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ABSTRACT

Full waveform inversion (FWI) and reverse time migration (RTM) have shown great potential in sub-
surface imaging, yet they remain challenged by migration artifacts and limited deep illumination. A
novel PPS-DLI (progressive pseudo-label self-supervised deep learning inversion) framework is pro-
posed that integrates deep learning with multi-scale waveform inversion and imaging. The approach
introduces a progressive model-based pseudo-label self-supervised strategy that iteratively refines
velocity models by leveraging predictions from previous network stages. Combined with a frequency-
based multi-scale inversion scheme, the method enables robust background velocity reconstruction
at low frequencies and detailed imaging at higher frequencies. Numerical experiments demonstrate that
PPS-DLI significantly reduces the migration artifacts, provides additional structural information with
better illumination, improves the deep layers and sub-salt imaging, and preserves amplitude fidelity for
enhanced lithological interpretation. These advantages position PPS-DLI as a powerful tool for high-

Migration imaging

resolution and noise-resistant seismic imaging.

© 2026 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 license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Full-waveform inversion (FWI), first introduced by Lailly (1983)
and Tarantola (1984), which leverages both the full waveform and
amplitude information of the wavefield, has long been regarded as
the ultimate holy grail in geophysical inversion imaging (Virieux
and Operto, 2009). Over the years, significant advancements
have been made in optimization algorithms, multi-scale strategies
(Bunks et al., 1995; Fu et al., 2018; Choi and Alkhalifah, 2011; Qu et
al.,, 2018; Guo et al., 2019; Nie et al., 2025), objective function (Chi
et al., 2014; Alkhalifah and Choi, 2014; Ha and Shin, 2021; Fang et
al.,, 2024; Wang et al.,, 2024a), initial model construction, and
computational efficiency (Wang et al., 2011; Fang et al., 2020; Berti
et al., 2024). Nevertheless, challenges persist, particularly in
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updating the background velocity in deeper layers. This difficulty
arises because, in shallow layers, the energy from direct and diving
waves is dominant, driving the velocity update in these regions. In
contrast, in deeper layers, the energy responsible for updating the
background velocity is considerably weaker, with the update being
more influenced by reflections at the interfaces. As a result, the
background velocity update in deeper layers remains limited.
Furthermore, FWTI's reliance on waveform fitting makes it highly
sensitive to poor data quality and inaccurate initial models,
rendering it prone to non-convergence in such scenarios.

Seismic imaging (acquiring subsurface reflectivity models) re-
lies heavily on migration. Migration imaging has been a core
technique in seismic data processing since Claerbout (1971), the
imaging principle of migration. Migration imaging techniques
require good velocity modeling, especially the reverse time
migration (RTM) technique, which has the highest requirement for
the initial velocity model. In addition, the influence of an inaccu-
rate velocity model, offset aperture, and inverse pseudo-frequency
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parameter will generate migration artifacts, which affect the
reduction accuracy of subsurface reflectivity.

FWI-imaging (Huang et al., 2021; McLeman et al., 2023) is a
novel approach that integrates full-waveform inversion (FWI) with
migration, by extending FWI to high-frequency bands closely to
imaging, and extracting reflection coefficients from the final
inversion results. Although FWI-imaging is still in its early stages
of development, its potential remains promising, requiring further
advancements for more impactful results.

In this paper, we propose leveraging deep learning-based
inversion techniques in conjunction with FWI-imaging, aiming to
address the challenges traditionally associated with both FWI and
migration. The rapid progress of deep learning techniques has led
to numerous studies integrating convolutional neural networks
(CNNs) with seismic waveform inversion. The first approach
mainly focuses on using CNNs to reveal the hidden connection
between seismic data and velocity models, such as mapping
observed data or migration images to accurate velocity models
(e.g. Wu et al., 2018; Yang and Ma, 2019; Wang and Ma, 2020; Liu
et al., 2021; Taufik et al., 2024; Wang et al., 2023; Zhang and Gao,
2021; Zhang et al., 2021; Wu et al., 2021, 2022; Wang et al., 2024b).
The second approach leverages deep learning as a complement to
traditional inversion methods, including generating low-
frequency data (Plotnitskii et al, 2020; Cheng et al., 2024),
physics-informed simulations (Waheed et al., 2021; Song and
Alkhalifah, 2021; Zhang et al., 2023; Rasht-Behesht et al., 2022;
Schuster et al., 2024), and reparameterization techniques (Wu
and McMechan, 2019; He and Wang, 2021; Zhu et al.,, 2022;
Jiang et al., 2023; Zhao et al., 2025).

