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Abstract

Marine seismic surveys can contain missing or unusable receiver traces. This paper tests how well those traces can be
reconstructed. It compares zero fill, linear interpolation, a U-Net trained from random initialization on BP, SwinV2 with
ImageNet weights, and SFM with seismic pretraining. BP 2007 supplies complete synthetic shots, so receiver traces can be
removed from the input and scored against the target. Viking Line 12 is a field line; the test removes observed field traces
and scores their reconstruction after the models are trained only on BP. All learned models use inputs computed from visible
traces, predict a correction to a linear interpolation estimate, copy measured traces back, and are scored only on removed
traces. On BP 2007, with 75% of receiver traces removed in groups of eight, the U-Net has the lowest RMSE on removed
traces, 1.170 £ 0.467. SwinV2 with LoRA is the best pretrained method on BP, 2.247 +0.196. On Viking Line 12, using
BP-trained weights without field retraining, the U-Net has the lowest mean RMSE, 16.38 £ 22.88, but repeat variation is large.
Frozen SFM is the best pretrained method on Viking by RMSE, 19.98 & 0.62, and has the highest SSIM.

1 Introduction

When receiver traces are missing from marine seismic data, a
gather no longer sits on a regular trace grid. Interpolation re-
stores that grid for inspection and downstream processing. The
important rule is that recorded samples are measurements, not
predictions: a useful reconstruction estimates what is missing
without quietly changing the measured traces.

The two datasets play different roles. BP 2007 provides
complete synthetic shots, so traces can be removed from the
input and scored against the target [1]. Viking Line 12 is a
real marine line [2]. Because it has no target for traces that
were not recorded, the Viking test removes observed traces,
reconstructs them with models trained on BP, and scores those
observed traces.

This paper compares zero fill, linear interpolation, a U-Net
trained from random initialization on BP, SwinV2 pretrained
on ImageNet, and SFM pretrained on seismic data. SwinV2
and SFM are tested with frozen encoders and with LoRA.
Every learned model receives the same visible-trace inputs,
uses the same output rule, and is evaluated only where traces
were removed.

The results split by setting. On BP 2007, the U-Net has
the lowest RMSE by a large margin. On Viking Line 12, the
U-Net has the lowest mean RMSE but the widest repeat vari-
ation; frozen SFM is the strongest pretrained model and has
the highest SSIM. The paper therefore separates a complete
synthetic target from a field line test instead of collapsing them
into one model ranking.

2 Background

Traditional seismic interpolation methods exploit event conti-
nuity while preserving the samples that were actually recorded.
F-X interpolation and POCS remain common reference points
for interpolation methods that use seismic structure while pre-
serving recorded samples [3,4]. In this paper, zero fill and
linear interpolation set the scale of the task. Linear interpola-
tion is also one of the inputs given to each learned model.
Neural models are not new to seismic reconstruction. CNNs
and U-Net style models have been used for seismic interpo-

lation and denoising [5, 6], and the original U-Net remains a
useful dense prediction reference because it combines context
with high-resolution skip paths [7]. Image restoration trans-
former designs such as SwinIR and Restormer mark the wider
restoration design space [8,9]. This paper compares U-Net,
SwinV2, and SFM on trace reconstruction.

SwinV2 supplies a hierarchical vision backbone [10]; the
weights used here are pretrained on ImageNet-1K, a natural-
image classification corpus [11]. SFM supplies a transformer
pretrained on seismic data and evaluated on geophysical tasks,
including interpolation [12]. LoRA adds trainable low-rank
matrices to frozen transformer layers [13]. Recent work has
also tested foundation model adaptation across geophysical
and seismic processing tasks [14, 15].

The data split matters. Nearby seismic crops from the same
shot or gather are correlated, so random crop splitting can
make performance look stronger than it is. Spatial dependence
between training and test samples is a known source of inflated
accuracy in spatial prediction [16]. Here, complete shots or
gathers are split before crops are cut, and the main score is
computed only on removed traces, not on traces copied from
the input.

3 Experiment

Figure 1 shows the reconstruction task before the implemen-
tation details. A seismic gather is a two-dimensional array
with time on one axis and receiver trace on the other. A mask
removes trace columns from the model input. The model
receives values derived from visible traces, reconstructs the
removed columns, and is scored only on the removed samples.
Measured traces are copied back into the output.

3.1 Data and masks

The synthetic benchmark uses all four BP 2007 shot parts [1].
Each shot has 1151 time samples and 800 receiver traces, with
an 8 ms time interval and 12.5 m receiver spacing. The scored
examples are non-overlapping 256 by 256 center crops cut
after the split. Learned models receive a surrounding 512 by
512 context and predict the center crop.
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Figure 1: Reconstruction setup. The model sees four channels computed from visible traces: an estimate from linear interpolation, a mask
for visible traces, nearest visible trace interpolation, and distance to the nearest visible trace. It predicts a correction for the missing region;
measured traces are copied back before scoring. The figure shows the U-Net path, while SwinV2 and SFM use the same inputs and output rule.

