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a b s t r a c t

Pre-stack seismic inversion is used to calculate elastic parameters, including P-wave and S-wave ve-
locities, as well as densities. These parameters play an integral role in the characterization of reservoirs,
thereby enhancing the exploration and production process. Deep learning-based seismic inversion does
not need a known physical system and can give satisfactory results with sufficient training data. The
acquisition of such datasets for seismic inversion poses a significant challenge due to the exorbitant
costs associated with drilling activities. Integrating domain knowledge, physical systems, and well log
data into a deep learning-based seismic inversion framework is crucial for improving its efficiency and
effectiveness. Nevertheless, existing data-driven approaches do not adequately exploit such informa-
tion, thereby constraining their overall performance and applicability. Therefore, we develop a double
dual neural network structure built upon the closed-loop neural network framework, which in-
corporates both physics and model information to mitigate the dependency on extensive labeled
datasets. The information from the different domains is linked through a loss function, where one dual
network is responsible for constraining the inversion results using physics information to ensure the
physics consistency of the predictions, and the other dual network is responsible for constraining the
inversion results using a priori model information to enhance the reliability of the predictions. The
method makes full use of well-log data for network training when wells are available, as well as
providing unsupervised learning and inversion under well-free conditions. The integration of qualitative
and quantitative analyses proves instrumental in demonstrating the effectiveness of the proposed
methodology through the use of synthetic and field pre-stack examples.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Seismic inversion involves the transformation of seismic data-
sets into elastic and rock properties of geological formations in the
subsurface, such as velocity, density, impedance, porosity, and
fluid content. Pre-stack seismic inversion utilizes multi-angle
gathers to provide an accurate image of the subsurface, and is an
improvement on traditional post-stack inversion techniques (Shi
et al., 2024b; Zhang et al., 2022a; Zhou et al., 2021). Physics-

driven pre-stack seismic inversion methods have been the pri-
mary approach to this methodology for many years and have aided
in the field of reservoir characterization. These techniques analyze
seismic data collected from the surface and allow geophysicists to
infer important subsurface parameters such as rock properties,
density, and other elastic parameters. However, traditional
physics-driven seismic inversion techniques have limitations.
These techniques require the physical system (i.e., the mapping
between seismic data and elastic parameters) to be known and
often rely on the assumption of linear relationships between
seismic reflections and rock properties (Grana et al., 2022; Wang
et al., 2022b; Yu et al., 2024). The assumption of linearity can be
problematic since the link between seismic data and elastic vari-
ables is not always straightforward. The subsurface is a complex
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and heterogeneous medium, and the mapping between seismic
reflections and rock characteristics is nonlinear and highly vari-
able. In such cases, physics-driven seismic inversion methods may
not always produce accurate results due to uncertainties in the
data and the assumptions made in the inversion process. To
circumvent these limitations, researchers and practitioners are
turning to data-driven seismic inversion approaches to avoid the
pitfalls associated with restrictive assumptions (Arrowsmith et al.,
2022; Lin et al., 2023; Mousavi and Beroza, 2022; Saikia et al.,
2020; Yu and Ma, 2021). The deep learning (DL) approach has
been applied in various industries and has been shown to uncover
intricate patterns and relationships within large datasets, making
it an ideal candidate for enhancing the precision of seismic
inversion.

Data-driven seismic inversion is based on statistical theory and
enables the transformation of seismic data into valuable insights
regarding subsurface elastic properties. For many years, scholars
and researchers have been trying various data-driven methods to
solve the seismic inversion problem. R€oth and Tarantola (1994)
used amultilayered, partially connected neural network (i.e., fully-
connected neural network, FCNN) to build links between synthetic
seismic data and 1D velocities. The accuracy of the trained
network reaches 80%, showing the ability of neural networks to
solve complex nonlinear inverse problems. However, the vanish-
ing gradient problem associated with the sigmoid activation
function can lead to training difficulties in traditional FCNN ar-
chitectures. Baddari et al. (2009) developed a radial basis function
artificial neural network whose hidden layer is a Gaussian func-
tion, accomplishing impedance inversion and avoiding the van-
ishing gradient problem to some extent. Traditional FCNN
inversion networks may overlook the spatial and temporal fea-
tures present in seismic data due to the limitations of their ar-
chitecture. Baddari et al. (2010) designed an Elman artificial neural
network for performing seismic inversion, which allows them to
handle temporal features within seismic data and deliver multi-
step-ahead predictions. Feng et al. (2020) proposed a neural
networkmodel combined with a hiddenMarkovmodel, where the
hidden Markov model explores spatial features in the seismo-
grams, enabling accurate characterization of the spatial patterns of
the rock characteristics and intrinsic depositional processes.
However, while considering spatio-temporal information, the
behaviour of a FCNN remains potentially free from control. Xu et al.
(2019) constructed a physics-informed neural network based on a
FCNN by introducing physical constraints to ensure that the
inversion proceeding is properly steered. The above methods used
one hidden layer, but they also demonstrated the effectiveness and
advantages of data-driven methods for seismic inversion. With the
massive developments of computer power over the last decade,
neural networks containing many hidden layers (i.e., deep neural
networks) are developed to extract richer features from the
training data, thus further enhancing the reliability of inverted
results.

