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Abstract

Seismic data may suffer from missing traces due to economic and environmental
constraints as well as equipment malfunctions, where regular gaps caused by receiver
or streamer spacing and irregular gaps resulting from topographic limitations occur
simultaneously. Such missing data degrade the reliability of subsequent processing
and interpretation, making accurate interpolation essential. High-resolution
reconstruction requires balanced recovery of broadband components spanning
low to high frequencies; however, existing deep learning-based interpolation
methods exhibit degraded performance in certain spectral regions. In this study, we
propose the curvelet transform (CT)-UNet, a deep learning interpolation method
that leverages CT-based frequency- and directional-component separation to
improve reconstruction balance across frequency bands, particularly under high-
rate, regular undersampling conditions. The proposed method applies the uniform
discrete CT (UDCT) to decompose input data into low-frequency and high-frequency
components with multi-resolution and directional characteristics, trains specialized
U-Net models for each component, and reconstructs the final result through inverse
transformation. Performance was evaluated on synthetic data (Society of Exploration
Geophysicists/European Association of Geoscientists and Engineers Salt Model) and
field data (Mobil Amplitude Versus Offset Viking Graben Line 12) by comparing to f-x
interpolation, Constrained Diffusion-Driven Deep Image Prior, a standard U-Net, a
parameter-matched U-Net-Wide, and the wavelet-based wavelet transform-UNet. An
exploratory experiment on irregular missing and a structural compatibility analysis
of the UDCT level configuration were also conducted. Results show that CT-UNet
improves reconstruction quality across the tested missing conditions, with the
clearestgains observed under high-rate regular undersampling and the 70% irregular
missing scenario. Shot-level analysis further supports its advantage in challenging
cases, particularly for synthetic 80%, field 75%, field 80%, and 70% irregular missing
conditions. The advantage is especially pronounced in recovering curvature-varying,
conflicting-dip events, while structural similarity is generally maintained at a level
comparable to or higher than that of the baseline methods.

Keywords: Seismic data interpolation; Curvelet transform; Deep learning; U-Net; Uniform
discrete curvelet transform; Missing trace reconstruction
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1. Introduction

Seismic data may suffer from missing traces due to
economic and environmental constraints, as well as
equipment and mechanical malfunctions, where regular
gaps caused by receiver or streamer spacing and irregular
gaps resulting from topographic limitations or instrument
failures occur simultaneously. Such missing data not only
degrade the reliability of subsequent processing (e.g.,
noise suppression, multiple removal, velocity analysis, and
migration) and interpretation, but their recovery through
additional surveys demands considerable time and cost,
making accurate interpolation at the data processing stage
essential.

Conventional seismic data interpolation methods
include f-x interpolation and Projection Onto Convex
Sets (POCS). f-x interpolation estimates missing traces by
exploiting the predictability of signals in the frequency-
space domain and offers the advantages of relative
simplicity and computational efficiency.! However, in
zones where complex dip components coexist or non-
stationarity is strong, the assumptions underlying the
prediction model are weakened, potentially leading to
residual and artifact problems. POCS iteratively updates
the solution through projections based on sparsity or
constraint sets, providing stable reconstruction even under
irregular missing conditions,” but it suffers from increased
computational cost and difficulty in guaranteeing uniform
recovery across the full spectral bandwidth.

In recent years, deep learning-based interpolation
methods capable of effectively modeling complex geological
structures and non-stationarity through data-driven
learning have been actively investigated. Convolutional
neural network (CNN) and U-Net® architectures
have become representative approaches for seismic
interpolation, demonstrating strength in recovering
missing traces through multi-scale feature extraction
and skip connections.*' More recently, Mukherjee et
al.'' demonstrated the practical applicability of a three-
dimensional (3D) U-Net framework for predicting missing
traces in structurally complex field settings. Generative
adversarial network (GAN)-based approaches preserve
high-frequency fine structures through adversarial
training with a discriminator,’*** and transformer-based
models have shown promising results in interpolation by
leveraging global contextual information.!* Research on
applying diffusion models" to seismic interpolation has
also been actively progressing.’*** Diffusion models learn
the distribution of training data through a progressive
denoising process and offer the advantage of flexible
reconstruction for diverse missing patterns. Although
these methods achieve higher reconstruction accuracy

than conventional techniques, the difficulty of a single
network simultaneously satisfying all frequency and dip
components results in spectral bias or residuals in certain
regions.

To mitigate these limitations, various strategies for
directly controlling spectral characteristics have been
introduced. These include approaches that add Fourier
loss or frequency-domain constraints to prevent excessive
smoothing of high-frequency components (HFs),?* dual-
domain architectures that simultaneously incorporate
time-frequency information,” and spectral constraint-
based training strategies that directly control spectral
energy distribution and phase coherence.”»* However,
these approaches also tend to concentrate performance on
bands that are relatively easier to learn, rather than fully
guaranteeing balance across the entire bandwidth.

Asanalternative approach, methods have been proposed
that decompose signals into multi-resolution or subband
representations and reconstruct each component with
individual networks. The wavelet transform (WT), with its
strength in time-frequency localization, has been widely
used to separate and reconstruct scale-specific features
of seismic signals.*?** However, wavelets have limited
directional representation, and when dip or curvilinear
reflection events are complex, residuals may persist in
certain directional components.” This necessitates a
transform-based design capable of simultaneously and
precisely representing both directionality and scale.

The curvelet transform® has already demonstrated
its effectiveness in seismic data recovery. Herrmann and
Hennenfent® showed that seismic missing-trace recovery
is achievable through curvelet-based sparsity-promoting
optimization, providing empirical evidence that the sparse
representation capability of curvelets is well-suited for
seismic interpolation. However, such optimization-based
approaches incur high computational costs due to iterative
operations and are sensitive to hyperparameters, with
limited generalization to complex geological structures.®
In this study, we combine the representational power
of curvelets with data-driven deep learning rather than
iterative optimization, simultaneously pursuing inference
efficiency and reconstruction quality.

More recently, coordinate-based implicit neural
representations (INRs) have emerged as a continuous-
representation alternative for seismic data reconstruction.
Sitzmann et al*' introduced sinusoidal representation
networks (SIRENs), which use periodicactivation functions
to overcome the spectral bias of conventional multilayer
perceptrons (MLPs) and represent complex signals at fine
detail. Building on this foundation, Gao et al.** proposed
Neural Implicit Representations for Five-Dimensional
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(5D) Seismic Data Interpolation, a coordinate-based
MLP for self-supervised 5D seismic interpolation that
infers missing trace amplitudes directly from spatio-
temporal coordinates. SIREN-based approaches have
also been applied to unsupervised single-gather seismic
interpolation, demonstrating robust reconstruction under
regular missing rates of up to 75%.% INR-based methods
offer flexibility across diverse missing patterns and do
not require large labeled training datasets; however, they
typically rely on per-instance optimization at inference
time and face challenges in generalization to large-scale
datasets.

