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Abstract
Wave-equation–based seismic migration is a core technology for high-resolution 
subsurface imaging in applications such as hydrocarbon exploration and 
geothermal resource assessment. It provides a more complete physical description 
of seismic wave propagation than ray-based migration methods, and is therefore 
essential for imaging complex geological structures characterized by strong velocity 
contrasts and steeply dipping reflectors. This paper presents a systematic review 
and comparative analysis of wave-equation prestack depth-migration methods, 
including reference-velocity–based one-way wave-equation depth migration 
(OWDM), accurate-velocity–based OWDM, reverse-time migration, and full-wave-
equation depth migration. The theoretical foundations, wavefield extrapolation 
characteristics, imaging mechanisms, and numerical implementations of these 
methods are examined within a unified framework. Particular emphasis is placed on 
clarifying the intrinsic limitations of one-way wave-equation migration in handling 
turning waves and large propagation angles, and on contrasting the strengths and 
weaknesses of time-domain versus depth-domain full-wave-equation migration. 
Based on representative numerical experiments and field data examples, the 
imaging performance, computational efficiency, and practical applicability of the 
four migration schemes are comprehensively compared. In addition, recent advances 
in artificial intelligence-assisted seismic imaging are reviewed, focusing on wavefield 
propagator design and migration artifact suppression. This review provides practical 
guidance for selecting appropriate migration strategies in complex geological 
settings and offers insights into future developments of wave-equation–based 
seismic imaging.
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1. Introduction
Seismic imaging technology is of great significance in 
promoting oil and gas exploration and development, 
geothermal resource assessment, carbon dioxide 
sequestration monitoring, and related fields. As energy 
resources are extensively exploited, exploration has 
become increasingly challenging. The search for mid-to-
deep reservoirs, ultra-shallow formations, buried hills, 
lithologic traps, and complex structural or fractured 
reservoirs has emerged as a key research focus, posing 
new challenges for exploration seismology—particularly 
in seismic-wave migration imaging. Advancements in 
high-resolution seismic imaging techniques are critical 
for improving the exploration of both conventional 
and unconventional hydrocarbon resources. Beyond 
hydrocarbon exploration, high-resolution seismic imaging 
is also critical for emerging energy technologies, such as 
carbon capture and storage (CCS) and geothermal energy 
development. Accurate migration methods are essential 
for monitoring fluid movement in CCS reservoirs and 
characterizing fracture networks in geothermal systems, 
highlighting the broader societal relevance of advancing 
wave-equation–based techniques.

Since its inception in the 1960s, seismic imaging has 
evolved significantly, progressing from early manual and 
human–computer migration methods to digital wave-
equation–based techniques enabled by advances in 
scientific computing.1 Early migration approaches were 
rooted in Huygens’ principle, which treats every point on 
a wavefront as a secondary source. The exploding reflector 
model (ERM), which assumes simultaneous explosions 
of all points at the subsurface, laid the foundation for 
modern imaging.2 Subsequent developments introduced 
frequency–wavenumber one-way wave migration derived 
from ERM and other wave-equation formulations. 

One-way wave migration can be regarded as a practical 
implementation of ERM under the paraxial assumption. 
Integral migration methods based on ray-tracing theory 
also contributed to the theoretical foundation of modern 
imaging.3 In addition to seismic reflection imaging, the 
diffraction imaging theory provides a special solution 
for small-scale structure.4 These early techniques laid 
the groundwork for rapid advances in migration, with 
progress closely tied to improvements in computational 
hardware. Enhanced computing power has facilitated a 
transition from post-stack to prestack migration, from 
time migration to depth migration (which better accounts 
for velocity variations), from 2D to 3D migration, 
from ray-based algorithms to wave-equation migration 

employing exact solutions, from one-way wave migration 
to full-wave-equation migration, and, more recently, from 
traditional methods to artificial intelligence (AI)-assisted 
migration imaging.

This review systematically analyzes the evolution of 
one-way and full-wave-equation migration methods, 
focusing on comparisons of wavefield propagation and 
imaging performance among the current mainstream 
wave-equation–based migration methods. Specifically, it 
highlights advancements in wave-equation migration and 
their constraint, with discussions of their prospects for 
seismic exploration.

2. Research progress on wave-equation–
based migration
Limited to a 2D case in this review, the acoustic constant-
density second-order wave equation is given as:
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where u is the pressure wavefield, v denotes the medium 
velocity, x and z are spatial coordinates, and t is time. 

The full wave equation can be formulated in either the 
time or frequency domain as:
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ω is frequency.

The wave-equation prestack depth migration can be 
categorized into one-way wave-equation migration and 
full-wave-equation migration based on the propagation 
characteristics of the wavefields. 

2.1. Advances in one-way wave-equation depth 
migration

Over the past few decades, one-way wave-equation depth 
migration (OWDM) has played a crucial role in seismic 
imaging. From the perspective of wave-equation solutions, 
conventional seismic acquisition records only the wavefield 
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at the surface, providing a single boundary condition. To 
facilitate the solution process, the acoustic wave equation 
is decomposed into two independent one-way wave 
equations: the downgoing and upgoing wave equations.

Assuming a homogeneous medium, the one-way wave 
equation can be derived from the full second-order wave 
equation as:

i z
u k u
z
∂

= ±
∂




	 (4)

where 
2

2
2z xk k

v
= −

ω  is the square-root operator, also 

called the vertical wavenumber, at the core of depth-
domain extrapolation. 

Then, the adjacent-layer iteration equation can be 
written as:

( ) ( )zik zu z z e u z± ∆+ ∆ =  	 (5)

where z∆  is the depth-step length.

The fundamental strategy of OWDM involves 
extrapolating the source wavefield using the downgoing 
wave equation and backpropagating the receiver wavefield 
using the upgoing wave equation. These wavefields are 
then propagated downward in depth, and imaging is 
performed using an imaging condition. Since the one-way 
wave equations are derived from the full wave equation, 
OWDM retains its capability to handle complex media. 

2.1.1. Reference-velocity–based one-way wave 
migration 

The earliest OWDM method employs the Fourier 
transform to convert the original wave equation from 
the time–space domain to the frequency–wavenumber 
domain. It utilizes only the upgoing wave equation 
to compute the propagation operator and recursively 
extrapolate the wavefield for imaging. OWDM methods are 
computationally efficient and stable, making them suitable 
for large-scale imaging. As a classical migration scheme, 
the phase-shift (PS) method5 assumes that velocity varies 
only in the depth direction. Therefore, this method is 
effective only when the velocity is uniform or varies strictly 
in the vertical direction, and it performs poorly in media 
with lateral velocity variations. Around the same period, 
frequency-domain finite-difference (FD) techniques were 

introduced into seismic migration imaging.6 However, 
these methods suffered from severe limitations in imaging 
at large angles.

To address this limitation, OWDM algorithms 
have undergone extensive optimization, particularly 
in approximating the vertical wavenumber to better 
accommodate laterally varying velocity media. The PS 
plus interpolation method7 and the split-step Fourier (SSF) 
migration algorithm8 were subsequently developed. The 
SSF method introduces a time-shift correction term in 
the frequency–space domain to mitigate phase distortions 
caused by lateral velocity variations. Further refinements 
to the SSF algorithm partially improved phase accuracy, 
yet its fundamental limitation in imaging complex 
inhomogeneous media remains unresolved.9 

Due to limited compensation for low-order 
perturbations, these algorithms only provide accurate 
imaging positions when lateral velocity variations are weak. 
By incorporating a quadratic correction term into the SSF 
method, the Fourier finite-difference (FFD) migration 
algorithm was proposed.10 This approach significantly 
improved imaging for large-angle wave propagation 
and enhanced imaging accuracy in laterally varying 
velocity media. Based on the FFD method, researchers 
attempted to improve imaging precision in complex media 
by introducing more accurate polynomial coefficients 
derived from global optimization strategies, leading to the 
development of optimized FFD migration techniques.11-13 
Similar to the FFD approach, the generalized screen 
propagator (GSP) extends the phase-screen operator 
based on scattering theory.14 GSP decomposes velocity 
perturbations into a background velocity field and an 
in-layer perturbation term. Various hybrid migration 
methods based on GSP operators have been developed 
to improve propagation angles, amplitude preservation, 
stability, adaptability, and amplitude compensation.15-17

Both the FFD and GSP methods employ higher-order 
corrections to address lateral velocity variations and operate 
in dual domains based on the SSF algorithm. However, 
their implementations differ: FFD expands the operator 
using a second-order Taylor series around the reference 
velocity, followed by continued fraction expansion and FD 
corrections in both the frequency and spatial domains. In 
contrast, GSP transforms the square-root operator from 
the reference velocity field to the correct velocity field and 
then applies a Taylor expansion to separate spatial and 
wavenumber variables, enabling alternating corrections 
in the frequency–space and frequency–wavenumber 
domains, as expressed as:
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where rv  is the reference velocity, which is often used as 
the mean velocity in the SSF and FFD method, and the 
minimum velocity in the GSP method.