In this study, we build upon the concept of FWI-imaging by
integrating deep learning with waveform inversion and imaging,
and propose a multi-scale inversion imaging framework grounded
in pseudo-label self-supervised learning. This approach comprises
two key components: a progressive self-supervised strategy and a
multi-scale inversion scheme. The progressive pseudo-label self-
supervised strategy involves the iterative construction of a velocity
dataset required for network training, initially based on model
segmentation of the starting velocity model. As iterations proceed,
model segmentation is guided by predictions from the preceding
network stage, enabling the generation of increasingly accurate
velocity models. In this context, “progressive” refers to model
segmentation driven by prior network predictions in each itera-
tion, enabling the construction of increasingly accurate velocity
models. The multi-scale inversion strategy employs a frequency-
based approach, starting with the inversion of the background
velocity at low frequencies and gradually transitioning to the
higher-frequency bands required for imaging. Numerical tests
demonstrate that our method enhances deep illumination and
provides clearer sub-salt imaging. Furthermore, the concept of
“FWI-imaging” enables precise extraction of the subsurface
reflection model while effectively suppressing migration artifacts.

The PPS-DLI imaging method presented in this paper offers
several notable advantages: 1) It significantly reduces migration
artifacts compared to RTM and traditional migration techniques.
2) By preserving amplitude characteristics, this approach facili-
tates lithological interpretation through the energy features of the
imaged axes, unlike conventional migration methods. 3) It more
effectively captures deeper layers of geological features in com-
parison to FWI imaging. These benefits position the proposed
method as a valuable tool in seismic interpretation.

2. Methodology

The Methods section delineates the paper's methodology in
three parts: the first two detail the progressive pseudo-label self-
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supervised deep learning inversion strategy and the multi-scale
inversion approach, while the final part emphasizes the impor-
tance of FWI-imaging and its connection to our deep-learning-
based inversion imaging.

2.1. The progressive model-based pseudo-label self-supervised
strategy

We first present the basic theoretical and technical details of
the progressive pseudo-label self-supervised deep learning
inversion (PPS-DLI) of this paper. We begin by presenting the
foundational theoretical and technical aspects of the progressive
pseudo-label self-supervised deep learning inversion (PPS-DLI)
method outlined in this paper. PPS-DLI comprises two essential
components: self-supervision and progression. A clear grasp of
both is key to understanding the core principles of PPS-DLI.

We begin with self-supervision. In current end-to-end deep
learning inversion techniques, the primary challenge lies in con-
structing a comprehensive training set that encompasses all sub-
surface features to model the complex nonlinear equations from
raw data to the velocity model. However, achieving this in practice
often remains unrealistic.

In this paper, “self-supervised” is used in a geophysical inver-
sion context, which differs from its conventional definition in
computer vision. Here, it refers to the automatic generation of
training labels from the initial velocity model (derived from
observed seismic data) without external ground-truth or pre-
existing labeled datasets. The supervision is “self-derived”
through progressive refinement: each iteration uses the method's
own predictions to generate improved training samples, forming a
fully data-driven, self-contained workflow.

In contrast, our pseudo-label self-supervised approach initiates
with an initial velocity model and trains the inversion network by
creating a training set with background velocities similar to the
initial model but enriched with reflective information through
model segmentation. Unlike the idealized large-data scenario, our
method effectively reduces prediction complexity.

The second component is progression. Our PPS-DLI follows a
continuous, iterative inversion process. Beginning with self-
supervision from the initial model, the inversion network gener-
ates results from the first iteration, which are then used as the
basis for the second iteration's self-supervision. This progressive
iteration continues until convergence is achieved. We now
describe this iterative process in detail, along with the associated
pipeline in Fig. 1.

Fig. 1 outlines the PPS-DLI module's workflow. Orange lines
indicate the network's prediction pathway, while blue lines denote
the training phase. For an unknown subsurface model, field-
collected observation data dops are acquired. Initial velocity esti-
mates vy, g are obtained through tomography or migration velocity
analysis (MVA), producing initial RTM images Ix;. The CNN uses a
two-channel input, {7,0,ly;}cyy iNtegrating the initial velocity
model and RTM images for prediction.

