This is particularly important for early detection,
which would provide timely warning and intervention before
the potential damages to the environment (such as acidiÞcation
of groundwater, killing of plant life, and contamination of
the atmosphere) [36]. On the other hand, detecting small
CO2 leaks is also technically challenging since it requires high



Fig. 2. Distribution of leakage mass of the Kimberlina Dataset. Each of the
splittings covers 20%, 20%, 20%, and 40% of the data samples, respectively.

detectability and sufÞcient spatial resolution of geophysical
methods to capture the subtle geologic feature perturbation
induced by the leaks. Considering this pressing need, our
goal in this work is to assess and further improve the early
CO2 leak-detection capabilities of the seismic FWI method.

To the best of our knowledge, we are unaware of any
available Þeld seismic data that Þts the scope of our prob-
lem of interest. Meanwhile, this lack of data is recognized
by the U.S. DOE, and to alleviate this problem, given the
importance of this application, the DOE, through the National
Risk Assessment Partnership (NRAP) Project, has generated
a set of high Þdelity simulations, the Kimberlina dataset,
with the aim of providing a standard baseline dataset to
understand and assess the effectiveness of various geophysical
monitoring techniques for detecting CO2 leakage [8]. The
Kimberlina dataset is generated from a hypothetical numerical
model built on the geologic structure of a commercial-scale
GCS reservoir at the Kimberlina site in the southern San
Joaquin Basin, 30 km northwest of BakersÞeld, CA, USA. The
simulation procedure consists of four modules: a CO2 storage
reservoir model [see Fig. 1(a)], a wellbore leakage model [see
Fig. 1(b)], a multiphase ßow and reactive transport models of
CO2 migration in aquifers [see Fig. 1(c)], and a geophysical
model. In particular, the P-wave velocity maps used in this
work belong to the geophysical model, which is created based
on the realistic geologic-layer properties from the GCS site,
as shown in Fig. 1(b) [28], [29].

The Kimberlina dataset contains 991 CO2 leakage scenarios,
each simulated over a duration of 200 years, with 20 leakage
velocity maps provided (i.e., at every ten years) for each
scenario. An illustration of one speciÞc leakage simulation
associated with the leakage mass over 200 years is shown in
Fig. 1(d). We also provide the overall distribution of the whole
dataset in Fig. 2. For a balanced dataset, we would expect
the data label (leakage mass) should be uniformly distributed,
which however is not the case for the Kimberlina dataset.
Particularly, the whole dataset can be split into four parts by
its leak mass as
�
����

����

Tiny if mass< 9.10× 106 kg
Small if 9.10× 106 kg < mass< 2.67× 107 kg
Medium if 2.67× 107 kg < mass< 8.05× 107 kg
Large if 8.05× 107 kg < mass.

(3)

Each of the splittings covers 20%, 20%, 20%, and 40% of
the data samples, respectively. Although we have 20% of tiny
leakage samples, these samples are distributed from 0 to 9.1×
106 that covers nearly 70% of CO2 leakage scenarios, as shown
in Fig. 2. In other words, the density of tiny samples is much
lower than that of the other three classes. This sparsity and
in-balanced sample density create the major challenge when
imaging tiny leakage samples.

The Kimberlina project focuses on the shallow CO2 leakage.
That leads to three-layer synthetic velocity models (baseline
and monitor), which reßects the shallow geologic structure
from the Þeld study. The Kimberlina model and simulations
have been the basis for a variety of extensive research efforts
in characterizing and detecting for CO2 using different geo-
physical approaches [28], [29], [37]Ð[39]. Our interest is on the
early leak detection, which requires imaging those small leaks.
The unbalancing of the dataset becomes a major challenge
for our data-driven seismic inversion technique since it will
mislead our InversionNet model toward medium or large
leaks. On the other hand, due to the limitation of physical
simulations, we will not be able to further generate more
synthetic for the small leaks. Hence, those practical obstacles
make our problem reside in a low-data regime scenario. Next,
we will describe our techniques to augment the Kimberlina
dataset while preserving the physics information as much as
we can to improve the prediction accuracy of our InversionNet
model.

IV. M ETHODOLOGY

A. Physics of the Problem

Our data augmentation techniques will leverage existing
physics knowledge of the problem. It is worth understanding
what speciÞc physics information is referred to in this context
for designing and training our neural networks.

1) Governing Equations:One of the most prominent
physics knowledge in our problem is that the gov-
erning equations are used to generate original physi-
cal simulations (as shown in Fig. 1). Those equations
describe speciÞc physical relationships between time and
spatial derivatives explicitly using temporally dynamic
formulas. In order to generate physically meaningful
synthesized data, it would be important to embed that
physics information in the generative models.

2) Observable Perception:As described in Section III-B,
the data that we are interested in synthesizing are 2-D,
which means it yields a distribution that would be
represented in certain visual perceptions. We expect our
generative model would be able to capture the underline
true data distribution, which, in turn, would require that
the synthesized 2-D data would physically Òlook likeÓ
those in the training data.