Convolutional neural networks (CNNs) are being increasingly
used in a variety of fields, such as medical image and speech
identification, natural language processing, and driverless cars. A
core strength of CNNs is their ability to extract spatial features
from data, which makes them particularly suitable for tasks that
involve analyzing images or time-series data with spatial infor-
mation. Seismograms are records of ground motions characterized
by strict horizontal and vertical spatial distribution, so CNNs have
been extensively used in seismic surveys. Das et al. (2019) estab-
lished an end-to-end matching of seismic records to impedance
using a two-layer convolutional neural network, and subsequently
performed impedance prediction using a network trained on
synthetic data. Kazei et al. (2021) constructed an ensemble of

CNNs to convert adjacent gathers to vertical 1D velocity model at
the central location. Aleardi and Salusti (2021) proposed a pre-
stack seismic inversion strategy combining a discrete cosine
transform (DCT) re-parameterization with CNNs to achieve pre-
diction of P- and S-wave velocity and density. Zhang et al. (2021,
2023) designed a hybrid neural network combining CNN and
FCNN, and introduced the initial priori information to constrain
the inverted results, which can alleviate the reliance on the
training data, improve the network generalization ability, and
ensures the stability of the inversion results. Sun et al. (2023)
proposed a pseudo-well based CNN pre-stack seismic inversion,
which constructs the training dataset required for deep learning
using stochastic simulation methods, and subsequently performs
synthetic model and field data testing and validation. Pan et al.
(2024) constructed a CNN to predict subsurface rock fracture
properties from pre-stack seismic azimuthal data. Furthermore,
they employed an approximate Bayesian computation (ABC)
method to estimate the posterior distribution of the predicted
results, thereby quantifying the associated uncertainty. CNNs are
primarily employed to extract spatial attributes from the input
data, and in comparison recurrent neural networks (RNNs) have
the advantage of extracting temporal attributes from the input
data. Seismograms contains both spatial and temporal features, so
a RNN can be employed for seismic inversion as well. Gao et al.
(2021) used a long short-term memory (LSTM) network-based
algorithm to model density prediction using seismic and well-
log curves. Alzahrani and Shragge (2022) proposed a frequency-
stepping velocity model construction method that builds a map-
ping of seismic data to velocities using a sequence-to-sequence
RNN with built-in LSTM. Seismograms contains both spatio-
temporal characteristics, so neither CNN or RNN alone are
entirely applicable. The general approach is to design a network
framework using both CNN and RNN functions, where CNN is used
to extract spatial information while RNN is used to extract tem-
poral information, and then the extracted spatio-temporal fea-
tures are used to establish a mapping to the labels (Fabien-Ouellet
and Sarkar, 2020; Guo et al., 2019; Wang et al., 2022a; Zhang et al.,
2022b). These methods increase the generalization of the network
to some extent, but they cannot eliminate the reliance on labeled
data. They fall into the category of purely data-driven approaches,
and their prediction lacks clear physical meaning.

Alternatively, physics-guided methods introduce physical laws
into deep learning-based seismic inversion, alleviate the data in-
dependence of data-driven approaches, and boost the precision of
inverted results. Biswas et al. (2019) combined CNNs and wave
propagation law to predict elastic parameters, avoiding the need
for labeled data for network training. Wang et al. (2021) proposed
a physics-guided deep learning based seismic impedance inver-
sion algorithm, while introducing bilateral filtering to improve the
prediction accuracy and spatial continuity of the inversion results.
Wang et al. (2022c) proposed a Cycle-GAN model to extract fea-
tures from both unlabeled and labeled data for seismic impedance
prediction. Zou et al. (2023) used a semi-unsupervised domain
adversarial and spatial fusion inversion strategy to predict seismic
impedance. Shi et al. (2024a) utilized closed-loop mapping to
build a semi-supervised learning architecture to accomplish the
inversion of seismic impedance, which alleviates the network’s
dependence on labeled data to some extent. Chen et al. (2024)
developed a semi-supervised training loss function that combines
deterministic forward operators with sampling operators,
enabling simultaneous optimization of weights in both the for-
ward and pseudo-inverse operators. Li et al. (2024) proposed a
novel deep learning-based seismic inversion methodology that
combines Bayesian techniques with physics-informed neural
networks, enabling robust prediction of inversion results and
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mitigating the requirement for extensive training datasets. Sun
et al. (2024) established a physics-guided deep mixture density
network to perform physics-informed probabilistic seismic
inversion. Zhang et al. (2024) developed knowledge-embedded
close-looped deep-learning framework, which alleviates the de-
pendency on labeled data to a certain extent and reduces the
uncertainty in inversion results. The inversion process based on
deep learning still suffers from strong non-uniqueness when only
physical laws are considered. In this case, it is useful to incorporate
priori knowledge (e.g., priori initial models from the model
domain) into the deep learning framework. Both in physics-driven
and data-driven seismic inversion, it has been confirmed that
incorporating priori information from themodel domain improves
inversion results (Bosch et al., 2010; Buland and Omre, 2003; Liu
et al., 2023; Mousavi and Beroza, 2022). However, integrating
this information to constrain seismic inversion results has always
been difficult. Other research areas, such as image super-
resolution processing and lake temperature modelling, have
attempted to augment the capabilities of deep learning-based
methods by exploiting constraints such as the laws of physics
and priori knowledge of the model domain (Daw et al., 2022; Guo
et al., 2020).

In this paper, we develop a double-dual network structure
based on the physics-guided framework. This approach integrates
both the physical and model domain information to alleviate the
relying on training data for deep learning-based seismic inversion
methods. When well-log data is available, well-log information
from the data domain can be integrated into the network training
process using traditional data-driven methods. One of the dual
networks is responsible for using the physical laws to constrain the
inversion results and ensure the physical validity of the pre-
dictions. It’s worth noting that we utilize the forward network
instead of the physical law formulation to both improve the
physical constraints while speeding up the inverse network
training process. The other dual network is responsible for using
the priori information (i.e., initial model) from the model domain
to constrain the inverted results and enhance the stability of the
predictions. Inspired by image super-resolution processing (Chen
et al., 2023; Zhu et al., 2023), we design an alternative constraint
to narrow the possible space so that the predicted elastic param-
eters can rebuild the initial model. By imposing this constraint, we
can approximate the underlying down-sampling kernel, thus
narrowing the space of possible functions and finding the optimal
solution. Ultimately, the two dual networks are coupled by a loss
function to ensure the physical validity and robustness of the
prediction results, and to realize the training and inversion ap-
plications of labeled/unlabeled data. Both the seismic records and
the elastic parameters are a spatio-temporal data due to deposi-
tional and propagation effects. Consequently, spatio-temporal
neural networks (STNNs), which consist of CNN and RNN, are
utilized for both forward and inversion modeling. In this paper, we
specifically implemented the framework using a spatio-temporal
neural network as the sub-network within the double dual
structure. However, other types of neural networks—such as
CNNs, residual networks (ResNets), or others—could also be
employed as sub-networks within the same double dual frame-
work without altering its fundamental architecture.