The network training process commences. A well-created
dataset is pivotal for effective neural network training. We
generate a training set comprising perturbed models with
consistent background velocity but enhanced reflective features
derived from the initial model, following model segmentation as
described in (Wu et al., 2022). After segmentation, we obtain 24
training models with P-wave reflections, V}, parceliation = [Vp1, Vp2 .-
Vp24], which serve as accurate representations during training.
Fig. 2 illustrates examples of the training velocity models at
different iterations. The first iteration (Fig. 2(a)) uses models
derived from segmentation of the initial velocity model, while
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Fig. 1. The workflow of progressive pseudo-label self-supervised deep-learning inversion (PPS-DLI). (a) lllustration of the progressive pseudo-label self-supervised strategy within
a single frequency band, showing the iterative refinement of training datasets and network predictions. The network predicts velocity models, which are then converted to
reflectivity images using Eq. (4) for the final imaging results. (b) Complete PPS-DLI framework integrating the multi-scale inversion scheme across progressive frequency bands.

subsequent iterations (Fig. 2(b)) progressively refine the training
set based on predictions from the previous network stage. This
progressive strategy enables the network to iteratively improve
velocity model accuracy. Subsequently, we assemble the input
data for network training, comprising prinput = th szm, Vp24]
alongside corresponding migration images Iyinput = [Ix1, Ix2 .-
Ix24]. The training labels are the associated segmented models.

Notably, for the initial velocity models in training data, the
ideal approach relies on the tomography model derived from
simulated data. However, this method is computationally pro-
hibitive. Consequently, in practical network training, Gaussian
smoothing is often used as a substitute for tomography. This
substitution, however, introduces a challenge: the training pro-
cess tends to approximate an inverse smoothing procedure,
which can hinder the subsequent processing of field data. To
address this, we propose a novel strategy for constructing the
initial model. This method first smooths the results from model
segmentation, followed by thinning, random perturbation, and
interpolation, ultimately generating an initial model that closely
resembles the tomography results and is better suited for field
data adaptation.
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Following network optimization, the CNN models F"‘/; were
derived. Using the pre-prepared input dataset {ﬁp,ole,i}cmvv we
performed network prediction:
Up k+1,i+1 = F\k/pl (i’\p,iv Ix,i:fi) (1)
where vpi1i+1 Tepresents the P-wave velocity model, with
subscript k denoting the iteration number of PPS-DLI at a given
inversion frequency, and subscript i indicating the frequency index
in the multi-scale inversion. The network directly predicts the
velocity model rather than reflectivity. v, o denotes the initial P-
wave velocity model. f; denots different frequency in multi-scale
processing. We input the prediction results of the network into
the judgment module to identify whether it converges, which can
determine whether the self-supervised iteration is further recur-
sive or ends.

It is important to clarify the role of forward modeling in our
framework. Unlike physics-informed approaches that integrate
forward modeling into the training loop via automatic differenti-
ation (e.g., Deepwave, Devito), our method uses forward modeling
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Fig. 2. Examples of training velocity models at different iterations. (a) Showing 24 velocity models generated through model segmentation of the initial velocity model. (b)
Showing 24 velocity models generated based on the prediction results from the previous network stage.
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solely for post-iteration convergence assessment. The forward
modeling evaluates prediction accuracy by computing data misfit
but does not participate in network training or provide gradients
to the CNN. The network learns purely from the pseudo-label su-
pervision without physics-based loss constraints.

Before feeding data into the CNN, we apply normalization to
ensure training stability. The velocity model uses min-max

normalization: Upnorm = (?p — ﬁp?mm>/(ﬁp,max — ﬂp‘mm>, scaling

values to [0,1]. The RTM image uses standardization: Iynorm =
(Iy — pix)/oix, Where pujx and oy are mean and standard deviation.

2.2. The multi-scale strategy

The multiscale strategy (Fu et al., 2018; Choi and Alkhalifah,
2011; Qu et al., 2018; Guo et al., 2019; Liu et al., 2020) plays a
pivotal role in this study. For FWI imaging, inverting directly to the
high-frequency bands required for imaging is impractical when
the background velocity is constrained. Similarly, in Al inversion,
we encounter a comparable challenge. Therefore, adopting a
multiscale inversion approach progressing from low to high fre-
quencies emerges as the optimal solution. Firstly, it reduces the
uncertainty associated with high-frequency components, which
can introduce errors and redundancy in the inversion process.
Secondly, it better aligns with physical principles by initially
inverting the background velocity with low-frequency data, fol-
lowed by a gradual reconstruction of fine-scale details using high-
frequency information. This is essential for our deep-learning
inversion imaging to accurately capture the reflection informa-
tion in the high-frequency band.

Fig. 3 delineates the workflow.

. At the start of the inversion, we choose a set of frequencies
f=1fo, fu, ..., fi] tailored to the seismic data's properties. The
inversion follows a multi-step frequency progression, begin-
ning at 6 Hz and incrementally increasing through 15 Hz and
25 Hz during optimization. This approach emphasizes low
frequencies initially to define stable velocity constraints before
addressing higher-resolution details.

. For each iteration, a low-pass filter is applied to the observed
seismic data, yielding dobs; = Lowpass(dops)

. The CNN input is constructed for parameters V), incorporating
reverse time migration (RTM) images I, (implement the Laplace
filtering and depth-dependent illumination compensation after
imaging) and initial models 7, . The RTM images are derived
from angle-domain RTM imaging.