3) Physics Phenomena:Any physical simulation should
respect the realistic physics phenomena. As one exam-
ple, in our problem of interest, the supercritical CO2 will
migrate over time, meaning that we will observe the
spatial spreading of CO2 should gradually increase over
time. How to best design our generative model without



Fig. 3. Schematic illustration of our (a) autoencoder and (b) VAE generative models.

violating this phenomenon would potentially help to
improve the performance of our generative model.

We will consider all of the above during the development of
our generative models. Another point that would be important
to consider is that all of the above physics information is
consistent throughout all temporal duration.

B. Data-Driven Generative Models

To compensate for the imbalance data, as shown in Fig. 2,
we would like to generate more data in the small-leak region.
Luckily, the original Kimberlina dataset provides full-physics
simulation in the medium- and large-leak regions. Those data
are generated by the governing physics equations, which
means that physics knowledge is represented by those data
implicitly. Our Þrst two generative models are built on autoen-
coder and VAE to leverage those existing simulations while
taking into account the temporal variation.

1) Autoencoder:Our Þrst model is to build a ÒregressionÓ
model that would provide interpolated data for those tempo-
rally missing points [as shown in Fig. 3(a)]. The hypothesis
behind this idea is that, considering the consistency of the
physics, we would expect that, once fully trained, our gener-
ative model will capture the intrinsic dynamics of the physics
from the existing simulations so that it will provide physically
realistic prediction at any given time, particularly, those at the
early stage of the leakage.

Technically, our model will be based on an autoencoder
structure, which consists of a convolutional encoderF � , with
a set of trainable parameters� , and a convolutional decoderG� ,
with a set of trainable parameters� . To incorporate the spatial
information, we set two input channels of our encoder as the
Þrst and last velocity maps from one simulation. To incorpo-
rate the temporal information, we further create a temporal
matrix by replicating the single time value over all matrix
entries. The temporal matrix will then be used as one of the
three input channels of the autoencoder together with two other
two. When training the autoencoder, all three input channels
will be convolved together, leading to the incorporation of
both spatial and temporal information. Once fully trained,
our encoder will learn to reduce the dimensionality of this
mixture of inputs to a latent variable, which is a high-level
latent representation containing both spatiotemporal informa-
tion. Our decoder will estimate the target velocity map using

the latent variable, which canbe considered as nonlinear high-
dimensional regression.

The structure of our generative model is shown in Fig. 3(a),
and mathematically, our autoencoder can be represented as

Encoder: z = F�
	
xs,10, xs,200, t




Decoder: öxs,t = G� (z) (4)

where xs,10, xs,200, and t are the inputs of the encoder.t is
the time of the velocity map that needs to be predicted, and
it is created as a temporal matrix by replicating the single
time value over all matrix entries.xs,10 and xs,200 are the
Þrst data and the last data from the same simulations, where
10 and 200 are the time index of the data.z is the latent
variable output by the encoderF , the decoderG produces
öxs,t , and the estimated velocity map of simulations at timet.
We use mean square error (mse) as our optimality criterion to
compute the reconstruction loss between the ground truth and
the generated velocity maps and to update trainable parameters
through backpropagation

L (�, �) = L recon =
1

|S||T|

�

s� S,t� T

(xs,t Š öxs,t )2

=
1

|S||T|

�

s� S,t� T

(xs,t Š G� (F � (xs,10, xs,200, t))) 2. (5)

This model generates synthetic samples in the data domain.
As discussed in [41], generating samples in the latent space
might increase the variability within the data distribution. We,
therefore, study VAE and its capability in generating samples.

2) Variational Autoencoder:The VAE is a probabilistic
generative model to create a latent representation of the input
data. That would allow us to generate new samples with high
diversity by manipulating the latent representations. Unlike the
autoencoder model, which incorporates temporal information
as part of the input [see Fig. 3(a)], our VAE generative
model produces new temporal interpolation separately in two
steps. In the Þrst step, we train the VAE by taking only
velocity maps as input without explicit temporal information.
Once fully trained, the VAE will be able to generate latent
variables representing the velocity maps. In the second step,
we provide a linear interpolation scheme on the normal
distributed latent space to produce new latent variables for
further synthesizing new velocity samples. The idea behind
the VAE generative model is somewhat similar to that of



Fig. 4. Schematic illustration of (a) our new VAE with perception loss and (b) perception loss using the pretrained VGG-19 network [40].

the autoencoder. We expect the physics knowledge, i.e., the
governing physics relationship can be captured by training
the VAE using simulations. The consistency of the physics
information will be leveraged when generating new samples
at different times.