Since OWDM methods separate the full acoustic 
wave equation into up- and downgoing components, 
imaging amplitude in one-way wave operators is typically 
achieved by introducing compensation factors or auxiliary 
functions in the equations. These methods have made 
progress in improving large-angle imaging and amplitude 
preservation. 

2.1.2. Accurate-velocity–based one-way wave 
migration 

Directly discretizing the lateral velocity and calculating 
the accurate value of the square-root operator at each 
discrete point are necessary to solve the wave equation in 
laterally varying velocity media. The idea of using accurate 
horizontal velocities to calculate one-way propagators 
with the generalized phase-shift (GPS) operator18 was 
proposed to overcome the limitations of the traditional 
OWDM methods, which rely on reference-velocity 
approximations. Another way to solve the accurate one-
way wave propagator is with an eigen decomposition (ED) 
of the Helmholtz operator,19 enabling OWDM to image 
strongly laterally varying media. Specifically, in terms of 
matrix transformation theory, the self-adjoint matrix H = 

2
zk  can be decomposed into a multiplication of eigenvalues 

and eigenvectors, so that:

TH VMV= 	 (7)

where the superscripted T  represents the matrix transpose 
and matrices  and  denote the eigenvalues and eigenvectors 
of , respectively.
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Furthermore, the eigenvalues and eigenvectors of the 
sub-functions can be expressed as:

T
zk H V MV= = 	 (9)

Following the above two solutions, improvements were 
made for an accurate one-way migration method. The 
migration/inversion methods driven by one-way wave 
operators for imaging multiples are constructed with a 
closed-loop least-squares framework. The GPS operator is 
fast and, therefore, frequently used in reflection waveform 
imaging and inversion.20 The accurate one-way wave-
migration operator can be enhanced by adding amplitude-
correction terms to optimize true-amplitude calculation 
performance, with precise discrete velocities to compute 
the square root of the Helmholtz operator. By using a best-
fit matrix decomposition operator based on the infinity 
norm, high-precision imaging was achieved with low-
order expansions.21 Also, with a Jacobi–Anger expansion 
to approximate the one-way operator22 or using the Padé 
to approximate the propagator calculated in the pseudo-
wavenumber domain via the Helmholtz operator,23 the 
imaging results were more accurate than those using the 
Taylor series.

The generalized one-way wave PS operators were used 
to drive surface and internal multiple reflections and to 
estimate reflectivity, thereby proposing the full-wavefield 
migration (FWM) framework.24 Subsequently, FWM was 
improved by combining surface multiples and internal 
multiples to image a 3D salt dome model.25 The accurate 
one-way wave operator can also be integrated into the 
FWM framework,26 thereby improving the accuracy of 
reflectivity estimation. 
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The comparison of propagating-phase accuracy is 
shown in Figure 1, which demonstrates that the ED 
operator fits the slowness in very strongly laterally varying 
media better than the GPS operator, owing to its avoidance 
of accuracy leakage from the Fourier transform, though 
both calculate full lateral velocity grids. 

2.2. Progress on full-wave-equation migration

In homogeneous media, the phase and amplitude 
information calculated by the one-way wave migration is 
consistent with that of the full-wave-equation migration. 
For heterogeneous media, although the accurate-velocity–

based one-way wave migration can achieve an imaging 
range of 90 degrees, it is essentially an approximation 
of the full wave equation and thus cannot fully support 
calculations for arbitrary propagation angles or achieve 
amplitude fidelity owing to a loss of traveling wavefield. 
Simplified propagation assumptions can lead to loss of 
resolution and inaccurate imaging in complex media.27 In 
contrast, full-wave-equation migration, based on solving 
the complete wave equation, can handle turning waves 
and arbitrary angles. Therefore, since their introduction, 
full-wave-equation migration algorithms have gained 
widespread attention. 

Figure 1. A comparison of propagating phase in inhomogeneous medium. (A) The inhomogeneous medium with strong lateral velocity gradients. (B) 
Comparison of the phase imaging accuracy between eigen decomposition (ED) and generalized phase-shift (GPS) operators. Reprinted with permission 
from Li et al.26 Copyright © 2024 IEEE.
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The wave equation is a function of time and space. 
To perform wave propagation, the wavefield is generally 
reconstructed in the time and space domains. With a space-
independent and time-independent rewriting, by defining 
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be further expressed regarding the full wave equation as: 
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Furthermore, the recursive equation can be formulated 
as:
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where t∆  is the time step. 

According to execution principles, mainstream full-
wave-equation migration is divided into reverse-time 
migration (RTM)28,29 and full-wave-equation depth 
migration (FWDM),30 based on Equation 12. Furthermore, 
wave-equation migration strategies can be further classified 
into one-step and two-step approaches based on how the 
wavefield is processed. One-step migration involves the 
concurrent extrapolation and imaging of the wavefield. 
In contrast, two-step strategies involve an initial wavefield 
decomposition—separating the recorded data into up- 
and downgoing components—followed by independent 
imaging. These two-step methods are particularly 
effective for improving numerical stability and preserving 
diffraction energy, thereby enhancing the resolution of 
small-scale geological features, such as faults and fractures, 
within wave-equation migration workflows.31

2.2.1. Progress on reverse-time migration

As a representative full-wave-equation migration method, 
RTM utilizes the FD technique to solve the wave equation 
by forward propagating the source wavefield and backward 
propagating the receiver wavefield. Theoretically, RTM 
offers superior accuracy in imaging complex structures 
because it is based on the two-way wave equation and 
does not rely on dip-angle limitations inherent in other 

migration methods. Research on RTM has primarily 
focused on three key areas: improving imaging accuracy, 
preserving amplitude, and improving computational 
efficiency. 

Mainly caused by imaging upgoing and downgoing 
wavefields at large angles, and by a part of the interactions 
between forward–forward and backward–backward 
wavefields, strong low-frequency noise is introduced into 
RTM imaging results, severely degrading imaging accuracy 
and quality. Thus, prestack RTM filtering techniques were 
developed to suppress these noises.32,33 Since RTM solves 
the full acoustic wave equation, it inherently possesses an 
amplitude-preserving imaging potential. True-amplitude 
recovery methods primarily account for spherical 
spreading and subsurface absorption effects. In high-
frequency approximations, the angle-domain Hessian 
matrix was used as a weighting function for correction 
during wave propagation, or amplitude-compensated 
imaging conditions were applied to improve imaging 
amplitude.34,35 

However, RTM requires storing either the forward-
propagated or backward-propagated wavefield during 
computation, leading to huge memory consumption and 
low computational efficiency, which limits its industrial 
applications. Two primary strategies have been proposed 
to address this challenge: algorithmic optimization to 
reduce computational complexity and wavefield storage 
requirements, such as checkpointing, partial snapshot 
storage, and graphic processing unit acceleration, to 
enhance efficiency.36-39 

Least-squares RTM (LS-RTM) reformulates imaging 
as a least-squares inversion, addressing issues such as 
migration artifacts, amplitude imbalances, and noise 
contamination caused by acquisition geometry and wave-
propagation effects.40-44 By accounting for the anisotropies 
of wave propagation, the method has also been extended to 
tilted transverse isotropic and vertical transverse isotropic 
media.45-47 LS-RTM, when implemented with wavefield 
extrapolation in the time domain, can map primary and 
surface-related multiple reflections into the imaging results, 
showing significant progress in multiple-wave imaging.48-51 
With rapid development in recent decades, RTM has made 
significant progress and is widely used in the geophysical 
industry. However, it still suffers from high storage and 
computational costs, sensitivity to velocity model errors 
and data quality, and internal multiple cross-talk.

2.2.2. Progress on full-wave-equation depth 
migration

Depth migration propagates the wavefield along the depth 
axis. The FWDM was pioneered by solving the full acoustic 
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wave equation using the classical Runge–Kutta method, 
with a maximum-velocity truncation filter to suppress 
evanescent waves during wavefield extrapolation.31 
Building upon this framework, subsequent research has 
further advanced full-wave-equation–based algorithms.