. The PPS-DLI framework generates the velocity model for the
current iteration.

. If all frequency steps are completed, the PPS-DLI process con-
cludes. Otherwise, the output data undergoes post-processing
using Gaussian smoothing (40—60 iterations with a radius of
3 grid points) to prevent sharp structural anomalies when
transitioning between frequency scales, and the smoothed re-
sults serve as the base model for the subsequent iteration.

The core inversion equation is as Eq. (1) shows, with the post-
processing equation as follows.
Vpit1 = Postprocessing(vpvm) (2)
where F{jp’ represent the CNN model, f; denots different frequency
in multi-scale processing. For multi-scale training, each frequency

stage performs up to 5 progressive pseudo-label self-supervised
iterations with a constant learning rate (the same optimization
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Fig. 3. The workflow of the PPS-DLI method.

method ADAM), as convergence is typically achieved within 3-5
iterations (Fig. 11). Each iteration trains a new network from
scratch using the progressively refined training dataset.

Fig. 1(b) illustrates the complete PPS-DLI framework that in-
tegrates the progressive pseudo-label self-supervised strategy
with the multi-scale inversion scheme. Throughout the entire
workflow, the network input remains fixed, consisting of the initial
velocity model and RTM images {70, I;}. The key to the pro-
gressive refinement lies in the iterative improvement of the
training dataset. At each iteration, model segmentation generates
training samples based on the prediction from the previous
network stage. This process progressively refines the training
dataset to approximate the true subsurface model more accu-
rately. As iterations proceed, although the network input stays
constant, the evolving training dataset enables the network to
learn increasingly accurate velocity-to-structure mappings, ulti-
mately achieving convergence when predictions stabilize.

The multi-scale strategy further enhances this process by pro-
gressing from low to high frequencies. At each frequency stage f;,
the progressive self-supervised iterations refine both the back-
ground velocity (at low frequencies) and structural details (at
higher frequencies). The converged result at frequency f; serves as
the initial model for the next frequency stage fi,1 after post-
processing, ensuring smooth transitions across frequency bands
and enabling the reconstruction of both large-scale velocity
structures and fine-scale geological features. Unlike conventional
transfer learning approaches that apply pre-trained networks to
new data, PPS-DLI trains a new network from scratch for each
dataset based on its specific initial velocity model.

2.3. Deep learning inversion imaging

FWI has become one of the most important tools for inverting
refined velocity structures, serving a purpose similar to that of
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Fig. 4. Comparison of numerical experiments based on PPS-DLI in the Sigsbee model.
(a) and (b) show the real subsurface velocity models along with their corresponding
reflection coefficient models. (c) and (d) display the initial velocity model and its
corresponding RTM imaging result. (e) and (f) present the inversion and imaging
results from FWI, respectively. (g) and (h) illustrate the inversion and imaging results
based on PPS-DLI.

reverse-time migration, which is to determine the physical pa-
rameters of the subsurface. Depth migration, particularly reverse
time migration algorithms, heavily depends on the initial velocity
model. Historically, the inversion results have mainly been used as
the velocity model for reverse time migration imaging (or other
migration algorithms), without establishing a comprehensive
process that integrates inversion and imaging.

High-frequency full waveform inversion (FWI) effectively re-
stores structural information of the subsurface medium (Wang et
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al.,, 2019), though its influence on waveform simulation and
migration imaging remains limited. Nonetheless, velocity
modeling that incorporates structural features offers significant
insights for tectonic interpretation (Sirgue et al., 2009; Lu, 2016;
Shen et al., 2018). Both background velocity characteristics and
high-frequency structural data are crucial for geological analysis.
One such high-frequency feature, reflectivity, refers to the volume
distribution of the reflection coefficient. This coefficient, which is
the normalized impedance contrast, can be determined using the
following equation:

Z oz . YA .
a—:a—cos ¢sin 9+g—ysm ¢sin 6 +

(3)

oZ
—cos @
Z

on  ox 0.

where Z denotes the impedance, n represents the normal direction
to the subsurface reflector. Impedance is defined as the product of
density and velocity, Z = pv, while ¢ and 0 represent the azimuth
and dip angles of the normal vector to the subsurface reflectors. In
this study, we assume density is either constant, concentrating
solely on the correlation between reflectivity and velocity (noting
that alternative velocity-to-density relationships could also be
applied). Consequently, the impedance contrast can be approxi-
mated as:

w
P\ ox

The PPS-DLI network outputs a velocity model v at each iter-
ation. To obtain the reflectivity-based imaging result (PPS-DLI
imaging), we apply Eq. (4) to the final predicted velocity model as a
post-processing step. Both FWI and PPS-DLI can generate reflec-
tivity models through Eq. (4), which forms the basis of the “FWI-
imaging” concept (Huang et al., 2021; Zhang et al., 2020). PPS-DLI
imaging, as presented in this study, shares similarities with FWI
imaging, both of which produce reflectivity-based images. The
benefits of PPS-DLI imaging over traditional migration methods
primarily include.