We provide the illustration of our VAE generative model in
Fig. 3(b). The encoder,F , and decoder,G, structures of VAE
are similar to those of the autoencoder. However, the encoder
in VAE is to learn the posterior distributionq� (z|x), which is
the distribution parameter of latent variablez given inputx.
The decoder in VAE is to learn the conditional distribution
p� (x|z), which is the distribution of reconstructed data given
latent distribution. There is a prior distributionp(z) over the
latent space, which we set as a standard normal distribution.
The output of encoderq� (z|x) has two parts of mean and
log-variance of the posterior distribution. One of the known
problems associated with VAE is that its gradients cannot
ßow through the bottleneck of mean and log-variance. Thus,
we perform a reparameterize trick to make the gradient able
to ßow through the bottleneck [7]

z = µ + � � � (6)

where z � R64 is the latent sample,µ � R64 and � � R64

are the mean and log-variance of the posterior distribution
q� (z|x), and � � R64 is a random variable sampled from
normal distribution and independent ofµ and � . We employ
the standard VAE loss function as follows:

L (�, �) = L recon+ L kld

=
�

i

Eq� (zi |xi )

�
log

p� (xi , zi )
q� (zi |xi )

�

=
�

i

Eq� (zi |xi )(log p� (xi |zi )

+ log p(zi ) Š logq� (zi |xi ))

=
�

i

(xi Š öxi )2 +
�

i

DK L(q� (zi |xi )� p(zi )) (7)

where L kld =
�

i DK L(q� (z|xi )� p(z)) =
�

i Eq� (zi |xi )

(log p(zi ) Š logq� (zi |xi )) is to measure the KL-divergence
between the posterior distributionq� (z|x) and the prior distri-
bution p(z). L recon =

�
i Eq� (z|xi )(log p� (xi |zi ) =

�
i (xi Š öxi )2

is the reconstruction loss between ground-truth velocity maps,
xi , and generated velocity maps, öxi .

When generating new velocity maps to augment our dataset,
a directly random sampling on the prior distribution may

lead to velocity maps associated with different leaks, whereas
our interest is to obtain more small-leakage velocity maps.
Thus, we come up with an interpolation strategy. Particularly,
we obtain the latent variables of two adjacent velocity maps
from the same simulation, namely,z1 and z2, through the
encoder,F . Multiple new latent variables can be interpolated
between thesez1 and z2 before passing them through the
decoder,G, to further generate additional velocity maps [42].
The procedure can be posed as follows:

öx� = G� (� z1 + (1 Š �) z2)

= G� (� F � (xs,10) + (1 Š �) F � (xs,200)) (8)

where� � [ 0, 1] is the coefÞcient of the interpolation. Differ-
ent from the autoencoder model,the temporal information is
not used as the input in this VAE generative model.

It is worth mentioning that, for either the autoencoder
or VAE, as shown in Fig. 3, we expect that the govern-
ing physics will be able to be learned through training the
models using full-physics simulations. However, other physics
knowledge (such as observable perception or physics phe-
nomena) will not be able to be captured by the generative
models. Hence, we come up with two different strategies to
further constrain our generativemodels with additional physics
knowledge.

C. Spatiotemporal Constrained Generative Models

1) Variational Autoencoder With Perception Loss:Percep-
tion of the generated velocity map is an important criterion to
evaluate the quality of the synthesized image data. For both
loss functions in Eqs. (5) and (7), we employL 2 norm to quan-
tify the error. However, as pointed out by Zhanget al. [43],
classic per-pixel measures would be insufÞcient for assess-
ing structured data, such as images. It is obvious that the
perception of the generated velocity map and that of the
true velocity map should be consistent throughout the whole
dataset. Inspired by recent work on style transfer [44], we can
quantify perception using features extracted from pretrained
VGG-19 classiÞcation network[40] and further calculate the
perception error between the true and the generated velocity
maps. Thus, reducing the perception error can make our
generated velocity maps more physically realistic.

Our new VAE generative model is shown in Fig. 4(a), where
one additional loss function (i.e., Òperception lossÓ) is added
on top of the spatial loss and KL divergence. In Fig. 4(b),



Fig. 5. Schematic illustration of (a) spatiotemporal dynamics of velocity maps at four consecutive times and (b) our new VAE with regularization. In (a),
we observe CO2 plume migrates toward a certain spatial direction over the time of monitoring.

we illustrate how we extract spatial features and use them
to calculate the perception loss.Particularly, we generate
representation using the Gram matrix,Gl � RNl × Nl , on feature
maps from several intermediate layers of VGG-19 net

Gl
i j =

�

k

Fl
ik Fl

jk (9)

where Gl
i j is the inner product between the vectorized

featurei , j at layerl andFl
ik is the positionk of the vectorized

feature map of thei th Þlter at layerl of VGG-19 net. There are
Nl feature maps at layerl of VGG-19 net with the size ofMl ,
which is the height times the width of the feature map. With
the Gram matrix of ground-truth velocity map,x (denoted as
ÒGl Ó), and that of the generated velocity map, öx� (denoted
as ÒAl Ó) obtained at layerl , we will have the perception loss
function as

Lphys =
�

l

	 l

�

i j

	
Gl

i j Š Al
i j


 2
(10)

where 	 l = 1/4 N2
l M2

l is the coefÞcient of the perception
loss at layerl . Hence, our new VAE with the perception loss
function becomes

L(�, �) = L recon+ L kld + L phys

=
�

i

(xi Š öxi )2 + DK L(q� (zi |xi )� p(zi ))

+
�

l

	 l

�

i j

	
Gl

i j Š Al
i j


 2
. (11)

An important hyperparameter that needs to be carefully tuned
is the selection of layers from the VGG-19 net that will be
used for calculating the perception loss. We will provide more
details later in the numerical test.