The organization of this paper is as follows: we first describe
the general framework of the deep learning-based seismic inver-
sion and physics-guided deep learning-based seismic inversion.
Next, we report in detail the specific structure and realization of
the proposed double-dual network. Then, we present the experi-
mental results of synthetic and field data as an example of the pre-
stack seismic data, and compare the results with those of

traditional methods. The last section provides some discussions
and conclusions.

2. Methods

In this section, we first review purely data-driven and physi-
cally guided deep learning based seismic inversion methods
(Wang et al., 2021; Zhang et al., 2021). Then, the proposed double-
dual network structure and loss function are provided in detail.
Finally, the specific architecture of the forward and inverse net-
works is provided to reproduce the experimental results.

2.1. Review of purely data-driven DL based seismic inversion

A purely data-driven DL based seismic inversion involves the
use of labeled data pairs to train neural network (NN) models
fNN : d→m, where d denotes seismic data, m denotes elastic
properties including velocity and density. After training the
network using labeled data, it can be used to complete the pre-
diction of elastic parameters for un-labeled seismic data. This
framework, known as supervised learning seismic inversion, re-
quires large amounts of training data to assure the effectiveness of
the trained network. The initial stage in preparing the constructed
neural network for seismic inversion involves training the network
by formulating the loss function, using the following equation:

L
(
m; ~m

)
=

1
n
argθ min

∑n

i=1

(

mi − ~mi

)2
(1)

where θ denotes the parameters of fNN to be trained. n denotes the
number of data sampling points.m and ~m denote labeled data and
network prediction results, respectively. The process of mini-
mizing the error between predicted values and labeled data is a
critical step in achieving an accurate network model. The trained
network, representing the culmination of these iterations, is the
outcome when specific conditions, such as reaching a set number
of iterations or attaining a minimum error threshold, are satisfied.
However, using only seismograms as network input leads to
problems with network training and weak generalization (Zhang
et al., 2021). To achieve better performance and robust of neural
network models, it is useful to integrate priori knowledge of the
model domain (i.e., low-frequency information about the param-
eters) into the training phase. This can be achieved through the
implementation of a specific loss function that accounts for the
initial model during training, as following:

LMGNN(θ)=
1
n

⃒
⃒
⃒
⃒m − fθ([d;m0])

⃒
⃒
⃒
⃒2
2 (2)

where m0 denotes initial elastic parameters model built from
seismic horizon guided well-log interpolation. MGNN stands for
model-guided neural network, i.e., a purely data-driven deep
learning based seismic inversion method that takes model domain
information (i.e., initial elastic parameters) along with seismic
data as network input simultaneously.

2.2. Review of physically guided deep learning based seismic
inversion

Pure data-driven DL based seismic inversion methods achieves
good prediction when the training dataset is sufficient. However,
labeled sets (i.e., well-log curves) are usually limited due to
expensive drilling costs. In addition, the purely data-driven
approach ignores the laws of physics, leading to predictions that
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may be inconsistent with known physical systems, i.e., the seismic
records obtained using the predictions differ significantly from the
actual seismic records acquired. To ensure that the predictions
satisfy the known laws of physics while reducing the demand for
massive labeled datasets in data-driven approaches, we can
introduce physics-guided loss functions as follows:

LPGNN(θ; ϑ)=
⃒
⃒
⃒
⃒m − fθ([d;m0])

⃒
⃒
⃒
⃒2
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
L1

+λ⋅
⃒
⃒
⃒
⃒d − gϑ(fθ([d;m0]))

⃒
⃒
⃒
⃒2
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
L2

(3)

where θ is the parameters of the inverse network (f) to be trained, ϑ
is the parameters of the forward network (g) to be trained.L1 is the

labeled data loss function term, which plays an important role in
integrating well-log data into the inversion network training pro-
cess.L2 is the seismic data loss function term, which allows for the
incorporation of known physical laws into the inversion network
training process and enables training with labeled/unlabeled data.
Note that g in the seismic data loss term can be either in the form of
a network or a mathematical expression representing the forward
process. In this paper, we construct training dataset based on the
Zoeppritz equations (Eq. (4)) to train a network model. The trained
network can build a mapping from elastic parameters to seismic
data, thus replacing the laws of physics. λ is the weight parameter
that controls the contribution of labeled data loss and seismic data
loss. PGNN stands for physics-guided neural network, i.e., a seismic
inversion method that incorporates priori knowledge of the
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underlying physical laws into the training process of data-driven
approach. By imposing constraints based on known physics prin-
ciples, these methods can guide the learning process towards so-
lutions that are physically feasible.

where R and T are reflection and transmission coefficients,
respectively. ⋅pp stands for P-wave incident, P-wave reflected (or
transmitted), and ⋅ps stands for P-wave incident, S-wave reflected
(or transmitted). θ1, θ2 represent the angle of incidence and
transmission of P-wave, respectively. φ1, φ2 represent the angle of
incidence and transmission of S-wave, respectively. vp1, vp2, vs1, vs2,

ρ1, ρ2 represent the P-/S-wave velocity, and density on both sides of
the interface. The calculated reflection coefficients are convolved
with given wavelets to obtain the corresponding seismic records.

Seismic inversion is an ill-posed problem since there are

numerous elastic parameter models that can produce identical
seismic records. Existing physics-guided DL based seismic inver-
sionmethods usually only consider well-log data and seismic data.
It does not fully utilize the priori information from the model
domain and is restricted by limited training dataset, leading to
increased non-uniqueness in predictions away fromwell locations.

