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ABSTRACT

Vibroseis is widely used in land surveys, but source-ground coupling and equipment nonlinearities
generate second- and higher-order harmonics as well as narrowband resonance lines. These source-
related interferences overlap the target reflection band, markedly degrading the signal-to-noise ratio
(SNR) and masking weak reflections. We propose a dual-branch wavelet-fusion U-Net (DW-U-Net) for
harmonic noise attenuation. The backbone operates in the time domain, while a wavelet side branch
explicitly represents low-frequency background and high-frequency details. A differentiable inverse
discrete wavelet transform (IDWT) injects the reconstructed wavelet features into the decoder to
structurally suppress harmonic streaks while preserving reflections. Training data are generated by
adding higher-order harmonics to a reference sweep and then simulating shot records through forward
modeling. On the Marmousi2 model under strong harmonic noise, DW-U-Net increases the whole-shot
average SNR from 9.92 dB to 29.29 dB, and achieves residual energy 2.44 x 102, root mean square error
(RMSE) 4.51 x 107>, and multiscale structural similarity (MS-SSIM) 0.9959. Experiments on the Mar-
mousi2 model and the public Utah FORGE field data demonstrate that DW-U-Net attenuates coherent
harmonic streaks and suppresses narrowband resonance lines in shot records. Compared with DnCNN, a
standard U-Net, dual residual network (DURN), and multi-input multi-output U-Net (MIMO-U-Net)
trained under the same protocol, DW-U-Net delivers consistently higher SNR under strong noise levels.
Time-frequency analyses further show that the main reflection band is well preserved in amplitude and
bandwidth, while coherent harmonic remnants are substantially reduced.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

correlation with the pilot, these distortions appear as sidelobes
flanking the main lobe. These artifacts degrade velocity model

High-quality seismic data directly influences the reliability of
hydrocarbon targeting and subsurface interpretation. In practice,
interference from the source and the near surface reduces the SNR,
masks weak reflections, and destabilizes the effective wavelet.
Vibroseis is widely used in land acquisition due to its flexible
deployment and controllable output. However, it is susceptible to
nonlinearities in the source mechanism and coupling with the
ground. These effects distort an ideal linear sweep and produce
higher-order harmonics and narrowband resonance lines. After
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building, impair elastic parameter inversion, and hinder attribute
analysis. As a result, imaging and reservoir characterization are
compromised (Vedanti et al., 2021). Both simulations and field
data show that source-related harmonics form banded and comb-
shaped coherent patterns that substantially overlap the main
reflection band. This strong overlap creates a trade-off for direc-
tional filters and conventional deconvolution between harmonic
attenuation and primary signal preservation (Abd El-Aal, 2010).
Transform-domain modeling, when combined with learning-
based inversion, has recently shown strong potential for sup-
pressing structured interference. This progress motivates the
development of methods that specifically target harmonic struc-
tures while preserving reflections (Si et al., 2023). At low SNR,
simple thresholding or linear filtering often fails by either
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insufficiently reducing noise or excessively attenuating it. This
motivates the use of more robust, adaptive, and multistage de-
compositions (Kong et al., 2017; Yuan et al., 2022). Furthermore,
harmonic and resonance components can pass through multiple
processing stages. In some cases, they are even amplified, leading
to cumulative degradation of data quality (Walden and White,
1998).

On the acquisition and processing fronts, several strategies
have been explored. For simultaneous source and high produc-
tivity designs, such as slip sweep, anticorrelation or cancellation
across prestack records can suppress crosstalk streaks while pre-
serving reflections (Zhang et al., 2012). This line of work addresses
crosstalk, which is related to but distinct from the source-induced
harmonics considered here. In the correlation domain, stepwise
harmonic removal using a pipeline of synchrosqueezing trans-
form, filtering, and inverse synchrosqueezing transform remains
compatible with truncated correlation records while maintaining
operational efficiency (Qu et al., 2015). From the source control
perspective, optimizing servo parameters and regulating ground
force reduces harmonic distortion and enhances the usability of
low-frequency output (Wei and Phillips, 2013). Mixed sweep de-
signs, including those based on orthogonal frequency-division
multiplexing, jointly control amplitude and phase and redis-
tribute energy across the band to balance penetration against
interference suppression, thereby improving the field SNR (Gao
et al., 2025). For encoded imaging, source-independent sinusoi-
dal encoding uses trigonometric orthogonality to facilitate multi-
scale inversion and deblending while reducing sensitivity to the
unknown source signature (Zhang et al., 2020).

Harmonic noise suppression in seismic data has progressed
from explicit modeling through adaptive representations to the
enforcement of phase consistency. Early studies operated in the
correlation domain and emphasized explicit identification fol-
lowed by progressive subtraction of harmonic components. One
representative approach identifies harmonics in increasing order
and removes them sequentially in the correlation domain, thereby
directly weakening striped interference (Abd El-Aal, 2011). Build-
ing on this idea, the double phase shift technique applies a 90°
phase rotation to spectral peaks and constructs linear combina-
tions that cancel harmonics from the first through the fourth order
by exploiting the spectral peak characteristics of correlated
sweeps, thereby improving the efficiency of high-order suppres-
sion (Li et al., 2022). Subsequently, researchers introduced para-
metric models with multiple sinusoids for harmonic cancellation.
Iterative estimation and subtraction produced a general frame-
work for harmonic modeling that maps all harmonic orders into an
estimable parameter space and improves transferability across
acquisition conditions (Butler and Russell, 2003). In parallel,
multiple-filter decomposition uses a bank of narrowband filters to
separate the fundamental sweep component and its harmonics in
the joint time-frequency domain. It also enforces amplitude and
phase templates, thereby strengthening the connection between
interpretation and processing (Li, 1997).

As non-stationarity in field records and strong source-related
interference have become more pronounced, the research focus
has shifted toward more robust representations, including adap-
tive thresholding, and low-rank and sparse modeling. Adaptive
time-frequency thresholding constructs a dynamic threshold
curve via exponential fitting and applies soft thresholding in the
frequency domain to track the slow drift of harmonics and useful
reflections in both time and frequency, thereby reducing the risks
of over-suppression and under-suppression inherent to fixed
thresholds (Zhang et al., 2024). Multiband low rank methods
project the data into a tensor space formed by multiple bandpass
components and, when combined with sparse regularization,
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jointly attenuate random noise and anomalous coherent events,
providing an amplitude-preserving and robust background-
cleaning mechanism for harmonic mitigation (Lin and Zhang,
2022). Centroid-oriented transforms are tailored to the geometry
of harmonic components and delineate the principal direction of
energy dispersion in the time-frequency domain. This enhances
the separability between harmonics and transient reflections at
the representation level and enables nearly lossless reconstruction
(Chen et al., 2024). Multiscale phase-only correlation prioritizes
phase consistency. By reinforcing the phase coherence of weak
reflections in a generalized time-frequency transform domain, it
maintains stable performance in the presence of residual har-
monics and strong background noise (Fang and Zhang, 2025).
Meanwhile, to support engineering deployment and parameter
control, studies on dictionary-learning parameters systematically
quantify how patch size, dictionary cardinality, and sparsity level
affect SNR improvement and computational cost. The results
provide actionable tuning guidelines for diverse targets and
acquisition settings (Kuruguntla et al., 2022).

In recent years, deep learning has substantially advanced
seismic denoising, offering improved fidelity and adaptability over
many classical filtering pipelines. Time-frequency masking jointly
estimates signal and noise masks to better preserve amplitudes
when reflections and interference spectrally overlap (Zhu et al.,
2019). Wavelet-based U-Net variants replace standard pooling
with wavelet operators and exploit subband sparsity to maintain
stable performance under both regular and irregular sampling
conditions (Dodda et al., 2023). Cross-scale feature interaction
aggregates multi-resolution structural cues and improves weak-
reflection preservation in convolutional pipelines (Liu et al.,
2020). Dilated receptive-field expansion further broadens
contextual perception without sacrificing resolution, thereby
enhancing robustness to spatially extended interference (Hu et al.,
2025). Nevertheless, purely convolutional denoisers are often
limited in their ability to model long-range dependencies in
complex seismic data. To address this issue, Transformer-based
architectures have been introduced to improve global contextual
modeling. Shifted-window Transformer designs capture cross-
window interactions and have demonstrated improved random-
noise attenuation while preserving structural details (Li et al.,
2024). Incorporating Swin-Transformer blocks into U-Net back-
bones further strengthens multiscale contextual mixing for joint
denoising and resolution enhancement (Sun et al., 2025). Global-
local fusion frameworks combine Transformer-derived global
context with DenseNet-style local detail modeling to address more
challenging reconstruction tasks, such as internal multiple sup-
pression (Zhang et al., 2025). Joint super-resolution and denoising
architectures further integrate Swin-Transformer-enhanced re-
sidual blocks with attention-guided feature weighting to improve
stratigraphic continuity and fine-detail recovery under noisy
conditions (Wu et al., 2026). Beyond these task-specific network
designs, recent seismic denoising studies have also begun to
explore large pre-trained models and foundation-model-style
frameworks. Transformer-based pretraining schemes, such as
StorSeismic, suggest that shared representations learned from
large seismic datasets can be transferred to downstream pro-
cessing tasks, including denoising (Harsuko and Alkhalifah, 2022).
More recently, diffusion-based generative models and other large-
capacity architectures have also shown promise for seismic
denoising, indicating that large-model priors may improve
robustness and generalization under complex noise conditions
(Durall et al., 2023). In parallel, seismic foundation models trained
with large-scale self-supervised learning have further demon-
strated the potential of transferable feature extraction for
denoising, interpolation, and inversion (Sheng et al., 2025). These
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methods are generally developed for broader seismic processing
requirements and may require substantial computational re-
sources. For source-related harmonic attenuation in vibroseis data,
efficient task-oriented architectures therefore remain of consid-
erable practical importance.