BP 2007 is split by independent unit before patch extraction:
70% for training, 15% for validation, and 15% for testing.
Normalization is fitted on training units only and then reused.
The BP mask removes 75% of receiver traces in groups of
eight traces: one group of eight traces is visible, then the next
three groups of eight traces are removed. Masks are made on
the full shot before crops are cut, so neighboring crops inherit
the same receiver pattern.

The group width keeps the scale along the receiver axis
close to Viking. Eight traces are 1.0% of an 800-trace BP shot;
one trace is 0.83% of a 120-trace Viking gather.

The field test uses patches from Viking Line 12, a public
marine field line with 1500 time samples and 120 traces per
gather [2]. No Viking training is performed. Each model
trained on BP is evaluated with its BP training settings and BP
normalization record. For scoring, 75% of observed Viking
traces are removed as individual traces and reconstructed.

3.2 Inputs, output rule, and metrics

Every learned model receives four input channels derived only
from visible traces: linear interpolation along the receiver axis,
a binary channel marking visible traces, nearest visible trace
interpolation, and normalized distance to the nearest visible
trace. Removed amplitudes are not used as input.

Each learned model predicts a correction to the linear inter-
polation channel. If x is the target crop, m is one on visible
samples and zero on removed samples, and 7y is the model
correction, the reconstruction is

Trec = MT + (1 - m) (xlinear + TQ)-

This copies visible traces exactly and lets the model change
only the removed region. The main metric is RMSE on re-

moved samples after the inverse amplitude transform:
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SSIM is computed on reconstructed crops after the same in-
verse transform and after measured traces have been copied
back [17]. It is a secondary structure metric; the main ranking
uses RMSE on removed traces.

3.3 Methods and training

Table 1 lists the methods. The simple baselines have no learned
weights. The U-Net is trained from random initialization.
SwinV2 uses the SwinV2-Small ImageNet-1K weights [10,
11]. SFM uses the SFM-Base seismic weights [12]. Frozen
variants train the input adapter and reconstruction head. LoRA
variants also train rank-16 LoRA matrices in attention Q, K,
V, and output projections [13].

All learned BP runs use 10 epochs, batch size 32, AdamW
[18], automatic mixed precision on CUDA [19], gradient clip-
ping at norm 1 after AMP unscaling, 5% learning rate warmup,
and cosine decay to zero. The base learning rate is 10~%. Ma-
trix weights in the reconstruction head use weight decay 10~%;
biases and LoRA matrices use no weight decay.

The loss is a Charbonnier amplitude term on removed center
samples plus trace-direction derivative terms after measured
traces are copied back [20]. The derivative term has weight
1.0 at visible/removed boundaries and 0.25 inside removed
groups.



Table 1: Methods in the comparison. The last column reports train-
able parameters and total parameters. The reconstruction head is the
trainable decoder attached to the backbone.

Method Trainable weights Params

Zero fill none 0/0

Linear interpolation none 0/0

U-Net all weights 4.85M / 4.85M

1.29M / 50.25M
2.16M/51.11M

SwinV2 frozen
SwinV2 + LoRA

adapter and reconstruction head
adapter, reconstruction head, LoORA
(0.87M)

adapter and reconstruction head
adapter, reconstruction head, LoORA
(0.88M)

1.29M / 86.70M
2.18M/ 87.58M

SFM frozen
SFM + LoRA

Within each repeat, all methods share the same BP sample
and mask manifests. BP results use 246 test units, 4 masks,
and 3 repeats, giving 2952 matched unit/mask/repeat cases.
The Viking test uses 64 patches and 4 masks. RMSE on visible
traces is 0.0 because visible traces are copied exactly. The
reported run set used 28.1 GPU-hours on NVIDIA L40, A40,
and Tesla V100 GPUs on the Delft Al Cluster.

4 Results

The main result is a split: the U-Net trained for this task
dominates the BP RMSE test, while Viking changes the order
of the pretrained models. On BP 2007, the U-Net has much
lower RMSE on removed traces than the pretrained variants.
On Viking, the U-Net has the lowest mean RMSE but high
repeat variation; frozen SFM is the best pretrained model.
Figure 2 places the two rankings next to each other.

4.1 BP 2007: U-Net has the lowest RMSE

On BP 2007, the U-Net has the lowest RMSE on removed
traces by a large margin (Table 2). Its mean RMSE is
1.170 £0.467, compared with 2.247 £0.196 for SwinV2 +
LoRA and 2.483 4 0.169 for frozen SEM. Across matched BP
cases, the U-Net beats SwinV2 + LoRA on 100% of cases and
SFM + LoRA on 100% of cases.