⎡
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2.3. Joint physics and model-guided deep learning based seismic
inversion

A neural network model needs a large enough training dataset
to accurately learn the patterns and relationships in the data.
However, in some cases, there may be a lack of training dataset
available for seismic inversion. When this occurs, the space of
possible matching functions is very large, which makes training
difficult. To overcome this problem, on the basis of PGNN, we
present a double-dual regression proposal by integrating an
auxiliary constraint with priori information from model domain
(i.e., initial model).

Fig. 1 shows the workflow of joint physics and model-guided
DL-based seismic inversion. The seismic data d and the low-
frequency initial elastic properties (i.e., velocity and density)
model m0 are used as inputs to complete the prediction of the
target elastic parameter ~m via the primal task. In this paper, we
use only three angle stacks (i.e., near-, middle-, and far-angle
gathers) as inputs; in fact, more angle stacks are allowed. Subse-
quently, the predictions are manipulated by the dual task so that
the predictions satisfy the given constraints (i.e., physics laws and
priori knowledge). The primal and dual learning tasks constitute
two closed-loop providing informational supervision for the
training of the inversion network parameters. The concept of the
dual closed-loop network is inspired by PGNN and super-

resolution image processing techniques (Biswas et al., 2019; Guo
et al., 2020). If the predictions ~m are the same as the true values

m, then the seismic record ~d and low-frequency elastic parameter
model ~m0 obtained by the dual tasks processing of ~m should be
very close to the reference seismic record d and low-frequency
elastic parameter model m0. With these two constraints, both
the physical validity of the prediction results is guaranteed, and
the space of functions that may be mapped is reduced, making it
easier to learn better mappings to predict the elastic parameters.

If labeled data is available, we can further integrate it into the
network training process. To enable the network to function
effectively, we need to design an appropriate loss function. The
labeled data loss (Ll), seismic data loss (Ld), and initial model loss
(Lp) can be written as
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Ll(θ) =
⃒
⃒
⃒
⃒m − fθ([d;m0])

⃒
⃒
⃒
⃒2
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
L1

Ld(θ; ϑ) =
⃒
⃒
⃒
⃒d − gϑ(fθ([d;m0]))

⃒
⃒
⃒
⃒2
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
L2

Lp(θ) =
⃒
⃒
⃒
⃒m0 − s(fθ([d;m0]))
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Fig. 4. The partial angle stacks from the Marmousi model. Noise-free: (a)–(c) near-, middle-, and far-angle gathers. Noisy (SNR = 5): (d)–(f) near-, middle-, and far-angle gathers.
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where s denotes the filtering operator such that the prediction
s( ~m) is similar to the given initial model m0. In our experiments,
we use an arithmetic mean filter to obtain the ~m to ~m0 mapping. It
is notable that the optimal number of smoothing points will vary
from task to task, which needs to be chosen on a task-specific in
order to better match ~m0 and m0. θ stands for the parameters of
the inversion network (f) to be trained, ϑ stands for the parameters
of the forward network (g) to be trained. The strategy for training
forward neural network g here is the same as the process of
training the forward neural network in PGNN.

By learning these three tasks together, we create a joint physics
and model-guided deep learning-based seismic inversion
network. The training loss can be written as

LPMGNN(θ; ϑ)= λ1L1(θ) + λ2L2(θ; ϑ) + λ3L3(θ) (6)

where λ1, λ2, λ3 denote weight parameters that control the
contribution of different losses to the training process. Relatively
optimal weight parameters are determined through an iterative
trial-and-error process in subsequent experiments. L1 contains
only labeled data, but both labeled and unlabeled datasets can be
included inL2 andL3. PMGNN stands for joint physics andmodel-
guided neural network, i.e., a seismic inversion method that in-
troduces physics laws and priori information from the model

domain into a data-driven approach. Only the inversion network
parameters θ are updated during the network training phase,
while the parameters ϑ of the forward network are fixed. The
specific training pseudo-code is reported in Algorithm 1.

Algorithm 1
Training procedure of the proposed PMGNN

Input: Labeled data: m*, m0
*, d*;

Unlabeled data: m0, d;
Batch size for unlabeled
data: n;
Set the values of λ1, λ2, λ3

1 Load the pre-trained model g;
2 While not convergent do:
3 Sample unlabeled data

{m0i;di}
n
i=1 from m0, d;

4 // Update f using labeled and
sampled unlabeled data

5 Update θ of f by
minimizing the
objective:

6 λ1L1 + λ2L2 + λ3L3
7 end
Output: Optimized parameters θ
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Fig. 5. The inversion results achieved using MGNN: (a) Vp, (b) Vs, and (c) density. Normalized profile of the difference between the reference value and the inverted results of (d)
Vp, (e) Vs, and (f) density.
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2.4. Spatio-temporal neural network

Both the seismic records and the elastic parameters contain
spatio-temporal changes due to depositional and propagation ef-
fects. In this paper, a spatio-temporal neural network (STNN)
consisting of CNNs and RNNs is selected for forward and inversion
modeling. The specific structure of the inversion network is dis-
played in Fig. 2. The inputs to the network are seismic data (i.e.,
near-, middle-, and far-angle gathers) and initial elastic parameter
model including velocity and density, and the output of the
network is the true elastic parameters. The forward network has
the same structure as the inversion network, the difference being
that the inputs to the forward network are elastic properties and
the outputs are seismic records. In order to facilitate the repro-
duction of the numerical experiments, the specific parameters of
the network are as follows. The input data is a tensor of size
600 × 6, including the angle gathers and the initial elastic pa-
rameters, where 600 is the data sampling length. The CNN block
consists of two convolutional layers, each of which has 8 filters of
size 5×1. The padding and dilation of each convolutional layer are