At the same time, network architecture alone does not fully
resolve the problem when interference is structured and coherent,
as in vibroseis source-related harmonics. In such cases, the
learning paradigm itself becomes a key constraint. Self-supervised
learning exploits intrinsic data redundancy to enable label-free
processing in tasks such as seismic interpolation without ground
truth (Birnie et al., 2021). Masking-based training strategies pro-
vide surrogate supervision from partial observations when paired
clean and noisy data are unavailable (Liu et al., 2022). Many widely
used self-supervised objectives implicitly rely on pixel-wise in-
dependence assumptions, as exemplified by Noise2Void-style
masked prediction (Krull et al., 2019). Coherent and correlated
interference, however, violates the noise assumptions underlying
blind-spot self-supervision and thus increases the risk of signal
leakage (Birnie and Alkhalifah, 2022). When coherent ridges
cannot be reliably disentangled from reflection energy, ambiguous
noise modeling may also leave residual striping artifacts or pro-
duce over-smoothed textures (Liu et al., 2023). Therefore, when
paired data are available, fully supervised learning remains a
practical and reliable framework for precise harmonic suppression
while preserving amplitude and phase fidelity.

Despite recent progress, it remains challenging to jointly
address the computational bottleneck of global modeling and the
distinctive long-range structure of coherent harmonic noise: CNNs
may not provide sufficient long-range context to follow sweep-
aligned harmonic trajectories, whereas full Transformers can be
prohibitively expensive in practice. To meet the need for an effi-
cient yet globally aware and strictly supervised solution, we pro-
pose a Dual-Branch Wavelet Fusion U-Net (DW-U-Net). DW-U-Net
integrates multiscale wavelet subband representations with a
lightweight context-mixing module (ContMix1D) that captures
long-range dependencies without full self-attention. The wavelet
branch facilitates signal-noise separation across subbands, and
ContMix1D enhances trajectory-consistent suppression of large-
scale harmonic artifacts while preserving weak reflections
within a robust fully supervised framework.

We evaluate it on the Marmousi2 model and field data from the
Utah FORGE (Miller, 2018). Because harmonic noise in single traces
is both prominent and quasi-periodic, we use full-length 1D
single-trace records as training instances. Avoiding patch extrac-
tion preserves absolute temporal localization and eliminates patch
boundary artifacts, thereby enabling stronger harmonic suppres-
sion while maintaining spectral fidelity and temporal continuity.
We summarize our main contributions as follows:

1) We propose DW-U-Net: a U-Net backbone augmented with a
wavelet side branch. Multiscale features are injected into the
decoder via a differentiable IDWT, enabling directional sup-
pression of higher-order harmonics and narrowband resonance
lines, while preserving amplitude, bandwidth, and temporal
continuity.

2) We design joint objectives in the time and wavelet domains.
Time-domain supervision preserves amplitude and phase fi-
delity, while wavelet-domain supervision guides the learning of
approximation and detail coefficients. In addition, a synthesis-
domain consistency term is introduced to improve coopera-
tive stability between the wavelet branch and the backbone.

3) We train the network on full-length single-trace records to
preserve absolute timing and avoid block artifacts. On the
Marmousi2 model and Utah FORGE field data, DW-U-Net
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consistently suppresses second through fourth harmonics and
narrowband resonances, outperforming other networks in
terms of SNR and spectral fidelity.

The remainder of the paper is organized as follows. Section 2
reviews vibroseis sweeps and harmonic-generation mechanisms,
summarizes how harmonics manifest in the correlation domain,
and formulates the problem and technical challenges addressed in
this work. It then introduces the proposed DW-U-Net, including
the dual-branch architecture, the differentiable IDWT-based
multiscale fusion strategy, the ContMix1D module for long-range
context modeling, and the training objectives and implementa-
tion details. Section 3 describes the experimental setup and eval-
uation protocol, including Marmousi2-based synthetic data
construction, train-validation splits, comparison baselines, and
quantitative/qualitative metrics, followed by results on both syn-
thetic and Utah FORGE field data. Section 4 provides an in-depth
discussion covering computational cost and efficiency analysis,
module- and loss-level ablations, wavelet-basis sensitivity, and
generalization under different validation-set ratios and additional
unseen field shots. Section 5 concludes the paper by summarizing
the main findings, limitations, and directions for future work.

2. Methodology
2.1. Vibroseis signal

In vibroseis exploration, the linear sweep signal is commonly
used: the excitation bandwidth is prescribed so that the frequency
sweeps from f; to f, within a specified duration T (Aldridge, 1992).
The signal can be written as

S(t):A(t)Sin(2n<f1+q7t)t+¢0) 0<t<T (1)

where A(t) is an amplitude taper, ¢ is the initial phase, f; is the
start frequency of the sweep signal, f; is the cutoff frequency of the
sweep signal, and q = (f, —f)/T is the sweep rate.

We apply a smooth amplitude envelope to the linear sweep.
The envelope ramps up at the start, stays at unity in the middle,
and ramps down at the end. This suppresses start and stop tran-
sients and reduces spectral leakage after pilot correlation. A
convenient choice is a raised-cosine taper with edge fraction « € [0,
1]. Let = = aT/2. Then

0<t<r

l{l +C05n(£+])},
2 T
1, t<t<T—-7

T—t)} T—z<t<T

Alt)= (2)

1

5 {1 +c05n(1 -
with 0 <A(t) <1, A(0) = A(T) = 0, and continuous first de-
rivatives at the junctions. Special cases include a rectangular en-
velope a = 0 and a full Hann envelope (a = 1).

2.2. Harmonic signal

Two classes of harmonic noise are considered. The first arises
from distortions in the vibrator mechanism: nonlinearities repli-
cate the instantaneous frequency of the linear sweep signal at
integer multiples, so the ground-force measurement contains
harmonic components at orders m = 2,3, .... A convenient repre-
sentation is
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hi(t)= % am Sin (an (f1 +q7t)t+q’)m) 3)
m=2

where ap is the amplitude of the m-th harmonic. M is the
maximum harmonic order, and ¢,, is the phase offset of the m-th
order.

The second class is induced by nonlinearities in the near-
surface response. When the instantaneous frequency of the
sweep meets the site’s natural frequency f, a resonance is excited
and a short, narrowband ringing is superimposed (Chopra, 2020).
Let t; be the time at which f(t;) = fy. A standard damped-sinusoid
model is

hy (£) = C e~ 5=t sin(2nfy (t — tr) + do)u(t — tr) (4)
where wg = 2=nfy and u(-) is the Heaviside step function. The
resonance-onset time is

_fo-f

tr q

(5)

Here, C is the initial amplitude constant, ¢ is the dimensionless
damping ratio, fy is the near-surface natural frequency, and ¢q is
the initial phase. (4) captures the exponentially decaying,
narrowband ringing centered at fy. The decay time constant is 1/
(Ceo)-

Autocorrelation of the linear sweep signal and the two har-
monic components yield distinct wavelet signatures (Fig. 1).
Fig. 1(a) shows the Klauder wavelet obtained from the linear
sweep signal. Fig. 1(b) illustrates the wavelet associated with the
first class of harmonic interference, whose energy is concentrated
at negative time lags. Under shot-by-shot acquisition these com-
ponents can be largely removed because they fall outside the time
window of the current shot, whereas under slip-sweep acquisition
they contaminate the record of the preceding shot. Fig. 1(c) shows
the wavelet for the second class of harmonic interference, which
appears at both positive and negative time lags, with greater
amplitude and stronger impact on the positive side.

2.3. Network structure

Fig. 2 illustrates the overall architecture of the proposed DW-U-
Net. This 1D dual-branch network comprises four submodules: the
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time-domain backbone (T-U-Net), the wavelet-domain feature
branch (W-U-Net), the multiscale differentiable inverse wavelet
fusion (MS-IF), and the reconstruction module (RM).

