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Abstract
The quality of the wavelet significantly affects the accuracy of full-waveform inversion 
(FWI). In practice, seismic data are often contaminated by non-ideal wavelets with 
complex side lobes and ambiguous dominant frequencies. Directly employing such 
data in conventional FWI workflows, which typically assume an ideal Ricker wavelet, 
can induce severe cycle-skipping problems and lead to inversion failure. Existing 
remedies, such as sophisticated source wavelet estimation or the design of wavelet-
independent objective functions, often suffer from instability in estimation or the loss 
of waveform details. To address this issue at its root from a data-driven perspective, 
this study proposes a novel deep learning-based approach. We introduce a multi-
scale Swin Transformer transposed U-Net (MSTU) network to intelligently transform 
seismic records containing unknown, non-ideal wavelets into universal records 
composed solely of ideal Ricker wavelets. Through end-to-end learning, our method 
establishes a direct nonlinear mapping from the complex wavelet domain to the 
universal wavelet domain, effectively stripping the inherent wavelet ambiguity from 
the raw data. Numerical examples demonstrate that data universal by the MSTU 
network can be directly fed into standard FWI routines, yielding superior inversion 
results. For data originally generated with Klauder or Ormsby wavelets, the inversion 
results obtained after our standardization process significantly outperform those 
from direct inversion using the incorrect wavelet or even using the original non-
ideal wavelet itself. Moreover, the accuracy approaches the theoretical upper limit 
achievable by inversion with the ideal Ricker wavelet as the ground truth. Requiring 
no prior wavelet estimation or modification to the core inversion algorithm, our 
method serves as an efficient, robust, and “plug-and-play” data preprocessing tool, 
offering a highly practical solution to enhance the reliability of FWI for field seismic 
data.
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1. Introduction
Full-waveform inversion (FWI) stands as one of the 
most promising methods for achieving high-resolution 
subsurface velocity modeling in geophysical exploration. 
Its fundamental principle involves numerically simulating 
seismic wave propagation through subsurface media and 
iteratively updating the model’s parameters. This process 
ultimately aims to achieve optimal matching between 
synthetic seismic data and actual field observations 
across the entire waveform spectrum.1,2 This method 
simultaneously utilizes both kinematic (travel time) and 
dynamic (amplitude, phase) information from seismic 
wavefields, theoretically enabling modeling accuracy and 
resolution far surpassing traditional ray tomography or 
velocity analysis methods.3,4

However, the success of FWI in practical applications 
heavily relies on accurate knowledge of the source 
wavelet. The source wavelet defines the initial conditions 
of the seismic wavefield, and its morphology, phase, and 
frequency band characteristics directly influence the 
accuracy of the synthetic data. In theoretical studies and 
many model experiments, the source is typically assumed 
to be a known, simple ideal wavelet, such as the zero-phase 
Ricker wavelet.5 In actual seismic data acquisition, however, 
the effective source wavelet is typically unknown due to 
the combined effects of source excitation mechanisms, 
instrument response, near-surface absorption, and 
wave propagation paths. It often exhibits complex phase 
characteristics, limited bandwidth, and irregular amplitude 
spectrum shapes, such as those seen in the Klauder or 
Ormsby wavelets.6 This discrepancy between actual and 
idealized wavelets constitutes a fundamental challenge in 
FWI applications.

Inaccurate source wavelets systematically distort the 
waveforms of synthetic data. The fidelity of synthetic 
data to observed data underpins the evaluation of FWI 
performance, and the morphology of these synthetic 
waveforms is inherently governed by the source wavelet.7 
When simulations employ erroneous wavelets, even 
with a perfectly accurate velocity model, non-negligible 
residuals persist between synthetic and observed data. This 
significantly increases the nonlinearity of the inversion 
objective function, making FWI methods prone to 
frequency jumps or convergence to local minima far from 
the true solution. Ultimately, this leads to failed inversions 
or severely distorted velocity models.5,8 Therefore, 
effectively addressing the uncertainty of source wavelets 
is crucial for advancing FWI technology toward practical 
application.

Existing research approaches to this problem fall 

into two main categories. The first focuses on source 
wavelet estimation, attempting to directly recover the 
source function from seismic data. For instance, Song 
and Williamson9 integrated wavelet calculations into 
the velocity model inversion process, but this method 
relies on a relatively accurate velocity model. Hu et al.10 

proposed an adjoint-state inversion method that updates 
the source wavelet simultaneously with velocity inversion. 
Liu et al.11 investigated wavelet estimation techniques 
within a time-domain FWI framework, while Han et al.12 
explored the extraction of deep seismic wavelets from 
real data using generative adversarial networks. These 
approaches address the root cause of the problem but rely 
heavily on the accuracy of the initial velocity model and 
the signal-to-noise ratio of the data. When initial model 
errors are significant or noise interference is strong, 
wavelet estimation itself may become ill-posed, with errors 
propagating directly and compromising the final velocity 
model. The second approach aims to circumvent wavelet 
influence by developing “wave-independent” inversion 
methods. These techniques redesign the objective function 
to render it insensitive to source wavelet details. Key 
strategies include: constructing objective functions based 
on seismic record envelopes to exploit their insensitivity 
to wavelet phases for background velocity inversion;8,9,13-20 
directing envelope inversion,21-23 constructing cross-folded 
target functions to eliminate common wavelet terms 
through mathematical transformations; or shifting to 
match the normalized energy spectrum between observed 
and synthetic data to reduce stringent phase matching 
requirements.24 These approaches enhance robustness to 
wavelet errors to varying degrees, but typically come at a 
cost such as loss of high-frequency details in waveforms, 
reduced inversion resolution, or stability challenges when 
applied to complex wavefields.

Collectively, mainstream approaches, whether using 
wavelets with inherent estimation errors as inputs or 
employing inversion algorithms insensitive to waveform 
details, fail to fully resolve issues arising from non-ideal 
source wavelets in the input data. Wavelet uncertainty 
in the data remains a fundamental constraint limiting 
inversion accuracy and reliability.