set to 2 and 1, respectively. A dropout layer (dropout = 0.1)
immediately follows the convolutional layer to prevent network
overfitting. The ReLu function is adopted as the activation function
after the first convolutional layer. The pooling layer can optionally
be added after the convolutional layer, depending on the accuracy
or speed demands of the network. In our experiments, we do not
add pooling layers. Subsequently, the features extracted by the
CNN block are fed into the RNN block. The RNN block contains a
bidirectional gated recurrent unit (BiGRU) network, which in-
troduces a bidirectional structure based on the GRU model to
better capture the bidirectional dependencies of sequence data.
The count of hidden features in the BiGRU layer is assumed to be 8.
Finally, the results of the BiGRU layer are passed through the fully
connected layer to obtain the final output. The output are elastic
parameters of size 600× 3. The learning rate and epoch are fixed at
0.01 and 1500, respectively, through a trial-and-error strategy. The
network training is conducted using the Adaptive Moment Esti-
mation (Adam) optimizer to update and optimize the model pa-
rameters. In this way, by substituting the designed STNN into the
double-dual neural network framework, joint physics and
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Fig. 6. (a) Near-, (b)middle-, (c) far-angle gathers reconstructed based on the inversion results of MGNN. (d)–(f) The difference profile between the reconstructed seismic records
(Fig. 6(a)–(c)) and the reference seismic records (Fig. 4(d)–(f)).
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model-guided deep learning-based seismic inversion can be
implemented. In this experiment, we determine a relatively
optimal set of network parameters based on experience and trial-
and-error. However, this process is complex, and currently, there is
no effective method to reliably determine the optimal network
parameters. In subsequent experiments, to ensure a fair compar-
ison, the same network structure is used for MGNN, PGNN and
PMGNN. Moreover, for different tasks, various networks may
achieve similar performance, and currently, there is no standard-
ized approach or guideline.We use STNN as an illustration to check
the feasibility of the proposed method, but other network frame-
works (e.g., generative adversarial network, fully convolutional
residual network, and fully-connected neural network et al.) can
be incorporated into our proposed method.

3. Numerical examples

In this section, we demonstrate the effectiveness of the pro-
posed method using simulated data from the benchmark Mar-
mousi model and a field dataset. The numerical tests are
performed using PyTorch as the backend on a personal computer
with Windows 10, AMD Ryzen 7 5800X, and NVIDIA GeForce RTX
3080Ti. To show the applicability of the proposed method, we
compare the results of the proposed method (i.e., PMGNN) with

those of MGNN and PGNN. In addition, we adopt the root mean
square error (RMSE) as shown below to quantitatively assess the
goodness of the inversion results.

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1

(
mi − ~mi)2

√
√
√
√ (7)

where m and ~m denote true values and inverted values, respec-
tively. N stands for the sample size.

3.1. Synthetic example

By way of benchmark modeling, we use the Marmousi model
(Fig. 3) as an example of inversion. Themodel contains 3400 traces
with 600 time samples and a sampling interval of 2ms. Fig. 3(a)–(f)
display the reference models and initial models, respectively. The
initial model here is obtained using a low-pass filtering technique
based on the reference model, however, in general, it is possible to
obtain it using commercial software based on knownwell data and
seismic horizon. The corresponding noise-free near-, middle-, and
far-angle gathers (Fig. 4(a)–(c)) are computed from the reference
model (Fig. 3(a)–(c) using the Zoeppritz formula (Eq. (4)). In this
case, a zero-phase Ricker wavelet with frequency of 30 Hz is
adopted. To simulate real acquisition data, we add Gaussian white
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Fig. 7. The inversion results achieved using PGNN: (a) Vp, (b) Vs, and (c) density. Normalized profile of the difference between the reference value and the inverted results of (d)
Vp, (e) Vs, and (f) density.
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noise to the synthesized seismic data (Fig. 4(a)–(c)) to obtain noisy
seismic data with a signal-to-noise ratio (SNR) of 5, as displayed in

Fig. 4(d)–(f). The SNR is specified as 10 log10
(
‖d‖22 =‖d − ~d‖

2
2

)
,

where d and ~d stand for noise-free and noisy data, respectively.
Noisy seismic data is utilized to invert elastic properties (i.e., P-
wave velocity, S-wave velocity, and density). In this experiment,
we randomly select 5 traces of data including seismic data and
elastic properties to build training data pairs. In addition, we use
the Zoeppritz equation (Eq. (4)) to construct the training dataset to
train the forward neural network. By assuming that the forward
network is known, the forward process is more easily compared to
the inverse process, and the generalization ability of the trained
forward neural network is good. During the training process, the
forward neural network is utilized instead of the physical law, and
the parameters of the forward network are kept fixed. Our goal is
to construct a more robust inversion network to obtain reliable
inversion results. The three methods (i.e., MGNN, PGNN and
PMGNN) use the same inputs (i.e., seismic data and initial model)
as well as labeled data. In addition, the structure of STNN used in
the three methods is identical. The labeled and unlabeled data are
subsequently fed into the three methods for inversion network
training, which allows for prediction of elastic parameters. The

training process for PMGNN and PGNN take approximately 180 s,
with PGNN requiring slightly less computational time than
PMGNN. In comparison, the training process for MGNN take
around 120 s.

Fig. 5(a)–(c) display the inverted results of the P- and S-wave
velocity and density using MGNN. The normalized difference
profiles between the predicted Vp, Vs, and density of MGNN and
the reference elastic parameters are illustrated in Fig. 5(d)–(f). The
normalized difference profile is obtained by computing the dif-
ference between the inversion results and the true reference
values, and then applying a normalization procedure. The inver-
sion results of the MGNN generally reveal the subsurface strata,
and the predictions are in good agreement with the reference
model in gentle regions. However, in complex areas, a significant
difference between the predictions and the referencemodel can be
observed. In addition, since the MGNN is executed trace-by-trace,
there are some vertical stripes in the inversion results, which could
be interpreted as lateral discontinuities. The anomalous inversion
results present in the inversion profiles of the MGNN prevent the
stratigraphic boundaries from being clearly identified. To verify
the correspondence between the inverted results and the observed
seismic data, we compute synthetic seismic records of the inver-
sion results, as shown in Fig. 6(a)–(c). Fig. 6(d)–(f) shows the
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Fig. 8. (a) Near-, (b) middle-, (c) far-angle gathers reconstructed based on the inversion results of PGNN. (d)–(f) The difference profile between the reconstructed seismic records
(Fig. 8(a)–(c)) and the reference seismic records (Fig. 4(d)–(f)).
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difference profile between the seismic records (Fig. 6(a)–(c))
reconstructed based on the inversion results (Fig. 5(a)–(c)) and the
reference seismic records (Fig. 4(d)–(f)). There are significant leaks
of stratigraphic information in the differential profiles. MGNN
considers only the contribution of labeled data to the network
during the network training process and ignores the known laws
of physics, resulting in prediction results that cannot be matched
with observed seismic records. In other words, the limited training
dataset does not guarantee that the trained network is applicable
to the prediction of the whole profile, and the inverted results of
MGNN do not satisfy the known laws of physics. Therefore, con-
straining the inversion results by introducing known physical laws
should result in better results.

