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Abstract
Active seismic imaging is used to infer subsurface

structure from reflected wavefields, but acquisition
and ambient noise can obscure weak reflectors and re-
duce interpretation reliability. Seismic denoising must
remove noise while keeping geological structure in-
tact. This thesis studies a parameter-efficient method
to adapt pretrained vision foundation models to this
task. The method treats each seismic section as a
2D grayscale image, maps it into a format compat-
ible with vision backbones, and applies Low-Rank
Adaptation (LoRA) to limit the number of trainable
parameters. It then combines the denoised outputs
of multiple adapted vision models through a learned
soft spatial blender. This blender merges the expert
predictions at the pixel level, allowing the final model
to use complementary architectural strengths such as
multiscale representation and long-range dependencies.
The method is evaluated against a seismic founda-
tion model baseline, using both quantitative metrics
and qualitative inspection. Across 25 seed/split rep-
etitions, the residual joint spatial blender achieves a
mean absolute error of 0.0463, a peak signal-to-noise
ratio of 19.14 dB, and a structural similarity index
of 0.9727, substantially outperforming the standalone
adapted experts and the frozen baseline. These re-
sults show that jointly trained spatial fusion improves
seismic denoising performance while keeping training
parameter-efficient.

1 Introduction
In active seismic methods, controlled sources generate
wavefields that are recorded by receivers after inter-
acting with subsurface structures [1]. Active seismic
imaging is used to study the Earth’s subsurface in
applications such as geothermal assessment, hydro-
carbon exploration, carbon-storage monitoring, and
groundwater mapping. Recorded waveforms contain
ambient and acquisition noise, which can hide fine geo-
logical structure and make interpretation less reliable.
Classical denoising methods address this problem with
structure-aware transforms, curvelets, reduced-rank
filtering, and sparse representations [2], [3], [4], [5].
The difficulty is that denoising must suppress noise
without distorting amplitude, phase, or the continuity
of geologic reflectors.

Deep convolutional models, including fully convo-
lutional networks, U-Net-style encoder-decoders, and
residual denoisers, are widely used for dense restora-
tion tasks because they learn image-to-image map-
pings from noisy to clean data [6], [7], [8], [9]. More
recent work has introduced seismic foundation models
(SFMs), which are trained on large seismic datasets
and then fine-tuned for downstream tasks [10]. While
promising, these models require large amounts of data,
substantial computing power, and significant engineer-
ing efforts.

A cost-effective alternative is to reuse existing vi-
sion foundation models (VFMs) trained on large im-

age collections, an idea recently explored for active
and passive seismic denoising through parameter-
efficient VFM adaptation [11]. The approach draws
on attention-based sequence modeling, vision trans-
formers, self-supervised visual representation learning,
masked autoencoding, and large reusable visual mod-
els [12], [13], [14], [15], [16], [17]. Backbones such as
DINOv3 [18] and SwinV2 [19] can provide transferable
features, but applying them to seismic data introduces
three challenges. First, VFMs expect three-channel
RGB input, whereas seismic sections are generally
single-channel. Second, full fine-tuning is computa-
tionally expensive and can overfit when training pairs
are limited. Third, a single backbone may not use
the complementary strengths of different architectures:
SwinV2 provides hierarchical multiscale representa-
tions, while DINOv3 is more suited for long-range
dependencies.

Parameter-efficient methods, including adapters and
LoRA, reduce the cost of adaptation by training only
small added components while keeping most pretrained
weights frozen [20], [21], [22]. A small input stem
can handle the channel mismatch by mapping single-
channel seismic data to a three-channel representa-
tion. The remaining question is how to use more than
one adapted backbone. This thesis uses a mixture-of-
experts (MoE) design in which multiple LoRA-adapted
backbones are fused by a learned spatial router. The
router blends expert outputs at each pixel rather than
choosing a single expert for the whole image. Ac-
cordingly, the central research question is: Can a
trained soft spatial blender (SSB) that combines mul-
tiple adapted vision experts improve seismic denois-
ing performance compared to an SFM baseline, while
remaining computationally efficient? This thesis de-
velops, implements, and evaluates such a parameter-
efficient approach.