oz
on

(4)

. o . . ov
COS ¢sin 6 + — sin ¢sin @ + —cos 6
¢ oy ¢ oz )

a. Effective suppression of migration imaging noise.

b. High energy fidelity, with distinct energy variations above and
below the reflectivity layer, aiding geological interpretations
related to lithology and other factors.

c. Reduction of imaging artifacts arising from multiple wave
interactions.

It is important to distinguish between the two types of post-
processing in our workflow. The post-processing in Eq. (2) refers
to velocity smoothing applied during the multi-scale inversion
iterations to ensure smooth transitions between frequency stages.
In contrast, the post-processing described here (Eq. (4)) is applied
only once to the final inverted velocity model to extract the
reflectivity-based imaging result.

3. Numerical testing

In the testing section, the study begins with the layer model
(Sigsbee) and a basic salt dome model to assess the method's
effectiveness, concluding with a real field oceanic data case to
evaluate its performance with field data. The synthetic velocity
models are scaled at 1:1 to specifically test the method's capability
in imaging deep background velocities and reflectivity.

To emphasize the distinctive features of the proposed method,
we conduct comparison experiments as follows: first, we compare
PPS-DLI with conventional RTM imaging results; second, we
compare FWI-imaging from prior studies with the results obtained
using the method presented in this paper.
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Fig. 5. Localized magnification of the imaging results in (b), (d), (f), and (h) of Fig. 6, respectively.

3.1. Case 1: Sigsbee model numerical testing

First, we compare different imaging methods on the Sigsbee
model with the PPS-DLI in this paper. Fig. 4 shows the comparison
of numerical experiments based on PPS-DLI in the Sigsbee model.
(a) and (b) show the real subsurface velocity models along with
their corresponding reflection coefficient models. (c) and (d)
display the initial velocity model and its corresponding RTM im-
aging result. (e) and (f) present the inversion and imaging results
from FWI, respectively. (g) and (h) illustrate the inversion and
imaging results based on PPS-DLI.

This experimental comparison can be divided into two cate-
gories based on its objectives: one focusing on the comparison
between conventional RTM imaging and FWI-imaging (Al-imag-
ing) results, and the other on the comparison between FWI-
imaging and the Al-imaging (PPS-DLI) method presented in this
paper. The paper highlights the proposed method's contribution
through two key aspects.

Initially, we compare the inversion outcomes of FWI (Fig. 4(e))
with PPS-DLI (Fig. 4(g)), noting consistent accuracy in the shallow
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inversion zone (<1.5 km). However, at greater depths, PPS-DLI
excels in reproducing background velocity details. FWI's sensi-
tivity to deep velocity information is limited by illumination and
sensitive kernel, whereas PPS-DLI adeptly recovers these features
through a progressive self-supervision approach and model seg-
mentation strategy. (Given their reliance on multi-scale algo-
rithms, the influence of multi-scale on these methods is not
addressed.)

Returning to the imaging results section, we contrast RTM
imaging outcomes (Fig. 4(d)) with those of FWI-imaging (Fig. 4(f))
and PPS-DLI-imaging (Fig. 4(h)). The inversion-based imaging
effectively reduces migration artifacts generation, as highlighted
by the red arrows in Fig. 4. The RTM results obscure the effective
axes where migration artifacts is prevalent. Additionally, energy
features observed in RTM imaging lack geological significance
above and below the isophase axis due to RTM's non-amplitude-
preserving nature. Conversely, the PPS-DLI-imaging presented
here accurately retains the energy characteristics of the axis, aid-
ing geological lithology interpretation. Notably, FWI-imaging re-
sults still show a little residual migration artifacts (although it is
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Fig. 6. Comparison between multi-scale and single-frequency inversion strategies on the Sigsbee model. (a) Inverted velocity model using multi-scale PPS-DLI. (b) PPS-DLI
imaging result with multi-scale strategy. (c) Localized magnification of (b). (d) Inverted velocity model using single-frequency PPS-DLI (25 Hz only). (e) PPS-DLI imaging

result with single-frequency inversion. (f) Localized magnification of (e).
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Fig. 7. The forward modeling interleaved display results based on the true, PPS-DLI,
and FWI from the Sigsbee model, respectively.
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much better than the RTM results), attributed to FWI's use of the
adjoint state method, which introduces noise through the corre-
lation of forward and backward wavefield simulations. The PPS-
DLI-imaging method, despite utilizing RTM image data during
iteration, effectively mitigates this noise through network training
and self-supervision.