In this study, we propose the CT-UNet framework,
which integrates the curvelet transform into deep learning-
based interpolation. The curvelet transform retains the
multi-resolution characteristics of wavelets while explicitly
providing directionality and anisotropy, enabling efficient
representation of reflection events with curvilinear
and dipping structures.”® Although the contourlet,* a
similar directional multi-resolution transform, has been
proposed, the UDCT provides a uniform sampling lattice
that is more suitable for integration with CNNs. CT-UNet
decomposes input seismic data into multi-scale and
directional components using the UDCT, interpolates each
component with dedicated U-Net models, and reconstructs
the final result across the full bandwidth through inverse
transformation.

Unlike generic multi-network approaches, the design
of CT-UNet is structurally motivated by the 2-lattice
decimation property of the UDCT, which naturally
partitions the high-frequency subbands into groups with
distinct spatial sampling structures, enabling component-
wise learning aligned with the transform’s inherent
decomposition. The main contributions of this paper are
as follows: (i) We propose the CT-UNet pipeline, which
decomposes seismic data into multi-scale and directional
components via the UDCT, reconstructs each component
with dedicated U-Net models, and synthesizes the final
result through inverse transformation. (ii) We demonstrate
that the proposed method is particularly effective in
recovering curvature-varying (conflicting-dip) events,
where conventional single-network approaches tend to
fail, through reduction of residuals in specific frequency
and dip components, improving reconstruction quality
compared to conventional deep learning interpolation
using a single network without component separation.
(iii) Through comparison with WT-based methods, we
verify the advantages that the directional and anisotropic
representation of the curvelet transform provides for
seismic event reconstruction. (iv) We exploratorily
examine the characteristics of CT-UNet under irregular

missing scenarios and confirm the validity of the selected
configuration through a structural compatibility analysis
of the UDCT level settings.

2. Methods
2.1. Curvelet transform-UNet

The CT-UNet is a framework that takes two-dimensional
seismic data containing missing traces as input, performs
multi-resolution and multi-directional decomposition
based on the UDCT, interpolates each decomposed
component with dedicated U-Net models, and reconstructs
a coherent section in the original domain via inverse
transformation (Figure 1).

Applying the UDCT forward transform to the input
data decomposes it into a low-frequency component (LF)
and high-frequency directional components (HF,, HF ),
where each component is fed into an independent U-Net
interpolation model for component-wise prediction. The
predicted components are then synthesized through the
UDCT inverse transform to produce the final interpolation
result (Figure 1A). Figure 1B illustrates the schematic of
the UDCT forward and inverse transform processes.

In conventional original-domain interpolation, a
single model must simultaneously recover both the low-
frequency background and the high-frequency detailed
reflection events, leading to imbalanced reconstruction
quality across frequency bands and directions. In contrast,
CT-UNet reformulates the reconstruction problem
component-by-component using the scale and directional
separation provided by the UDCT, and learns tailored to
the statistical characteristics of each component, thereby
aiming for stable interpolation across the full bandwidth.

2.2. Uniform discrete curvelet transform forward
transform

Given seismic data X, CT-UNet first applies the UDCT
forward transform operator C(-) to compute a set of
subband coefficients decomposed into multiple scales and
directions (Equation 1).

{C}=c(x) (1)

where C, is the set of UDCT coeflicients, j is the scale
(resolution) index, and k is the directional index.

The UDCT forward transform consists of two stages.
First, in the multi-resolution filter bank stage, analysis
filters F (z) through F (z) are applied to the input
signal to decompose the frequency bands by scale, and
downsampling generates data at each scale (Figure 2A).
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Figure 1. Overall workflow of CT-UNet, where (A) illustrates the process of component decomposition, component-wise interpolation, and inverse
transform synthesis, and (B) shows the schematic of the UDCT forward and inverse transforms

Abbreviations: 2D: Two-dimensional; CT: Curvelet transform; FFT: Fast Fourier Transform; HF: High-frequency component; IFFT: Inverse Fast Fourier
Transform; LF: Low-frequency component; UDCT: Uniform discrete curvelet transform.

Second, in the frequency tiling stage, the frequency plane
of each scale-decomposed band component is subdivided
into multiple directional tiles, so that components
corresponding to directional events (dip) are mapped to
distinct directional tiles.

In this study, the level configuration was set to [8,8],
where the first parameter (8) specifies the number of
directional decompositions per scale (8 directions) and the
second parameter (8) specifies the resolution/scale depth
parameter governing the multi-resolution filter bank.
Reflecting the downsampling results, the tiled components
are extracted at sizes smaller than the original input size
(64, 256). For example, the LF is represented as (64, 256, 1),
while the HFs take forms such as (32, 64, 8) and (16, 128, 8)
with 8 directional channels (Figure 2B).

The selection of the level configuration [8,8] is based

on the following rationale. First, with eight directions,
the spatial sizes of the decomposed HFs are extracted as
powers of two (e.g., 32 x 64, 16 x 128), maintaining an
integer-multiple relationship with the 2 x 2 MaxPooling
operations in the U-Net. Increasing the number of
directions to 16 would excessively reduce the spatial size
of the components, making meaningful feature extraction
infeasible at the bottleneck stage of the four-level encoder.
Second, according to Candés and Donoho,” eight directions
in a single-level decomposition are consistent with the
theoretical structure, whereas 4 directions are insufficient
to capture the diversity of dips. Third, under the 64 x 256
patch-size condition, an eight-direction decomposition
represents a practical balance that simultaneously provides
sufficient spatial information and directional separation.
The results of the structural compatibility analysis for
alternative configurations ([4,4], [16,16]) are discussed in
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Figure 2. Examples of the UDCT multi-resolution filter bank and frequency tiling, where (A) shows the filter bank structure in which analysis filters
F(z) through F, (z) and downsampling constitute the forward transform while upsampling followed by synthesis filters G (z) through G (z) and band
summation are used in the inverse transform, and (B) illustrates the frequency tiling and component configuration for the level setting [8,8]
Abbreviations: HF: High-frequency component; LF: Low-frequency component.

Section 4.

2.3. Component-wise interpolation and inverse
transform

According to the theoretical structure of the UDCT,
multi-directional HFs are naturally classified into two
groups based on the characteristics of the decimation
matrices in the frequency plane. The decimation matrices
applied to the high-frequency directional subbands are

2N, .
defined in two forms, DJ,O:diag{L 3"}-2"1 and

D, =diag{ 3"' ,2}2”, indicating that the mostly

horizontal group and the mostly vertical group are
arranged on different lattice structures.® In this study,
we directly utilize this 2-lattice structure, defining the LF,
the vertically dominant HF as HF, and the horizontally
dominant HF as HF .