Specifically, T-U-Net adopts a four-level encoder and decoder,
with feature channels increasing from 32 to 512
(32 - 64—-128 — 256-512), followed by symmetric upsampling
on the decoder path. Each scale contains two blocks of 1D
convolution, batch normalization, and LeakyReLU. Skip connec-
tions link each decoder level to its corresponding encoder level.

W-U-Net takes the first-level discrete wavelet transform co-
efficients (ca,,¢q,) as input, progressively generating multiscale
coefficients (c,, cq) within the branch. A1 x 1 pointwise mapping
is used for energy and channel alignment.

Context-Mixing Dynamic Convolution integrates global context
into each convolution (Lou and Yu, 2025). It uses a top-down prior
to compute location-wise affinities to region centers and turns
them into spatially varying kernels, which lets a pure CNN capture
long-range dependencies while maintaining a strong local induc-
tive bias. To expand the effective receptive field with minimal
computational overhead while preserving detail, we adapt it to the
present denoising task into ContMix1D. Dual-neighborhood dy-
namic kernels apply content-adaptive weighting to local segments
aligned in temporal position. Learnable Explicit Positional
Encoding (LEPE), Squeeze-and-Excitation (SE) channel reweight-
ing, and a gated residual path are combined to implement a local
attention operator with linear complexity. ContMix1D blocks are
inserted at multiple decoder levels. The structure of this module is
shown in Fig. 3.

At each decoding scale, the MS-IF module concatenates the
upsampled features, the corresponding skip-connected features,
and the multiscale time-domain reconstruction obtained via a
differentiable IDWT. The concatenated tensor is then fused by a 1D
convolution. This design couples narrowband characterization in
the wavelet domain with structural representation in the time
domain, improving harmonic noise suppression.

The reconstruction module (RM) adopts a direct regression
strategy. The backbone T-U-Net first produces an intermediate
estimate, which is refined using multiscale differentiable inverse
wavelet fusion and a decoder fusion head to directly regress the
final clean signal. The wavelet branch includes auxiliary supervi-
sion heads that predict wavelet coefficients. During training, we
jointly optimize the main reconstruction loss and auxiliary coef-
ficient losses to preserve amplitude fidelity and improve

(a) 1.0 (b)

0.6

0.5 0.4

0.2

Amplitude
Amplitude

i

(c)

0.6

0.4

0.2

Amplitude

0 1
Time, s

Time, s

0 1 0 1
Time, s

Fig. 1. Three types of waveforms. (a) Klauder wavelet, (b) wavelet of the first class of harmonic interference, (c) wavelet of the second class of harmonic interference.
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Fig. 2. DW-U-Net structure used for seismic data denoising.
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resolution and SNR. For efficient deployment, ContMix1D supports
structural reparameterization, enabling layer merging at inference
to accelerate throughput without degrading accuracy.

2.3.1. T-U-Net: time-domain branch
The recorded seismic trace y is written as

y=x+h (6)
where X denotes the desired reflection signal and other compo-
nents. h denotes harmonic noise. The time-domain backbone T-U-
Net takes y as input and performs encoding-decoding to extract
layered structures and in-phase continuity. Its nonlinear mapping
is

y = (y) (7)
where y is the backbone prediction and A (-) represents the
backbone’s nonlinear transform. The objective of T-U-Net is to
recover the useful signal with correct structure and amplitude and
to avoid misclassifying reflections as noise.

2.3.2. W-U-Net: wavelet-domain branch

In the wavelet branch W-U-Net, a one-level discrete wavelet
transform (DWT) is applied to y, and the resulting approximation
and detail coefficients are fed to the network

n = hk] y[2n — k]
k

= > glk] y[2n — K (®)
k

cqlnl

where ¢; and ¢, are the low-frequency approximation and high-
frequency detail coefficients. h[-] and g[-] are the fixed low-pass
and high-pass analysis filters. Near-surface resonance often con-
centrates energy in a narrow, nearly constant-frequency band,
while harmonic components occupy wavelet detail bands with
oscillatory patterns distinct from reflections. W-U-Net performs
nonlinear shaping of these coefficients and predicts cleaned
coefficients

(Ea7 Ed) = w (ca, cd) (9)
where ¢, is the predicted low-frequency background and ¢ is the
predicted high-frequency detail. Aw(-) denotes the branch’s
nonlinear mapping. During training, supervision uses the clean

signal X via its wavelet coefficients (c" c") guiding the branch to

learn clean wavelet coefficients and to form an explicit, band-wise
separable representation of harmonic components.

2.3.3. ContMix1D: content-adaptive local mixing block

Let the input be y € REXC<L, A pointwise 1 x 1 convolution first
projects the C dimensional features at each position into two sets
of unnormalized logits for a small and a large neighborhood of
lengths ks and k;

T(y) = Convy, 4 (y) € REx(krkixL

(10)
which we split as Ts € RF<kxL and T, € RB*k<L_ For each position
/, softmax along the kernel dimension yields location-dependent
mixing weights
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as(/) = softmax(Ts[:,:, /]) € Rk

. 11
o (/) = softmax(T[;,:, 7]) € Rk (n

Hence at any 7, the entries of as(~) and (/) are nonnegative
and sum to one. They act as content-adaptive coefficients for the
small and large neighborhoods. Using a 1D unfold operator, we
extract two local windows centered at each position

Uy, (). Uy, (y) € RE- Okt (12)
where the 3D indexes kernel positions. The two windows are then
combined by weighted sums across the kernel dimension and
added together

ks ky

Zasr /+Zall

This operation performs content-adaptive aggregation at two
scales. The small kernel sharpens edges, whereas the large kernel
supplies a wider receptive field. The weights a vary with location,
which allows the operator to follow dips and breakpoints.

To inject explicit positional information and stabilize the mix-
ing, we add a multi-dilation depthwise convolutional term as a
positional encoding

Ui, (¥ Uk (Y (13)

|

P= DWConvy, 4(y), 7 ={1,2,3,..
de

} (14)

where d is the dilation rate and py; = d(k—1)/2 provides sym-
metric padding to keep the length. For batch b, channel ¢, and
position 7, the d-th depthwise component is

k—

._n

wCIYbC/Hd pd+b (15)

[DWConv,< pad y)]
i=0

bC/

with depthwise kernel w and bias b ). The final mixed feature is

(16)

ContMix1D is implemented by unfold plus weighted summa-
tion and by depthwise convolutions. Its computational complexity
is O((ks +k)CL), which is comparable to standard local convolu-
tions but provides content adaptivity. Unlike pairwise self-
attention with quadratic cost O L2>, it avoids global similarity
computation and remains linear in sequence length, making it
well-suited to long 1D seismic signals.

u=m+P.

2.3.4. MS-IF: multiscale differentiable inverse wavelet fusion
Within the network, we use a differentiable inverse discrete
wavelet transform (IDWT) to project the wavelet-branch co-
efficients back into the time domain and fuse them with the
backbone features. This design enables end-to-end supervision
using time-domain losses. The IDWT is a fixed linear operator
determined by the chosen synthesis filters, and it is differentiable
with respect to both ¢, and c¢y4. Gradients therefore propagate
through the reconstruction map to upstream modules that
generate these coefficients, ensuring effective and stable end-to-
end training without introducing additional learnable parame-
ters. The one-level IDWT is given as
= hlK](t2€a)[m —K + > &K](12€q)[m — k]
k k

R[m] (17)
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where R is the reconstructed signal, h and £ are the synthesis low-
pass and high-pass filters, and 1, denotes upsampling by a factor of
two via zero insertion.

2.3.5. RM: reconstruction module

Assume the decoder has J scales. Let S; denote the skip feature
from the j-th encoder level, and let R; be the time-domain feature
at the same level obtained from the wavelet branch via differen-
tiable IDWT. Define ¢( -) as a Conv—BN—LeakyReLU block, Up( -) as
upsampling, and [-] as channel concatenation. The RM module
propagates from the bottleneck to higher resolutions, progres-
sively fusing backbone and side-branch information. The fusion at
each level is written as

Zj 1 = Xnid

) (18)
2= ¢([Up(z1).5R) ). i =J 1,1
where X4 is the bottleneck feature.

At the topmost fusion, in addition to z; and Ry, we introduce a
direct time-domain reconstruction
R =IDWT(C,, C4) (19)
from the wavelet-branch predictions and modulate its strength by
a learnable gate g = o(wgate) € (0, 1). wgate is a learnable scalar
parameter. The final fused feature is

Zfina = CONCat(z;, g - R). (20)

A reconstruction head directly regresses the clean trace from
this fused feature
X =H(2fina)) (21)
where H(-) is the decoder prediction head (3 x 3
Conv—BN—LeakyReLU—1 x 1 Conv) that combines the backbone
and side-branch predictions.

This design lets the side branch provide physically interpret-
able, band-wise priors at every scale to enhance semantic recovery
in the backbone. Because IDWT is a fixed linear operator, the entire
reconstruction path is end-to-end differentiable and time-domain
losses back-propagate effectively to (Ci,€4) and upstream
parameters.