2) Variational Autoencoder With Regularization:As we
discussed previously, prominent phenomena also play a critical
role in designing our generative model. For the CO2 storage
problem, it has been well understood that, starting from the
injection well, CO2 will enter the formation at high ßow rates
and migrate relatively and vigorously into the most permeable
regions under strong pressure gradients while displacing native
ßuids (e.g., brine) [45]. Our full-physics simulations, as shown
in Fig. 1, accurately illustrate this process, which results in

a prominent spatially and temporally varying pattern of the
CO2 plume [as shown in Fig. 5(a)]. We expect our generative
model would respect (at least not violate) this particular
dynamics. To enforce this constraint, our idea is to design
a regularization term informed by the leakage process with
the hope to produce new samples being consistent with the
underline spatiotemporal dynamics.

As shown in Fig. 5(a), we observe that the CO2 plume
would span toward a certain spatial direction over the time
during the migration, which indicates a clear spatiotemporal
dynamical pattern. We, therefore, impose regularization on top
of the difference between velocity maps at two consecutive
times and ensure that the dynamics of the ground truth would
be preserved to its best when generating new synthetics.
To achieve this, we employ aL 1-norm-based regularization
given by

L reg =
�
� (xs,t1 Š xs,t2) Š ( öxs,t1 Š öxs,t2)

�
�

1 (12)

where xt1 and xt2 are ground-truth velocity maps at two
consecutive times, respectively. Accordingly, öxt1 and öxt2 are
generated velocity maps at the same times, respectively.
The times,t1 andt2, are adjacent to each other witht1 > t2.
The reason that we useL 1 norm instead ofL 2 norm is that the
value of the subtraction of the differences of two consecutive
velocity maps can sometimes be very close to zero, which
would make theL 2-norm value too small and may lead to
the gradient vanishing issue. In Fig. 5(b), we provide the
network structure of our generative model using a new VAE
loss function with regularization

L (�, �) = L recon+ L kld + 
 L reg

=
�

i

(xi Š öxi )2 + DK L(q� (zi |xi )� p� (zi ))

+ 

�
� (xs,t1 Š xs,t2) Š ( öxs,t1 Š öxs,t2)

�
�

1 (13)

where the Þrst and second terms are the reconstruction loss
and KL-divergence of the VAE, respectively. The third term
is regularization.
 is the regularization parameter. The reg-
ularization parameter in (13) is important to the accuracy
of data generation. We will explore its impact and how
we select it in our numerical test. Another technical details
may be worthwhile mentioning is the selection of the norms



Fig. 6. (a) Ground-truth velocity maps and generated velocity maps using (b) autoencoder, (c) VAE, (d) VAE with perception loss, and (e) VAE with
regularization.

(i.e., L 2 norm versusL 1 norm) in our loss functions and the
regularization terms. TheL 2 loss (i.e., mse) and theL 1 loss
(i.e., MAE) are two of the most popularly used functions.
Since MAE is minimized by conditional median, which may
lead to bias during optimization, we, therefore, choose mse,
which is minimized by conditional mean. However, we select
the L 1 regularization term to promote the sparsity of the
coefÞcients when constraining the differences between two (or
thee) adjacent velocity maps. We provide numerical test to
compare the performance using different loss functions in the
Supplementary Material.

V. EXPERIMENTS

With all four different generative models being designed in
Section IV, we will validate their performances in a couple of
scenarios including a general assessment of the synthesized
data (Test 1) and the performance in imaging small CO2 leak-
age (Test 2). We will also provide numerical tests to illustrate
what would be a reasonable augmented data size (Test 3) and
how we pick some of the critical hyperparameters (Test 4).

A. Experiment Setup

We use 800 leakage scenarios in our dataset (16000 samples
in total) as a training dataset and the rest of the simula-
tions (3,763 samples in total) as a test dataset. We provide

in the Supplementary Material the details of the generation of
the synthetic seismic data. For training of our proposed data
augmentation models, we use a batch size of 32 and train
models for 100 epochs using the ADAM optimizer with a
learning rate of 0.0001. The initialization of model weights
is based on He initialization [46]. We provide the training
curves of our different generative models in the Supplementary
Material. For the training of InversionNet, we use a batch
size of 24, and train InversionNet for 80 epochs using ADAM
optimizer with an initial learning rate of 0.01 and with a weight
decay coefÞcient of 0.0001. We also provide the network
structure of InversionNet for readers who may be interested
in the Supplementary Material.