The baselines show why scoring only the removed traces
matters. Under the BP grouped 75% removal pattern, linear
interpolation has higher RMSE than zero fill even though

Field data
U-Net
RMSE 16.38 + 22.88

Synthetic

U-Net @ ]
RMSE 1.17 £ 0.47

SwinV2 + LoRA
RMSE 2.25 + 0.20

[ ] SFM frozen
RMSE 19.98 + 0.62

SwinV2 frozen [ ) @® SFM+LoRA
RMSE 2.35 + 0.07 RMSE 20.20 + 0.96

SFM + LoRA ® ® SwinV2 frozen
RMSE 2.46 + 0.13 RMSE 20.85 + 0.70

SFM frozen ® SwinV2 + LoRA
RMSE 2.48 + 0.17 RMSE 20.99 + 0.62

Figure 2: Rank shift between the BP synthetic test and the Viking
field line test. Vertical position shows RMSE order within each
dataset; the two sides do not share a numeric axis. BP strongly favors
the U-Net trained for this task. On Viking, the U-Net has the lowest
mean but large repeat variation, while frozen SFM is the strongest
pretrained model.

it has higher SSIM. The smoother linear estimate can look
structurally plausible while carrying larger amplitude errors.
The learned models use linear interpolation as an input to
correct, not as the final reconstruction.

4.2 Pairing shows the size of each difference

The BP comparison is paired by repeat, unit, crop, and mask
identity. Figure 3 and Table 3 use the same sign convention:
positive values mean the first method has lower RMSE.

The large effect is the U-Net gap. LoRA changes SwinV2
more than it changes SFM on BP: SwinV2 + LoRA wins
over frozen SwinV2 in 82.6% of matched cases, while SFM +
LoRA is almost split against frozen SFM. Those adaptation
differences are small next to the U-Net advantage.

Table 2: Main scores. RMSE is measured only where traces were removed from the input; lower is better. Values are mean + 95% half-width

across the three repeats. SSIM is a secondary structure metric.

Setting Method RMSE SSIM Main point

BP 2007 U-Net 1.170 £ 0.467 0.6909 Lowest BP RMSE.
SwinV2 + LoRA 2.24740.196 0.7065 Best pretrained method on BP.
SwinV2 frozen 2.350+0.071 0.7043 Close to LoRA on BP.
SFM + LoRA 2.4554+0.133 0.6828 Slightly lower RMSE than frozen SFM on BP.
SFM frozen 2.483 +0.169 0.6798 Behind the SwinV2 variants on BP.
Zero fill 2.980 4+ 0.009 0.5891 Lower RMSE than linear under this mask.
Linear interpolation 3.905 £ 0.006 0.6534 Higher SSIM, larger amplitude error.

Viking Line 12 U-Net 16.38 +-22.88 0.7116 Lowest mean; very large repeat variation.
SFM frozen 19.98 +0.62 0.7345 Best pretrained method on Viking.
SFM + LoRA 20.20 £0.96 0.7100 Below frozen SFM on RMSE and SSIM.
SwinV2 frozen 20.85+0.70 0.7228 Better than SwinV2 + LoRA on Viking RMSE.
SwinV2 + LoRA 20.99 £0.62 0.7083 LoRA does not improve the Viking mean.
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Table 3: Paired BP differences over 2952 matched unit/mask/repeat
cases. Win rate is the percentage of cases where the first method has
lower RMSE.

U-Net/ } ° I Comparison RMSE reduction ~ Win rate
SFM + LoRA
U-Net over SwinV2 + LoRA 1.077 £ 0.615 100%
SwinV2 + LoRA / H-e—j U-Net over SFM + LoRA 1.285 +£0.335 100%
frozen SwinV2 + LoRA over frozen SwinV2 0.103 -0.153 82.6%
SFM + LoRA over frozen SEFM 0.028 +0.221 50.5%
SFM + L‘:Z)F;Aer{ F—— Zero fill over linear interpolation 0.925 £ 0.004 100%
Zero fill / ®
linear N
0.00 025 050 075 1.00 1.25 1.50 1.75
RMSE reduction
Figure 3: Paired RMSE reductions on BP 2007. Positive values
favor the first method. Table 3 gives the exact mean reductions, 95%
half-widths, win rates, and denominator.
4.3 Viking changes the pretrained ranking
On Viking Line 12, the U-Net has the lowest mean RMSE,
16.38, but its 95% half-width is very large (£22.88). Frozen
SFM is therefore the steadier pretrained result by RMSE,
19.98 £ 0.62, and has the highest SSIM. The Viking test puts
frozen SFM above the other pretrained methods.
The Viking test uses one field line, no Viking training, BP
normalization reused, and individual Viking traces removed
instead of grouped BP trace blocks. Within that condition, the
models trained on BP still reconstruct observed field traces
well enough.
4.4 Selected examples
Figure 4 shows one BP case and one Viking case. The BP
row makes the grouped trace removal visible. The Viking row
shows the same models trained on BP on a field gather.
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Figure 4: Selected BP 2007 and Viking Line 12 reconstructions. The panels show the reference, masked input, and model predictions for one
BP case and one Viking case. Numbers inside panels describe only these examples; aggregate results are in Table 2.