2.3.6. Loss function

Training minimizes a weighted sum of three terms: a time-
domain reconstruction term, wavelet-coefficient supervision,
and a synthesis-domain consistency term

L=Linain (?, X) + wcalcoef (837 €a(X)) + @cdlcoes (Ed7 cq(X)) (22)

“l’(l)rechec(IDWT(‘:a7 Cd), X)
where wca, wqq, and wrec are the balancing hyperparameters for the
corresponding loss terms.

The backbone is constrained by an MSE term to preserve
amplitude fidelity and in-phase continuity

< BN 2

Lmain(va): ”y _XHZ (23)
where ||-||, denotes the L, norm.

To align the W-U-Net band behavior with the clean coefficients
and suppress harmonic leakage into detail sub-bands, we use a
robust and insensitive L; penalty
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~ 1 ~ _
Lecer(€, €) = limax(jc — ¢| — ¢,0)[|;,e =10 3 (24)
where ||-]|; denotes the Ly norm, N denotes the total number of
elements in the coefficient tensor. Finally, the predicted co-
efficients are synthesized to the time domain through the fixed,
differentiable IDWT and compared to the reference via MSE

(25)

Beyond direct coefficient supervision, this synthesis-domain
term enforces band-wise consistency between the side branch
and the backbone, enhancing their cooperative stability.

Lrec = |[IDWT(€a, €4) — X|13.

3. Model testing and field application
3.1. Model testing

To evaluate the harmonic noise suppression of DW-U-Net, we
conduct numerical experiments on the Marmousi2 velocity model.
The model spans 11 km x 4 km (Fig. 4). A symmetric split-spread
geometry is used, with the shot at the center of the spread and
receivers deployed on both sides. Each shot uses 400 receivers, and
28 shots are simulated. Two source signatures are considered: an
ideal linear sweep signal and a sweep contaminated by harmonics.
The linear sweep signal has a length of 12 s, a taper of 0.3 s, a
bandwidth of 4-84 Hz, and a sampling interval of 1 ms, as shown
in Fig. 5(a). Harmonic contamination is constructed by injecting up
to the fourth order into the instantaneous phase of the sweep, with
amplitude ratios ap € {0.1,0.3,0.6} representing different noise
levels. M = 4 denotes the fundamental plus the second to fourth
harmonics. In addition, a near-surface resonance with amplitude
0.1 and frequency fo = 20 Hz is superimposed, yielding multi-level
harmonically contaminated sweeps (Fig. 5(b)-(d)).

Fig. 6 provides zoomed views at the beginning, middle, and end
of the sweep signals, comparing the clean trace with harmonically
contaminated cases under different a,. As an increases, the
waveform shows progressively stronger high-frequency ripples
and larger peak/trough deviations from the clean sweep signal,
making the harmonic distortion more visually discernible. The
prepared source signatures and velocity model are used in forward
modeling to generate 28 single-shot records, each with a recording
length of 4 s.

Fig. 7 compares a noisy trace with its clean reference from a
representative shot. The nine panels are arranged in a 3 x 3 grid.
The columns, from left to right, correspond to traces 1, 100, and
200, representing far, mid, and near offsets, respectively. The rows,
from top to bottom, correspond to three time windows: 0-1333
ms, 1334-2666 ms, and 2667-4000 ms. In each panel, the left curve
shows the noisy trace, while the right curve shows the clean
reference. Harmonic energy increases markedly as the offset de-
creases. Near offsets exhibit denser high-frequency oscillations

Depth, m

Inline distance, m

Fig. 4. Marmousi2 velocity model.
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Fig. 5. Time-domain waveforms of sources. (a) Clean linear sweep signal, (b) harmonic-contaminated sweep with a;; = 0.1, (c) harmonic-contaminated sweep with a, = 0.3, (d)

harmonic-contaminated sweep with a;; = 0.6.
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Fig. 6. Clean sweep signal versus harmonically contaminated sweep signals at
different noise levels. (a) 0-0.52 s, (b) 6-6.045 s, (c) 11.976-12 s.

and pronounced envelope modulation. Mid offsets are moderately
affected. Far offsets are least affected, and their waveforms more
closely resemble the reference. For the second row, the segmental
SNRs in Fig. 7(d)-(f) are 16.71 dB, 11.40 dB, and —-20.12 dB,
respectively, indicating that near offsets are the critical range for
harmonic suppression and quality control. The SNR for a window is
computed as follows

2
HdcleanHF

SNR =10 log; (26)

2
‘ dclean - dobserve ” F

6161

where |||z denotes the Frobenius norm. d,, is the clean refer-
ence trace and dgpgerve 1S the noisy trace.

We feed 11,200 samples into DW-U-Net, each consisting of a
standardized noisy signal along with its first-level discrete wavelet
transform (DWT) coefficients, using the haar wavelet basis. The
training settings are as follows: batch size of 128, 200 epochs, and
the Adam optimizer. The model comprises two branches—T-U-Net
and W-U-Net—optimized with Adam using initial learning rates of
5x 1074 and 3 x 104, respectively, which are further updated
with a cosine-annealing schedule during training. A fixed valida-
tion set is created at the start by holding out 10% of the training
data. Validation is performed every two epochs, and the check-
point with the lowest validation loss is saved as the final model.
The network uses a base channel width of 32 and a depth of four
levels.

At test time, standardized noisy single-shot records with
varying harmonic levels are passed through the trained model. The
normalization parameters are stored during training and later
used to inverse-standardize the predictions, yielding the final
denoised results.

We select five representative denoising networks for compar-
ison. Classical DnCNN and U-Net are used as CNN baselines. We
further introduce DURN with a dual-branch design to evaluate the
effectiveness of a dual-branch architecture for this task (Liu et al.,
2019). In addition, we include MIMO-U-Net, which adopts multi-
scale and multi-input-multi-output mechanisms, to cover
methods based on multiscale information fusion (Cho et al., 2021).
In this study, MIMO-U-Net is implemented in a 1D manner for
harmonic noise attenuation using the same time-domain single-
trace training data as DW-U-Net. The multi-input data are formed
by generating several 1D scaled versions of the same noisy trace
and feeding them into different stages of a shared U-Net encoder.
The decoder generates denoised outputs at the corresponding
scales, which serve as intermediate restoration results for multi-
scale supervision. Through progressive upsampling and propaga-
tion of low-scale decoder features to higher-resolution decoder
stages, the network finally produces the denoised trace at the
original resolution. All baselines are trained under the same data
split and the same cosine-annealing optimization schedule for fair
comparison.

Fig. 8 shows the evolution of the training MSE loss versus epoch
for the five networks. All models exhibit a rapid loss decrease in
the early training stage, where MIMO-U-Net drops faster within a
small number of epochs, indicating a higher initial convergence
speed. As training proceeds, all models gradually reach a stable
convergence regime. The zoomed-in view of the late-stage curves
shows that DW-U-Net maintains a lower training loss after
convergence and ultimately achieves the smallest loss among the
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Fig. 7. Noisy-clean trace pairs at three offsets and three time windows. (a) Far offsets, 0-1333 ms, (b) mid offsets, 0-1333 ms, (c) near offsets, 0-1333 ms, (d) far offsets, 1334-2666
ms, (e) mid offsets, 1334-2666 ms, (f) near offsets, 1334-2666 ms, (g) far offsets, 2667-4001 ms, (h) mid offsets, 2667-4001 ms, (i) near offsets, 2667-4001 ms.

five. These results suggest that, under the same training configu-
ration, DW-U-Net has stronger fitting capability for harmonic
noise suppression, providing training-level evidence supporting
its subsequent denoising performance advantages.

Fig. 9 shows the single-shot records used in our experiments.
Fig. 9(a) is the clean single-shot record, while Fig. 9(b)-(d) are
the harmonically contaminated inputs with a; = 0.1, 0.3, and 0.6,
corresponding to low, medium, and strong noise levels, respec-
tively. As ap increases, the coherent harmonic streaks become
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stronger and denser, with more pronounced contamination on
small-offset traces. Such source-related interference persists over
the full recording time window and increasingly overlaps the
reflection band, masking weak events.

Fig. 10 presents single-shot denoised results under three noise
levels for DnCNN, U-Net, DURN, MIMO-U-Net, and the proposed
DW-U-Net. Table 1 reports the whole-shot average SNRs for the
contaminated inputs and the denoised outputs under three noise
levels. Overall, all learning-based baselines improve SNR
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Fig. 8. Comparison of training MSE loss among the five networks.

compared with the input, while the proposed DW-U-Net achieves
the best global SNR under the medium and strong noise settings.
To evaluate performance in a more challenging region, Table 2
presents the SNR computed on a near-offset trace window (traces
150-250), where harmonic streaks strongly overlap the reflections
and can overwhelm the useful signal. In this window, the input
SNR becomes negative, indicating that the interference energy
exceeds the signal energy. Despite this, DW-U-Net consistently
delivers the highest SNR across all three noise levels, demon-
strating stronger robustness in heavily contaminated near-offset
data.