Recent advancements in FWDM have revolutionized 
imaging capabilities through systematic improvements 
for the evanescent-wave filtering techniques, significantly 
enhancing energy preservation for steeply dipping 
geological structures.52,53 Critical progress stems from 
three interconnected developments: the integration of 
physical boundary conditions to refine imaging fidelity, 
the inclusion of a wavefield separation strategy that enables 
precise depth-domain modeling of wavefield reception,54-58 
and the strategic expansion of FWDM frameworks 
through anisotropic media adaptations.59 These synergistic 
innovations collectively broaden the operational scope 
of depth-migration algorithms while simultaneously 
elevating computational efficiency and imaging precision 
through the diversification of propagation-operator 
formulations to address complex wavefield dynamics.

3. Comparisons of the wave-equation 
migration method
The differences in wavefield propagation between RTM and 
FWDM are illustrated in Figure 2, which indicates reflected 

waves propagate from the reflection interface to the surface 
on the time profile in RTM; in contrast, in FWDM, they are 
mapped at the mirror position of the reflection interface 
(the bottom of the model), which is caused by a folding 
effect due to the incomplete propagating wavefield in the 
time domain. 

In seismic imaging, the four wave-equation–based 
migration schemes—reference-velocity–based OWDM, 
accurate-velocity–based OWDM, RTM, and FWDM—
differ significantly in imaging quality, computational 
efficiency, and geological applicability. RTM computes the 
wavefield in the time domain, while OWDM and FWDM 
are calculated in the frequency domain. RTM and FWDM 
both use the full wave equation; theoretically, they have 
similar imaging capabilities. Figure 3 shows a variable 
background velocity model. Figure 4 compares the impulse 
responses of RTM, reference-velocity–based OWDM, 
accurate-velocity–based OWDM, and FWDM. Using the 
FD-based RTM forward-modeling impulse response as the 
reference standard, the wavefront positions of the standard 
response pulse are outlined in white dashed lines in this 
figure. The comparison reveals that the phase information 
obtained by the accurate-velocity–based OWDM and 
FWDM methods aligns well with the RTM response curve; 
the reference-velocity–based OWDM method significantly 
deviates beyond about 75°, as indicated by the black arrow.

Figure 2. Comparison of wavefield extrapolation in reverse-time migration (RTM) and full-wave-equation depth migration (FWDM). (A) The difference 
in data extrapolation methods between RTM and depth migration (DM). (B) The difference in wave propagation between RTM and FWDM at the 
reflection interface: Reflected waves in RTM propagate from the reflection interface to the surface on the time profile, whereas in FWDM, they are mapped 
at the mirror position of the reflection interface, caused by the folding effect. Reprinted with permission from Li et al.58 Copyright © 2024 Society of 
Exploration Geophysicists.
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Figure 5 shows numerical results demonstrating that 
the reference-velocity–based OWDM method struggles 
to accurately image subsurface structures beneath the salt 
dome. This difficulty arises from phase errors induced 
by strong lateral velocity variations and steeply dipping 
reflectors with large scattering angles. Additionally, 
reference-velocity–based OWDM uses the minimum 
velocity as the reference velocity rather than the accurate 
lateral velocity, which tends to produce imaging artifacts 
due to phase errors (Figure 5B). The high-velocity salt 
body further complicates RTM, where internal multiples 
generate false reflectors below the salt. A comparison of 
the migrated sections in Figure 5C and 5D shows that the 
FWDM delivers a clearer and more coherent structural 
image with reduced noise compared to conventional 
RTM. However, the reflector polarity in the FWDM result 
is not fully consistent, because the bottom and top of the 
salt should be opposite. A slight phase difference between 
the two results stems from differences in their numerical 
implementations. The polarity discrepancy typically 
originates from the evanescent-wave filtering techniques 
or the specific PSs used to stabilize the Helmholtz operator 
in heterogeneous media. Furthermore, the folding effect 
at reflection interfaces, caused by the periodicity of the 
frequency domain and incomplete time-domain wavefield 
reconstruction, can lead to mirror-image artifacts that 
interfere with the primary reflector’s phase. 

This methodology capitalizes on turning wave energy 
to resolve vertical structural geometries, with quantitative 
validations presented in Figure 6. These comparisons 

substantiate that OWDM has the inherent constraint 
of imaging vertical structure, even when using accurate 
velocity. However, full-wave-equation migration schemes 
(RTM and FWDM) can image vertical formations—a 
capability fundamentally rooted in their rigorous 
incorporation of the full wave equation and propagating 
wavefield. 

Figure 7 displays the Marmousi velocity model, while 
Figure 8 presents the imaging results obtained from four 
distinct wave-equation migration methodologies. The 
conventional OWDM method, employing the mean 
velocity in each lateral grid as the reference velocity, 
demonstrated limited efficacy in resolving dipping 
structures. The accurate-velocity–based OWDM, FWDM, 
and RTM approaches yielded comparable imaging 
accuracy. Notably, FWDM exhibited extended lateral 
imaging coverage in deeper model sections (below 2.5 km), 
as indicated by the red rectangles. A comparative analysis 
revealed RTM’s superior performance in shallow structural 
imaging (0–1,000 m depth), contrasting with FWDM’s 
enhanced imaging fidelity in deeper geological formations. 
This discrepancy stems from fundamental differences 
in wavefield extrapolation: RTM implementation 
delivers superior resolution in shallow layers through 
comprehensive wavefield reconstruction, whereas the 
FWDM preserves intricate structural features in deeper 
strata through rigorous acoustic wavefield modeling. 

The comparative analysis of land seismic data imaging in  
Figure 9 compared the performances of the four migration 

Figure 3. Background velocity model. Reprinted from Li and Liu.21
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Figure 4. The impulse responses in media with lateral and vertical variations of velocity. (A) the finite-difference method. (B) Reference-velocity–based 
one-way wave-equation depth migration (OWDM). (C) Accurate-velocity–based OWDM. (D) Full-wave-equation depth migration. Reprinted from Li 
and Liu.21

Figure 5. Velocity model and imaging results. (A) Velocity model. (B) Reference-velocity–based one-way wave-equation depth migration. (C) Reverse-
time migration. (D) Full-wave-equation depth migration. Reprinted with permission from You and Cao.55 Copyright © 2020 Society of Exploration 
Geophysicists. 
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Figure 6. Comparison of depth-domain full-wavefield extrapolation based on wavefield separation imaging with one-way wavefield extrapolation and 
reverse-time migration (RTM). (A) Vertical velocity model. (B) One-way wave-equation depth migration. (C) Conventional RTM. (D) Full-wave-equation 
depth migration. Reprinted with permission from You et al.57 Copyright © 2022 Society of Exploration Geophysicists. 

Figure 7. The Marmousi velocity model
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methods. The accurate-velocity–based OWDM method 
produced a clearer image than the reference-velocity–
based OWDM technique. This enhancement is particularly 
evident in improving the phase continuity of seismic 
events and in delineating subtle stratigraphic features, 
as exemplified by micro-curved structural elements. The 
FWDM approach demonstrated superior geophysical 
fidelity, with more stable kinematic positioning, enhanced 
structural coherence, and higher-resolution imaging of 
complex geological interfaces. Although FWDM and 
RTM preserved two-way going-wave information and 
accounted for multi-directional wavefield propagation, the 
conventional RTM produced a slightly different profile, 
especially in deep layers, which may be due to sensitivity to 
an inaccurate migration velocity model and to noise in real 
data. This technological advancement primarily originates 
from extrapolating wavefield in depth direction, and it 
mitigates kinematic artifacts prevalent in conventional 
migration outputs.

A detailed feature comparison of these wave-equation 
migration algorithms is presented in Table 1. As exploration 
targets increasingly focus on deeper and more complex 
geological formations, selecting an optimal migration 
method has become critically important. Therefore, this 
table systematically evaluates the three types of schemes 

through comprehensive numerical examples, analyzing 
their imaging performance and practical suitability 
across diverse geological scenarios. The comparative 
results provide valuable guidance for field applications. 
Note that artifacts generated by FWDM are mostly at 
the bottom of the model due to the frequency-domain 
formulation and depth-marching strategy (only downward 
extension). While in RTM, the wavefield is propagated in 
the time domain, covering the entire propagation space, 
which mostly causes artifacts at the top of the model 
due to backscatter. Thus, the artifacts appear slightly less 
pronounced in FWDM than in RTM for the unfiltered 
migration profile. Furthermore, in terms of memory usage, 
while RTM can be formulated in the frequency domain, it 
is commonly implemented in the time domain in practice, 
whereas FWDM is naturally formulated in the frequency 
domain.