5 Discussion

BP rewards the U-Net trained for this task. The pretrained
backbones carry many more total parameters, but this BP test
is a local correction problem. The U-Net has dense convolu-
tional skip paths and all of its weights are trained on the BP
reconstruction loss, which fits the result.

Viking changes the ranking of the pretrained models.
Frozen SFM is behind the U-Net on BP 2007, but it is the
strongest pretrained model on Viking Line 12 and has the
highest Viking SSIM. The two tests should therefore be read
separately: BP scores reconstruction against a complete syn-
thetic target, while Viking removes observed traces from one
real line and scores those traces.

The BP and Viking masks are matched in scale along the
trace axis. Eight removed BP traces cover 1.0% of an 800-trace
shot. One removed Viking trace covers 0.83% of a 120-trace
gather. The grouping therefore gives the synthetic shots a scale
of removed receiver traces close to the field gathers, rather
than making BP artificially fine-grained.

LoRA depends on the backbone and dataset here. It helps
SwinV2 on BP mean RMSE and wins most matched SwinV?2
cases there. It does not clearly improve SFM on BP, and on
Viking both LoRA variants are below their frozen counterparts
by mean RMSE and SSIM. The practical choice is to use
LoRA per backbone and dataset, not as a default.

Zero fill and linear interpolation are simple references. They
show the scale of the task and supply the starting estimates
used by the learned models. Operational seismic methods such
as POCS and F-X interpolation remain outside these runs, so
the claim is about the evaluated methods, starting estimates,
masks, and models.

The limits are narrow. Viking is one field line. BP removes
traces in groups of eight, while Viking removes individual ob-
served traces. The Viking result therefore combines a change
of data source with a change of mask pattern. The three repeats
measure variation across repeats for these runs.

For practical use, reconstructed traces must remain labeled
as reconstructed. They can support inspection and processing
experiments, but they are not measurements. Before a recon-
struction affects imaging, reservoir interpretation, acquisition
infill, or safety-critical work, it needs domain quality control
and validation against the downstream task.

6 Conclusion

Under the BP test with grouped trace removal used here, the U-
Net trained for this task is the clear RMSE winner on removed
traces. On the Viking field line test, the U-Net has the lowest
mean RMSE but large repeat variation, while frozen SFM is
the strongest pretrained model and has the highest SSIM.

The useful separation is between a complete synthetic target
and a field line test where observed traces are removed from
the input and scored. BP 2007 gives exact scoring against a
complete target. Viking Line 12 tests the same BP-trained
models on a real line without field retraining. Together, the
results show that synthetic reconstruction accuracy and the
Viking test can point to different model choices.

The narrow lesson is to choose the U-Net trained for this
task for the BP mask used here, treat frozen SFM as the
strongest pretrained Viking option in these runs, and not treat
LoRA as a default improvement.
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The experiments ran on the Delft Al Cluster (DAIC) [21].

The BP 2007 benchmark was created by Hemang Shah
and provided courtesy of BP Exploration Operation Company
Limited. Mobil AVO Viking Graben Line 12 is used through
the public SEG/Open Source Geoscience release.

Responsible research and use of generative Al

The main integrity risk is an inflated reconstruction score.
The experiment addresses that risk by splitting complete units
before patch extraction, fitting normalization on training units
only, copying visible traces into the output, and reporting the
main error only on traces removed from the input. Sample
and mask manifests are saved so paired comparisons can be
audited.

The code and experiment materials are available in the
project repository. The repository contains the implementa-
tion, configuration files, split records, masks, normalization
records, seeds, analysis code, result tables, and figure scripts
used for this paper. Raw seismic files are not redistributed
where source terms do not permit it; the paper cites the public
data sources instead.

A separate use risk is mistaking a reconstructed trace for
a measurement. In real processing or interpretation, recon-
structed traces should remain labeled, reviewed by domain
experts, and tested against downstream objectives before they
influence decisions about imaging, reservoir interpretation,
acquisition infill, or safety-critical work. The method supports
reconstruction experiments; it does not replace acquisition
metadata or geophysical judgment.

Generative Al tools were used for coding and editing. All
results and claims were checked against experiment outputs,
code, or cited sources. The author assumes full responsibility
for the content of this document.
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