A comparison of FWI-imaging with PPS-DLI-imaging reveals
that the progressive pseudo-label self-supervised approach pre-
sented herein more effectively restores deep features, enhancing
both imaging clarity and axis continuity. Fig. 5 displays localized
magnifications of the results from (b), (d), (f), and (h) in Fig. 4. As
indicated by the red arrows, FWI-imaging efficiently mitigates
migration artifacts in comparison to RTM, while PPS-DLI-imaging
further reduces noise associated with the FWI gradient, providing
a more accurate recovery of deep structural features.

To demonstrate the contribution of the multi-scale strategy to
progressive self-supervised inversion, we compare multi-scale
inversion with single-frequency inversion (direct 0-25 Hz
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Fig. 8. Comparison of numerical experiments based on PPS-DLI in a basic salt dome
model. (a) and (b) show the real subsurface velocity models along with their corre-
sponding reflection coefficient models. (c) and (d) display the initial velocity model
and its corresponding RTM imaging result. (e) and (f) present the inversion and im-
aging results from FWI, respectively. (g) and (h) illustrate the inversion and imaging
results based on PPS-DLI.

inversion without multi-scale progression) on the Sigsbee model
(Fig. 6). The multi-scale results (Fig. 6(a)-(c)) show significantly
better structural reconstruction than single-frequency inversion
(Fig. 6(d)~(f)). The multi-scale approach establishes a robust
background velocity at low frequencies before refining structural
details at higher frequencies, making it more resilient to initial
model inaccuracies. Direct high-frequency inversion struggles
when the initial model deviates from the true structure, as it at-
tempts to simultaneously learn both background velocity and fine-
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scale features. As shown in the zoomed regions (Fig. 6(c) and (f)),
the multi-scale strategy yields superior structural continuity and
clearer boundaries, particularly at depth. This demonstrates that
multi-scale inversion is essential for robust convergence in the
PPS-DLI framework.

Fig. 7 shows the forward modeling interleaved display results
based on the true, PPS-DLI, and FWI models from the Sigsbee
model, respectively. We find that the model forward records ob-
tained through our method show a better overlap with the records
of the real model, both in terms of travel time and morphological
accuracy. This further demonstrates that the method presented in
this paper offers more accurate velocity inversion results
compared to traditional FWI.

3.2. Case 2: salt dome model numerical testing

Next, we test the imaging effects of different methods in the
salt dome model, focusing mainly on observing how the different
methods portray the salt dome boundaries, especially the lower
salt dome boundaries, as well as the effects of sub-salt imaging.
Fig. 8 shows the comparison of numerical experiments based on
PPS-DLI in a basic salt dome model.

A comparison of FWI-imaging with the conventional RTM
method reveals that both FWI-imaging and PPS-DLI-imaging
effectively mitigate migration artifacts. Furthermore, these
methods preserve energy and characterize geological features,
such as upper and lower lithology, through energy distribution, a
capability not afforded by RTM. These findings align with the
conclusions drawn from the previous Sigsbee model comparison.

Next, we examine key aspects of the salt dune model, beginning
with the delineation of the salt dune boundary and the imaging
effects of sub-salt. As highlighted by the red dashed line in the
figure, the method presented herein substantially enhances the
definition of the salt dune boundary and the continuity of the deep
homophase axis. Moreover, in comparison to the FWI-imaging
method (indicated by the red arrows in the figure), the PPS-DLI-
imaging technique demonstrates superior capability in recon-
structing the subsalt geological structure. Fig. 9 displays localized
maghnifications of the results from (b), (d), (f), and (h) in Fig. 8. As
indicated by the red arrows in the figure, the method presented in
this paper not only effectively suppresses migration artifacts and
enhances the continuity of the axis, but, more crucially, it also
provides a superior reconstruction of the sub-salt structure, of-
fering significant value for hydrocarbon reservoir interpretation,
especially when compared to traditional RTM and FWI-imaging
techniques. Fig. 10 presents the forward modeling comparison
results from the Salt dome experiment, which consistently vali-
date the conclusion demonstrated in Fig. 7.

To better understand the convergence behavior of PPS-DLI, we
analyze the error evolution across iterations for both the Sigsbee
and salt dome models (Fig. 11). The RMSE curves reveal two
important characteristics of the progressive pseudo-label self-su-
pervised strategy.