To address this, this study proposes a novel technical 
approach: seismic wavelet standardization. The core 
concept is not to embed the wavelet problem within 
complex inversion iterations nor to require inversion 
algorithms to adapt to the data. Instead, it focuses on 
fundamentally transforming the wavelet characteristics 
of the data during preprocessing. We aim to establish 
a data-driven mapping model that directly converts 
seismic records containing arbitrary, unknown, non-ideal 
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wavelets (e.g., Klauder, Ormsby) into “universal” seismic 
records resembling those generated by a known, ideal 
Ricker wavelet excitation. This approach decouples the 
wavelet uncertainty problem from the inversion domain, 
transforming it into a data-domain transformation 
problem. It thereby provides pure, consistent, high-quality 
input for subsequent standard FWI workflows, promising 
to significantly reduce inversion nonlinearity and enhance 
solution stability and reliability.

To achieve this goal, we propose the multi-scale Swin 
Transformer transposed U-Net (MSTU). Conventional 
convolutional neural networks struggle to capture long-
range dependencies in seismic data (e.g., far-offset 
continuity). The Swin Transformer25-27 overcomes this via 
hierarchical shifted-window attention, achieving linear 
complexity and multi-scale feature pyramids. Building 
on this, MSTU integrates three core components: the 
Swin Transformer as the encoder backbone, transposed 
convolutions for learnable upsampling in the decoder, 
and the U-Net28 encoder-decoder framework with skip 
connections to preserve multi-scale information.

Although Swin U-Net‑like architectures have been 
explored for seismic denoising29,30 and inversion,31 none 
of these works target wavelet standardization. Our 
MSTU adapts the Swin U-Net framework to this specific 
task by introducing data‑driven designs (anisotropic 
downsampling, non‑square windows, and learnable 
upsampling) that respect the distinct time–space 
dimensions of seismic records, enabling efficient and 
accurate mapping from non‑ideal wavelets to the ideal 
Ricker wavelet.

Through end-to-end supervised learning, MSTU can 
implicitly learn complex, nonlinear mapping rules from 
arbitrary non-ideal wavelets to ideal Ricker wavelets 
directly from massive data pairs. Seismic data processed 
with this intelligent normalization effectively strips 
ambiguity and complexity introduced by the original 
source wavelets, providing a robust and reliable data 
foundation for FWI. This significantly advances the large-
scale application of this technology in processing complex 
real-world seismic data.

2. Theoretical principles
The accuracy of FWI fundamentally depends on the 
quality of seismic data, for which the morphology and 
properties of the source wavelet are the core determinants 
of the wavefield characteristics. In practical seismic 
exploration, influenced by the combined effects of different 
source excitation mechanisms, acquisition-system 
responses, and propagation-path effects, seismic records 
are often dominated by source wavelets with diverse 

physical characteristics. These actual wavelets often exhibit 
significant differences from the simple, ideal wavelets 
(e.g., the Ricker wavelet) typically assumed in FWI theory 
and algorithms, particularly in terms of phase, amplitude 
spectrum, and side lobe structure.6

To systematically clarify the challenges posed by non-
ideal wavelets to inversion and to provide a clear physical 
and mathematical rationale for the standardization 
method proposed in this study, this section first presents 
a comparative analysis of three typical source wavelets: 
the Ricker wavelet, the Klauder wavelet, and the Ormsby 
wavelet. This analysis covers their mathematical models, 
time–frequency characteristics, and the resulting 
seismic wavefields. By dissecting how non-ideal wavelets 
(such as Klauder and Ormsby) introduce additional 
phase complexity, side lobe interference, and irregular 
frequency-band energy distribution into seismic records, 
we will reveal their specific mechanisms of impact on data 
consistency, waveform matching accuracy, and ultimately 
the reliability of the inversion solution. This analysis aims 
to theoretically demonstrate the necessity and urgency of 
performing wavelet standardization on raw seismic data.

2.1. Types and morphological characteristics of 
source wavelets

The mathematical representation of source wavelets is 
crucial for understanding their physical properties and 
their impact on seismic data. This study involves three 
typical source wavelets, whose mathematical expressions 
and generation principles are described below.

The Ricker wavelet is one of the most commonly 
used ideal wavelets in theoretical research of seismic 
exploration.6 Its time-domain expression can be 
represented as a function of time (Equation 1):

( ) 2 2 22 2 2 f t
Rickerw t 1 2 f t e−π = − π  	 (1)

where f  represents the peak frequency of the wavelet. 
This equation is essentially the second derivative of a 
Gaussian function, resulting in a symmetric main lobe 
and rapidly decaying side lobes. In this study, Ricker 
wavelets were generated using this formula with a fixed 
length, and an algorithm was employed to ensure that 
their absolute peak is precisely centered within the time 
sequence. This alignment process is crucial for ensuring 
timing consistency in subsequent waveform matching and 
inversion.

The Klauder wavelet is intrinsically linked to vibroseis 
technology. It is not directly defined by a single analytical 
expression but is generated from the autocorrelation 
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function of a linear-sweep signal.6 The frequency of the 
sweep signal ( )s t  varies linearly from minf  to maxf , and 
its mathematical expression is shown in Equation 2:

( ) ( ) 2
max min

min

f f t ))
s t sin(2 (f t ,0 t T

2T
−

= π + ≤ ≤ 	 (2)

where T  is the sweep duration. The Klauder wavelet is 
then obtained as the autocorrelation of this sweep signal 
(Equation 3):

( ) ( ) ( )
T

Klauder 0
w s t s t dtτ = + τ∫ 	 (3)

This process yields a wavelet with a bandpass frequency 
spectrum corresponding to the sweep frequency band.

Ormsby wavelet is the impulse response, in the time 
domain, of a trapezoidal bandpass filter.6 It is uniquely 
defined by four frequency parameters ( 1f , 2f , 3f , 4f
, where 1f < 2f < 3f < 4f ). Its time-domain expression is 
composed of a combination of squared sinc functions at 
four different frequencies (Equation 4):

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

2 22 2
4 4 3 3

Ormsby
34 34

2 22 2
2 2 1 1

12 12

f sinc f t f sinc f t
w t

f f

f sinc f t f sinc f t
                      

f f

π π π π
= −

∆ ∆

π π π π
− +

∆ ∆

	 (4)

where 34f∆  = 4fπ - 3fπ , 12f∆  = 2fπ - 1fπ , and ( )sinc x  
= ( )sin x / x . This expression directly corresponds to the 
inverse Fourier transform of a trapezoidal amplitude spec-
trum.