Denoting the UDCT components of each group as
Cir, Cur, and Cyy,, and defining the corresponding
reconstruction networks as £, () £ (), and £ S()
, respectively, three independent U-Net networks
predict each group component in parallel, and the final
interpolation result is generated through inverse transform
synthesis (Equation 2).

él,p = fLF (CLF ) R éHFH = fHFy (CHFH ) (2)

CHF,, =f HF, (CHFV)

where, C,p» Cous, > and C,y, AT€ the group-wise UDCT
components (coefficient maps) obtained from the
frequency tiling, and ém’ CHFV’ and C”FH denote the
interpolation result components predicted by each

network.

The component-wise reconstructed results are
synthesized into the original domain through the inverse
UDCT operator () to generate the final reconstructed
section. This synthesis process can be summarized as
Equation 3:

X=c" (@LF,CHFV,CHFH) 3)

where, C7!(.) is the inverse UDCT operator, which
aggregates the predicted components from the three
networks according to the original scale-direction
decomposition structure to produce the final interpolation
result X . The inverse transform stage combines the
independently reconstructed components in accordance
with the original scale-direction decomposition structure,
ensuring that the information in the frequency-direction
region covered by each group is preserved without loss.

2.4. Network architecture

Theinterpolation modelis constructedasatwo-dimensional
U-Net-based convolutional neural network (Figure 3). The
encoder consists of a four-stage downsampling path, where
each stage performs 3 x 3 convolution followed by 2 x 2
max pooling, with the number of channels increasing as 32
-> 64 > 128 > 256. The bottleneck has 512 channels, and the
decoder adopts a symmetric structure to the encoder with
skip connections. The activation function is the rectified
linear unit, and the output layer uses 1 x 1 convolution
with linear activation. The loss function employed is the
mean squared error (MSE).

The same U-Net architecture is applied to all three
components (LE HF, HF,), with only the spatial size
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Figure 3. Architecture of the two-dimensional U-Net used in this study
Abbreviation: ReLU: Rectified linear unit.

of the input tensor varying according to the UDCT
decomposition results. Training was configured with the
Adam optimizer* (initial learning rate of 1 x 107%), a batch
size of 128, and a maximum of 500 epochs, with early
stopping applied when the validation loss did not improve
for 10 consecutive epochs. Weight initialization used He
initialization. The experimental environment consisted of
an Intel Xeon Silver 4210R CPU (2.40 GHz, 2 x 10 cores),
125 GB RAM, and an NVIDIA TITAN RTX graphics
processing unit (GPU) (24 GB VRAM).

The comparative experiments were designed to verify
the contribution of curvelet-based component separation
to interpolation performance. (i) F-x interpolation is a
conventional frequency-domain interpolation method.! (ii)
Constrained Diffusion-Driven Deep Image Prior (CDDIP)
is a diffusion model-based self-supervised generative
interpolation method.' (iii) U-Net serves as the baseline
model that directly interpolates in the original domain
without any transform. (iv) WT-UNet is a hybrid structure
consisting of one original-domain U-Net and one wavelet-
domain U-Net, where the wavelet-domain model takes
the four subbands (low-low, low-high, high-low, high-
high) of the two-dimensional discrete wavelet transform
concatenated along the channel dimension as input.
U-Net-Wide is a parameter-matched baseline that uses a

single U-Net with increased channel widths to match the
total parameter count of CT-UNet, without any transform-
based decomposition. This baseline is included to verify
whether the performance improvement of CT-UNet is
attributable to curvelet-based decomposition or simply to
increased model capacity. The comparative methods are
selected to address distinct questions: F-x interpolation and
CDDIP represent conventional and generative paradigms,
respectively, situating the proposed method within the
broader landscape of seismic interpolation. The standard
U-Net serves as the primary ablation baseline, isolating
the effect of curvelet-based decomposition from the
underlying network architecture. WT-UNet evaluates the
effect of transform selection (wavelet vs. curvelet) under
a similar component-separation philosophy. U-Net-Wide
controls for model capacity to confirm that the observed
gains are attributable to the curvelet representation rather
than to increased parameter count.

3. Experiments

3.1. Data generation and model training process

For synthetic data, the Narrow-azimuth data from the
Society of Exploration Geophysicists (SEG)/European
Association of Geoscientists and Engineers (EAGE) Salt
Model (receiver spacing 20 m, streamer spacing 40 m)*’
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was used. For field data, Mobil Amplitude Versus Offset
(AVO) Viking Graben Line 12 (1001 shot records, 120
channels, recording time 6 s, sampling interval 4 ms, shot/
receiver spacing 25 m)*® was used.

Regular missing patterns were applied to the original
data to generate input data with missing rates of 67%,
75%, and 80%, with the complete data prior to missing
trace removal serving as ground truth. Specifically, 67%
missing corresponds to retaining one trace and removing
the following two traces (every three-trace cycle), 75%
missing corresponds to retaining one trace and removing
the following three traces (every four-trace cycle), and 80%
missing corresponds to retaining one trace and removing
the following four traces (every five-trace cycle). A patch-
based training approach was adopted, with synthetic data
configured as 64 x 256 patches (250 patches in the test set)
and field data as 64 x 1,024 patches (505 patches in the
test set). The difference in patch size reflects the spatial
extent and event scale of each dataset, while the UDCT
decomposition ratio and component structure remain
identical under the level configuration [8,8]. Dataset
splitting was performed by first randomly assigning all
shot locations to training (70%), validation (20%), and
test (10%) sets, and then extracting patches from the shots
assigned to each set. This prevented data leakage where
patches extracted from the same shot could be included in
both the training and test sets simultaneously, and ensured
the reliability of generalization performance evaluation by
distributing shots from different spatial locations across
each set.

A separate CT-UNet system (three component-wise
U-Nets) was trained independently for each combination
of dataset and missing rate. Missing traces were 0-filled
prior to UDCT decomposition, and no binary sampling
mask was provided as an auxiliary input to the networks.
For the [8,8] level configuration, the real and imaginary
parts of the complex-valued high-frequency coefficients
were concatenated along the channel dimension, resulting
in 16 input channels (eight directions x 2) for both the HF,,
and HF, networks, while the LF network received a single-
channel real-valued input.