Fig. 7(a)–(c) illustrate the inverted results of the P-, S-wave
velocity and density using PGNN. The normalized difference pro-
files between the inverted Vp, Vs, and density and the reference
elastic parameters are displayed in Fig. 7(d)–(f). Compared to the
inversion results of MGNN shown in Fig. 5, the lateral continuity in
the PGNN inverted results profile is somewhat improved, and the
anomalies are alleviated. The difference profiles intuitively show
that the PGNN error is smaller compared to the MGNN error.
Fig. 8(a)–(c) show the reconstructed seismic record based on the
inversion results of the PGNN. Fig. 8(d)–(f) show the difference

profile between the seismic records reconstructed (Fig. 8(a)–(c))
and the reference seismic records (Fig. 4(d)–(f)). Since PGNN
considers known physical laws during network training, the
reconstructed seismic records match well with the reference
seismic records. PGNN integrates physical laws to make the pre-
diction results satisfy the priori from the physical domain, which
enhances the stability and accuracy of the inversion results.
PMGNN further introduces priori information from the model
domain, resulting in more stable inversion results and better re-
covery of stratigraphic detail information, as shown in Fig. 9(a)–(c).
By comparing the difference profiles of the inversion results of the
three methods, the errors of the inversion results of the three
methods are small in the low-dip region. However, in the complex
area, the error of the inverted results of PMGNN is smaller than
those of MGNN and PGNN. PMGNN also considers known physical
laws during the network training process, and the reconstructed
seismic records based on its predictions match well with the
reference seismic records, as illustrated in Fig. 10. The proposed
method effectively enhances the accuracy of the prediction results
and ensures the physical validity of the prediction results by
introducing the information of physical laws and model domains
through the double-dual network. As can be observed in Figs. 5, 7
and 9, vertical stripe artifacts are present in the inversion results.

(a)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(d)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(b)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(e)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(c)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(f)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

Vp
, k

m
/s

Vs
, k

m
/s

D
en

si
ty

, g
/c

m
3

1.4

4.5

0.8

3.2

1.8

2.6

Vp
, k

m
/s

Vs
, k

m
/s

D
en

si
ty

, g
/c

m
3

-1

1

-1

1

-1

1

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

Fig. 9. The inversion results achieved using PMGNN: (a) Vp, (b) Vs, and (c) density. Normalized profile of the difference between the reference value and the inverted results of (d)
Vp, (e) Vs, and (f) density.
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Although the PMGNN method demonstrates certain improve-
ments over MGNN, such artifacts remain evident. This issue may
stem from the trace-by-trace inversion strategy adopted in this
study, which neglects the spatial similarity between adjacent
traces, thereby compromising lateral continuity. Additionally,
given that the input seismic data are inherently noisy, the inver-
sion results are susceptible to noise interference, leading to lateral
discontinuities. The comparative analysis of the three inversion
methods further illustrates that the proposed (PMGNN) method
offers enhanced robustness to noise compared to the other ap-
proaches (MGNN and PGNN).

To quantitatively assess the advantages and disadvantages of
the three methods, we calculate the normalized RMSE of each
trace between their inversion results and the reference models.
The normalized RMSE is computed by applying Eq. (7) to the
normalized predicted results and reference values. Fig. 11 shows
the histogram of normalized RMSE of MGNN, PGNN, and PMGNN.
In agreement with the conclusions obtained from the previous
inverted results, the MGNN method has the largest normalized
RMSE due to the fact that it is a purely data-driven method and
does not consider other priori information. PMGNN considers
priori information from both the physical domain and the model

domain, and its predicted results have the smallest errormean and
a relatively narrow distribution. Fig. 12 illustrates the comparison
of the normalized RMSE of the inversion results of MGNN, PGNN,
and PMGNN for the whole profile and trace-by-trace. It is evident
from the comprehensive inversion results that the PMGNN
method achieves the smallest RMSE across the entire profile. In
addition, as shown in Figs. 11 and 12, the normalized RMSE for
velocity inversion results is similar, with the error in S-wave ve-
locity being slightly higher than that of P-wave velocity. The
largest error occurs in the density inversion results. This obser-
vation is consistent with the findings frommodel-driven inversion
methods, indicating that density is less sensitive to the data
compared to velocity. Furthermore, velocity and density curves at
trace 2000 are illustrated in Fig. 13. There are obvious anomalies in
the MGNN inversion results, which deviate from the reference
values. PGNN introduces known physical laws, and its inversion
results can better reflect the stratigraphic changes, but the low-
frequency trends at some locations deviate from the reference.
PMGNN considers both physical laws and model domain infor-
mation, and its inversion results best match the reference values.
Table 1 lists the normalized RMSE between the reference values
and the predicted results of MGNN, PGNN, PMGNN at trace 2000. It

(a)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

Trace number

-1

1

500 1300 2100 2900

Trace number

500 1300 2100 2900

Am
pl

itu
de

(d)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

-1

1

Am
pl

itu
de

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

-1

1

Am
pl

itu
de

(b)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(e)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

-1

1

Am
pl

itu
de

Trace number

500 1300 2100 2900

Trace number

500 1300 2100 2900

-1

1

Am
pl

itu
de

(c)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

(f)
0.15

0.45

0.75

1.05

Ti
m

e,
 s

-1

1

Am
pl

itu
de

Fig. 10. (a) Near-, (b) middle-, (c) far-angle gathers reconstructed based on the inversion results of PMGNN. (d)–(f) The difference profile between the reconstructed seismic
records (Fig. 10(a)–(c)) and the reference seismic records (Fig. 4(d)–(f)).
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is evident that the PMGNN has the smallest normalized RMSE for
Vp, Vs, and density. The qualitative and quantitative character-
ization of the prediction of the three methods in Figs. 5–13 and
Table 1 illustrate that PMGNN has the optimal performance.