Under the low-noise level (input average SNR = 18.75 dB;
Fig. 9(b)), DnCNN (Fig. 10(a)) attenuates a large portion of the
harmonic interference but still leaves visible residual streaks. U-
Net (Fig. 10(b)) and DURN (Fig. 10(c)) further reduce these artifacts,
while the multiscale MIMO-U-Net (Fig. 10(d)) and the proposed
DW-U-Net (Fig. 10(e)) produce the cleanest records in the global
view. Quantitatively (Table 1), MIMO-U-Net achieves the highest
whole-shot SNR of 28.39 dB, closely followed by DW-U-Net at
27.85 dB, corresponding to SNR gains of +9.64 dB and +9.10 dB
over the noisy input, respectively.

Under the medium noise level (input average SNR = 15.20 dB;
Fig. 9(c)), the overall appearance in Fig. 10(f)—(j) remains visually
similar to the low-noise case from a global perspective, making the
performance gap less obvious by inspection alone. Nevertheless,
Table 1 shows a clear quantitative advantage: DW-U-Net reaches
30.18 dB, surpassing MIMO-U-Net (26.03 dB) by 4.15 dB, U-Net
(22.64 dB) by 7.54 dB, DURN (21.10 dB) by 9.08 dB, and DnCNN
(18.05 dB) by 12.13 dB, yielding an overall improvement
of +14.98 dB over the input. This advantage becomes more pro-
nounced in the challenging near-offset region (Table 2, traces
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150-250), where the input SNR is —8.39 dB due to severe harmonic
dominance, yet DW-U-Net increases it to 15.76 dB, substantially
higher than MIMO-U-Net (8.76 dB) and U-Net (7.57 dB).

Under strong harmonic noise (input average SNR = 9.92 dB;
Fig. 9(d)), the red box in Fig. 10(k)-(0) marks a representative re-
gion with particularly intense harmonic streaks, and the corre-
sponding enlargements are shown in Fig. 11(a)~(f). In this window,
the noisy input (Fig. 11(a)) exhibits dense, high-amplitude stripe-
like events that obscure underlying reflections. After DnCNN
(Figs. 10(k) and 11(b)), many stripes remain and some appear
broken or distorted, indicating limited suppression under heavy
contamination. DURN (Figs. 10(m) and 11(d)) mitigates part of the
streaking but still leaves noticeable coherent remnants. MIMO-U-
Net (Figs. 10(n) and 11(e)) further attenuates the harmonics, yet
residual streaks and local amplitude inconsistency are still
observable. U-Net (Figs. 10(1) and 11(c)) reduces the stripes more
strongly, but reflection events become less continuous with
evident fragmentation in places. In contrast, DW-U-Net (Figs. 10(0)
and 11(f)) suppresses most harmonic streaks while better preser-
ving reflection continuity and more consistent amplitudes.

To further assess whether the networks suppress harmonic
interference while preserving useful reflections, we visualize the
removed components under the strong-noise case in Fig. 12. The
removed component represents the portion extracted from the
noisy input by each method; ideally, it should be dominated by the
stripe harmonic patterns and contain as little coherent reflection-
like energy as possible. The reference removed components in
Fig. 12(a) provide a benchmark pattern of the harmonic-
dominated energy. Compared with this reference, DnCNN
(Fig. 12(b)) removes substantial harmonic energy but still exhibits
noticeable segments of coherent, in-phase structures, suggesting
that part of the primary signal is also removed. DURN (Fig. 12(d))
produces a more noise-like removed component overall, yet
structured energy persists around strong events and small-scale
features, implying mild signal leakage. U-Net (Fig. 12(c)) further
reduces such leakage, while MIMO-U-Net (Fig. 12(e)) concentrates
the removed energy more tightly along the harmonic trends. In
contrast, the DW-U-Net removed component (Fig. 12(f)) most
closely resembles a near zero-mean, high-frequency texture: the
extracted energy aligns mainly with the harmonic streak trajec-
tories, and laterally coherent reflection-like events are rarely
visible, indicating minimal leakage of useful signal.

The blue dashed boxes in Fig. 12 highlight a representative far-
offset region, and their enlargements are shown in Fig. 13. In this
zoomed view, competing methods still retain mixed patterns
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Fig. 9. Clean single-shot record and single-shot records contaminated by harmonic interference at different amplitudes. (a) Clean single-shot record; (b) harmonic-contaminated
single-shot record with a;; = 0.1, (c) harmonic-contaminated single-shot record with a, = 0.3, (d) harmonic-contaminated single-shot record with a,, = 0.6.
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Fig. 10. Denoised results under different noise levels. (a) DnCNN at low noise, (b) U-Net at low noise, (c¢) DURN at low noise, (d) MIMO-U-Net at low noise, (¢) DW-U-Net at low
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Table 1
Whole-shot average SNR of different denoised models under three harmonic noise
levels.

Noisy, dB DnCNN U-Net DURN MIMO-U-Net DW-U-Net (ours)
18.75(am = 0.1) 20.19  24.28 2340 28.39 27.85
15.20 (am = 0.3) 18.05 22.64 21.10 26.03 30.18
992 (am = 0.6) 1449 2071 17.43 2225 29.29

Table 2
Near-offset SNR evaluated on traces 150-250 under three harmonic noise levels.

Noisy, dB DnCNN U-Net DURN MIMO-U-Net DW-U-Net (ours)
—5.45 (am = 0.1) 3.26 10.74 5.74 9.56 12.99
-839(am = 03) 232 757 486 8.76 15.76
-1233(am = 0.6) 1.12 729 315 6.59 13.37

where harmonic stripes coexist with residual coherent structures,
whereas DW-U-Net captures the far-offset harmonic streaks more
cleanly and leaves fewer reflection-shaped remnants. This obser-
vation supports that DW-U-Net primarily removes harmonic
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contamination rather than subtracting meaningful reflection en-
ergy, consistent with its improved denoising performance in the
strong-noise setting.

Fig. 14 presents the absolute prediction error maps under the
strong harmonic noise condition. Brighter colors indicate larger
deviations from the clean reference. Overall, the error patterns of
DnCNN (Fig. 14(a)) are the most widespread, with prominent en-
ergy distributed along the harmonic streak trajectories and around
high-amplitude events, suggesting both residual harmonics and
imperfect recovery of reflections. DURN (Fig. 14(c)) reduces the
error magnitude compared with DnCNN, yet noticeable error re-
mains in the mid-to-late time range and along coherent dipping
features. U-Net (Fig. 14(b)) yields a cleaner error map than the
previous baselines, although residual errors are still visible along
the harmonic trends and in some reflection-dominated regions.
MIMO-U-Net (Fig. 14(d)) further suppresses part of the streak-
related error, but still shows scattered mismatch over reflection
bands and locally enhanced error around complex structures. In
contrast, DW-U-Net (Fig. 14(e)) exhibits the lowest overall error
level, with most areas remaining near the dark background and
only weak, sparse error traces, indicating that its predictions are
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Fig. 15. Time-frequency spectra comparison. (a) Ground truth, (b) raw observation with harmonics and resonance, (c¢) DnCNN, (d) U-Net, (e) DURN, (f) MIMO-U-Net, (g) DW-U-

Net.

closest to the ground truth (GT) under strong harmonic
contamination.

Time-frequency evaluation of harmonic suppression and
spectral fidelity under strong harmonic interference is shown in
Fig. 15. The figure presents the STFT of the central trace. The hor-
izontal axis is time, the vertical axis is frequency, and the color
scale encodes amplitude in dB. Because the spectrogram is
computed on the trace after correlation with the pilot, the har-
monic components are mixed with the fundamental and spread
across lags, so they do not appear as three isolated lines. In addi-
tion, the spectrogram is quadratic in the signal, so when a linear
sweep and a constant-frequency resonance fall within the same
analysis window, cross-terms emerge. These cross-terms generate
companion energy ridges between the sweep ridge and the con-
stant line, revealing interference.

Fig. 15(a) shows the clean reference, where energy is mainly
confined to the reflection band (approximately 10-80 Hz) with
good temporal continuity; no evident high-order harmonic ridges
or persistent narrowband buildup is observed.

Fig. 15(b) shows the raw observation with harmonics and
resonance. Multiple oblique ridges appear along the sweep tra-
jectory. The red lines mark the second-, third-, and fourth-order
harmonics, from top to bottom. The yellow lines indicate the
companion ridges produced by cross-terms. A narrowband line at
20 Hz traverses the entire window, evidencing resonance.
Together, harmonics and resonance elevate the background and
obscure details within the main band.