Irregular missing scenarios were generated by randomly
removing 50% and 70% of all traces from the synthetic
data, while maintaining all other conditions identical
to those in the regular missing experiments. The UDCT
forward transform was applied to decompose each dataset
into three groups: LE HF,, and HF, (Figure 4). The HFs are
expressed in complex form, and in this study, the real and
imaginary parts were separated and concatenated along the
channel dimension to construct the U-Net input tensor.
This approach maintains continuous real-valued inputs

suitable for CNN training while avoiding the 2nt periodic
discontinuity (phase wrapping) problem that arises in the
alternative magnitude/phase separation approach. The
validity of the real/imaginary separation method has been
verified in image processing and MRI reconstruction.**
However, a limitation is that the phase coherence between
the two channels is only implicitly learned, and the
introduction of complex-valued convolution or a phase
consistency loss is left for future work.

The three decomposed components were trained and
predicted independently using U-Net models, and during
prediction, the same UDCT decomposition followed
by component-wise prediction and inverse transform
synthesis was applied.

3.2. Results of synthetic data

Figure 5 shows the reconstruction results for missing rates
of 67%, 75%, and 80%; Figure 6 presents the enlarged
regions of interest (ROI); and Figure 7 compares the f-k
spectra.

The f-x interpolation exhibits ringing and ripple
residuals near the missing traces under varying dip
conditions. CDDIP shows weak fidelity to the observed
data, producing results that approximate plausible
structure generation rather than precisely reproducing the
phase and amplitude of the ground truth. U-Net performs
stable interpolation overall; however, as the missing rate
increases, event continuity in the ROI weakens, and a
smoothing tendency is observed. U-Net-Wide, despite
having a comparable total parameter count to CT-UNet,
exhibited reconstruction quality similar to or slightly
lower than U-Net across all missing rates, indicating that
simply increasing model capacity without transform-
based decomposition does not yield the improvement
observed in CT-UNet. WT-UNet tends to over-amplify
weak components in non-dominant directions. CT-UNet
most naturally reproduces the continuity and curvature
variations of curvilinear events in the ROL. In particular, in
regions containing conflicting-dip events (i.e., reflections
with dip opposite to the dominant event direction),
U-Net and WT-UNet exhibit noticeable reconstruction
degradation, while CT-UNet preserves these events with
high fidelity — a pattern that is quantitatively supported
by the ROI-based analysis below. In the f-k spectrum,
CT-UNet maintains an energy distribution closest to
the ground truth while effectively suppressing aliasing
components.

Quantitative evaluation (Tables 1 and 2) shows that
CT-UNet achieved the highest peak signal-to-noise ratio
(PSNR) and structural similarity index measure (SSIM)
across all missing rates. Paired t-test results indicate
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Figure 4. Example of UDCT decomposition for synthetic data (A) and field data (B). For each row, the left three panels show the decomposed components
(LE HF,, HF,) of the input with missing traces, and the right three panels show those of the ground truth. The dashed line separates the input and ground

truth groups.

Abbreviations: HF: High-frequency component; LF: Low-frequency component.

that the PSNR difference between CT-UNet and U-Net
was not statistically significant at 67% (p = 0.139) and
75% (p = 0.878), but was significant at 80% (p = 0.039).
In terms of SSIM, consistent improvement was observed
across all conditions. CT-UNet showed highly significant
improvement over f-x interpolation, CDDIP, and
WT-UNet across all conditions (all p < 0.001).

To further examine the reconstruction quality in
the region containing curvature-varying events, the
normalized correlation coefficient (CC) and SSIM were
additionally computed over the ROI (blue boxes in Figure
5). Tables 3 and 4 present the ROI-based CC and SSIM,
respectively. CT-UNet achieved the highest values across
all missing rates, with a larger margin over U-Net than
in the global metrics. This indicates that the advantage of
curvelet-based decomposition is particularly evident in
regions where complex dip variations are concentrated.

3.3. Results of field data

Figure 8 shows the reconstruction results of field data, and
Figure 9 presents the corresponding f-k spectra. Field data
contain noise, non-stationarity, and complex reflection
patterns, requiring simultaneous event continuity and
spectral consistency. The overall performance trend
is similar to that of the synthetic data, with CT-UNet
reproducing the continuity of major reflection events most
naturally and maintaining the energy distribution closest
to the ground truth in the f-k spectra.

Quantitative evaluation (Tables 1 and 2) shows that
CT-UNet achieved the highest PSNR across all missing
rates. At 67%, the difference from U-Net was only 0.01
dB, indicating equivalent performance (p = 0.918), while
the gap widened to 0.60 dB at 75% (p = 5.63 x 10°®) and
1.61 dB at 80% (p = 1.48 x 107%). U-Net-Wide achieved
PSNR values of 35.29 dB (67%), 34.08 dB (75%), and 31.22
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Table 1. Peak signal-to-noise results

Data Missing ratio (%) F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet
67 23.64 (£ 0.84) 2263 (2 1.21) 31.96(+1.43)  31.52(x1.37)  28.82(x1.35)  32.14 (+ 1.28)
75 2291 (+0.91) 2223 (+1.18)  30.18 (+ 1.51) 30.01 (+ 1.45) 29.42 (+ 1.47) 30.20 (* 1.39)"=.
80 22.06 (+ 1.02) 22.04 (+1.09)  29.42 (£ 1.58) 29.08 (+ 1.49) 28.73 (+ 1.52) 29.70 (£ 1.44)*

Synthetic

data Irregular missing

traces 50% 24.76 (+ 0.73) 27.24 (+1.12)  32.61 (+ 1.45) 32.33 (£ 1.29) 31.92 (+ 1.47) 32.76 (£ 1.11)™
(J

Irregular missing

traces 70% 23.48 (+ 0.89) 24.65 (+ 1.15)  30.32 (£ 1.50) 30.46 (+ 1.44) 30.56 (+ 1.41) 30.98 (+ 1.33)*
(

67 27.17 (+ 1.12) 2631 (+1.38) 3629 (+1.61) 3529 (+1.54)  34.84 (£1.55)  36.30 ( 1.48)"
Field data 75 26.67 (+ 1.08) 2393 (+1.72) 33.86(+1.83)  34.08 (+1.69)  34.00 (£ 1.71)  34.46 (+ 1.65)**
80 25.05 (£ 0.97) 23.85(+1.31) 29.88(+1.42)  31.22(x136) 3118 (£1.38)  31.49 (+ 1.33)***

Notes: For paired t-test results (CT-UNet vs. U-Net), *p < 0.05; ***p < 0.001; Values represent the mean (+ standard deviation) computed over all test
patches (250 patches for synthetic data, 505 patches for field data); All metrics were computed on the original amplitude scale after denormalization;
CDDIP is a self-supervised method that does not use training data and is included to provide insight into the performance characteristics across
different reconstruction paradigms rather than for direct comparison with supervised methods.

Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; n.s.: Not significant; WT: Wavelet transform.

Table 2. Structural similarity index measure results

Data Missing ratio (%)  F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet
67 0.71 (% 0.03) 058 (£0.15)  0.89 (+0.03) 0.89 (+0.03) 0.82 (+0.04) 0.92 (+0.02)
75 0.62 (+0.03) 054 (£0.05)  0.86 (+0.03) 0.83 (+ 0.04) 0.81 (+ 0.04) 0.87 (+ 0.03)
—— 80 0.56 (+ 0.04) 051 (£0.05)  0.84 (+0.04) 0.83 (+ 0.04) 0.82 (+ 0.04) 0.85 (+ 0.03)
data [rregular missing 0.74 (+ 0.06) 076 (£0.11)  0.90 ( 0.06) 0.90 (£ 0.05) 0.90 (£ 0.06) 0.91 (+0.05)

traces 50%

I”et‘f:irs I;Oij/:i“g 0.61 (% 0.06) 0.62(£0.10)  0.83 (+0.05) 0.85 (+0.05) 0.86 (% 0.05) 0.87 (+0.04)
67 0.87 (+ 0.02) 0.82(£0.05)  0.98 (+0.01) 0.97 (+0.01) 0.98 (+ 0.01) 0.98 (+ 0.01)
Field data 75 0.82 (+ 0.02) 0.78 (£0.02)  0.97 (+0.01) 0.97 (£ 0.01) 0.97 (+ 0.01) 0.98 (+ 0.01)
80 0.79 (+0.02) 0.75(£0.02)  0.96 (+0.01) 0.96 (0.01) 0.96 (+0.01) 0.97 (+0.01)

Note: Values represent the mean (+ standard deviation) over 250 patches (synthetic data) and 505 patches (field data).
Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; WT: Wavelet transform.

Table 3. Region of interest-based normalized correlation coefficient for synthetic data

Missing ratio (%) F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet

67 0.42 (+ 0.20) 0.25 (+ 0.14) 0.88 (+ 0.06) 0.89 (+ 0.06) 0.82 (+ 0.09) 0.90 (+ 0.05)
75 0.28 (+ 0.16) 0.22 (£ 0.13) 0.80 (+ 0.10) 0.81 (+0.10) 0.75 (¢ 0.11) 0.82 (+ 0.09)
80 0.21 (+0.13) 0.15 (+0.11) 0.77 (+ 0.11) 0.78 (+ 0.10) 0.73 (£ 0.12) 0.79 (= 0.10)

Note: Values were computed over the region of interest (blue boxes in Figure 5) and represent the mean (+ standard deviation) over 250 test patches.
Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; WT: Wavelet transform.
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Figure 5. Reconstruction results and residuals of synthetic data under regular missing rates of (A) 67%, (B) 75%, and (C) 80%. The top row of each panel
shows the reconstructed results, and the bottom row shows the residuals. From left to right, the reconstructed results are the input, ground truth, f-x
interpolation, Constrained Diffusion-Driven Deep Image Prior (CDDIP), U-Net, U-Net-Wide, wavelet transform (WT)-UNet, and curvelet transform
(CT)-UNet. The residual panels, from left to right, correspond to f-x interpolation, CDDIP, U-Net, U-Net-Wide, WT-UNet, and CT-UNet.
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Figure 6. Enlarged views of the region of interest (blue boxes in Figure 5) for synthetic data under regular missing rates of (A) 67%, (B) 75%, and (C) 80%.
From left to right, the top row shows the input, ground truth, f-x interpolation, and Constrained Diffusion-Driven Deep Image Prior results, while the
bottom row shows the U-Net, U-Net-Wide, wavelet transform-UNet, and curvelet transform-UNet results.
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Figure 7. The f-k spectra corresponding to the reconstructed results in Figure 5 under regular missing rates of (A) 67%, (B) 75%, and (C) 80%. From left
to right, the top row shows the input, ground truth, f-x interpolation, and Constrained Diffusion-Driven Deep Image Prior results, while the bottom row
shows the U-Net, U-Net-Wide, wavelet transform-UNet, and curvelet transform-UNet results.
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Figure 8. Reconstruction results and residuals of field data under regular missing rates of (A) 67%, (B) 75%, and (C) 80%. For each missing-rate case, the
reconstructed results are shown in the first two rows, and the corresponding residuals are shown in the last two rows. From left to right, the reconstructed
results are the input, ground truth, f-x interpolation, Constrained Diffusion-Driven Deep Image Prior (CDDIP), U-Net, U-Net-Wide, wavelet transform
(WT)-UNet, and curvelet transform (CT)-UNet. The residual panels, from left to right, correspond to f-x interpolation, CDDIP, U-Net, U-Net-Wide,

WT-UNet, and CT-UNet.
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dB (80%). At 75% and 80%, U-Net-Wide outperformed
U-Net but remained below CT-UNet, confirming that
the curvelet-based decomposition provides an additional
benefit beyond what increased model capacity alone can
achieve. CT-UNet showed highly significant improvement
over WT-UNet, f-x interpolation, and CDDIP across all
conditions (all p < 0.001).

To examine the frequency-dependent reconstruction
characteristics, band-limited PSNR and SSIM were
computed for three frequency bands (Tables 5 and 6). In
both synthetic and field data, CT-UNet achieved the highest
PSNR and SSIM across all three bands. The advantage over
U-Net was most pronounced in the mid-frequency band,
where CT-UNet achieved 31.0 dB on synthetic data and
33.5 dB on field data, compared with 30.6 dB and 32.4 dB,
respectively, for U-Net. U-Net-Wide showed intermediate
performance between U-Net and CT-UNet in most bands,
confirming that increased model capacity alone does not
fully account for CT-UNet’s improvement.

To provide a quantitative comparison of the frequency-
dependent reconstruction accuracy, the spectral residual
energy profiles under the 80% regular missing condition
are presented in Figure 10. For both synthetic and
field data, CT-UNet exhibits the lowest residual energy
across the entire frequency range, indicating the most
balanced reconstruction among all compared methods.
Notably, U-Net-Wide, despite having a comparable total
parameter count to CT-UNet, shows higher residual
energy than CT-UNet, particularly in the mid-frequency
range (normalized frequency 0.1-0.3), confirming
that the improvement is attributable to curvelet-based
decomposition rather than increased model capacity.

3.4. Results of irregular missing data

To examine the behavior of CT-UNet beyond regular
undersampling, two irregular (random) missing scenarios
at 50% and 70% missing rates were tested on synthetic data
(Figures 11 and 12). Unlike regular missing, no periodic
aliasing pattern forms in the f-k domain, and the damaged
components spread incoherently across the spectrum.