4. Progress on an artificial intelligence-
assisted wave-equation migration 
The integration of AI and deep learning extracts medium 
anisotropy parameters, velocity distributions, and 
attenuation characteristics from seismic data. It enhances 
velocity modeling accuracy, enables automatic noise 
identification/suppression, and reduces dependence on 

Figure 8. Migrated results. (A) Reference-velocity–based one-way wave-equation depth migration (OWDM). (B) Accurate-velocity–based OWDM. (C) 
Conventional reverse-time migration. (D) Full-wave-equation depth migration. 
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Figure 9. Migrated results from (A) reference-velocity–based one-way wave-equation depth migration (OWDM), (B) accurate-velocity–based OWDM, 
(C) full-wave-equation depth migration, and (D) conventional reverse-time migration. 

Table 1. Comparisons of wave-equation–based migration schemes

Feature OWDM RTM FWDM

Wavefield propagation Solves the one-way wave equation in 
depth dimension

Solves the full wave equation in the 
time dimension

Solves the full wave equation in depth 
dimension

Dip handling Limited to <90° dips (cannot handle 
turning waves) Handles all dips (0–180°) Handles all dips (0–180°)

Computational time cost
Low (efficient for large datasets, 
especially reference-velocity–based 
OWDM)

High (comparable to small-grid 
finite-difference schemes)

High (calculates Helmholtz operator and 
removes evanescent wave)

Memory usage Minimal 
(2 × Nx × Nf)

High 
(2 × Nx × Nz × Nt)

Moderate 
(4 × Nx × Nf)

Artifacts Low High 
(same-directional wave)

High
(same-directional wave)

Algorithm flexibility Diverse operators (e.g., GSP, FFD, 
GPS, ED) Typical finite difference-based

Diverse operators (Runge–Kutta, Padé 
approximation, deformed one-way wave 
operators, etc.)

Typical use case Initial velocity model Subsalt imaging Complex structures with steep dips

Abbreviations: ED: Eigen decomposition; FFD: Fourier finite-difference; FWDM: Full-wave-equation depth migration; GPS: Generalized phase-shift; 
GSP: Generalized screen propagator; OWDM: One-way wave-equation depth migration; RTM: Reverse-time migration.
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raw data quality. By developing neural network models 
trained on field and synthetic datasets, AI approaches 
effectively correct for the amplitude distortions and 
multipath effects inherent in conventional migration 
imaging. These technological breakthroughs can not only 
improve the precision and efficiency of migration imaging 
but also pioneer novel approaches for complex geological 
conditions, driving geophysical imaging toward intelligent 
development.60-62

4.1. Wavefield propagator design

Wavefield propagator design is a fundamental component 
of wave-equation–based high-resolution migration and 
modeling, as it directly governs the accuracy, stability, and 
computational efficiency of seismic imaging, emphasizing 
the importance of accurately describing wave-propagation 
physics for resolving complex subsurface structures.63 
These foundations underpin modern wave-equation 
migration methods and motivate ongoing developments 
in both numerical algorithms and data-driven approaches. 

Recent advances in AI have enabled the development 
of surrogate modeling approaches that approximate 
wavefield propagation without traditional numerical 
integration. Neural operators, such as the Fourier neural 
operator (FNO), physics-informed neural networks 
(PINNs), physically constrained neural networks, and the 
Helmholtz neural operator, have shown strong potential in 
learning the mapping from model parameters to wavefields 
by training on high-fidelity numerical simulations and 
wavefield decomposition.64-67 Use of PINNs enables grid-
free, mesh-independent prediction of wavefield solutions, 
significantly reducing computational costs in large-scale or 
multi-shot imaging scenarios. Parallelized FNO variants 
and U-shaped neural operators could provide orders-
of-magnitude acceleration while preserving wavefield 
accuracy in complex media. These models can generalize 
across varying velocity models and acquisition settings, 
providing efficient and scalable alternatives to conventional 
FD solvers.

In addition to pure surrogate modeling, hybrid 
strategies have been explored, in which AI models support 
conventional solvers by providing local error estimation, 
adaptive mesh refinement, or surrogate-based solution 
of Green’s functions, or learning low-rank structure to 
approximate operator mappings.68-70 These approaches not 
only enhance computational efficiency but also improve 
solver stability and resolution adaptivity in challenging 
geological settings. Furthermore, the integration of learned 
propagators into end-to-end differentiable modeling 
workflows allows for direct backpropagation through the 
wavefield modeling process, facilitating real-time seismic 

inversion and data assimilation. Such frameworks enable 
the computation of gradients concerning model parameters 
using automatic differentiation, thereby accelerating 
least-squares migration, full-waveform inversion, and 
tomographic updates.71-74 Collectively, these AI-driven 
innovations represent a transformative direction for wave-
equation–based imaging, blending physical principles with 
data-driven learning to achieve fast, flexible, and scalable 
seismic modeling.

4.2. Noise and artifact suppression

Noise and artifact suppression is a critical component of 
wave-equation–based migration, as these methods are 
inherently sensitive to both data quality and numerical 
implementation. Artifacts may originate from multiple 
sources, including limited acquisition aperture, inaccurate 
or poorly constrained velocity models, imperfect boundary 
conditions, and limitations in wavefield reconstruction or 
imaging conditions. The full-wave-equation migration 
method, in particular, is prone to generating low-frequency 
noise and spurious reflectors due to the cross-correlation 
of same-direction propagated wavefields under conditions 
of insufficient illumination or acquisition redundancy. 

Deep learning has emerged as a transformative tool 
for noise and artifact suppression in seismic imaging. 
Supervised models, such as denoising autoencoders, 
support vector machines, convolutional residual networks, 
and generative adversarial networks (GANs), have been 
developed to attenuate artifacts—including backscattering, 
migration smiles, and acquisition footprints—without 
requiring explicit modeling of the underlying noise 
mechanisms.75-77 These models can be applied either in 
the data domain, as a preprocessing step to enhance raw 
seismic traces before migration, or in the image domain, to 
refine migrated outputs by suppressing spatially incoherent 
or geologically implausible features. 

Trained on curated synthetic or real datasets, 
AI-based denoisers learn to differentiate between primary 
reflections and multiples, enabling selective preservation 
of data features while reducing noise.78-80 Some frameworks 
incorporate attention mechanisms to focus the network 
on geologically relevant areas and suppress irrelevant 
features, while others employ uncertainty-aware models to 
quantify confidence in the imaging output and highlight 
regions where noise may dominate.81 Additionally, 
AI-enhanced imaging conditions—such as learned cross-
correlation functions, adaptive stacking weights, and 
dynamic similarity metrics—can be integrated directly 
into the migration workflow to improve real-time artifact 
suppression during wave-equation–based migration.82,83 
Machine learning-based postprocessing techniques have 
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also shown promise in improving structural continuity 
and interpretability, particularly in challenging geological 
settings.84 However, these approaches must be applied 
judiciously to avoid over-smoothing or introducing bias, 
especially in exploration contexts with high geological 
uncertainty.

Overall, a combination of improved physical imaging 
conditions, inversion-based regularization, and AI-driven 
filtering is redefining artifact-suppression strategies in 
wave-equation–based migration. The synergy between 
physics-based modeling and data-driven learning offers 
a path toward more accurate, efficient, and interpretable 
seismic imaging, while continuing challenges in 
generalization, training data quality, and physical 
interpretability remain active areas of research.

5. Discussion
Current wave-equation imaging techniques enable 
wavefield iteration driven by OWDM or RTM through 
least-squares iteration; however, one-way wave 
operators exhibit notable imaging-angle limitations, and 
LS-RTM still faces constraints from massive storage and 
computational demands due to time-domain wavefield 
backpropagation. Future improvements to least-squares–
based migration could focus on computational efficiency. 
Considering the accuracy of wave-equation migration 
propagators, developing least-squares FWDM may hold 
significant promise for advancing reflectivity estimation 
accuracy through the closed-loop FWM framework for a 
multi-dimensional, large-scale database.