B. Test 1: Velocity Map Generation

We provide the synthesized velocity maps generated using
our four different generative models in Fig. 6. For VAE,
we use the Þrst column, the ground-truth velocity maps as
the input velocity maps. For autoencoder, we use two veloc-
ity maps of ten years and 200 years as the input velocity
maps. Overall, we observe that all four generative models
produce reasonable results. VAE [see Fig. 6(c)] yields images
with the highest variability among all four models. This is
particularly true when compared to autoencoder results [see
Fig. 6(b)]. However, due to the variability, some unrealistic
features can be also observed in the VAE results. An example



TABLE I

COMPUTATIONAL COSTS OFDIFFERENT GENERATIVE MODELS. ROW 1 IS THE SIZE OF THE EACH MODEL. ROW 2 IS THE MEMORY COST. ROW 3 IS
THE TIME PER EPOCH IN TRAINING EACH MODEL. ROW 4 IS THE TOTAL TIME IN TRAINING EACH MODEL. ROW 5 IS THE TIME IN GENERATING

A SINGLE SAMPLE. ROW 6 IS TIME IN GENERATING 3000 VELOCITY MAPS SET IN PARALLEL

TABLE II

COMPUTATIONAL COSTS OFTRAINING INVERSIONNET WITHOUT AND WITH THE AUGMENTED DATASET WITH 3000 MORE VELOCITY MAPS

Fig. 7. Reconstruction loss on the test dataset using different models w.r.t.
each year in the dataset.

would be the one in the last row, where the whole leakage
plume is unphysical split into two. The VAE with perception
loss [see Fig. 6(d)] produces better results in preserving the
perception of the velocity map. The unphysical data in the
later stage are improved. Meanwhile, the images at the early
stage also match better to thetrue images compared to the
VAE results. However, we also notice some artifacts being
generated in the VAE with the perception loss model. The
best results produced by all four models are the VAE with
regularization [see Fig. 6(e)]. It produces not only cleaner
images but also highly accurate images in the early stage.
To further quantitatively compare different generative models,
we run our models on the test dataset and calculate the test
loss w.r.t. each year of the data. The result is shown in
Fig. 7. Consistent with what we observe in Fig. 6, VAE with
regularization (in red), yields the best performance among
all four models. Autoencoder yields a lower reconstruction
loss for velocity maps after 80 years compared to those of
vanilla VAE, VAE_percep, and VAE_reg models. However,
this only implies that autoencoder produces a better perfor-
mance on reconstructing velocity maps after 80 years, and
it does not mean that autoencoder can generate more realistic
and diversiÞed velocity maps from the underlying distribution,
which, however, is essential for InversionNet to capture the
underlying data distribution and help with the generalization

ability. We also provide the difference of the synthesized
velocity maps in Fig. 6 to their corresponding ground-truth
velocity maps in the Supplementary Material.

Another means to justify the quality of our synthesized
data is to visualize the distribution of the generated data
versus that of the true data. To achieve this, we employ
two commonly used methods: the principal component analy-
sis (PCA) [47] and the nonnegative matrix factorization
(NMF) [48]. The visualization results are provided in Fig. 8.
Regardless of the clustering approaches, the VAE with reg-
ularization [see Fig. 8(d) and (h)] produces the distribution
matching most closely to that of the ground truth. VAE and
VAE with perception loss models yield comparable results.
The autoencoder-based model performs the worst out of all
four models.

Computation cost is also an important factor in evaluating
the performance of a generative model. To that perspec-
tive, we provide in Table I more details of the cost by
comparing the model complexity (number of parameters),
memory consumption, training time per epoch, total train-
ing time, sample-generation time, and total generation time
required. Particularly, we compare all four models listed in
this article, including autoencoder, VAE, VAE_percep, and
VAE_reg. We observe that autoencoder yields the smallest
number of network parameters among all four models, and all
the other three VAE-based models yield comparable network
complexity and memory requirement. As for the training
time cost, VAE_percep is the most time-consuming, whereas
the remaining three models are comparable in training cost.
The excessive time of training the VAE_percep model is
due to accessing multiple layers of VGG-19 for extracting
relevant spatial features thatwould be needed in computing
the Gram matrix and perception loss. Once the models are
fully trained, generating the augmented dataset (3000 samples)
only spends around 4 min, which is not very time-consuming.
With new samples being generated, we provide the train-
ing time comparison of InversionNet with/without augmented
dataset in Table II. We notice that training InversionNet



Fig. 8. Clustering results of the generated versustrue samples. PCA-based clustering for (a) autoencoder, (b) VAE, (c) VAE with perception loss, and
(d) VAE with regularization; NMF-based clustering for (e) autoencoder, (f) VAE, (g) VAE with perception loss, and (h) VAE with regularization.

with the augmentation dataset will only increase 8 min in
training.