The morphological differences can be anticipated 
directly from the form of their mathematical expressions. 
The Ricker wavelet features a concise formula and is 
an ideal wavelet widely used in theoretical research. Its 
time-domain waveform (Figure 1A) exhibits a symmetric 
main lobe, characterized by amplitude modulation at 
a single dominant frequency, with the fastest side lobe 
decay among the three. This simple morphology grants 
it superior temporal resolution, making the reflection 
events it constitutes more readily distinguishable from one 
another.6

In contrast, both the Klauder wavelet (Figure 1B) and 
the Ormsby wavelet (Figure 1C) display typical non-
ideal characteristics. The time-domain waveform of the 
Klauder wavelet features a broad, flat main lobe flanked 
by numerous prominent, slowly decaying side lobes. 

The Ormsby wavelet, defined by four cutoff frequencies 
that shape its spectrum, presents an even more complex 
time-domain waveform. Its main lobe is less prominent 
in energy and is enveloped by a series of side lobes with 
comparable amplitudes and persistent oscillations.6

These two non-ideal wavelets share common 
detrimental features: wide main lobes and strong side lobes 
in the time domain, coupled with either a lower dominant 
frequency or complex bandpass characteristics in the 
frequency domain. These attributes are the root causes of 
degraded quality in the seismic wavefields they generate. 
Consequently, they underscore the necessity for the 
wavelet standardization processing proposed in this study.

2.2. Analysis of seismic wavefield characteristics 
generated by different wavelets

The morphological characteristics of the source wavelet, 
through convolution with the subsurface reflectivity 
series, directly determine the final wavefield expression 
in the seismic record. Figure 2 presents the synthetic 
seismic sections generated using the three aforementioned 
wavelets, all based on an identical subsurface reflectivity 
model.

As shown in Figure 2A, the wavefield generated by the 
ideal Ricker wavelet features sharp, clear reflection events 
with unambiguous onsets. The waveforms from individual 
layers are well-separated, resulting in a relatively clean 
wavefield structure. This high-quality wavefield provides 
reliable input for subsequent migration imaging or FWI.

In contrast, the wavefields constructed by the Klauder 
wavelet (Figure 2B) and the Ormsby wavelet (Figure 2C) 
exhibit significant drawbacks. Due to their inherently 
broad main lobes and strong side lobe energy, the seismic 
response from each subsurface interface is significantly 
temporally stretched and accompanied by pronounced 
ringing effects. This causes the reflection signals from 
adjacent thin layers to overlap and interfere, severely 
degrading the vertical resolution of the seismic data 
for these layers. Concurrently, the complex side lobe 
oscillations obscure the primary energy of the reflections, 
rendering the events blurry and less continuous, thereby 
hampering precise travel time picking or phase tracking. 
Furthermore, the strong side lobe energy creates persistent 
interference before and after major reflections, causing 
crosstalk between different wave types (e.g., primaries and 
multiples). This effectively elevates the background noise 
level of the wavefield, leading to an overall decrease in the 
signal-to-noise ratio. Figure 2 illustrates typical input–
label pairs from our training dataset. The same qualitative 
characteristics are observed in the test dataset, ensuring a 
fair evaluation.
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Figure 1. Three types of seismic wavelets. (A) Ricker wavelet ( f 20 hz= ), (B) Klauder wavelet ( minf 10 hz= , maxf 20 hz= ), and (C) Ormsby wavelet ( 1f 5 hz=
, 2f 10 hz= , 3f 15 hz= , 4f 20 hz= ).

Figure 2. Synthetic seismic sections generated with different wavelets based on the same subsurface model. (A) Ricker wavelet, (B) Klauder wavelet, and 
(C) Ormsby wavelet.
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In summary, non-ideal wavelets, such as Klauder 
and Ormsby, due to their broad main lobes, strong side 
lobes, and dominant low-frequency energy, systematically 
degrade the quality of the seismic wavefield. This manifests 
as reduced vertical resolution, blurred reflection events, 
and an overall decline in the signal-to-noise ratio.

When seismic data with such complex wavelet 
characteristics is directly applied to FWI, which is highly 
sensitive to waveform details, the systematic waveform 
distortion introduced by the wavelet morphology 
nonlinearly couples with errors in the subsurface model 
parameters. This coupling severely distorts the gradient 
direction, disrupts the inversion optimization path, and 
makes the algorithm highly prone to converging to a 
local minimum far from the true solution, or even failing 
entirely.

Therefore, before feeding raw data into the inversion 
workflow, developing a method that intelligently 
transforms data containing non-ideal wavelets into data 
equivalent to that generated by an ideal Ricker wavelet 
is a fundamental strategy for enhancing the stability, 
convergence, and ultimate accuracy of FWI at the data 
source. The intelligent wavelet standardization method 
proposed in this study, based on the MSTU, is specifically 
designed to systematically address this core bottleneck.

2.3. Seismic wavelet standardization network 
architecture based on multi-scale Swin Transformer 
transposed U-Net

To achieve the transformation of seismic records from 
non-ideal wavelets (e.g., Klauder, Ormsby) to those 
corresponding to an ideal Ricker wavelet, this study 
constructed a Swin Transformer-based U-Net network 
(Figure 3). This architecture integrates the transformer’s 
global contextual awareness for long-sequence modeling 
with the U-Net’s advantage in multi-scale feature fusion. 
It is specifically optimized for seismic data characteristics, 
aiming to achieve high-fidelity, end-to-end wavelet 
standardization mapping.