Fig. 15(c)—(g) compare the denoised spectra. DnCNN (Fig. 15(c))
partially suppresses harmonic-related ridges, yet residual streak-
like energy and mild leakage remain within the passband, indi-
cating an incomplete compromise between suppression and
fidelity. U-Net (Fig. 15(d)) reduces the interference more aggres-
sively, but the main-band texture becomes weaker and less
continuous in places, suggesting that part of the useful reflection
energy is also attenuated. DURN (Fig. 15(e)) better preserves the
reflection band while still leaving noticeable residual interference
energy. MIMO-U-Net (Fig. 15(f)) and DW-U-Net (Fig. 15(g)) provide
a clearer balance. The harmonic-related ridge structures and
resonance components are more strongly attenuated, while the
key reflection-band energy patches are retained with improved
temporal continuity. Moreover, as indicated by the arrows, the
DW-U-Net spectrogram is closer to that in Fig. 15(a), preserving
more frequency-energy components of the useful signal. Among
all methods, DW-U-Net yields the closest match to the clean
reference, exhibiting the weakest residual ridge structures and the
cleanest background in the time-frequency domain, which in-
dicates improved spectral fidelity under strong harmonic
contamination.

Across the spatial, residual, and time-frequency domains, DW-
U-Net achieves the best quantitative and qualitative performance
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at all three noise levels, and its advantage widens as noise in-
creases. This robustness stems from wavelet-based multiscale
modeling that targets the structural signatures of harmonic
streaks at multiple scales. Cross-level feature fusion and fine-
grained reconstruction mitigate over-smoothing, preserve event
continuity and weak-reflection detail, and sharpen the separation
between harmonics and primary reflections, yielding residuals
that are noise-like and outputs that are signal-like.

Fig. 16 compares a representative single-trace waveform
segment (800-850 ms) among the clean reference and the
denoised outputs. Clear differences are observed in phase align-
ment, amplitude fidelity, and waveform shape preservation. DW-
U-Net shows the closest match to the ground truth, with nearly
coincident peak-trough positions and the most consistent peak/
valley amplitudes, indicating that it suppresses harmonic inter-
ference while preserving reflection wavelets. MIMO-U-Net also
follows the GT trend well, but exhibits minor amplitude deviations
at several extrema. In contrast, U-Net produces visibly smoother
curves with compressed extrema, suggesting mild over-smoothing
and attenuation of useful signal components. DnCNN shows larger
mismatches in both amplitude and local waveform shape,
implying less stable reconstruction under strong harmonic
contamination. DURN deviates the most, with noticeable over-
shoot and waveform distortion. Overall, DW-U-Net achieves the
best denoising-fidelity trade-off in this strong-noise scenario,
retaining key reflection details while effectively reducing
interference.
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Fig. 16. Single-trace waveform comparison under strong harmonic noise.
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Table 3

Residual energy and RMSE of different models under strong harmonic noise.
am = 0.6 DnCNN U-Net DURN MIMO-U-Net DW-U-Net (ours)
Residual Energy 3.6462e—2 9.5441e-3 2.1429e-2 9.96e—3 2.4446e-3
RMSE 1.7428e-04 8.9167e—05 1.3361e-04 9.1089e—05 4.5127e—05

Table 4

MS-SSIM of different models under strong harmonic noise.
am = 0.6 DnCNN U-Net DURN MIMO-U-Net DW-U-Net (ours)
MS-SSIM 0.929676 0.974880 0.948302 0.975061 0.995853

Below we quantify the reconstruction error between each
denoised output ¥ and the clean reference x. Let the sample-wise
residual be

E=y—x. (27)

The residual energy and Root Mean Square Error (RMSE) used
in Table 3 are computed as

N
Eres = E?, RMSE =
i=1

where N is the total number of samples in the evaluated traces.
Table 3 shows that DW-U-Net yields the smallest errors under
strong harmonic contamination. These results confirm that DW-U-
Net produces outputs closest to the ground truth in a squared-
error sense, indicating more effective suppression of strong
harmonics while better preserving the desired seismic signal.
Table 4 reports the MultiScale Structural Similarity (MS-SSIM)
values under strong harmonic noise where a higher score indicates
better preservation of multiscale structural information relative to
the ground truth. DW-U-Net achieves the highest MS-SSIM of
0.995853. This result is consistent with the visual comparisons:
DW-U-Net more effectively suppresses harmonic-related artifacts

while maintaining reflection continuity and fine-scale details,
leading to the closest structural match to the clean reference.

3.2. Field application

To assess practical applicability, we evaluate the proposed
method on the public Utah FORGE field dataset and select a
representative single-shot record from Line 302. The source uses
two vibroseis trucks separated by 30 ft, each rated at 62,000 Ibf
peak force and operated at 70% output. A 12 s linear sweep
(4-84 Hz) is repeated four times at each source point. Such
vibroseis acquisition is susceptible to source-related nonlinearities
and coupling effects, which may generate coherent harmonic
streaks and banded interference in single-shot records. This
dataset therefore provides a realistic testbed for evaluating the
trade-off between harmonic suppression and reflection preserva-
tion. We compare five representative denoisers—DnCNN, U-Net,
DURN, MIMO-U-Net, and the proposed DW-U-Net. Fig. 17(a)—(f)
show the raw record and the corresponding denoised results,
while Fig. 17(g)—(1) provide zoomed views of the dashed boxes in
Fig. 17(a)—(f) (30004000 ms; near-offset traces).

From the global view, the raw record (Fig. 17(a)) contains strong
near-source energy, together with coherent oblique banded pat-
terns that are characteristic of harmonic-related streaks. After
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Fig. 18. Time-frequency spectra comparison. (a) Input, (b) DnCNN, (c) U-Net, (d) DURN, (e) MIMO-U-Net, (f) DW-U-Net.

DnCNN denoising (Fig. 17(b)), the background level is reduced and
the strongest streaks are weakened, yet faint coherent remnants
remain, especially in deeper time windows where weak reflections
are easily contaminated. DURN (Fig. 17(d)) further reduces the
coherent streaking while maintaining clearer event geometry than
DnCNN, though residual banded textures are still visible. U-Net
(Fig. 17(c)) suppresses the banded interference more strongly and
improves the apparent structural clarity, but it also tends to
smooth weak-amplitude regions, indicating a partial sacrifice of
reflection energy and fine-scale detail. MIMO-U-Net (Fig. 17(e))
provides stronger suppression with improved continuity of dip-
ping events, but mild smoothing and residual coherent artifacts
persist in some regions. In contrast, DW-U-Net (Fig. 17(f)) produces
the cleanest record overall, with markedly fewer residual streaks
and better preservation of reflection continuity and phase con-
sistency across traces, indicating a more favorable balance be-
tween suppression strength and signal fidelity.

The zoomed views in Fig. 17(g)—(1) offer more direct evidence in
a challenging deep-time window dominated by weak reflections.
The raw record (Fig. 17(g)) exhibits narrow, coherent ridges
consistent with harmonic trends, which obscure subtle reflection
details. DnCNN (Fig. 17(h)) reduces the ridge amplitude but leaves
visible fine streaks. DURN (Fig. 17(j)) suppresses these remnants
more aggressively, yet weak events appear slightly softened. U-Net
(Fig. 17(i)) and MIMO-U-Net (Fig. 17(k)) further attenuate the
coherent interference, but traces of residual banding remain. DW-
U-Net (Fig. 17(1)) achieves the most complete suppression in this
window while retaining sharper event boundaries and more
continuous in-phase reflections, with minimal evidence of
amplitude collapse or phase distortion. Overall, the field results
demonstrate that DW-U-Net generalizes well to real acquisition
conditions and offers a robust compromise between harmonic
attenuation and reflection preservation.

Time-frequency evaluation on the Utah FORGE field record is
shown in Fig. 18, where we plot the STFT magnitude of trace 135
over the 2.0-4.0 s window (time on the horizontal axis, frequency
on the vertical axis, magnitude in dB). In the raw input (Fig. 18(a)), a
persistent narrowband component around 20 Hz (blue line) and a
slowly rising ridge in the low-frequency band (red line) indicate
resonance- and harmonic-related interference. Meanwhile, the
30-100 Hz range contains dense speckled energy and scattered
patches, reflecting out-of-band contamination that elevates the
spectral background and disturbs the main reflection band. After
DnCNN denoising (Fig. 18(b)), the overall background is reduced, but
the low-frequency ridge remains evident and many isolated spectral
“islands” persist at higher frequencies, especially between 40 and
80 Hz, indicating incomplete suppression. U-Net (Fig. 18(c)) and
DURN (Fig. 18(d)) further attenuate the ridge-related energy and
remove a larger portion of the high-frequency speckle; however, the
dominant low-frequency band becomes slightly less concentrated
in places, suggesting a modest trade-off between interference
removal and passband energy preservation. MIMO-U-Net
(Fig. 18(e)) performs stronger cleaning in the 40-100 Hz band,
pushing much of the spurious energy closer to the noise floor;
however, a mild ridge-like harmonic component can still be
observed locally (as indicated by the arrows). In contrast, DW-U-Net
(Fig. 18(f)) delivers the cleanest spectrum overall: the out-of-band
speckled energy is largely eliminated, the ridge-like interference is
least visible, and the main low-frequency reflection energy remains
temporally continuous and smoothly distributed. Overall, DW-U-
Net achieves a better compromise between harmonic suppression
and continuity of the main band and balances noise reduction with
signal fidelity.