To summarize, in this test, we demonstrate the capability
of our four generative models in synthesizing high-quality
velocity maps, which would provide additional data to train
data-driven seismic imaging methods. Particularly, our VAE
with regularization model generates the synthesized data with
the most appealing visual quality and matches best to the true
data distribution.

C. Test 2: Performance on Edge Cases

The main purpose of this test is to evaluate the perfor-
mance of our developed data augmentation techniques in
improving the data-driven seismic imaging method in char-
acterizing small leakage. We Þrst generate four groups of
synthesized data using our proposed generative models. There
are 3000 velocity maps in each group. As a baseline, we will
train InversionNet [3] with an initial training dataset, which
consists of 800 simulations, amounting to a total of around
15000 samples. We further design two different test categories
of one with all sizes of leakage (named Ògeneral leakageÓ) and
the other one with only tiny and small leakage (named Òsmall
leakageÓ). For the deÞnitions ofdifferent leakage (tiny, small,
medium, and large), please refer to (3) and Fig. 2. The test
samples of different leakage samples in general leakage and
small leakage are provided in Table III.

For all tests, we train InversionNet for 80 epochs to assure
its convergence. We report in Table IV the test loss of Inver-
sionNet on both testing categories with/without augmented
training datasets. Particularly, our VAE with regularization
yields the smallest loss value for both Ògeneral leakageÓ and

TABLE III

TWO DIFFERENTTEST SETS FOREVALUATING THE PERFORMANCE
OF OUR GENERATIVE MODELS. FOR THE DEFINITIONS OFDIFFERENT

LEAKAGE (TINY, SMALL , MEDIUM, AND LARGE),
PLEASE REFER TO(3) AND FIG. 2

Òsmall leakage.Ó On the other hand, VAE model (Col 4)
produces the worst results among all four methods. We suspect
that high variability and some unphysical synthesized samples
ÒconfuseÓ the InversionNet in learning the data distribution
leading to degraded performance. This can be conÞrmed by
noticing that, with some additional constraints being imposed
on the VAE model, an immediate performance improvement
can be observed in the results using VAE with perception
loss (Col 5) and VAE with regularization (Col 6). To better
understand the error distribution using different generative
models, we also provide in Fig. 9 a box plot on the small
leakage test. Out of the three methods, it is clear that VAE_reg
yields the best performance with the smallest median value
and interquartile ranges. Comparing VAE_percep and AE
models, although they both produce similar median values,
the VAE_percep is much less dispersed than the AE model.
However, we notice that more outliers are existing in the
VAE_percep box plot than those in the other two box plots,
which explains the degradation of the overall test loss of
VAE_percep, as reported in Table IV.

To better visualize the performance in imaging small
leakage, we provide the reconstructed imaging results of



TABLE IV

TEST LOSS OFINVERSIONNET ON GENERAL LEAKAGE AND SMALL LEAKAGE TESTSWITHOUT AUGMENTATION (COL 2) AND WITH AUGMENTATION
DATA GENERATED USING AUTOENCODER(COL 3), VAE (COL 4), VAE WITH PERCEPTIONLOSS(COL 5), AND VAE WITH REGULARIZATION

(COL 6). THE RESULTSUSING VAE WITH REGULARIZATION ARE THE BEST COMPARING TO ALL OTHERS

Fig. 9. Illustration of the error distribution (median, range, and outliers) in
a box plot on the small leakage test.

InversionNet in Fig. 10(b)Ð(d). The differences of the recon-
structions (by subtraction results from ground truth) are further
provided in Fig. 11(a)Ð(c). The ground truth of the testing
samples is shown in Fig. 10(a). To quantify the errors of the
imaging results, we use two metrics: the MAEs and structural
similarity indices (SSIMs) [49]. The leakage mass and errors
of the imaging results are provided in Table V. InversionNet
trained without any augmentation data yields the worst imag-
ing results. The CO2 plume is either very hard to visualize
or distorted severely, which results in the highest MAE and
the lowest SSIM value compared to others. InversionNet
trained on augmented datasets produce much-improved imag-
ing results. Particularly, the one using VAE with regularization
yields the best imaging results with the smallest MAE and
highest SSIM values.