Multi-wave and multi-component seismic exploration 
technology acquires conventional P-wave data and captures 
converted PP and PS waves, substantially enriching 
wavefield information diversity. Compared to traditional 
P-wave exploration, converted waves demonstrate 
enhanced resolution for shallow, fine-scale structures, 
effectively improving imaging precision for specific 
geological features. Current research on FWDM remains 
predominantly focused on acoustic wave applications, 
while elastic wave and multi-wave/multi-component 
FWDM imaging technologies remain underdeveloped, 
offering substantial research value and developmental 
potential. A combination of separation and imaging 
diffractions can enhance the resolution of faults and 
discontinuities, particularly in complex velocity models.

Wave-equation migration with AI assistants has made 
great progress in enhancing imaging quality, computational 
efficiency, and parameter optimization, greatly advancing 
the practicality and intelligence of the wave-equation–
based migration method. However, most AI models heavily 
rely on the quality and representativeness of training data; 

insufficient or geographically mismatched data can lead 
to poor generalization and reduced imaging accuracy. 
Moreover, almost all existing AI approaches operate as 
“black-box” models, lacking physical interpretability, 
thereby hindering their integration with traditional 
geophysical theories and reducing their reliability in 
complex subsurface scenarios. Additionally, handling 
high-dimensional, nonlinear input–output relationships 
demands substantial computational resources, making 
training and deployment costly. Finally, current AI 
methods still struggle with challenges such as anisotropy, 
multiphase wavefields, and multiscale geological features, 
underscoring the need to further develop AI architectures 
that integrate with physical constraints to better meet the 
demands of real-world seismic exploration. 

Synergistically integrated with emerging innovations 
and multi-source information fusion strategies, wave-
equation migration will play an increasingly vital role in 
imaging complex geological structures and hydrocarbon 
exploration. This technological convergence enhances 
characterization capabilities for intricate subsurface targets 
while providing sustained developmental momentum and 
directional guidance for seismic imaging innovation.

6. Conclusion
Wave-equation prestack migration is a core technique 
in seismic imaging for resolving complex geological 
structures and supporting reservoir prediction. This paper 
systematically reviewed and compared four representative 
wave-equation–based migration methods: reference-
velocity–based OWDM, accurate-velocity–based 
OWDM, RTM, and FWDM, focusing on their theoretical 
characteristics and imaging performance.

The OWDM methods are computationally efficient 
and stable, making them suitable for large-scale imaging 
applications. However, their reliance on approximate 
wavefield propagation limits their ability to image dipping 
structures and complex wave phenomena in heterogeneous 
media. Accurate-velocity–based OWDM formulations 
improve phase accuracy and extend the imaging range 
by incorporating detailed velocity information, thereby 
enhancing the applicability of one-way wave migration. 

Full-wave-equation methods provide a more complete 
physical description of seismic wave propagation. RTM 
and FWDM effectively image steep dips and complex 
structures by preserving two-way wavefield interactions. 
Comparative results indicate that RTM generally performs 
well in shallow regions, whereas FWDM offers improved 
stability and structural continuity in deeper or more 
complex settings. The integration of AI into wave-equation 
migration workflows has enhanced wavefield propagation 
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and noise suppression in the migration process. 

Overall, this review clarifies the strengths and 
limitations of current wave-equation–based migration 
approaches through numerical examples and provides a 
practical reference for method selection in seismic imaging 
applications.

Acknowledgments
None.

Funding
This work was financially supported by the Natural Science 
Foundation of Chongqing (Grant No. CSTB2025NSCQ-
GPX0927), the National Major Science and Technology 
Project for Deep Earth Exploration and Mineral Resources 
Exploration (Grant No. 2025ZD1009600), the Open 
Research Fund of Gansu Key Laboratory of Mineral 
Resources Exploration (Grant No. 202505), the Science 
and Technology Support Project for the New Round of 
Strategic Action for Prospecting Breakthrough (Grant 
No. ZKKJ202410), and the Research Foundation of 
Chongqing University of Science and Technology (Grant 
No. ckrc20241203).

Conflict of interest
The authors declare they have no competing interests.

Author contributions
Conceptualization: Yanlong Zhu, Anyu Li
Writing–original draft: Yanlong Zhu
Writing–review & editing: Anyu Li

Availability of data
Not applicable.

References
1.	 Bednar JB. A Brief History of Seismic Migration. Geophysics. 

2005;70(3):3MJ-20MJ. 

	 doi: 10.1190/1.1926579

2.	 Claerbout JF. Imaging the Earth’s Interior. Cambridge, MA, 
USA: Blackwell Scientific Publications; 1985.

3.	 Gray SH, Etgen J, Dellinger J, Whitmore D. Seismic migration 
problems and solutions. Geophysics. 2001;66(5):1622-1640. 

	 doi: 10.1190/1.1487107

4.	 Fomel S, Landa E, Taner MT. Poststack velocity analysis by 
separation and imaging of seismic diffractions. Geophysics. 
2007;72(6):U89-U94. 

	 doi: 10.1190/1.2781533

5.	 Gazdag J. Wave equation migration with the phase-shift 

method. Geophysics. 1978;43(7):1342-1351. 

	 doi: 10.1190/1.1440899

6.	 Lee MW, Suh SY. Optimization of one-way wave 
equations. Geophysics. 1985;50(10):1634-1637. 

	 doi: 10.1190/1.1441853

7.	 Gazdag J, Sguazzero P. Migration of seismic data by phase 
shift plus interpolation. Geophysics. 1984;49(2):124-131. 

	 doi: 10.1190/1.1441643

8.	 Stoffa PL, Fokkema JT, de Luna Freire RM, Kessinger WP. 
Split-step Fourier migration.  Geophysics. 1990;55(4):410-
421. 

	 doi: 10.1190/1.1442850

9.	 Zhang L, James WRG, Michael HSF. Split-step complex Padé-
Fourier depth migration.  Geophys J Int. 2007;171(3):1308-
1313. 

	 doi: 10.1111/j.1365-246X.2007.03610.x

10.	 Ristow D, Rühl T. Fourier finite-difference 
migration. Geophysics. 1994;59(12):1882-1893. 

	 doi: 10.1190/1.1443575

11.	 Biondi B. Stable-wide-angle Fourier finite-difference 
downward extrapolation of 3D wavefields.  Geophysics. 
2002;67(3):872-882. 

	 doi: 10.1190/1.1484530

12.	 Salcedo M, Novais A, Schleicher J, Costa JC. Optimization of 
the parameters in complex Padé FFD migration. Geophysics. 
2017;82(3):S259-S269. 

	 doi: 10.1190/geo2016-0324.1

13.	 Huang J, Hu T, Wang S. Fourier finite-difference migration 
of internal multiples.  Chin J Geophys. 2022;65(11):4394-
4403. [In Chinese]. 

	 doi: 10.6038/cjg2022P0790

14.	 Wu R. Wide-angle elastic wave one-way propagation in 
heterogeneous media and an elastic wave complex-screen 
method. J Geophys Res Solid Earth. 1994;99(B1):751-766. 

	 doi: 10.1029/93JB02518

15.	 Zhang Y, Zhang G, Bleistein N. True amplitude wave 
equation migration arising from true amplitude one-way 
wave equations. Inverse Probl. 2003;19(5):1113-1138. 

	 doi: 10.1088/0266-5611/19/5/307

16.	 Amazonas D, Aleixo R, Melo G, Schleicher J, Novais A, Costa 
JC. Including lateral velocity variations into true-amplitude 
common-shot wave-equation migration.  Geophysics. 
2010;75(5):S175-S186. 

	 doi: 10.1190/1.3481469

17.	 Zhu H, Wang D, Hu B, Zhang W, Chen Y. Sparsity-promoting 
wide-angle least-squares one-way migration. Acta Geophys. 

https://doi.org/10.36922/JSE025010137
https://doi.org/10.1190/1.1926579
https://doi.org/10.1190/1.1926579
https://doi.org/10.1190/1.1487107
https://doi.org/10.1190/1.1487107
https://doi.org/10.1190/1.2781533
https://doi.org/10.1190/1.2781533
https://doi.org/10.1190/1.1440899
https://doi.org/10.1190/1.1440899
https://doi.org/10.1190/1.1441853
https://doi.org/10.1190/1.1441853
https://doi.org/10.1190/1.1441643
https://doi.org/10.1190/1.1441643
https://doi.org/10.1190/1.1442850
https://doi.org/10.1190/1.1442850
https://doi.org/10.1111/j.1365-246X.2007.03610.x
https://doi.org/10.1111/j.1365-246X.2007.03610.x
https://doi.org/10.1190/1.1443575
https://doi.org/10.1190/1.1443575
https://doi.org/10.1190/1.1484530
https://doi.org/10.1190/1.1484530
https://doi.org/10.1190/geo2016-0324.1
https://doi.org/10.1190/geo2016-0324.1
https://doi.org/10.6038/cjg2022P0790
https://doi.org/10.6038/cjg2022P0790
https://doi.org/10.1029/93JB02518
https://doi.org/10.1029/93JB02518
https://doi.org/10.1088/0266-5611/19/5/307
https://doi.org/10.1088/0266-5611/19/5/307
https://doi.org/10.1190/1.3481469
https://doi.org/10.1190/1.3481469