3.2. Field example

In light of the promising numerical results obtained in the
synthetic tests, the utilization of 2D field data from north China
allows us to further validate the efficacy and robustness of the

proposed methodology. The crossing well profile used for the
inversion test contains 110 traces and 311 samples with an interval
of 2 ms, with two wells located at traces 41 and 84, respectively.
Fig. 14(a)–(c) show the partially stacked angle gathers, termed
near-, middle-, and far-angle gathers, where the blue lines mark
the location of the well. The meticulous handling of measured
seismic data has ensured the removal of noise and alignment of
amplitude levels, thereby improving the overall quality and reli-
ability of the data for further analysis. The low frequency (<10 Hz)
initial Vp, Vs, and density established by specialized software
based on the picked horizon and well logging curves are displayed
in Fig. 15. Besides that, initial models can be obtained based on
geological interpretation or seismic data processing. In the cross-
well profile, one of the wells is used for training the network
model. The training process followed the same procedure as that
used for training with synthetic data. Prediction of elastic prop-
erties can be achieved by substituting seismic records and initial
models into PMGNN.

Fig. 16 show the predicted results of the P-, S-wave velocity and
density using MGNN. Well-log data is projected onto the inversion
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profile. In the experiment one well (at trace 41) is involved in the
training of the network, while the other well (at trace 84) is served
as a blind well for validating the effectiveness of the method. The
predicted results of the MGNN generally reveal the subsurface

strata with a significant improvement in resolution versus the
initial model. Based on the inverted results, however, it is evident
that certain anomalous values have reduced the lateral continuity
of the profiles. The reconstructed seismic records based on the
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inversion results of the PGNN are shown in Fig. 17(a)–(c).
Fig. 17(d)–(f) show the difference profile between the recon-
structed seismic records (Fig. 17(a)–(c)) and the reference seismic
records (Fig. 14). There is a significant error between the

reconstructed seismic records based on inversion results and the
reference seismic records because the MGNN method does not
consider known physical laws.

Fig. 18(a)–(c) illustrate the predicted results of the P-, S-wave
velocity and density using PGNN. Compared to the inverted results
of MGNN, the horizontal continuity in the PGNN inverted results
profile is somewhat improved, and the anomalies are alleviated.
Fig. 19(a)–(c) show the reconstructed seismic record based on
the inversion results of the PGNN. Fig. 19(d)–(f) show the differ-
ence profile between the seismic records reconstructed
(Fig. 19(a)–(c)) and the reference seismic records (Fig. 14).
Consistent with the conclusions obtained in the synthetic data

Table 1
The normalized RMSE between the true and the inverted elastic parameters using
MGNN, PGNN, and PMGNN for the Marmousi model at trace 2000.

Vp Vs Density

MGNN 0.0684 0.0804 0.0925
PGNN 0.0453 0.0550 0.0847
PMGNN 0.0310 0.0333 0.0590
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experiments, PGNN considers known physical laws during
network training, and the reconstructed seismic records match
well with the reference seismic records. PGNN integrates physical
laws to make the prediction results satisfy the priori from the
physical domain, which enhances the stabilization and accuracy of
the inverted results. Fig. 20(a)–(c) illustrate the predicted results of
the P-, S-wave velocity and density using PMGNN. The inversion
results of PMGNN have the best lateral continuity, and the inver-
sion results from this method are well matched with the well-log
data. Fig. 21(a)–(c) show the reconstructed seismic record based on
the inversion results of the PMGNN. Fig. 21(d)–(f) show the

difference profile between the seismic records reconstructed
(Fig. 21(a)–(c)) and the reference seismic records (Fig. 14). PMGNN
also considers known physical laws during the network training
process, and the reconstructed seismic records based on its pre-
dictions match well with the reference seismic records. The
method considers both physical laws and model domain infor-
mation, which enhances the accuracy and ensures the physical
validity of the inversion results.

In order to investigate further the differences among the pre-
dicted results yielded by the MGNN, PGNN, and PMGNN, we focus
our comparative analysis on a blind well located at trace 84, as
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shown in Fig. 22. The blind well data (black curves) are smoothed
in advance to enable easier comparison. MGNN is limited by
insufficient training data, and its inversion results at blind well
locations have a low match with the reference curves. PGNN in-
troduces known physical laws whose inversion results closely
match the relative change of the reference curve. PMGNN further
introduces the priori information of the model domain based on
PGNN, and the inversion results obtained best match the reference
curves. The normalized RMSEs of the three methods are listed in
Table 2, which quantitatively illustrates the effectiveness of the
proposed method. Meanwhile, it can be observed that the
normalized RMSE of the density inversion results is greater than
that of the velocity, which is consistent with the findings from the

tests on synthetic data. In other words, density is less sensitive
compared to velocity.