In the spatial domain, f-x interpolation and CDDIP
exhibit relatively large residuals along event structures
across both missing rates, whereas U-Net, U-Net-Wide,
WT-UNet, and CT-UNet stably reconstruct the major
reflection events. The visual differences among the
learning-based methods are smaller compared to the
regular missing conditions. In the f-k spectra, U-Net,
U-Net-Wide, and CT-UNet show nearly identical levels of
energy distribution recovery at both missing rates.

Quantitative evaluation (Tables 1 and 2) shows that
at 50% irregular missing, CT-UNet achieved the highest

PSNR of 32.76 + 1.11 dB and SSIM of 0.91 + 0.05, with
U-Net at 32.61 £1.45 dB and U-Net-Wide at 32.33 + 1.29
dB. At the more challenging 70% irregular missing rate,
CT-UNet maintained the highest PSNR of 30.98 + 1.33
dB (p < 0.05) and SSIM of 0.87 + 0.04, outperforming
U-Net (30.32 + 1.50 dB; 0.83 + 0.05), U-Net-Wide (30.46
+ 1.44 dB; 0.85 £ 0.05), and WT-UNet (30.56 + 1.41 dB;
0.86 + 0.05). These results indicate that CT-UNet remains
effective under a more challenging random, irregular, and
missing condition.

Across both tested random irregular missing rates,
CT-UNet maintained the highest PSNR and SSIM
among the compared methods. These results suggest that
curvelet-based component separation can remain effective
beyond periodic regular undersampling, although further
evaluation is required for more realistic acquisition-
gap scenarios, such as blocky, mixed regular-irregular,
consecutive, and spatially varying missing patterns.

To control for potential spatial autocorrelation between
patches, paired t-tests were additionally conducted on shot-
aggregated PSNR and SSIM values (n = 50 for synthetic and
n = 101 for field data). Results for CT-UNet versus U-Net
are summarized in Table 7. CT-UNet shows consistently
non-negative differences across all tested conditions, with
statistically significant PSNR advantages at synthetic 80%
(+0.28 dB, p < 0.05), synthetic 70% irregular missing
(+0.66 dB, p < 0.05), field 75% (+0.60 dB, p < 0.001), and
field 80% (+ 1.61 dB, p < 0.001). For SSIM, CT-UNet
maintains consistent advantages across all conditions. This
pattern indicates that CT-UNet’s improvement over U-Net
is most pronounced under high regular missing rates and
challenging irregular missing scenarios, consistent with
the patch-level results in Tables 1 and 2.

4. Discussion

This section discusses the experimental results in terms
of (i) the contribution of curvelet-based component
separation, (ii) performance characteristics according to
missing type and level configuration, (iii) design differences
among comparison methods, (iv) computational cost, and
(v) limitations and future work.

4.1. Contribution of curvelet-based component
separation

The core of CT-UNet lies in separating components in the
curvelet domain and performing learning tailored to the
statistical characteristics of each component. The curvelet
transform provides a near-optimal sparse representation
for curvilinear discontinuities, and according to Candes
and Donoho? and Candés et al.,*® the approximation error
decay rate for C? discontinuities is O(k?(log k)*), which
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Table 4. ROI-based structural similarity index measure for synthetic data

Missing ratio (%) F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet

67 0.45 (£ 0.11) 0.20 (£ 0.13) 0.83 (£ 0.10) 0.84 (£ 0.09) 0.77 (£ 0.15) 0.86 (£ 0.09)
75 0.31 (£ 0.09) 0.20 (£ 0.10) 0.70 (£ 0.14) 0.69 (+0.14) 0.62 (+0.18) 0.73 (£ 0.13)
80 0.23 (+ 0.07) 0.15(+0.08)  0.65(+0.15) 0.63 (+ 0.16) 0.59 (+ 0.17) 0.68 (+ 0.14)

Notes: Values were computed over the ROI (blue boxes in Figure 5); mean (+ standard deviation) over 250 test patches.
Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; ROI: Region of interest; WT: Wavelet transform.

Table 5. Band-limited PSNR (dB) and SSIM for synthetic data under 80% regular missing

Metric F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet
Low PSNR (dB)/SSIM 27.6/0.78 27.1/0.73 34.6/0.93 34.8/0.92 33.3/0.90 35.0/0.94
Mid PSNR (dB)/SSIM 24.8/0.65 24.1/0.60 30.6/0.87 30.8/0.86 29.7/0.84 31.0/0.88
High PSNR (dB)/SSIM 22.9/0.54 22.2/0.49 28.8/0.80 29.0/0.79 27.9/0.77 29.2/0.81

Note: Metrics were computed separately for low (0-12.5 Hz), mid (12.5-37.5 Hz), and high (37.5-62.5 Hz) frequency bands using Butterworth bandpass
filtering (dt = 0.008 s, Nyquist frequency = 62.5 Hz).

Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; PSNR: Peak signal-to-noise ratio; SSIM: Structural
similarity index measure; WT: Wavelet transform.

Table 6. Band-limited PSNR (dB) and SSIM for field data under 80% regular missing

Metric F-x interpolation CDDIP U-Net U-Net-Wide WT-UNet CT-UNet
é;);;/[PSNR (dB)/ 29.5/0.86 28.8/0.82 34.9/0.98 35.9/0.98 35.7/0.98 36.1/0.98
IS\/;I(linSNR(dB)/ 27.6/0.82 26.9/0.78 32.4/0.96 33.2/0.97 33.0/0.97 33.5/0.97
IS_ISIIgISIPSNR (dB)/ 24.2/0.78 23.4/0.74 29.7/0.95 30.6/0.96 30.4/0.96 30.8/0.96

Note: Band definitions are identical to Table 5.
Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; PSNR: Peak signal-to-noise ratio; SSIM: Structural
similarity index measure; WT: Wavelet transform.

Table 7. Shot-level comparison between CT-UNet and U-Net

Data Condition n_shots APSNR (dB) ASSIM Significance
Synthetic Regular 67% 50 +0.18 +0.03 ns.
Synthetic Regular 75% 50 +0.02 +0.01 n.s.
Synthetic Regular 80% 50 +0.28 +0.01 *
Synthetic Irregular 50% 50 +0.15 +0.01 ns.
Synthetic Irregular 70% 50 +0.66 +0.04 *

Field Regular 67% 101 +0.01 +0.00 n.s.
Field Regular 75% 101 +0.60 +0.01 o
Field Regular 80% 101 +1.61 +0.01 o

Notes: PSNR and SSIM were aggregated at the shot level (n = 50 for synthetic, n = 101 for field) to reduce spatial dependence among neighboring
patches; A = mean(CT-UNet) — mean(U-Net); positive values indicate CT-UNet advantage; *p < 0.05; ***p < 0.001.
Abbreviations: CT: Curvelet transform; n.s.: Not significant; PSNR: Peak signal-to-noise ratio; SSIM: Structural similarity index measure.
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challenges for conventional interpolation methods because
of their opposing dip orientations relative to the dominant
reflections. The ROI-based analysis (Tables 3 and 4)
quantitatively confirms this, with CT-UNet exhibiting a
more pronounced margin over U-Net in regions containing
such events compared to the global metrics.