The network adopts an overall encoder-decoder 
structure. The input is a two-dimensional seismic record 
(time × trace number) containing the effects of non-
ideal wavelets, and the output is the corresponding 
ideal Ricker wavelet record. Given that seismic records 
typically have long time sequences (e.g., 1,200 samples), 
directly applying a standard transformer would impose 
a prohibitive computational burden. Therefore, the 
network first performs initial downsampling through two 
specialized convolutional layers: the first layer performs 
a four downsampling in the time dimension (using a 4 × 
1 kernel and stride), and the second layer performs a two 

downsampling in the spatial (trace) dimension (using a 1 
× 2 kernel and stride). This design transforms the input 
from its original dimensions (e.g., 1,200 × 128 × 1) to a 
more manageable size (e.g., 300 × 64 × 64), significantly 
reducing the computational complexity for subsequent 
transformer blocks while preserving key wavefield features. 
This rectangular kernel design, tailored to the distinct 
physical meanings and resolution requirements of the 
time and spatial dimensions in seismic data, proves more 
effective for feature extraction compared to conventional 
square kernels.

The core of the network consists of multiple stacked 
Swin Transformer blocks. Each block employs alternating 
window-based multi-head self-attention and shifted 
window-based multi-head self-attention modules. In 
window attention, the feature map is partitioned into 
non-overlapping local windows (this network adopts 
rectangular 8 × 4 windows suited to the seismic data 
shape). Attention calculation is confined to each window, 
making the computational complexity linear rather than 
quadratic in the sequence length. Shifted window attention 
then applies a window configuration that is shifted relative 
to the previous layer within adjacent blocks, breaking 
the isolation between fixed windows and enabling cross-
window information exchange and global context capture. 
Each attention layer is preceded and followed by layer 
normalization and incorporates residual connections 
to ensure training stability, and is then followed by a 
two-layer multilayer perceptron for nonlinear feature 
transformation. Notably, the network introduces a 
learnable relative-position bias table into the attention 
mechanism. This table captures biases arising from the 
relative positions of queries and keys, enabling the network 
to explicitly leverage the prior knowledge of sequentiality 
and proximity inherent in seismic signals across time and 
space.27

The encoder path comprises four stages, forming a 
hierarchical feature pyramid. Each stage contains two Swin 
Transformer blocks (employing regular and shifted window 
configurations, respectively) followed by a patch-merging 
operation. Patch merging reduces spatial dimensions by 
half via 2 × 2 downsampling while doubling the number 
of channels, progressively expanding the model’s receptive 
field. This enables the network to integrate and abstract 
local waveform features from shallow layers (e.g., wavelet 
side lobe shapes) into more global semantic features 
in deeper layers (e.g., the overall structure of reflection 
sequences and primary-event trends). A bottleneck layer 
sits between the encoder and decoder, employing deep 
transformer blocks to capture the richest contextual 
information.
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Journal of Seismic ExplorationJournal of Seismic Exploration Wavelet conversion FWI via MSTU

Volume 35 Issue 4 (2026)	 7� doi: 10.36922/JSE026030010

Figure 3. Multi-scale Swin Transformer transposed U-Net (MSTU)
Abbreviations: 2D: Two-dimensional; MLP: Multilayer perceptron; Norm: Normalization; SWMA:  Shifted window-based multi-head self-attention; 
WMA: Window-based multi-head self-attention. 

The decoder path symmetrically uses transposed 
convolutions for upsampling. Crucially, skip connections 
concatenate and fuse feature maps from corresponding 
stages of the encoder with those in the decoder, thereby 
achieving complementary multi-scale information and 
recovering fine waveform structures.

Regarding parameter configuration, the network 
employs a progressive design: shallow stages use fewer 
attention heads (4 heads) and feature channels (64) to 
focus on local details; as the network deepens, the number 
of attention heads (increasing to 16 heads) and feature 
channels (increasing to 256) are increased correspondingly 
to capture more complex global patterns.25 Window sizes 
are dynamically adapted to the feature map dimensions, 
using an asymmetric rectangular design to match the 
temporal and spatial characteristics of seismic data. The 
shift size is set to half of the window dimension to ensure 

sufficient cross-window interaction. The training process 
uses the Adam optimizer with an initial learning rate of 1 × 
10−4, coupled with an adaptive learning rate decay strategy 
based on validation loss plateaus. The loss function 
employs mean squared error to directly constrain point-
wise amplitude consistency between the output waveform 
and the target Ricker wavelet waveform. Data is randomly 
shuffled before training to enhance generalization, and 
early stopping is employed to prevent overfitting.

This network architecture incorporates several 
specialized designs tailored to the characteristics of 
seismic data. First, efficient processing of long seismic 
sequences is achieved through initial downsampling and 
the windowed attention mechanism. Second, cross-scale 
feature fusion from local waveform details to the global 
wavefield structure is achieved via the U-Net’s skip-
connection architecture. Third, the entire model is trained 
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end-to-end, requiring no handcrafted features or complex 
preprocessing pipelines, directly learning the mapping 
function from the complex wavelet domain to the ideal 
wavelet domain. Through these designs, the network can 
effectively avoid the wavelet ambiguity and complexity 
inherent in raw seismic records, providing stable, purified, 
high-quality input data for subsequent FWI.

2.4. Full-waveform inversion

Full-waveform inversion is one of the most advanced 
inversion techniques in geophysical exploration for 
obtaining high-resolution subsurface models of medium 
parameters (e.g., velocity, density). Its core principle is to 
use numerical simulation methods to iteratively update 
the subsurface model parameters, aiming for a globally 
optimal match between synthetic and field-observed 
seismic records across the entire waveform (including 
amplitude, phase, and travel time).1,2 

For an acquisition system consisting of 
sN  sources and 

rN  receivers, the objective function for time-domain FWI 
is defined as the L2-norm of the residuals between the 
synthetic and observed data (Equation 5):

( ) ( ) ( )( ) ( ) ( )( )s r
2TN N i j i j

s r s ri 1 j=1 0

1m u m, t; x , x d t; x , x dt
2 =

Φ = −∑ ∑ ∫ 	 (5)

where m  represents the subsurface medium parameter 
model, u  is the seismic wavefield forward-modeled based 
on the current model m , d  is the actual observed data, 
the summation iterates over all source points sx  and 
receiver points rx , and T  is the recording duration. The 
objective of FWI is to find the model m  that most closely 
approximates the true subsurface structure by minimizing 
the objective function ( )mΦ .