4. Discussion

Deep learning (DL) is a branch of artificial intelligence that has
garnered significant attention and adoption across various in-
dustries due to its excellent performance and remarkable
achievements. Specifically, within the discipline of seismic inver-
sion, deep learning offers innovative approaches and methodolo-
gies that promise enhanced accuracy and efficiency. DL based
seismic inversionmethods are based on statistical theory, inwhich
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Fig. 19. (a) Near-, (b)middle-, (c) far-angle gathers reconstructed based on the inversion results of PGNN. (d)–(f) The difference section between the reconstructed seismic records
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amapping between inputs and outputs can be learnt given enough
training data pairs. The performance of deep learning depends on
the type of network used and on the quality of the training data.
The network training process makes physical sense only if the
designed network architecture is aligned with the task to be
trained. In this paper, considering the spatio-temporal character-
istics of the elastic parameters and seismic data used in seismic
inversion, a spatio-temporal neural network is usedwhich helps to
improve the effectiveness of network training. In different tasks,
other network frameworks can be selected depending on the
specific task requirements. Currently, there is no uniform standard
for network selection, and the design of network parameters faces
the same issue. In this paper, we set optimal network parameters
using empirical and trial-and-error methods, as described in the
main text.

The other key factor for the success of deep learning based
seismic inversion is the training data. In real seismic surveys, it is
difficult, if not impossible, to obtain high-quality and large-volume
training datasets, which increases the difficulty of applying deep
learning to seismic inversion. Due to the multi-solution nature of
seismic inversion, physics-guided neural network (i.e., PGNN),
which only considers physical laws, is unable to avoid the multi-
solution challenge, although it can guarantee physical validity. In
this paper, we develop a double dual neural network structure that
joints both physics and model information (i.e., PMGNN) to alle-
viate the dependence of deep learning methods on training data.
Introducing model domain information in additions to PGNN can

greatly reduce non-uniqueness and give robust inversion results.
The quality of the initial priori model can have a certain impact on
the inversion results. In data-driven seismic inversion, if well data
are available, the dependence on the initial priori model can be
somewhat reduced. To evaluate the influence of the initial model
quality on the inversion results of PMGNN, we conduct tests using
the identical network architecture and training procedure with
synthetic data, while only altering the initial models. New initial
models are randomly generated from the true initial model during
this process. The Structure Similarity Index Measure (SSIM) is
employed to quantify the resemblance between the generated
models and the true model, with larger SSIM values indicating
closer agreement. As illustrated in Fig. 23, the normalized RMSE of
the inversion results across the entire profile changes with varying
SSIM values of the initial low-frequency model, reflecting the
sensitivity of the proposed method to the quality of the initial
model. It can be observed that as the initial model becomes closer
to the true model, the normalized RMSE of the inversion results
decreases. However, when the SSIM reaches 50%, the normalized
RMSE begins to stabilize, indicating a reduced sensitivity of the
inversion performance to further improvements in the initial
model accuracy. Besides, stable 1D results have the same stable
performance when spliced into 2D. However, the proposed
method is still currently based on a trace-by-trace strategy for
inversion, which cannot fully eliminate the lateral discontinuity.
The presence of noise in the input seismic data is responsible for
this phenomenon, as it can introduce lateral inconsistencies
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J. Zhang, H. Sun, X.-G. Huang et al. Petroleum Science 23 (2026) 157–177

174



(a)

2270

2420

2570

2720

Ti
m

e,
 s

(b)

2270

2420

2570

2720

Ti
m

e,
 s

(c)

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

2270

2420

2570

2720

Ti
m

e,
 s

3.0 3.7

Vp, km/s

4.4 1.5 2.0

Vs, km/s

2.5 2.25 2.40

Density, g/cm3

2.55

3.0 3.7

Vp, km/s

4.4 1.5 2.0

Vs, km/s

2.5 2.25 2.40

Density, g/cm3

2.55

3.0 3.7

Vp, km/s

4.4 1.5 2.0

Vs, km/s

2.5 2.25 2.40

Density, g/cm3

2.55

Reference
Initial
MGNN

Reference
Initial
MGNN

Reference
Initial
MGNN

Reference
Initial
PGNN

Reference
Initial
PGNN

Reference
Initial
PGNN

Reference
Initial
PMGNN

Reference
Initial
PMGNN

Reference
Initial
PMGNN

Fig. 22. Comparison of inverted elastic parameters of (a) MGNN, (b) PGNN and (c) PMGNN at trace 84. The left panel shows the P-wave velocity, the middle panel shows the S-
wave velocity, and the right panel shows the density. The black lines are the reference values, the blue dashed lines are the initial values, the red lines are the inversion results.

J. Zhang, H. Sun, X.-G. Huang et al. Petroleum Science 23 (2026) 157–177

175



among adjacent traces in the inversion results. To further improve
the lateral continuity of the inversion results, a multi-trace
inversion strategy is a possible option for future work (Gholami,
2016; Veeken et al., 2009; Zhang et al., 2022a).

5. Conclusion

The inversion of seismic data to produce elastic parameter es-
timate is crucial in obtaining information for reservoir character-
ization. In this paper, we develop a double dual neural network
structure that joints physics and model information to alleviate
the dependence of deep learning based elastic parameter predic-
tion methods on training datasets. The information from the
different domains is linked through a loss function, where one dual
network is responsible for constraining the inversion results using
physics information to ensure the physical validity of the pre-
dictions, and the other dual network is responsible for constrain-
ing the inversion results using priori model information to
improve the robustness of the predictions. The proposed method
(PMGNN) has been evaluated on both synthetic datasets and field
data, and its performance has been compared with that of MGNN
and PGNN. PMGNN considers both physical laws and model
domain information, and its inversion results best match the
reference values. Both qualitative and quantitative assessments in
synthetic and real data validate the advantages of PMGNN over
MGNN and PGNN. Data-driven methods, as a promising approach
for inverse problem solving, have the potential to achieve
improved performance in seismic inversion by integrating more
geophysically meaningful information. In this study, a loss func-
tion incorporating effective auxiliary information is proposed.
Comparative analyses are carried out to assess the improvement in
inversion performance achieved by integrating different types of
information, offering valuable references for future efforts in in-
formation fusion within geophysical inversion frameworks.
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Table 2
The normalized RMSE between the true and the predicted elastic properties using
MGNN, PGNN, and PMGNN for field data at trace 84 (blind well).

Vp Vs Density

MGNN 0.0946 0.1193 0.1330
PGNN 0.0780 0.1015 0.1144
PMGNN 0.0658 0.0869 0.0938
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