The band-limited analysis (Tables 5 and 6) quantitatively
confirms that CT-UNet reduces reconstruction error more
uniformly across frequency bands compared to all other
methods, with consistent superiority in the mid-frequency
band where complex dip components are concentrated.

The spectral residual energy analysis (Figure 10)
provides further evidence for this conclusion. In the
synthetic 80% condition, CT-UNet maintains the lowest
residual energy across all frequencies, whereas U-Net
and U-Net-Wide concentrate residuals in the mid-to-
high frequency range. This pattern is consistent with the
theoretical prediction that curvelet-based decomposition
reduces the complexity of the reconstruction problem for
each component-wise network, enabling more balanced
recovery across the full bandwidth. The same trend is
reproduced in the field data, where CT-UNet achieves the
lowest residual energy despite noise and non-stationarity,
reinforcing the generalizability of the observed benefit.

4.2, Performance characteristics according to
missing type

In the regular case, aliasing components exhibit a periodic
structure in the f-k domain, allowing the directional
decomposition of curvelets to effectively separate signal
and aliasing components. Under irregular missing,
the damaged components spread incoherently across
the f-k domain rather than forming periodic aliasing
patterns. Despite this loss of structured aliasing, CT-UNet
maintained the highest PSNR and SSIM among the
compared methods at both 50% and 70% random irregular
missing rates. These results suggest that curvelet-based
separation remains beneficial even when the missing
pattern is not periodic. However, because only random
irregular missing was examined, further evaluation is
required for more realistic acquisition-gap scenarios,
including blocky, mixed regular-irregular, consecutive,
and spatially varying missing patterns.

4.3. Influence of uniform discrete curvelet transform
level configuration

With the [4,4] configuration, the HFs produced only
two types of spatial sizes, making 3-group classification
impossible. With the [16,16] configuration, the spatial size
of the HF,, component was extracted as 7 x 128, which was
incompatible with the 2 x 2 MaxPooling operations of the

U-Net. These findings confirm the theoretical rationale
presented in Section 2.2 and demonstrate that [8,8] is
the only practical configuration that can fully constitute
the CT-UNet framework under the combination of patch
size (64 x 256) and a four-stage U-Net. The effects of
asymmetric configurations (e.g., [8,4], [4,8]) and increased
patch sizes are set as future tasks.

4.4. Design differences among comparison methods

The structural difference between WT-UNet and CT-UNet
stems from the inherent decomposition characteristics of
each transform. For wavelets, it is natural to concatenate
four subbands along the channel dimension and feed
them into a single network, whereas the UDCT produces
components with different lattice structures for each
direction, making group-wise independent networks
consistent with the transform structure. Forcing an
identical framework would distort the inherent advantages
of each transform; therefore, this comparison is interpreted
as evaluating the performance when each transform is
applied in its optimal structure.

Given that CT-UNet employs three independent
U-Nets and thus has approximately three times the total
parameters of the baseline U-Net, the question may arise
whether the performance improvement is attributable
to curvelet decomposition or simply to increased model
capacity. To directly address this concern, U-Net-Wide
was included as a capacity-matched control: a single U-Net
with channel widths scaled to match CT-UNet’s total
parameter count (~23M) without applying any transform.
U-Net-Wide achieved results comparable to, and in some
conditions slightly better than, the standard U-Net, but
it remained below CT-UNet in the key high-missing-rate
cases. This indicates that increasing model capacity alone
is insufficient to reproduce the performance of CT-UNet.
The spectral residual energy profiles further support this
interpretation, showing that U-Net-Wide does not match
CT-UNet despite having a comparable parameter count.

Curvelet-based  sparsity-promoting  reconstruction
methods (e.g., curvelet-POCS, L1-regularized inversion)
utilize the same transform domain but follow an iterative-
optimization paradigm rather than data-driven learning.
The comparative experiments in this study are deliberately
scoped to evaluate the effect of transform selection within
the learning-based interpolation paradigm, where all
compared methods (U-Net, U-Net-Wide, WT-UNet,
CT-UNet) share a supervised learning framework. This
design provides a controlled comparison for assessing the
contribution of curvelet-domain decomposition within
the learning-based interpolation framework. Comparison
with optimization-based curvelet methods addresses a
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Figure 9. The f-k spectra corresponding to the reconstructed results in Figure 8 under regular missing rates of (A) 67%, (B) 75%, and (C) 80%. From left
to right, the top row shows the input, ground truth, f-x interpolation, and Constrained Diffusion-Driven Deep Image Prior results, while the bottom row
shows the U-Net, U-Net-Wide, wavelet transform-UNet, and curvelet transform-UNet results.
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Figure 10. Spectral residual energy profiles under 80% regular missing for (A) synthetic data and (B) field data. Each curve represents the mean residual
energy in the f-k domain, computed by averaging the squared magnitude of the residual spectrum along the wavenumber axis at each frequency. Lower
values indicate a more accurate reconstruction.

Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; WT: Wavelet transform.
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Figure 11. Reconstruction results and residuals of synthetic data under irregular (random) missing: (A) 50% missing rate and (B) 70% missing rate.
In each panel, the top row shows the reconstructed results and the bottom row shows the residuals. From left to right, the reconstructed results are the
input, ground truth, f-x interpolation, Constrained Diffusion-Driven Deep Image Prior (CDDIP), U-Net, U-Net-Wide, wavelet transform (WT)-UNet,
and curvelet transform (CT)-UNet. The residual panels, from left to right, correspond to f-x interpolation, CDDIP, U-Net, U-Net-Wide, WT-UNet, and

CT-UNet.

exhibits fundamentally faster convergence compared to
O(k™) for wavelets. This reduces the complexity of the
residuals that each component-wise U-Net must learn,
and mitigates the spectral bias of a single network through
component-wise learning.*!