Fig. 19 shows residuals for the five methods relative to the raw
field record. Ideally, a residual should contain higher-order har-
monics and other non-reflective components, with minimal
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coherent in-phase reflections. The DnCNN residual still exhibits
continuous streaks and event-like textures in strong-energy zones
and along the sweep travel-time trajectory, together with thin
vertical bands and granular remnants. This indicates that useful
reflections overlapping the harmonic bands are partly removed,
causing over-suppression and phase shifts. The U-Net residual has a
much lower peak amplitude and further weakens the banded
interference, yet continuous reflection remnants remain. This
suggests that stronger suppression comes with amplitude roll-off
and slight bandwidth narrowing for weak reflections. The DURN
residual shows reduced streak continuity compared with DnCNN
and a cleaner background overall, but it still retains noticeable
coherent remnants in the high-energy region, implying incomplete
separation between harmonics and reflections. The MIMO-U-Net
residual further concentrates the removed energy along the
dominant interference patterns and suppresses part of the granular
background, yet faint reflection-aligned textures can still be
observed locally, indicating minor leakage. In contrast, the DW-U-
Net residual is sparser and concentrated near the main harmonic
ridges. Reflection-aligned residuals are effectively broken up, and
the background level is the lowest. Overall, DW-U-Net best meets
the objective: it leaves harmonics and other non-reflective energy
in the residual while retaining useful reflections in the output.

4. Discussion

In this section, we provide an in-depth discussion of the pro-
posed DW-U-Net. We conduct ablation studies to investigate key
factors, including different network modules, wavelet bases, and
loss-weight settings. We also analyze computational aspects such
as training time, inference time, and memory consumption.
Finally, we discuss the generalization ability of DW-U-Net based
on results obtained with different validation-set ratios and addi-
tional tests on real field data.

During training, all experiments are performed on the same
GPU platform, a GeForce RTX 5090D. To ensure a fair comparison,
the training configuration is kept identical across models: batch
size is set to 128, the number of epochs is 200, and the base
channel width is 32. We use the Adam optimizer. For DW-U-Net,
the T-U-Net and W-U-Net branches are initialized with separate
learning rates, which are then updated using a cosine-annealing
schedule during training. Baseline models follow the same
cosine-annealing optimization protocol for fair comparison.

As the harmonic noise attenuation capability of DW-U-Net has
been analyzed above, we now compare the five networks in terms
of model size, training time, and inference time. Table 5 reports the
end-to-end computational cost of the five denoising networks in
terms of parameter count, GFLOPs, inference latency, and total
training time under the same benchmarking setup. Lightweight
CNN baselines, DnCNN and DURN, contain fewer than 0.2 M pa-
rameters (0.19 M and 0.13 M) and require only 1.51/1.05 GFLOPs,
leading to fast inference (0.29/0.32 s/shot) and short training time
(2185/1606 s). The standard U-Net increases model size to 2.71 M
with 2.79 GFLOPs, and remains efficient at 0.34 s/shot, but its
training time rises to 3961 s. Although MIMO-U-Net has a

Table 5
Computational cost and runtime comparison of different denoising networks.

Method DnCNN U-Net DURN  MIMO-U-Net DW-U-Net
(ours)
Params, M 0.19 2.71 0.13 2.30 12.58
GFLOPs 1.51 2.79 1.05 6.43 12.57
Training time, s 2185.34 3960.87 1605.66 2360.55 7782.35

Inference time, s/shot 0.29 0.34 0.32 1.02 1.11
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Table 6
Efficiency comparison of ContMix1D with MHSA and DWConv under different
sequence lengths.

(B=1,C=64) L Params, M GFLOPs ms MB
ContMix1D 1024 0.064 0.117 1.328 18.8
MHSA 1024 0.017 0.302 0.52 254
DWConv 1024 0.001 0.002 0.014 8.9
ContMix1D 2048 0.064 0.234 1.204 30.1
MHSA 2048 0.017 1.141 1.863 744
DWConv 2048 0.001 0.003 0.018 9.4
ContMix1D 4096 0.064 0.468 1.234 51.1
MHSA 4096 0.017 4.429 5.738 268.4
DWConv 4096 0.001 0.007 0.028 10.4
ContMix1D 8192 0.064 0.935 2.318 92.2
MHSA 8192 0.017 17.448 22.837 1040.4
DWConv 8192 0.001 0.014 0.054 12.4

comparable parameter count (2.30 M), its multiscale multi-output
computation substantially increases the workload to 6.43 GFLOPs,
resulting in a much higher inference time (1.02 s/shot). The pro-
posed DW-U-Net is the most expensive model (12.58 M, 12.57
GFLOPs) and shows the longest training time (7782 s), which re-
flects the additional wavelet branch and multiscale fusion.
Importantly, its inference time (1.11 s/shot) is close to MIMO-U-
Net (1.02 s/shot), indicating that the added modeling capacity is
achieved with a moderate inference-time overhead. Considering
the consistent quality gains in both synthetic and field experi-
ments, DW-U-Net provides a practical accuracy-efficiency trade-
off for harmonic noise attenuation.

To quantitatively support the efficiency claim of ContMix1D
over attention-based context modeling, Table 6 benchmarks Con-
tMix1D against multi-head self-attention (MHSA) and a light-
weight depthwise convolution (DWConv) under different sequence
lengths (Batch (B) = 1, Channel (C) = 64). As the sequence length
increases, MHSA exhibits a pronounced super-linear growth in both
compute and memory (e.g., from 0.302 to 17.448 GFLOPs and from
25.4 to 1040.4 MB when length (L) increases from 1024 to 8192),
consistent with the near-quadratic scaling of attention with respect
to sequence length. In contrast, ContMix1D scales much more
gently: its cost grows approximately linearly with L (0.117 — 0.935
GFLOPs and 18.8 — 92.2 MB over the same range). Notably, while
MHSA can be faster at short sequences (0.52 ms vs. 1.328 ms at
L= 1024), it becomes substantially slower as L grows; at L= 8192,
ContMix1D is 18.7 x lower in GFLOPs (0.935 vs. 17.448),
11.3 x lower in memory (92.2 vs. 1040.4 MB), and 9.9 x faster in
runtime (2.318 vs. 22.837 ms). DWConv provides a lower-bound
cost reference (e.g., 0.014 GFLOPs and 12.4 MB at L= 8192) but
lacks long-range context modeling capability. Overall, these results
demonstrate that ContMix1D offers a scalable and hardware-
feasible alternative to attention for long 1D seismic traces, miti-
gating the computational and memory bottlenecks of MHSA while
retaining the ability to model long-range dependencies.

Table 7 reports a module-wise ablation study that quantifies the
independent contributions of key components in DW-U-Net in
terms of SNR and training time. Starting from the time-domain
baseline T-U-Net (20.01 dB; 3730.09 s), adding ContMix1D yields

Table 7
Module ablation results of DW-U-Net.

Model Training SNR
time, s

T-U-Net 3730.09 20.01

T-U-Net + ContMix1D 5858.75 20.93

T-U-Net + W-U-Net + ContMix1D 6489.50 22.24

T-U-Net + W-U-Net + MS-IF + ContMix1D 6518.73 26.23

T-U-Net + W-U-Net + MS-IF + ContMix1D 7782.35 29.29

+ RM (DW-U-Net)
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Fig. 20. Ablation study: prediction error maps for different module configurations. (a) T-U-Net, (b) T-U-Net + ContMix1D, (c) T-U-Net + W-U-Net + ContMix1D, (d) T-U-Net + W-

U-Net + MS-IF + ContMix1D, (e) DW-U-Net.

a modest SNR improvement to 20.93 dB (+0.92 dB) but increases
training time to 5858.75 s, indicating that context mixing helps
long-range dependency modeling yet is insufficient alone for
strong harmonic suppression. Introducing the wavelet branch on
top of ContMix1D further improves SNR to 22.24 dB (+1.31 dB) with
a relatively small additional training cost (6489.50 s), confirming
the benefit of explicit multiscale decomposition beyond purely
time-domain convolution. The most pronounced gain is achieved
by enabling the MS-IF, which boosts SNR to 26.23 dB (+3.99 dB)
while barely changing training time (6518.73 s), demonstrating
that how wavelet-domain information is fused is critical and more
effective than simple parallel branching. Finally, the complete DW-
U-Net reaches the best SNR of 29.29 dB (+3.06 dB) at 7782.35 s,
suggesting that the full configuration provides complementary
benefits to maximize harmonic attenuation while preserving re-
flections. These trends are consistent with the ablation error maps
in Fig. 20, where the mismatch progressively weakens and becomes
more localized as modules are added, and interference-related
structures are increasingly suppressed.