Besides visualization of the resulting images, quantifying
the spatial resolution will provide a different perspective to
evaluate the quality of the results. Here, we employ the
commonly used wavenumber analysis on our imaging results
to help with justifying the quality of the resulting image
resolution Our focus is on the velocity perturbation induced
by the CO2 leaks, as shown in Fig. 10. The perturbation can
be obtained by subtracting the time-lapsed images from the
baseline image (as shown in Fig. 12), where the baseline
image refers to the one without any leaks. Once the velocity
perturbation is obtained after the subtraction, we employ the
spatial Fourier transform to obtain the wavenumber (i.e., the
Kz spectrum), and we provide the plots [in Fig. 13(a)Ð(d)]
using all four imaging results, as shown in Fig. 10. We observe
that the Kz spectra of our results (in blue) are much closer to

TABLE V

LEAKAGE MASS (COL 2) OF CO2 OF FOUR GROUPS OFVELOCITY MAPS
SHOWEN IN FIG. 10. MAE AND SSIM ERRORS OFINVERSIONNET

IMAGING RESULTS USING BASELINE WITHOUT AUGMENTATION
(COL 4), VAE WITH PERCEPTIONLOSS(COL 5), AND

VAE WITH REGULARIZATION (COL 6)

those of the ground truth (in red) by comparing the baseline
method (in black) for all imaging results. This indicates that
our imaging method yields higher spatial resolution than the
baseline method.

In this test, we study the performance of InversionNet
using augmented datasets generated by our models on var-
ious leakage scenarios. Due to the lack of consideration of
underlying physics knowledge, both autoencoder and vanilla
VAE models do not help to improve the overall perfor-
mance of InversionNet. On the other hand, our proposed
model, VAE_reg, is capable of generating physically realistic
synthetic samples, which, in turn, will further improve in
imaging all leakage cases. In particular, the imaging res-
olution on tiny leakage is signiÞcantly enhanced with the
CO2 plume much better resolved. It is worth mentioning that,
although the other proposed model, VAE_percep, is capable
of generating comparable synthetic samples to VAE_percep,
it may not lead to an improved overall imaging quality in
this dataset. We still include this new model and its results
since it may perform better in a different application and
dataset.

Through the numerical tests and comparison, we conclude
that the performance of InversionNet can be much improved in
imaging all leakage cases. In particular, the imaging resolution
on tiny leakage is signiÞcantly enhanced with the CO2 plume
much better resolved.

D. Test 3: Determination of Augmented Data Size

The size of the augmentation data is critical to the resulting
performance. Without sufÞcient augmented data, the imaging



Fig. 10. Four groups of (b)Ð(d) InversionNet imaging results on small leakage test data. (a) Ground truth and InversionNet imaging results (b) without
augmentation, with augmented datasetgenerated using (c) VAE with perception loss, and (d) VAE with regularization.

Fig. 11. Four groups of differences of InversionNet imaging results to groundtruth on small leakage test data. (a) Difference of InversionNet imaging results
without augmentation [see Fig. 10(b)] to ground truth [see Fig. 10(a)]. (b) Difference of results with augmented dataset generated using VAE with perception
loss [see Fig. 10(c)] to ground truth. (c) Difference of results with augmented dataset generated using VAE with regularization [see Fig. 10(d)] to ground
truth.

Fig. 12. Illustration of the baseline velocity map.

results of InversionNet will be suboptimal. In contrast, aug-
menting the original training set with too much data may lead
to Òaugmentation leak,Ó meaning that synthesized data domi-
nate the training set and distort the true data distribution [50].

In this test, we aim to Þnd out the best range of the amount
of augmentation data for optimizing the performance of Inver-
sionNet.

Through Tests 1 and 2, we learn that VAE with perception
loss and VAE with regularization usually yield better results.
Hence, we focus on the impact of the varying augmentation
data size over those two models. We vary the size of the
augmented dataset among 350, 800, 1500, 3000, 4500, 6000,
and 7500. For each case, we generate Þve different groups
of augmentation data using our generative models. With all
those groups of synthesized data being available, we train
InversionNet with augmented data and test on the same small
leak data as used in Test 2 (see Table III). We report the
corresponding loss values in terms of mean and standard
deviation in Fig. 14. We observe a general pattern Òdecrease



Fig. 13. Resolution analysis of the four imaging results (a)Ð(d) as shown inFig. 10 (1)Ð(4). The Kz spectra of our results (in blue) are much closer to those
of the ground truth (in red) by comparing the baseline method (in black). This indicates that our imaging method yields higher spatial resolution thanthe
baseline method.

Fig. 14. Mean and standard deviation of test loss for different augmentation
sizes. Test loss of InversionNet using augmented dataset generated with
(a) VAE with perception loss and (b) VAE with regularization. For all the
tests, the same small leak dataset (see Table III) is utilized as the test data.

Þrst Š� bottom Š� increase laterÓ from both results in
Fig. 14. This type of pattern has recently been discovered
and analyzed in other data augmentation literature [50], [51].
It is mainly caused by an augmentation leak, which should be
used as an indication to decide a reasonable augmentation data
size. Interestingly, for both VAE with physics perception loss
and VAE with regularization, the smallest test loss values are
achieved when 3000 synthetic velocity maps are generated.
Hence, throughout all the tests, we use 3000 as the size of the
augmented dataset.

E. Test 4: Hyperparameter Selection

Hyperparameters play an important role in our
generative models. In this test, we will study two critical
hyperparameters: the selection of the layers from the
pretrained VGG-19 network in (11) and the regularization
parameter,
 , in (13).