To update the model, it is necessary to compute the 
gradient of the objective function with respect to the 
model parameters, m∇ Φ . Direct calculation of the Fréchet 
derivative (i.e., the sensitivity kernel of the wavefield 
to model parameters) is computationally prohibitive.1,2 
Therefore, the adjoint-state method is widely employed 
for efficient gradient computation. The essence of this 
method involves performing one forward propagation 
(from the source to compute the synthetic wavefield) and 
one backward propagation (using the data residual as a 
virtual source to propagate the adjoint wavefield). The final 
gradient is then obtained via the zero-lag cross-correlation 
of the forward wavefield and the adjoint wavefield 
(Equation 6):

2T

m 3 20

2 u udt
v t

∂
∇ Φ ≈ − ⋅

∂∫ 	 (6)

where u  represents the adjoint wavefield. Once the 
gradient is obtained, nonlinear optimization algorithms 
(such as the conjugate gradient method or limited-
memory Broyden–Fletcher–Goldfarb–Shanno) are used to 
determine the direction and step size of the model update 
for iterative refinement.

However, the successful application of FWI faces two 
major challenges: initial model dependence and cycle-
skipping.1,2 Due to the highly non-convex nature of the 
objective function, it contains multiple local minima. If the 
initial velocity model deviates significantly from the true 
model, inversion based on local optimization strategies is 
highly prone to converging to an erroneous local solution, 
leading to cycle-skipping: a phenomenon where the 
synthetic waveform incorrectly matches an adjacent cycle 
of the observed waveform.1,2

A key strategy to mitigate this problem is multi-
scale inversion, which involves progressing from low-
frequency to high-frequency data in a stepwise manner. 
Low-frequency data correspond to the long wavelengths 
of seismic waves, which are sensitive to the background 
velocity (macro-structure). Moreover, the objective 
function associated with low frequencies is smoother, 
facilitating convergence toward the vicinity of the global 
minimum. Building upon this recovered background 
model, higher-frequency data are then incorporated to 
recover the short-wavelength details (fine-scale structures) 
of the velocity model.1,2 The FWI implementation in this 
study adopts this strategy.

The FWI conducted in this study is based on the two-
dimensional acoustic wave equation and encompasses 
the core components of modeling, inversion, and 
optimization. The inversion workflow begins with 
constructing an initial velocity model, typically a linearly 
increasing gradient model from shallow to deep, as the 
starting point. The crucial multi-scale inversion strategy 
is implemented through frequency band segmentation: 
first, low-frequency band data (e.g., around 2 Hz) is 
selected for iterative inversion to recover the large-scale 
velocity background; subsequently, the process transitions 
to a high-frequency band (e.g., around 25 Hz) to further 
update the model and delineate finer structural details. A 
fixed number of iterations is allocated to each frequency 
band, and the process proceeds sequentially.

During each iteration, the following steps are 
performed for each source gather. First, forward modeling 
is performed using the current velocity model to generate 
synthetic seismic records. Next, the residual between 
the synthetic record and the observed data within the 
corresponding frequency band is computed. Finally, the 
contribution of this source’s data to the velocity model 
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gradient is calculated using the adjoint-state method. 
The gradients from all sources are accumulated and then 
processed with preprocessing steps, such as illumination 
compensation. Subsequently, the model is updated using 
an adaptive step-size strategy that is progressively adjusted 
throughout the iterations. To maintain the stability of the 
inversion process, the model updates are performed within 
the logarithmic velocity domain.

Throughout the inversion, a time-aligned Ricker wavelet 
is employed as the source wavelet to ensure temporal 
consistency of the main wavelet peak, thereby reducing 
errors introduced by wavelet phase misalignment.

In summary, FWI is an effective method for achieving 
detailed subsurface imaging through iterative optimization 
that progressively minimizes the discrepancy between 
synthetic and observed data. The quality of its inversion 
results depends critically on the quality of low-frequency 
data, the reasonableness of the initial model, and the 
accuracy of the source wavelet. The “seismic wavelet 
standardization” preprocessing method proposed in this 
study aims to provide FWI with observed data composed 
of ideal Ricker wavelets, offering higher consistency. By 
doing so, it mitigates the interference from non-ideal 
wavelets at the data source, thereby enhancing the stability 
and accuracy of multi-scale inversion.

3. Methodology
To validate the effectiveness of the proposed seismic 
wavelet standardization network based on the MSTU, 
systematic numerical experiments were designed and 
conducted. The experiments primarily consist of two parts: 
first, to evaluate the network’s capability to standardize 
seismic records with different non-ideal wavelets; second, 
to apply the universal data to FWI to examine its practical 
contribution to improving inversion accuracy.

3.1. Wavefield processing

Training deep learning models typically requires massive 
amounts of data, whereas high-fidelity numerical 
simulation in geophysics is computationally expensive. 
To construct a dataset that, while limited in size, is highly 
relevant, we selected the classic overthrust velocity model 
as the foundation. By slicing the model horizontally at 
fixed intervals (every 15 grid points), we obtained a series 
of two-dimensional velocity profiles that are structurally 
similar but differ in detail. The first sliced velocity 
model was designated as the test set and kept completely 
isolated from the training process. The remaining velocity 
models were used to generate the training set. This data 
construction strategy ensures that the test model shares 
macro-geological features with the training models 

while maintaining independence, effectively testing the 
model’s generalization capability under a “small-sample” 
condition—its ability to handle unseen velocity structures 
similar to those in the training data.

Our computing hardware consists of a Quadro RTX 
5000 with 16 GB of memory. We used 17 speed models for 
training, resulting in a training dataset of 2,176 samples. 
We used one test model and a test dataset of 128 samples. 
During training, the batch size was set to 4, and each 
iteration took approximately 80 seconds. The total number 
of iterations was 200. Finally, the wavefield transformation 
of the test data took only three seconds.

Using the velocity models described above, we employed 
Klauder and Ormsby wavelets as the sources for forward 
modeling, generating synthetic seismic records containing 
complex, non-ideal wavelet effects as input to the network. 
Feeding the test set data into the trained MSTU network 
yielded the standardization results, as shown in Figures 4 
and 5.