First, the error consistently decreases with iterations at each
frequency stage, demonstrating effective convergence. However, a
slight error increase occurs at the first iteration of each new fre-
quency stage (transitions from 6 Hz to 15 Hz and from 15 Hz to
25 Hz). This is attributed to the post-processing (Gaussian
smoothing) applied before frequency transitions, which tempo-
rarily removes some fine-scale features to ensure smooth velocity
transitions between frequency bands. Second, the scatter points
showing training dataset errors align with our theoretical analysis
— as iterations progress, the training dataset increasingly approx-
imates the true subsurface model. This progressive refinement of
the training dataset enables the network to learn more accurate
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Fig. 9. Localized magnification of the imaging results in (b), (d), (f), and (h) of Fig. 8, respectively.
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Fig. 10. The forward modeling interleaved display results based on the true, PPS-DLI,
and FWI from the salt dome model, respectively.

mappings from initial velocity models to true structures. The
training dataset RMSE decreases from approximately 2.5%-2.8% to
1.5%-2.0% for the Sigsbee model and from 7.0% to 4.0%-4.5% for the
salt dome model by the final iteration, confirming that the self-
supervised strategy successfully generates increasingly realistic
training samples.

3.3. Case 3: A marine data case study

Next, we assess the efficacy of the methodology through a
multiscale inversion and imaging example based on marine
seismic data. Following the same pseudo-label self-supervised
training strategy as synthetic examples, we train a new network
specifically for this marine dataset. This data is sourced from an
offshore field, where the marine subsurface is characterized by
predominantly flat layers, interspersed with minor folds and
faults. The initial velocity model was derived via tomography ve-
locity inversion (Fig. 12(a)), with values ranging from
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samples and the true model at each iteration, demonstrating progressive improvement of the training dataset quality.
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Fig. 13. Comparison of multiscale inversion results for marine seismic data. (a) Multi-scale FWI inversion results (25 Hz). (b) FWI-imaging result. (c) Multi-scale inversion results
of PPS-DLI (25 Hz). (d) PPS-DLI imaging result.
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Fig. 14. Common image point (CIP) gathers at three lateral positions (x = 1 km, 5 km, 10 km) for the marine field data. (a) FWI-imaging results. (b) PPS-DLI imaging results. PPS-

DLI shows improved event continuity and clarity, particularly in deeper sections.

values. For the velocity reconstruction in deep layers, the method
in this paper has obvious advantages, which can reconstruct the
background velocity more accurately, and the tectonic features,
such as layers and faults, can be better recovered by multiscale
inversion to high frequency.

The multiscale PPS-DLI-imaging method (Fig. 13(d)) effectively
mitigates migration imaging noise, as indicated by the blue arrow in
Fig. 13(b) and (d). In contrast, FWI-imaging retains some residual
migration artifacts, a consequence of the adjoint state method used
in this paper for gradient computation. This approach relies on the
intercorrelation of forward and backward wavefields, inadvertently
introducing deep gradient noise into the inversion results during
the update process. Furthermore, the PPS-DLI reconstruction in this
study provides a clearer depiction of high-frequency geological
features (highlighted by the red arrows), owing to the progressive
refinement of the background velocity. The deep-layer information
is effectively recovered, demonstrating improved continuity over
FWI-imaging, thanks to the suppression of migration artifacts and
enhanced background velocity.

3943

To further assess the imaging quality improvement, we
compare common image point (CIP) gathers at three representa-
tive lateral positions (Fig. 14). The PPS-DLI gathers (Fig. 14(b))
exhibit noticeably better event continuity and coherence
compared to FWI-imaging (Fig. 14(a)), particularly in the deeper
sections below 2.4 km depth. The enhanced clarity of reflection
events in PPS-DLI gathers demonstrates that the method not only
suppresses migration artifacts in stacked images but also improves
the consistency of subsurface reflectors across different imaging
angles, which is crucial for reliable seismic interpretation.

4. Conclusion

In this study, we introduce a novel approach to seismic imaging
by integrating deep learning with full-waveform inversion (FWI)
and migration imaging. Our proposed PPS-DLI framework lever-
ages a progressive self-supervised learning strategy combined
with a multi-scale inversion scheme. This method refines velocity
models iteratively, starting with low-frequency data to construct
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robust background velocity models and gradually progressing to
higher frequencies for detailed and accurate imaging. The pro-
gressive pseudo-label self-supervised strategy enables the dy-
namic refinement of velocity models by iterating on model
segmentation informed by prior network predictions. This results
in increasingly accurate velocity models, which are crucial for
high-resolution seismic imaging. The multi-scale inversion
approach combined with a progressive self-supervised strategy
further enhances the method's performance by providing clear
illumination of deeper geological features and enabling subsalt
imaging, which is often challenging with traditional methods.