To select the optimal VGG-19 layers for computing per-
ception loss, there are Þve convolutional blocks in VGG-19,
as shown in Fig. 4(b). We follow a similar idea in [44]
to select effective layers. Particularly, we choose from
following four combinations of (A) [conv1_1, conv2_1];
(B) [conv1_1, conv2_1, conv3_1];(C) [conv1_1, conv2_1,
conv3_1, conv4_1]; and(D) [conv1_1, conv2_1, conv3_1,
conv4_1, conv5_1]. We train VAE with perception loss using
different combinations of layers and compute test loss of each
case on the same test dataset [as shown in Fig. 15(a)]. We can
observe that VAE with perception loss reaches smallest value
when using combination(D). That gives us the indication
to use Þrst layer of Þve convolutional blocks of VGG-19 to
compute perception loss.

Fig. 15. Visualization of the hyperparameter versus loss values. (a) Different
combinations of layers selected from VGG-19 used in our VAE with percep-
tion loss. (b) Various values of the regularization parameter used in our VAE
with regularization.

Similarly, in order to select optimal	 , we choose seven
values evenly distributed on a log scale from 10Š3 to 103

(i.e., 10Š3, 10Š2, 10Š1, 100, 101, 102, and 103). For each
	 value, we train a VAE with regularization and test it on
a common test dataset. The resulting test loss is shown in
Fig. 15(b). We observe that test loss is relative stable when
	 < 103, and it reaches lowest value when	 = 102. Thus,
	 = 102 becomes the optimal value for our problem.

F. Additional Numerical Tests

To help with understanding the performance of our proposed
approaches, we carry out a few more numerical tests. Due
to the page limit, we describe those additional tests in the
Supplementary Material. Those tests include: 1) a comparison
of the performance with linear interpolation function; 2) test
of our model usingL 1 andL 2 loss functions; 3) a side-by-side
comparison of our proposed VAE_reg method with different
adjacent time dynamics; and 4) the assessment of generated
velocity maps and the convergence plots for training different
models.

VI. CONCLUSION AND FUTURE WORK

A. Conclusion

In this work, we develop several spatiotemporal data aug-
mentations using convolutional neural networks to improve the
data-driven seismic imaging in reconstructing Òrare events.Ó
Our data augmentation techniques consider different physics
information (governing equations, observable perception, and
physics phenomena) and further incorporate them through
perception loss and regularization techniques. We evaluate the



performance of our generative models to image very small
CO2 leaks from the subsurface using InversionNet. Through
a thorough comparison and analysis, we show that physics
information plays an important role in generating realistic and
physically consistent synthetic data, which can be used to
improve the representativeness of the training set.

B. Future Work

1) The assessment of the synthesized data is a common
challenge and an important question for any gener-
ative model including ours. Unlike some other dis-
ciplines (such as computer vision), certain physically
irrelevant metrics, such as the FrŽchet inception dis-
tance (FID) [52], can be used to evaluate the quality
of the synthesized samples. A domain-speciÞc metric
will be needed to evaluate the resulting synthesized
samples. This will be one of our future directions to
explore.

2) In our problem of FWI, the data augmentation can be
implemented from either the velocity domain or seismic
domain. There are beneÞts to selecting either. We choose
to augment in the velocity domain, which is to better
leverage the prominent spatiotemporal dynamics, which
is conceivable from the time-lapse velocity maps, and
further incorporate them as part of the learning via
different loss or additional regularization. In comparison,
such spatiotemporal dynamics in the velocity implicitly
embedded in the seismic wave after the forward model-
ing, which, however, becomes more challenging to cap-
ture. On the other hand, augmenting in the seismic has
its beneÞt as well. It is a natural way and close to real-
world problems, where we acquire seismic data without
knowing what the subsurface structure is. We will study
this in the near future.

3) The selection of hyperparameters is important to the
performance of our models. Currently, we employ a
grid search strategy, i.e., dividing the domain of the
hyperparameter into a discrete grid. However, the per-
formance of the grid search is justiÞed by the training
dataset; there could be some differences when applying
our model to the test dataset. A more rigorous hyper-
parameter selection strategy would beneÞt us in that
perspective. There has been some discussion regarding
this direction, such as the evolutionary algorithm [53].
We will study this in the future.

4) Last but not least, we will study the applicability of our
models to Þeld datasets. In this work, we demonstrate
the efÞcacy of our models on simulations, which would
present similar physics to Þeld data. Thus, it is reason-
able to believe that our models would be applicable
to real applications. However, some critical technical
issues still need to be carefully addressed, one of which
is the model generalization ability. It is almost certain
that there will be distribution drift when applying our
models to different Þeld datasets. To overcome this
challenge, various techniques have been developed to
improve the robustness and generalization ability of

deep learning models under the context of SciML. That
includes physics-informed deep neural networks [25],
semisupervised learning [54], transfer learning [55], and
many others. We will consider improving the gener-
alization ability of our model in future research and
development efforts.
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