Journal of Seismic ExplorationJournal of Seismic Exploration Wave-equation migration: A review

Volume 35 Issue 3 (2026)	 16� doi: 10.36922/JSE025010137

2024;72(5):3091-3108. 

	 doi: 10.1007/s11600-023-01215-0

18.	 Kosloff D, Kessler D. Accurate depth migration 
by a generalized phase-shift method.  Geophysics. 
1987;52(8):1074-1084. 

	 doi: 10.1190/1.1442373

19.	 Grimbergen JLT, Dessing FJ, Wapenaar K. Modal expansion 
of one-way operators in laterally varying media. Geophysics. 
1998;63(3):995-1005. 

	 doi: 10.1190/1.1444410

20.	 Sun Y, Kim YS, Qu S, Verschuur E. Joint migration inversion: 
Features and challenges. J Geophys Eng. 2020;17(3):525-538. 

	 doi: 10.1093/jge/gxaa012

21.	 Li A, Liu X. An optimised one-way wave migration method 
for complex media with arbitrarily varying velocity based on 
eigen-decomposition. J Geophys Eng. 2021;18(5):776-787. 

	 doi: 10.1093/jge/gxab051

22.	 Revelo DE, Pestana RC. One-way wave-equation migration 
based on Jacobi-Anger expansion in arbitrarily lateral varying 
media. IEEE Trans Geosci Remote Sens. 2025;63:4501610. 

	 doi: 10.1109/TGRS.2025.3533469

23.	 Li A. Efficient one-way wave-equation depth migration using 
fast Fourier Transform and complex Padé approximation 
via Helmholtz operator.  IEEE Trans Geosci Remote Sens. 
2026;64:5901211. 

	 doi: 10.1109/TGRS.2026.3651624

24.	 Berkhout AJ. Review paper: An outlook on the future of 
seismic imaging, Part II: Full-wavefield migration. Geophys 
Prospect. 2014;62(5):931-949. 

	 doi: 10.1111/1365-2478.12154

25.	 Davydenko M, Verschuur DJ. Full-wavefield migration: 
Using surface and internal multiples in imaging.  Geophys 
Prospect. 2017;65(1):7-21. 

	 doi: 10.1111/1365-2478.12360

26.	 Li A, Verschuur DJ, Liu X, Abolhassani S. An accurate 
propagator for heterogeneous media in full wavefield 
migration. IEEE Trans Geosci Remote Sens. 2024;62:4506210. 

	 doi: 10.1109/TGRS.2024.3397887

27.	 Bashir Y, Babasafari AA, Alashloo SM, Muztaza NM, Ali 
SH, Imran QS. Seismic wave propagation characteristics 
using conventional and advance modelling algorithm for 
d-data imaging. J Seism Explor. 2021;30(1):21-44.

28.	 Whitmore ND. Iterative depth migration by backward time 
propagation. In: SEG Technical Program Expanded Abstracts 
1983. 53rd SEG Annual International Meeting; 1983; Las 
Vegas, NV. Society of Exploration Geophysicists; 1983:382-
385. 

	 doi: 10.1190/1.1893867

29.	 Baysal E, Kosloff DD, Sherwood JWC. Reverse time 
migration. Geophysics. 1983;48(11):1514-1524. 

	 doi: 10.1190/1.1441434

30.	 Kosloff DD, Baysal E. Migration with the full acoustic 
equation. Geophysics. 1983;48(6):677-687. 

	 doi: 10.1190/1.1441498

31.	 Bashir Y, Waheed U, Ali SH, Karaman A, İmren C. Enhanced 
wave modeling & optimal plane-wave destruction (OPWD) 
method for diffraction separation and imaging.  Comput 
Geosci. 2024;187:105576. 

	 doi: 10.1016/j.cageo.2024.105576

32.	 Zhang L, Slob E, van der Neut J, Wapenaar K. Artifact-free 
reverse time migration. Geophysics. 2018;83(5):A65-A68. 

	 doi: 10.1190/geo2017-0795.1

33.	 Xu Q, Wang Y. Seismic reverse time migration based on 
biaxial wavefield decomposition. Geophysics. 2024;89(1):S61-
S70. 

	 doi: 10.1190/geo2022-0698.1

34.	 Nguyen BD, McMechan GA. Excitation amplitude imaging 
condition for prestack reverse-time migration.  Geophysics. 
2013;78(1):S37-S46. 

	 doi: 10.1190/geo2012-0079.1

35.	 Wang J, Li Q, Qiao B, Qi J. Reverse time migration using 
excitation amplitude imaging condition based on accurate 
first-arrival traveltimes calculation.  IEEE Trans Geosci 
Remote Sens. 2025;63:5903111. 

	 doi: 10.1109/TGRS.2025.3527144

36.	 Symes WW. Reverse time migration with optimal 
checkpointing. Geophysics. 2007;72(5):SM213-SM221. 

	 doi: 10.1190/1.2742686

37.	 Sun W, Fu L. Two effective approaches to reduce data storage 
in reverse time migration. Comput Geosci. 2013;56:69-75. 

	 doi: 10.1016/j.cageo.2013.03.013

38.	 Yang P, Brossier R, Métivier L, Virieux J. Wavefield 
reconstruction in attenuating media: A checkpointing-
assisted reverse-forward simulation method.  Geophysics. 
2016;81(6):R349-R362. 

	 doi: 10.1190/geo2016-0082.1

39.	 Cai W, Zhu P, Li Z. Simulation and reconstruction for 
3D elastic wave using multi-GPU and CUDA-aware 
MPI. Comput Geosci. 2024;190:105616. 

	 doi: 10.1016/j.cageo.2024.105616

40.	 Dai W, Schuster G. Plane-wave least-squares reverse-time 
migration. Geophysics. 2013;78(4):S165-S177. 

	 doi: 10.1190/geo2012-0377.1

https://doi.org/10.36922/JSE025010137
https://doi.org/10.1007/s11600-023-01215-0
https://doi.org/10.1007/s11600-023-01215-0
https://doi.org/10.1190/1.1442373
https://doi.org/10.1190/1.1442373
https://doi.org/10.1190/1.1444410
https://doi.org/10.1190/1.1444410
https://doi.org/10.1093/jge/gxaa012
https://doi.org/10.1093/jge/gxaa012
https://doi.org/10.1093/jge/gxab051
https://doi.org/10.1093/jge/gxab051
https://doi.org/10.1109/TGRS.2025.3533469
https://doi.org/10.1109/TGRS.2025.3533469
https://doi.org/10.1109/TGRS.2026.3651624
https://doi.org/10.1109/TGRS.2026.3651624
https://doi.org/10.1111/1365-2478.12154
https://doi.org/10.1111/1365-2478.12154
https://doi.org/10.1111/1365-2478.12360
https://doi.org/10.1111/1365-2478.12360
https://doi.org/10.1109/TGRS.2024.3397887
https://doi.org/10.1109/TGRS.2024.3397887
https://doi.org/10.1190/1.1893867
https://doi.org/10.1190/1.1893867
https://doi.org/10.1190/1.1441434
https://doi.org/10.1190/1.1441434
https://doi.org/10.1190/1.1441498
https://doi.org/10.1190/1.1441498
https://doi.org/10.1016/j.cageo.2024.105576
https://doi.org/10.1016/j.cageo.2024.105576
https://doi.org/10.1190/geo2017-0795.1
https://doi.org/10.1190/geo2017-0795.1
https://doi.org/10.1190/geo2022-0698.1
https://doi.org/10.1190/geo2022-0698.1
https://doi.org/10.1190/geo2012-0079.1
https://doi.org/10.1190/geo2012-0079.1
https://doi.org/10.1109/TGRS.2025.3527144
https://doi.org/10.1109/TGRS.2025.3527144
https://doi.org/10.1190/1.2742686
https://doi.org/10.1190/1.2742686
https://doi.org/10.1016/j.cageo.2013.03.013
https://doi.org/10.1016/j.cageo.2013.03.013
https://doi.org/10.1190/geo2016-0082.1
https://doi.org/10.1190/geo2016-0082.1
https://doi.org/10.1016/j.cageo.2024.105616
https://doi.org/10.1016/j.cageo.2024.105616
https://doi.org/10.1190/geo2012-0377.1
https://doi.org/10.1190/geo2012-0377.1