Table 8 presents a one-hot ablation on the loss-term weights,
where only one supervision term is activated at a time. The weights
wca, weg, and wrec correspond to supervision on the wavelet
approximation coefficients, the wavelet detail coefficients, and the
reconstruction-related term, respectively. The results show that
supervising the approximation coefficients alone achieves the
highest SNR (27.99 dB), outperforming detail-only supervision by
1.02 dB (26.97 dB) and reconstruction-only supervision by 2.97 dB
(25.02 dB). This indicates that, for correlated vibroseis records,
harmonic contamination is more effectively constrained through
background guidance, which captures the coherent banded struc-
tures that overlap the reflection band after correlation. In contrast,
relying solely on the reconstruction-related term is insufficient and
tends toyield weaker suppression, suggesting that coefficient-level
constraints are necessary to prevent residual harmonic leakage. In
practice, these trends motivate assigning a dominant weight to wca
keeping a nonzero wq to retain sharp boundaries and weak details,
and using wrec as an auxiliary regularizer; the final weights can be
selected by normalizing each loss term to a comparable numerical
scale and tuning on the validation set.

Table 8

Ablation study on loss-term weights in DW-U-Net.
Loss-term weights SNR
wca =1,0cg = 0,wrec =0 27.99
wca =0,0cg = 1,0rec =0 26.97
wca =0,wq = 0, 0rec = 1 25.02
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Fig. 20 visualizes the prediction error maps for the module
ablation study. From panel (a) to (e), the mismatch magnitude
progressively decreases and becomes increasingly localized, indi-
cating a monotonic improvement in reconstruction fidelity as
additional modules are introduced. The baseline T-U-Net in (a)
exhibits widespread speckled errors and ridge-like structures, and
the deep-time window highlighted by the red box contains
noticeable event-aligned residuals, suggesting that weak primaries
are not perfectly preserved and that harmonic-related interference
is not fully removed. Adding ContMix1D (b) and further introducing
the wavelet branch (c) reduces the overall error level, yet coherent
textures and reflection-aligned remnants are still visible in the
boxed region, implying residual amplitude deviations in low-SNR
areas. After enabling MS-IF (d), the background error collapses to-
ward the noise floor and the remaining mismatch is mainly
concentrated along interference-like trajectories rather than
continuous in-phase reflections. Finally, the complete DW-U-Net
(e) further attenuates the remaining ridge-like errors highlighted
by the arrows, showing that the final configuration provides addi-
tional suppression of harmonic remnants while reducing leakage of
reflection energy into the error map. Overall, Fig. 20 confirms that
the proposed modules act complementarily: the error becomes
both smaller and less reflection-coherent, consistent with stronger
harmonic attenuation and better preservation of useful reflections.

Fig. 21 compares prediction error maps obtained with different
DWT wavelet basis types in the wavelet branch, and it shows that
the wavelet choice affects the balance between harmonic sup-
pression and signal preservation. All three bases keep the overall
error low, but differences are visible in the highlighted regions. In
the red box, which is dominated by harmonic-related structures
near strong coherent ridges, the haar basis leaves weaker residual
interference, indicating slightly stronger suppression of structured
harmonics. In the arrow-marked area at deeper time, where weak
reflections are more vulnerable, the sym8 basis produces a cleaner
background with fewer reflection-aligned mismatches, suggesting
better protection of subtle in-phase events. In this example, db4
exhibits a less favorable balance, with comparatively more
scattered speckle-like errors in the highlighted zones. These ob-
servations confirm that the wavelet basis is not a minor detail.
Short-support bases such as haar can favor more effective removal
of coherent harmonic streaks, while smoother bases such as sym8
can better preserve weak reflections. In practice, the basis should
be selected using validation shots that reflect the target field
conditions and the desired priority between maximum suppres-
sion and maximum fidelity.

Fig. 22 compares the mean SNR of five denoising networks un-
der different train-validation splits. A consistent trend is that DW-
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Fig. 21. Wavelet-basis ablation: prediction error maps for different DWT wavelet bases used in the wavelet branch. (a) sym8, (b) db4, (c) haar.
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Fig. 22. Mean SNR of five denoising networks with different train-validation splits.

U-Net achieves the highest mean SNR at every split, and its
performance degrades only mildly when the training portion is
reduced. Notably, even with the smallest training split of 50%, DW-
U-Net still delivers a higher mean SNR than the other networks
trained with 90% data, indicating stronger sample efficiency and
more robust generalization. In contrast, the baseline CNN models
and the multi-branch baselines show a clearer dependence on
training-set size, with larger SNR drops as fewer training data are
available. These results suggest that DW-U-Net’s architecture
provides a stronger inductive bias for separating coherent har-
monic interference from reflections, which helps maintain
denoising quality even when the amount of supervised training
data is limited.

Before conducting the field generalization tests, we adopt a
two-stage, survey-oriented training strategy to mitigate the
domain gap between synthetic and field data. First, we perform
large-scale synthetic pre-training and simulate diverse harmonic
banding and narrowband resonance interference under different
offset positions and reflection backgrounds, so that the network
learns more transferable, structure-based features in complex
reflection settings rather than memorizing a single synthetic
appearance. Second, before applying the network to the target
survey, survey-consistent paired samples are constructed from a
limited amount of field data. As shown in Fig. 23, a smoothed
stacking velocity model is first derived from the field data.

Based on this model, the harmonic-only response is simulated
by using a pure harmonic signal as the source input. As shown in
Fig. 24(a), several regions in the shot gathers that are relatively
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Fig. 23. Smoothed stacking velocity model.

unaffected by harmonic interference are selected as target samples.
The corresponding corrupted inputs are then generated by super-
imposing the simulated harmonic response onto these relatively
clean traces, as shown in Fig. 24(b). The resulting paired samples
are then used in network training. In this stage, the learning rate is
set to 5 x 1074, and the network is trained for 200 epochs. This
adaptation reduces mismatches in amplitude scaling and phase
characteristics and improves performance in the target field
domain.

To further examine generalization beyond the training and
validation shots, we apply the trained DW-U-Net to two additional
field records that were not used during model development, as
shown in Fig. 25. The raw shots in Fig. 25(a) and (c) exhibit severe
coherent interference, characterized by strong stripe- and fan-like
banding that extends over a wide time range and partially masks
weak events at late times. After denoising, Fig. 25(b) and (d) show
a clear reduction of these coherent harmonic-related patterns,
with the background becoming noticeably cleaner and the residual
banded energy largely suppressed. Importantly, the main signal
structure is not collapsed: the dominant event geometry remains
continuous across traces, and late-time weak features become
easier to follow after interference attenuation. In the second shot,
an isolated streak-like artifact visible in the raw record is also
strongly reduced after processing, indicating that the network can
handle localized abnormal interference in addition to the domi-
nant harmonic banding. The consistent suppression behavior
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denoised result for shot 2.

across two unseen field shots supports that DW-U-Net learns
transferable, structure-based cues of vibroseis harmonic contam-
ination rather than overfitting to a single-record, demonstrating
practical generalization in complex field conditions.

5. Conclusions

We propose a DW-U-Net to attenuate vibroseis source-related
harmonic interference in land seismic acquisition. DW-U-Net
couples a time-domain U-Net backbone with a wavelet side
branch that decomposes approximation and detail subbands, and
injects reconstructed multiscale wavelet features into the decoder
via a differentiable IDWT. A lightweight ContMix1D is further used
to capture long-range dependencies in 1D traces without full self-
attention, enabling trajectory-consistent suppression of harmonic
streaks and narrowband resonance lines while preserving reflec-
tion continuity. On the Marmousi2 model, DW-U-Net achieves
consistent improvements over DnCNN, U-Net, DURN, and MIMO-
U-Net across multiple noise levels; under strong harmonic
contamination, the whole-shot average SNR increases from
9.92 dB to 29.29 dB, with residual energy 2.44 x 103, RMSE
4.51 x 107>, and MS-SSIM 0.9959. Qualitative comparisons on shot
records, residual maps, and STFT spectra indicate that coherent
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harmonic ridges and resonance components are largely removed,
whereas the amplitude, bandwidth, and temporal continuity of
the main reflection band are well preserved. Tests on the public
Utah FORGE field data further confirm that the proposed model
generalizes to real acquisition conditions and provides a favorable
balance between suppression strength and signal fidelity.

This study still has several limitations. First, its performance
depends on the representativeness of the supervised training data.
Large variations in sweep parameters, source-ground coupling
conditions, instrument resonances, and interference mechanisms
may reduce denoising stability and lead to residual harmonic
contamination or over-attenuation of weak reflections. Second,
the current implementation is developed and applied at the
single-trace level, which limits its ability to exploit spatial infor-
mation. Future work will therefore focus on extending the current
framework to multi-trace and 2D scenarios, so that richer spatial
information can be incorporated and data diversity can be
improved. Further efforts will also be directed toward improving
robustness under varying acquisition conditions, enhancing
spatial consistency, and increasing computational -efficiency
through model compression and optimized implementations.
More extensive validation on additional field surveys and equip-
ment configurations will also be carried out.
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