The experimental results are consistent with this
theoretical prediction. Under high missing-rate conditions

(80%), CT-UNet achieved PSNR improvements of 0.28
dB on synthetic data and 1.61 dB on field data compared
to U-Net, with the difference statistically significant. In
contrast, no significant difference was observed under low
missing-rate conditions. This theoretical property also
translates into a practical advantage for reconstructing
conflicting-dip events, which are known to pose significant
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Figure 12. The f-k spectra corresponding to the reconstructed results in Figure 11 under irregular (random) missing: (A) 50% missing rate and (B) 70%
missing rate. In each panel, from left to right, the top row shows the input, ground truth, f-x interpolation, and Constrained Diffusion-Driven Deep Image
Prior results, while the bottom row shows the U-Net, U-Net-Wide, wavelet transform-UNet, and curvelet transform-UNet results.
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fundamentally different research question—learning-based
versus iterative-optimization-based reconstruction—
and requires dedicated investigation of optimization
hyperparameters (iteration count, thresholding schedule,
regularization weights). Such a comparison is therefore
outside the present scope and is left for independent
investigation.

In comparison with CDDIP, it should be noted that
CDDIP is fundamentally different, performing iterative
optimization without training data, and the purpose of
this comparison is to examine performance characteristics
across different reconstruction paradigms.

4.5. Computational cost and recommended use
cases

The CT-UNet incurs approximately a threefold increase
in training time (~30 GPU‘hours) and inference time
(~30 s) compared to a single U-Net (Table 8); however,
this can be reduced in a parallel GPU environment, and
the peak memory remains identical at ~6 GB (training)/<
0.25 GB (inference). The practical value of this additional
cost is supported by the consistent quantitative gains: shot-
level paired t-tests confirm statistically significant PSNR
improvements over U-Net at synthetic 80% (+0.28 dB),
synthetic 70% irregular missing (+0.66 dB), field 75% (+0.60
dB), and field 80% (+1.61 dB). CT-UNet also maintains
SSIM values comparable to or higher than those of the
baseline methods across the tested conditions, suggesting
thatits structural reconstruction quality is at least preserved
and often improved beyond the high-missing regime. In
conflicting-dip regions where conventional methods fail
(ROI analysis, Tables 3 and 4), CT-UNet’s advantage is
particularly pronounced. Furthermore, the component-
wise architecture enables selective deployment: in
scenarios where only specific frequency bands require
enhanced reconstruction, individual component networks

Table 8. Computational cost comparison

can be applied independently - an operational flexibility
unavailable in single-network architectures. CT-UNet is
therefore most recommended for applications where high
missing rates, structural continuity, or conflicting-dip
event recovery are critical. For lower-missing-rate cases
where the performance gap relative to a standard U-Net is
small, the simpler U-Net may remain a more cost-effective
choice.

4.6. Validation methodology for field data

The field data validation in this study employed Mobil AVO
Viking Graben Line 12,% a fully sampled, publicly available
benchmark dataset widely used in seismic interpolation
research. Controlled missing patterns were applied to
the original data, which served as ground truth, enabling
rigorous quantitative evaluation through PSNR and SSIM.
This semi-synthetic validation protocol is a standard
approach in the field, providing quantifiable benchmarks
for objective comparison across methods, reproducibility
through publicly available data, and systematic control
over missing rate and pattern. Application to datasets with
naturally occurring acquisition gaps constitutes a natural
application study downstream of the methodological
validation presented here.

4.7. Limitations and future work

This study has the following limitations: First, the real/
imaginary separation of complex coefficients means that
phase coherence is only implicitly learned, necessitating
the introduction of complex-valued convolution or phase
consistency loss. Second, only random irregular missing
was examined in this study. More realistic acquisition-
gap scenarios, including blocky missing traces, mixed
regular—irregular missing, consecutive missing traces,
and spatially varying missing patterns, require systematic
evaluation with dedicated mask-generation protocols and

Method Training time (GPU-hours)

Inference time (min) GPU memory (train/infer)

F-x interpolation -

CDDIP ~16.7
U-Net ~10
U-Net-Wide ~12
WT-UNet ~10
CT-UNet ~30

~0.5 <1GB

~2.5 ~1.5 GB/<0.5 GB
~0.17 ~6 GB/<0.25 GB
~0.20 ~7 GB/<0.3 GB

~0.17 ~6 GB/<0.25 GB
~0.5 ~6 GB/<0.25 GB

Abbreviations: CDDIP: Constrained Diffusion-Driven Deep Image Prior; CT: Curvelet transform; GPU: Graphics processing unit; WT: Wavelet

transform.
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mask-aware learning strategies. These cases are therefore
left as future work. Third, only MSE loss was applied, but
component-specific customized losses (e.g., MSE for LF
and frequency-domain loss for HF) represent an extension
direction naturally permitted by the modular framework
of CT-UNet. Fourth, the standard U-Net can be replaced
with attention-based models, transformers, or diffusion
models. Fifth, the synthetic data were generated under
relatively clean conditions, and robustness evaluation
under controlled noise environments (signal-to-noise
ratio 10/20 dB) remains a future task.

5. Conclusion

In this study, we proposed CT-UNet, a seismic data
interpolation framework based on the curvelet transform.
The proposed method decomposes seismic data into multi-
scale and multi-directional components using the UDCT,
reconstructs each component with independent U-Net
models, and synthesizes them via inverse transformation,
aiming to simultaneously enhance event continuity and
preserve frequency components even under high missing-
rate conditions.

The performance of CT-UNet was evaluated on
synthetic data (SEG/EAGE Salt Model) and field data
(Mobil AVO Viking Graben Line 12) at regular missing
rates of 67%, 75%, and 80%, as well as on synthetic
data at 50% and 70% random irregular missing rates.
Combining spatial-domain reconstruction results, f-k
spectral analysis, and PSNR/SSIM quantitative evaluation,
CT-UNet showed performance comparable to U-Net
under lower missing-rate conditions, while its advantages
became more evident under challenging conditions,
including synthetic 80%, synthetic 70% irregular missing,
field 75%, and field 80%. The shot-level analysis further
supports the conclusion that these gains are most robust
under high missing-rate and challenging irregular-missing
conditions. In the tested irregular missing scenarios,
CT-UNet maintained the highest PSNR and SSIM among
the compared methods, suggesting that curvelet-based
component decomposition can remain effective beyond
periodic regular undersampling. However, more realistic
missing patterns, such as blocky, mixed regular—irregular,
consecutive, and spatially varying gaps, require further
investigation.

Insummary, theresultsindicatethatintegrating curvelet-
based multi-scale and multi-directional representation
into deep learning interpolation is an effective strategy
for improving event continuity and spectral consistency,
particularly under high-rate regular undersampling and
in regions containing curvature-varying, conflicting-dip
events. The proposed CT-UNet is therefore expected to be

most useful in acquisition scenarios where high missing
rates, structural continuity, and recovery from conflicting
dip events are critical.
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