Journal of Seismic ExplorationJournal of Seismic Exploration Wave-equation migration: A review

Volume 35 Issue 3 (2026)	 17� doi: 10.36922/JSE025010137

41.	 Yao G, Jakubowicz H. Least-squares reverse-time 
migration in a matrix-based formulation. Geophys Prospect. 
2016;64(3):611-621. 

	 doi: 10.1111/1365-2478.12305

42.	 Vamaraju J, Tuvi R, Zhao ZY, Sen MK. Optimal minibatch 
shot selection for target-oriented least-squares reverse time 
migration. Geophysics. 2022;87(4):A55-A60. 

	 doi: 10.1190/geo2021-0579.1

43.	 Wang M, He B. Elastic least-squares reverse time migration 
based on integration of the Hessian.  IEEE Trans Geosci 
Remote Sens. 2025;63:5912711. 

	 doi: 10.1109/TGRS.2025.3563393

44.	 Li C, Huang J, Li Z, Wang R. Plane-wave least-squares 
reverse time migration with a preconditioned stochastic 
conjugate gradient method. Geophysics. 2018;83(1):S33-S46. 

	 doi: 10.1190/geo2017-0339.1

45.	 Mu X, Huang J, Yang J, Guo X, Guo Y. Least-squares 
reverse time migration in TTI media using a pure qP-wave 
equation. Geophysics. 2020;85(4):S199-S216. 

	 doi: 10.1190/geo2019-0320.1

46.	 Qiao Z, Chen T, Sun C. Anisotropic attenuation compensated 
reverse time migration of pure qP-wave in transversely 
isotropic attenuating media. Surv Geophys. 2022;43(5):1435-
1467. 

	 doi: 10.1007/s10712-022-09717-0

47.	 Huang J, Mu X, Yang J, Su L. Least-squares reverse time 
migration in viscoacoustic tilted transversely isotropic 
media. Geophysics. 2025;90(3):S69-S88. 

	 doi: 10.1190/geo2023-0422.1

48.	 Zhang D, Schuster GT. Least-squares reverse time migration 
of multiples. Geophysics. 2013;79(1):S11-S21. 

	 doi: 10.1190/geo2013-0156.1

49.	 Lu S, Liu F, Chemingui N, Valenciano A, Long A. 
Least-squares full-wavefield migration.  Leading Edge. 
2018;37(1):46-51. 

	 doi: 10.1190/tle37010046.1

50.	 Liu Y, Zhang Y, Zheng Y. Reverse time migration of phase-
encoded all-order multiples.  Geophysics. 2022;87(2):S45-
S52. 

	 doi: 10.1190/geo2021-0004.1

51.	 Wu H, Lu S, Dong X, Deng X, Gao R. Least-squares full-
wavefield reverse time migration using a modeling engine 
with vector reflectivity.  IEEE Trans Geosci Remote Sens. 
2023;61:5901112. 

	 doi: 10.1109/TGRS.2023.3234902

52.	 Sandberg K, Beylkin G. Full-wave-equation 
depth extrapolation for migration.  Geophysics. 

2009;74(6):WCA121-WCA128. 

	 doi: 10.1190/1.3202535

53.	 Wu B, Wu R, Gao J. Preliminary investigation of wavefield 
depth extrapolation by two-way wave equations.  Int J 
Geophys. 2012;2012:968090. 

	 doi: 10.1155/2012/968090

54.	 Pan J. A new upward and downward wavefield continuation 
for two-way wave equation migration. In:  SEG Technical 
Program Expanded Abstracts 2015. 85th SEG Annual 
International Meeting; October 18-23, 2015; New Orleans, 
LA. Society of Exploration Geophysicists; 2015:4180-4184. 

	 doi: 10.1190/segam2015-5829692.1

55.	 You J, Cao J. Full-wave-equation depth extrapolation 
for migration using matrix multiplication.  Geophysics. 
2020;85(6):S395-S403. 

	 doi: 10.1190/geo2019-0323.1

56.	 Li A, Liu X, Zhao Q, You J, Zhu X. Hybrid boundary full-
wave-equation depth migration based on dual-sensor 
acquisition system and its application.  J Appl Geophys. 
2022;203:104679. 

	 doi: 10.1016/j.jappgeo.2022.104679

57.	 You J, Pan N, Liu W, Cao J. Efficient wavefield separation 
by reformulation of two-way wave-equation depth-
extrapolation scheme. Geophysics. 2022;87(4):S209-S222. 

	 doi: 10.1190/geo2021-0629.1

58.	 Li A, Zhu X, Liu T, Liao J, Liu X, You J. One-step sparse-matrix 
method for full wave equation depth migration. Geophysics. 
2024;89(6):S405-S413. 

	 doi: 10.1190/geo2023-0372.1

59.	 Li A, Li C, Lai F, Liao J, Liu T. An acoustic wave-equation 
depth migration method using generalized two-way phase 
shift operator for anisotropic media.  IEEE Geosci Remote 
Sens Lett. 2025;22:7504505. 

	 doi: 10.1109/LGRS.2025.3549919

60.	 Mousavi SM, Beroza GC. Deep-learning seismology. Science. 
2022;377(6607):eabm4470. 

	 doi: 10.1126/science.abm4470

61.	 Khosro Anjom F, Vaccarino F, Socco LV. Machine learning 
for seismic exploration: Where are we and how far are we 
from the holy grail? Geophysics. 2024;89(1):WA157-WA178. 

	 doi: 10.1190/geo2023-0129.1

62.	 Sheng H, Wu X, Si X, Li J, Zhang S, Duan X. Seismic 
foundation model: A next-generation deep-learning model 
in geophysics. Geophysics. 2025;90(2):IM59-IM79. 

	 doi: 10.1190/geo2024-0262.1

63.	 Bashir Y, Alashloo SYM, Ghosh DP. Chapter 3 - Seismic 
wave modeling and high-resolution imaging. In: Bashir Y, 

https://doi.org/10.36922/JSE025010137
https://doi.org/10.1111/1365-2478.12305
https://doi.org/10.1111/1365-2478.12305
https://doi.org/10.1190/geo2021-0579.1
https://doi.org/10.1190/geo2021-0579.1
https://doi.org/10.1109/TGRS.2025.3563393
https://doi.org/10.1109/TGRS.2025.3563393
https://doi.org/10.1190/geo2017-0339.1
https://doi.org/10.1190/geo2017-0339.1
https://doi.org/10.1190/geo2019-0320.1
https://doi.org/10.1190/geo2019-0320.1
https://doi.org/10.1007/s10712-022-09717-0
https://doi.org/10.1007/s10712-022-09717-0
https://doi.org/10.1190/geo2023-0422.1
https://doi.org/10.1190/geo2023-0422.1
https://doi.org/10.1190/geo2013-0156.1
https://doi.org/10.1190/geo2013-0156.1
https://doi.org/10.1190/tle37010046.1
https://doi.org/10.1190/tle37010046.1
https://doi.org/10.1190/geo2021-0004.1
https://doi.org/10.1190/geo2021-0004.1
https://doi.org/10.1109/TGRS.2023.3234902
https://doi.org/10.1109/TGRS.2023.3234902
https://doi.org/10.1190/1.3202535
https://doi.org/10.1190/1.3202535
https://doi.org/10.1155/2012/968090
https://doi.org/10.1155/2012/968090
https://doi.org/10.1190/segam2015-5829692.1
https://doi.org/10.1190/segam2015-5829692.1
https://doi.org/10.1190/geo2019-0323.1
https://doi.org/10.1190/geo2019-0323.1
https://doi.org/10.1016/j.jappgeo.2022.104679
https://doi.org/10.1016/j.jappgeo.2022.104679
https://doi.org/10.1190/geo2021-0629.1
https://doi.org/10.1190/geo2021-0629.1
https://doi.org/10.1190/geo2023-0372.1
https://doi.org/10.1190/geo2023-0372.1
https://doi.org/10.1109/LGRS.2025.3549919
https://doi.org/10.1109/LGRS.2025.3549919
https://doi.org/10.1126/science.abm4470
https://doi.org/10.1126/science.abm4470
https://doi.org/10.1190/geo2023-0129.1
https://doi.org/10.1190/geo2023-0129.1
https://doi.org/10.1190/geo2024-0262.1
https://doi.org/10.1190/geo2024-0262.1


Journal of Seismic ExplorationJournal of Seismic Exploration Wave-equation migration: A review

Volume 35 Issue 3 (2026)	 18� doi: 10.36922/JSE025010137

ed.  Seismic Imaging Methods and Applications for Oil and 
Gas Exploration. Elsevier; 2022:57-132.