Figures 4A and 5A display the single-shot records 
generated by the original Klauder wavelet and Ormsby 
wavelet, respectively, on the test velocity model. It can be 
observed that due to the intrinsic broad main lobe and 
strong side lobes of these wavelets, the reflection events 
in the wavefield appear relatively blurred, with reflections 
from different layers intertwining, resulting in a lower 
signal-to-noise ratio.

In contrast, Figures 4B and 5B show the corresponding 
network-processed results. After standardization, the 
waveforms in the seismic records are significantly 
sharpened, exhibiting a morphology similar to that 
produced by an ideal Ricker wavelet excitation: the 
reflection events become clear and sharp, the onset times 
of reflection signals are well-defined, and the wavefield 
structure appears much cleaner, making it more suitable 
for velocity model building.

To more finely contrast the waveform changes, we 
extracted single-trace records (as shown in Figures 6A, 
6B, 7A, and 7B). Figure 6A compares the waveforms of 
the original Klauder wavelet record and the ideal Ricker 
wavelet record at the same receiver trace. It is evident that 
the Klauder wavelet exhibited complex oscillations with 
a non-prominent main peak, which differs significantly 
from the Ricker wavelet. Figure 6B, in contrast, compares 
the network-processed waveform with the Ricker wavelet 
waveform. The two demonstrated high consistency in 
their primary phase and amplitude characteristics. The 
same phenomenon was observed in the comparison for 
the Ormsby wavelet (Figure 7A and 7B). This visually 
and quantitatively demonstrates that our network can 
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effectively learn and strip away the complex characteristics 
of Klauder and Ormsby wavelets, transforming them into 
high-quality, universal wavefields that closely approximate 
the Ricker wavelet. This process provides a superior data 
foundation for subsequent inversion.

3.2. Comparison of full-waveform inversion 

To quantitatively assess the practical improvement in 
FWI accuracy afforded by wavelet standardization, a 
comparative experiment was designed. The true velocity 
model (i.e., the test set model) and the initial velocity 
model used for the inversion are shown in Figure 8. The 
initial model was constructed as a linear gradient model: 
the shallow velocity was set to a constant (consistent with 
the average shallow velocity of the true model), and the 
deep velocity increased linearly from a minimum to a 
maximum. This model contains only a rough velocity 
trend, devoid of any specific structural information, 
thereby providing a strict test of FWI’s ability to recover 
details from the data. The grid spacing was set to 10 m, the 
sampling interval to 0.001 seconds, with a total of 22 shots 
participating in the inversion.

To address the limitations imposed by the initial model 
on the inversion results,2,32 a multi-scale iterative strategy 
was employed.5,33 First, low-frequency (2 Hz) data with 
a Ricker wavelet were used uniformly to perform 15 
iterations on the initial model, establishing a relatively 
reasonable macro-velocity background. Building upon 
this, we compared high-frequency (25 Hz) inversion results 
under four different data conditions, each undergoing 10 
iterations. Scenario A (known wavelet): Using the original 
data containing non-ideal wavelets (Klauder or Ormsby), 
with the FWI forward simulation accurately employing the 
corresponding true wavelet. This represents a theoretically 
ideal but often impractical scenario. Scenario B (wavelet 
mismatch): Using the original data containing non-ideal 
wavelets, but with FWI forward simulation incorrectly 
using a Ricker wavelet of similar dominant frequency. This 
simulates the common “wavelet mismatch” scenario in 
practical exploration when wavelet complexity is ignored. 
Scenario C (ideal standard): Using synthetic data directly 
generated with the ideal Ricker wavelet (and inverting with 
the same Ricker wavelet). This serves as the theoretical 
benchmark for inversion. Scenario D (our method): 
Using the wavefield universal by the neural network as the 
observed data, with FWI forward simulation employing 
the standard Ricker wavelet.

Figures 9 and 10 show the FWI result comparisons for 
the Klauder and Ormsby wavelet datasets, respectively. 
The comparative analysis reveals that Scenario A (known 
wavelet) yielded relatively poor inversion results, largely 

due to the inherent complexity of the non-ideal source 
wavelet. Scenario B (wavelet mismatch) produced the 
worst results, exhibiting significant structural distortions, 
spurious artifacts, and severe cycle-skipping phenomena. 
This verifies the detrimental impact of using an incorrect 
wavelet in FWI. Scenario C (ideal standard) served as the 
benchmark and achieved high-quality inversion results.

Crucially, the inversion results of Scenario D (our 
method) were visually and quantitatively very close to 
those of Scenario C (ideal standard) and were significantly 
better than both Scenarios A and B. This indicates that 
our wavelet standardization network effectively serves as 
a wavefield reconstruction front end. It does not require 
prior knowledge of the precise wavelet morphology of 
the input data, yet it successfully transforms the data into 
a high-quality form that can be accurately inverted by a 
standard FWI workflow assuming a Ricker wavelet.

The experimental results strongly demonstrate that the 
proposed method can significantly mitigate FWI instability 
caused by inaccurate or non-ideal source wavelets, without 
requiring complex wavelet estimation procedures or 
specialized inversion algorithms. In practical scenarios 
where the source wavelet is unknown, this approach 
substantially enhances both the accuracy and reliability of 
the inversion.

3.3. Tests on noise robustness and model 
generalization

To comprehensively evaluate the network’s robustness 
and applicability, we conducted two additional tests: 
processing noisy data and generalization across models. 
The tests employed the Ormsby wavelet and a completely 
new velocity model that was not involved in any previous 
network training (Figure 11A). To ensure a fair evaluation, 
the network was retrained using sliced data from all other 
velocity models, excluding this test model.

First, random noise was added to the synthetic data to 
simulate real-world interference. As shown in Figure 12, 
the reflection events in the noisy Ormsby wavelet wavefield 
were severely obscured. The network’s output (Figure 
12B) demonstrated that it not only converted the wavelet 
to the standard Ricker wavelet form but also effectively 
suppressed random noise. The processed wavefield exhibits 
clear reflection signals with significantly reduced side lobe 
interference and an improved signal-to-noise ratio.