Our numerical tests demonstrate the effectiveness of PPS-DLI in
addressing key challenges in subsurface imaging. Notably, PPS-DLI
significantly reduces migration artifacts compared to traditional
migration imaging techniques, leading to cleaner and more accu-
rate seismic images. Additionally, the method preserves amplitude
characteristics, facilitating better lithological interpretation
through the energy features of imaged axes. This advantage posi-
tions PPS-DLI as a superior alternative to conventional migration
methods, offering more reliable and interpretable seismic results.

The proposed PPS-DLI method also stands out by offering
improved deep structural imaging and sub-salt resolution, making
it highly effective for capturing deeper layers of geological fea-
tures. By mitigating migration artifacts and enhancing deep illu-
mination, our approach enables more precise extraction of
subsurface reflection models. These unique capabilities make PPS-
DLI a powerful and promising tool for advancing seismic
interpretation.
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Appendix A. Model segmentation method

A spatially-constrained, divisive hierarchical k-means parcel-
lation method can parcellate a velocity model into several con-
nected leaf nodes, which can be used as a model basis.

Before the parcellation algorithm starts, we should set a suit-
able threshold (maximize the number of features), which is about
one percent of the velocity model grid points (in this paper is
256 x 256 x 0.01 ~ 655).
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In the first step, we use the k-means algorithm to partition the
velocity model into two clusters Vi and V, based on their
distribution.

V=ViuV,, VinV, =9 (5)

By minimizing the loss function, we can obtain the above two
disjoint clusters V; and V5.

2
Loss(V) = >~ > "llu(g) — mean;|?

i=1 geV;

(6)

where v(g) is the velocity value at the grid point g, mean; denotes
the velocity mean of V;.
Secondly, we find the largest spatially connected regions Ry and

Ry in the clusters V7 and V5, where
RiEVy, and REV, (7)

Thirdly, let the regions Ry and R, merge other grid points which
belongs to Ry = V—-V1UV>, respectively.

ge{

where Distance,, is Manhattan distance, can be expressed as

Ry, if Distancen (g, R1) < Distancem (g, R2)

R,, if Distancen (g, Ry) > Distancen (g, Ry) (8)

(9)

Distancem (g, R;) = mingeg, |Xg — X;| + ‘yg —yr

where x and y are the horizontal and vertical coordinates.

Based on this region's growing algorithm, we divide the model
into sub-models A and B, where V = AUB, AnB =@.

In the fourth step, we use the above three steps to repeatedly
parcel the sub-models until the number of grid points of the
sub-model g < Threshold. When the cycle-parcellation ends, we
get the corresponding leaf nodes with g < Threshold, which we
use as the model basis. Then we will get a series of leaf nodes,
which can be jointly reconstructed V = {R{,R,,...
Rn}; RiNRyn--NRyp = @.

The last step is to construct several different training velocities
from the above model basis. The random training velocity model

)

V, are set by assigning random values (@ ~ Nor[E(R;), Var(r;)]) for
every model basis (leaf nodes), based on the mean E(R;) = ﬁineRir

and variance Var(r;) = ﬁzre& [r — E(r;)]%, where i = 1, 2, ..., n and
Nor denotes a normal distribution.

Appendix B. Network structure

In this paper, we use an attention U-Net to introduce some
attention layers into a standard U-Net. We can improve the
network's attention to structures such as faults and layers
based on the attention layers, thus improving the accuracy of
the inversion of subsurface structures. Fig. 15 shows the
structure the attention U-Net in this paper. The specific
structure of the network was described in our previous paper
Li et al. (2022).

The attention U-Net is a potent neural network comprising
diverse elements, encompassing downsampling and upsampling
strata, skip connections, and attention strata. The encoder
segment of the network is fashioned using Conv, ReLU, and
downsampling strata. The encoder and decoder segments of the
network share an asymmetrical structure. Additionally, the
attention strata augment the precision of the network by
concentrating on the most informative attributes throughout the
training procedure.
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Fig. 15. The structure of the attention U-Net in this paper. (a) A standard U-Net with some attention gates. (b) The inner structure of an attention gate.

The attention U-Net is a powerful neural network that consists
of various components, including downsampling and upsampling
layers, skip connections, and attention layers. The encoder part of
the network is constructed using Conv, ReLU, and downsampling
layers, where Maxpooling is used as the downsampling layer. The
encoder and decoder parts of the network have an asymmetric
structure in common. Furthermore, the attention layers enhance
the accuracy of the network by focusing on the most informative
features during the training process. Overall, the attention U-Net is
a powerful tool that can be used in various applications, including
image segmentation and classification, due to its ability to extract
and utilize important features from the input data. In this paper,
we choose an attention U-Net as the basic structure of PPS-DLI,
which can greatly improve the inversion accuracy.
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