64.	 Fu LY, Tang C, Wei W, Du Q. Data-driven double-focusing 
resolution analyses for seismic imaging.  Geophysics. 
2024;89(4):S311-S324. 

	 doi: 10.1190/geo2023-0064.1

65.	 Vantassel JP, Bhochhibhoya S. Toward more-robust, 
AI-enabled subsurface seismic imaging for geotechnical 
applications. Comput Geotech. 2025;187:107443. 

	 doi: 10.1016/j.compgeo.2025.107443

66.	 Song C, Wang Y. Simulating seismic multifrequency 
wavefields with the Fourier feature physics-informed neural 
network. Geophys J Int. 2023;232(3):1503-1514. 

	 doi: 10.1093/gji/ggac399

67.	 Sun J, Zhao Z, Ma J, Yang J. Elastic wavefield decomposition 
using the physical-constrained neural network and its 
application on reverse-time migration.  IEEE Trans Geosci 
Remote Sens. 2025;63:4505811. 

	 doi: 10.1109/TGRS.2025.3571593

68.	 Yu Y, Li Y, Wu X, Jia X. Enhancing one-way wave 
equation-based migration with deep learning.  Geophysics. 
2023;88(1):WA105-WA114. 

	 doi: 10.1190/geo2022-0159.1

69.	 Li F, Gao J, Sun W, et al. LSTM Network Assisted Construction 
of the Angle-Dependent Point Spread Function and Its 
Applications in Seismic Imaging. IEEE Trans Geosci Remote 
Sens. 2025;63:5906822. 

	 doi: 10.1109/TGRS.2025.3535529

70.	 Zou C, Azizzadenesheli K, Ross ZE, Clayton RW. Deep 
neural Helmholtz operators for 3-D elastic wave propagation 
and inversion. Geophys J Int. 2024;239(3):1469-1484. 

	 doi: 10.1093/gji/ggae342

71.	 Liu Z, Chen Y, Schuster G. Deep convolutional neural 
network and sparse least-squares migration.  Geophysics. 
2020;85(4):WA241-WA253. 

	 doi: 10.1190/geo2019-0412.1

72.	 Torres K, Sacchi M. Least-squares reverse-time migration 
via deep-learning updated operators.  Geophysics. 
2022;87(6):S315-S333. 

	 doi: 10.1190/geo2021-0491.1

73.	 Wu B, Hu H, Zhou HW. Convolutional neural network-
assisted least-squares migration.  Surv Geophys. 
2023;44(4):1107-1124. 

	 doi: 10.1007/s10712-023-09777-w

74.	 Mu X, Saad OM, Alkhalifah T. SiameseLSRTM: Enhancing 

least-squares reverse time migration with a Siamese 
network. arXiv. Preprint posted online May 13, 2025. Last 
accessed April 3, 2026.

	 doi: 10.48550/arXiv.2505.08305

75.	 Chen Y, Huang Y, Huang L. Suppressing migration image 
artifacts using a support vector machine method. Geophysics. 
2020;85(5):S255-S268. 

	 doi: 10.1190/geo2019-0157.1

76.	 Yoo J, Zwartjes P. Attenuation of seismic migration smile 
artifacts with deep learning. Artif Intell Geosci. 2022;3:123-
131.

77.	 Yang L, Fomel S, Wang S, Chen X, Chen Y. Deep learning 
with soft attention mechanism for small-scale ground roll 
attenuation. Geophysics. 2024;89(1):WA179-WA193. 

	 doi: 10.1190/geo2023-0150.1

78.	 Wang K, Hu T, Zhao B, Wang S. Surface-related multiple 
attenuation based on a self-supervised deep neural 
network with local wavefield characteristics.  Geophysics. 
2023;88(5):V387-V402. 

	 doi: 10.1190/geo2022-0599.1

79.	 Liu X, Hu T, Wang S. Physics-informed self-supervised 
learning with phase resemblance constraint for internal 
multiple attenuation.  IEEE Trans Geosci Remote Sens. 
2024;62:5928113. 

	 doi: 10.1109/TGRS.2024.3462440

80.	 Fernandez MR, Ettrich N, Delescluse M, Rabaute A, Keuper 
J. Towards deep learning for seismic demultiple.  Geophys 
Prospect. 2025;73(4):1185-1203. 

	 doi: 10.1111/1365-2478.13672

81.	 Lin L, Zhong Z, Li C, et al. Machine learning for subsurface 
geological feature identification from seismic data: Methods, 
datasets, challenges, and opportunities.  Earth Sci Rev. 
2024;257:104887. 

	 doi: 10.1016/j.earscirev.2024.104887

82.	 Zhang W, Gao J, Cheng Y, Li Z, Jiang X, Zhu J. Deep-learning 
for accelerating least-squares reverse-time migration. J Appl 
Geophys. 2022;200:104645. 

	 doi: 10.1016/j.jappgeo.2022.104645

83.	 Wu B, Yao G, Ma X, Chen H, Wu D, Cao J. Least-squares 
reverse time migration of simultaneous sources with deep-
learning-based denoising. Geophysics. 2024;89(3):S289-S299. 

	 doi: 10.1190/geo2023-0320.1

84.	 Zhao T, Di H, Abubakar A. Evaluating machine learning-
predicted subsurface properties via seismic data 
reconstruction. Geophysics. 2024;89(6):R509-R519. 

	 doi: 10.1190/geo2023-0124.1

https://doi.org/10.36922/JSE025010137
https://doi.org/10.1190/geo2023-0064.1
https://doi.org/10.1190/geo2023-0064.1
https://doi.org/10.1016/j.compgeo.2025.107443
https://doi.org/10.1016/j.compgeo.2025.107443
https://doi.org/10.1093/gji/ggac399
https://doi.org/10.1093/gji/ggac399
https://doi.org/10.1109/TGRS.2025.3571593
https://doi.org/10.1109/TGRS.2025.3571593
https://doi.org/10.1190/geo2022-0159.1
https://doi.org/10.1190/geo2022-0159.1
https://doi.org/10.1109/TGRS.2025.3535529
https://doi.org/10.1109/TGRS.2025.3535529
https://doi.org/10.1093/gji/ggae342
https://doi.org/10.1093/gji/ggae342
https://doi.org/10.1190/geo2019-0412.1
https://doi.org/10.1190/geo2019-0412.1
https://doi.org/10.1190/geo2021-0491.1
https://doi.org/10.1190/geo2021-0491.1
https://doi.org/10.1007/s10712-023-09777-w
https://doi.org/10.1007/s10712-023-09777-w
https://doi.org/10.48550/arXiv.2505.08305
https://doi.org/10.1190/geo2019-0157.1
https://doi.org/10.1190/geo2019-0157.1
https://doi.org/10.1190/geo2023-0150.1
https://doi.org/10.1190/geo2023-0150.1
https://doi.org/10.1190/geo2022-0599.1
https://doi.org/10.1190/geo2022-0599.1
https://doi.org/10.1109/TGRS.2024.3462440
https://doi.org/10.1109/TGRS.2024.3462440
https://doi.org/10.1111/1365-2478.13672
https://doi.org/10.1111/1365-2478.13672
https://doi.org/10.1016/j.earscirev.2024.104887
https://doi.org/10.1016/j.earscirev.2024.104887
https://doi.org/10.1016/j.jappgeo.2022.104645
https://doi.org/10.1016/j.jappgeo.2022.104645
https://doi.org/10.1190/geo2023-0320.1
https://doi.org/10.1190/geo2023-0320.1
https://doi.org/10.1190/geo2023-0124.1
https://doi.org/10.1190/geo2023-0124.1

	_Hlk221101088
	_Hlk217652670
	_Hlk217652741
	_Hlk80447662
	_Hlk81398672
	_Hlk81398646
	_Hlk81398778
	_Hlk186825803
	MTBlankEqn
	_Hlk221230279
	_Hlk193228212
	_Hlk220795576
	_Hlk220795979
	_Hlk182830126
	_Hlk220878459
	_Hlk220878474
	_Hlk221223468
	_Hlk193901956
	_GoBack