Subsequently, we systematically compared the outcomes 
of three FWI strategies based on this noisy test dataset 
(Figure 11). Specifically, Figure 11B presents the result of 
directly inverting the noisy original Ormsby wavelet data 
using an erroneous Ricker wavelet; Figure 11C shows the 
benchmark result obtained by inverting clean, noise-free 
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Figure 4. Standardization effect of Klauder wavelet data based on multi-scale Swin Transformer transposed U-Net (MSTU). (A) Original single-shot 
record with Klauder wavelet. (B) Single-shot record after MSTU standardization.

Figure 5. Standardization effect of Ormsby wavelet data based on multi-scale Swin Transformer transposed U-Net (MSTU).  (A) Original single-shot 
record with Ormsby wavelet. (B) Single-shot record after MSTU standardization.

data generated with an ideal Ricker wavelet; and Figure 
11D displays the result of inverting the noisy original data 
after it was universalized by the MSTU network, again 
using the Ricker wavelet. The inversion results clearly 
demonstrate that the model in Figure 11B, suffering from 
severe wavelet mismatch and noise interference, exhibits 
noticeable layer misalignment and structural distortion. In 
contrast, the inversion result in Figure 11D (our method) 
shows high agreement with Figure 11C, the ideal noise-free 

benchmark, in structural geometry, interface continuity, 
and background velocity recovery. This comparison 
not only verifies the effectiveness of our network in 
performing wavelet standardization under strong noise 
conditions but, more importantly, demonstrates its ability 
to maintain stable, reliable generalization performance 
when processing entirely new, unseen velocity models. This 
provides compelling experimental support for the potential 
application of this method in practical, unexplored survey 
areas.
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Figure 6. Waveform comparison for Klauder wavelet standardization on trace 64 of shot 64 (test data). (A) Comparison between the original Klauder 
wavelet and the ideal Ricker wavelet. (B) Comparison between multi-scale Swin Transformer transposed U-Net-universal waveform and ideal Ricker 
wavelet.

Figure 7. Waveform comparison for Ormsby wavelet standardization on trace 64 of shot 64 (test data). (A) Comparison between the original Ormsby 
wavelet and the ideal Ricker wavelet. (B) Comparison between multi-scale Swin Transformer transposed U-Net-universal waveform and ideal Ricker 
wavelet.
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Figure 8. True and initial velocity models used for full-waveform inversion. (A) True velocity model. (B) Initial velocity model (linear gradient model).

Figure 9. Comparison of full-waveform inversion results using Klauder wavelet data. (A) Scenario A: Inversion using the true Klauder wavelet. (B) Scenario 
B: Erroneous inversion of Klauder data using a mismatched Ricker wavelet. (C) Scenario C: Inversion using ideal Ricker wavelet data (benchmark). (D) 
Scenario D: Our method (Inversion of universal data using the Ricker wavelet).

Figure 10. Comparison of full-waveform inversion results using Ormsby wavelet data. (A) Scenario A: Inversion using the true Ormsby wavelet. (B) 
Scenario B: Erroneous inversion of Ormsby data using a mismatched Ricker wavelet. (C) Scenario C: Inversion using ideal Ricker wavelet data (benchmark). 
(D) Scenario D: Our method (Inversion of universal data using the Ricker wavelet).
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4. Results and discussion

4.1. Seismic‑oriented network architecture design

Multi-scale Swin Transformer transposed U-Net 
introduces rectangular windows and asymmetric 
convolutional kernels, a design rooted in the inherent 
physical characteristics of seismic data: the number of 
time samples is usually much larger than the number of 
receiver traces. Traditional square windows or square 
kernels compress both the time and space dimensions 
simultaneously, leading to loss of vertical continuity 
information or computational redundancy. In contrast, 
rectangular windows and asymmetric kernels can 
independently handle the long time axis and the short 
spatial axis, preserving the original features of the seismic 
wavefield to a greater extent. Moreover, the network depth, 
number of attention heads, and number of channels were 
optimized through extensive parameter tuning to balance 
model expressiveness and GPU memory (Quadro RTX 
5000, 16 GB), yielding the optimal configuration.

4.2. Noise robustness analysis

To evaluate the robustness of MSTU under noisy conditions, 
we added Gaussian noise of different intensities to the test 
inputs and computed the signal‑to‑noise ratio (Equation 
7), including both the signal-to-noise ratio of the test data 
relative to the label and the signal-to-noise ratio of the 
prediction relative to the label (Table 1). Experiments show 
that even in the presence of strong noise, the network can 
effectively suppress noise and recover the main reflection-
wavefield morphology, demonstrating MSTU’s robustness 
to noise. This benefits from the implicit suppression of 
local noise by the Swin Transformer’s window attention 
mechanism and from faithful multi‑scale feature 
transmission via skip connections. Further analysis of 
noise robustness (Figure 13) reveals that when the noise 
level reaches 0.1, the input waveform becomes almost 
invisible; nevertheless, the network can still effectively 
suppress the noise and successfully standardize the 
wavefield. However, when the noise level increases to 0.5, 
although the network still suppresses most of the noise, the 
underlying waveform is severely damaged and can hardly 
be used for reliable inversion. This observation defines the 
practical noise‑robustness boundary of our method.

( )
( )1010 label rms

label rms

u
Signal to noise ratio log

u u
− − = ∗

− 	 (7)

where u  represents the wavefield to be calculated, labelu  
represents the target wavefield without noise (composed of 
Ricker wavelets), and rms  stands for root mean square.

4.3. Comparison with a baseline network

To objectively evaluate MSTU’s performance, we selected 
the standard U-Net as the baseline. Both networks 
were trained under the same training set, test set, and 
hyperparameters (batch size = 4, epochs = 200, Adam 
optimizer). The experimental results show that the signal-
to-noise ratio after processing by MSTU (13.94 dB) is better 
than that of U-Net (13.67 dB). Although the inference time 
per shot of MSTU (3.2 seconds) is slightly higher than that 
of U-Net (1.7 seconds), both are far lower than the time 
cost of seismic wavefield forward modeling and fully meet 
the real‑time requirements of the preprocessing stage. 
More importantly, the U-Net still leaves residual side lobe 
waveforms after processing and recovers reflected signals 
poorly at far offsets and deep regions, whereas MSTU 
performs significantly better in these aspects (Figure 14).

4.4. Data limitation and generalization capability

Constrained by hardware limitations, computational cost, 
and the difficulty of acquiring field data, this study did not 
use real data or massive synthetic datasets. Instead, based 
on the classic Overthrust velocity model, we generated a 
series of two-dimensional velocity profiles with similar 
macro-structures but different fine details via equally 
spaced slicing. This strategy ensures that the training 
and test sets share similar macro-geological features 
while maintaining independent velocity details, allowing 
us to effectively evaluate the model’s generalization 
to unseen velocity structures under a “small‑sample” 
condition. Meanwhile, we employed only noisy synthetic 
data and two typical non‑ideal wavelets to demonstrate 
training performance. Although the dataset is small, the 
experimental results show that MSTU can still learn a stable 
nonlinear mapping, thereby demonstrating the rationality 
of this data construction strategy. However, open-source 
field datasets generally lack accurate velocity models and 
true source wavelets, making it difficult to directly validate 
our method. Therefore, extensive training on diverse data 
is required first to achieve strong generalization, and 
applying the method to real data remains a key direction 
for future work.

4.5. Applicability boundaries and future extensions

This study mainly discusses two typical “poor” wavelets 
(Klauder and Ormsby) characterized by an indistinct 
dominant frequency, strong side lobe energy, and long 
waveform duration, which lead to low resolution and 
severe interference in seismic records. For wavelets with 
extremely narrow bandwidth and a highly concentrated 
dominant frequency (e.g., the zero‑phase Ricker wavelet 
itself), the proposed method is not necessary. For the 
envelope method, although it can reduce side lobe 
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Figure 11. Comparison of inversion results using different strategies on noisy data and a new velocity model. (A) New velocity model used for testing. (B) 
Inversion result using noisy original Ormsby data with a mismatched Ricker wavelet. (C) Inversion result using ideal noise-free Ricker wavelet data. (D) 
Inversion result using noisy data universal by the multi-scale Swin Transformer transposed U-Net network with the Ricker wavelet.

Figure 12. Comparison of standardization processing effects for noisy Ormsby wavelet data. (A) Noisy original single-shot record with Ormsby wavelet. 
(B) Single-shot record after standardization by the multi-scale Swin Transformer transposed U-Net network.

Table 1. Signal-to-noise ratio in noise immunity testing

Noise percentage  Signal-to-noise ratio of input data  Signal-to-noise ratio of prediction data

0 7.18 13.97

0.05 7.16 13.36

0.1 7.11 12.79

0.5 6.17 11.63

1.0 4.76 11.39
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effects, it also lowers the dominant frequency. In practical 
exploration, the source wavelet may vary with time, space, 
or contain multiple mixed types. Therefore, future research 
could consider: (i) constructing multi‑task or adaptive 
standardization networks that can simultaneously handle 
multiple wavelet types; (ii) introducing unsupervised 
or semi‑supervised learning frameworks to reduce the 
dependence on paired label data; (iii) extending the 
method to three-dimensional seismic data to further 
exploit the spatial continuity of the wavefield.

4. Conclusion
The accuracy of FWI heavily depends on the precision of 
the source wavelet. To address waveform distortion and 
inversion instability caused by non-ideal wavelets (e.g., 
Klauder and Ormsby wavelets) prevalent in real seismic 
data, this paper innovatively proposes and implements a 
deep learning method for seismic wavelets normalization 
based on the MSTU. The main conclusions of this study 
are as follows:

(i)	 Effectiveness of the network architecture: The 
designed MSTU network efficiently learns the complex 
nonlinear mapping from non-ideal wavelet seismic 
records to ideal Ricker wavelet records. Through its 
hierarchical Swin Transformer encoder, the network 
precisely models both global and local features in the 
wavefield. Using a transposed convolutional decoder 
and U-Net skip connections enables high-fidelity 
waveform reconstruction by extracting complex 
wavelet features from the raw data.

(ii)	 Significant improvement in inversion accuracy 
through data standardization: Systematic numerical 
experiments demonstrate that performing FWI 
directly on raw non-ideal wavelet data (assumed to 
be Ricker waves) leads to severe structural distortion 
and frequency jumps. In contrast, data universal by 
this method exhibits significantly superior structural 
fidelity and detail resolution during inversion using 
standard Ricker wavelet procedures compared to 
mismatched wavelet scenarios. It even outperforms 

Figure 13. Noise robustness analysis of the multi-scale Swin Transformer transposed U-Net (MSTU) network under different Gaussian noise levels. (A) 
Input with noise level 0.1 and (B) corresponding standardized output by MSTU (noise level 0.1). (C) Input with noise level 0.5 and (D) corresponding 
output by MSTU (noise level 0.5). 
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inversion using known yet complex, non-ideal 
original wavelets, approaching the theoretical optimal 
standard achieved with true ideal Ricker wavelet data.

(iii)	Practicality and generalizability: This method offers 
a preprocessing solution that does not rely on precise 
prior knowledge of source waveform morphology 
nor require modification of existing mature FWI core 
algorithms. Test results on a limited dataset constructed 
based on the classical Overthrust model confirm the 
method’s strong generalizability to unknown models 
with similar geological backgrounds.

In summary, this study innovatively integrated cutting-
edge deep learning architectures into the upstream phase of 
seismic data quality control, offering a novel and effective 
technical pathway to address the long-standing challenge 
of wavelet uncertainty that has constrained the practical 
application of FWI. By enabling intelligent wavefield 
reconstruction, this method opens new possibilities 

for high-precision velocity modeling and detailed 
reservoir characterization using vast existing seismic 
archives, demonstrating clear theoretical value and broad 
application prospects. Future research should focus on 
enhancing the model’s robustness and adaptability to more 
complex geological conditions, lower signal-to-noise ratio 
data, and three-dimensional scenarios, thereby advancing 
this methodology from theoretical validation to large-scale 
production applications.
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