1.1 Problem Statement
The project addresses supervised seismic denoising
from paired noisy and clean 2D sections. Given a
noisy seismic section x ∈ RH×W , the goal is to predict
a clean section ŷ that approximates the target y while
preserving coherent events and amplitude structure:

fθ : x 7→ ŷ, ŷ ≈ y. (1)

The constraints are:

• the supervised dataset used in this thesis is small,
containing 2000 paired examples;

• the model must process single-channel seismic am-
plitudes, although the selected backbones expect
RGB images;

• training should avoid full fine tuning of large pre-
trained encoders;

• the experiments should be reproducible from
saved configurations, checkpoints, and metric files
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1.2 Research Objectives
The project is organized around four objectives:

• Design a parameter-efficient denoising architec-
ture that uses pretrained vision backbones for
single-channel seismic input.

• Train and evaluate standalone DINOv3 and
SwinV2 LoRA denoisers under the same repeated
supervised evaluation protocol.

• Build a learned spatial fusion model that combines
both experts with a router.

• Assess whether the added complexity is justified
by denoising performance, compute cost, and in-
ference time.

1.3 Research Questions
The central research question is:

Can a trained soft spatial blender that com-
bines multiple parameter-efficiently adapted
vision foundation-model experts improve seis-
mic denoising performance compared to a
SFM, while remaining computationally effi-
cient?

This question is decomposed into four sub-questions:

RQ1. How well do DINOv3 and SwinV2 perform as
standalone LoRA-adapted seismic denoisers?

RQ2. Does an expert-aware router improve over the
stronger adapted expert?

RQ3. Does joint training of the router and trainable
expert components improve over router-only
fusion?

RQ4. What performance gains does the router ap-
proach provide, and what are the tradeoffs in
inference time, compute cost, and implementa-
tion complexity?

2 Background & Related Work
2.1 Seismic Denoising
Seismic denoising differs from generic image denoising
because the shape of the signal has physical mean-
ing. Reflectors appear as mostly coherent events, and
their curvature, continuity, and amplitude carry in-
formation. At the same time, important geological
features can also be abrupt, for example where faults
offset otherwise continuous reflectors. A denoising
method should therefore preserve signal phase, event
continuity, relative amplitude, and sharp structural
discontinuities. Classical methods often use curvelet-
domain sparsity, reduced-rank structure, and dictio-
nary learning for this reason. This requirement moti-
vates models that combine local edge sensitivity with
wider spatial context. U-Net-style encoder-decoder

models, fully convolutional dense predictors, and resid-
ual CNN denoisers are common choices for image-to-
image restoration because they combine multiscale
context with dense prediction. This project keeps that
dense prediction structure in the decoder, but replaces
a conventional learned encoder with pretrained vision
backbones adapted to seismic input.

2.2 Vision Foundational Models
Vision foundation models are large pretrained vi-
sual encoders designed to transfer to many tasks.
They build on attention and vision transformers,
self-supervised representation learning, and masked-
autoencoder-style pretraining. DINO-style self-
supervised transformers learn representations with-
out manual labels and transfer well to several visual
tasks. SwinV2 uses hierarchical shifted-window at-
tention, which allows transformer backbones to scale
while preserving multi-resolution feature maps [19].
For seismic denoising, these two models are comple-
mentary: DINOv3 provides global token mixing, while
SwinV2 provides hierarchical features that suit dense
prediction. Transfer from natural images to seismic
sections is still not direct. The input channels have
different meaning, the task is dense regression rather
than classification, and absolute amplitude scale can
matter. In this thesis, the VFM is therefore treated
as an adaptable encoder, not as a complete denoising
model.

2.3 Parameter-Efficient Fine-Tuning
Full fine-tuning updates all of the pretrained encoder
weights. This can be expensive and can overfit when
the dataset is small. Parameter-efficient transfer meth-
ods reduce this cost by adapting only small modules,
such as adapters, or low-rank updates [20], [21], [22].
LoRA [22] reduces the number of trainable parameters
by adding low-rank residual updates to selected frozen
linear layers. For a frozen linear transformation with
weight W0, LoRA computes:

h = W0x + α

r
BAx, (2)

where A ∈ Rr×d and B ∈ Rk×r are trainable low-rank
matrices, r is the rank, and α is a scaling factor. The
base weight W0 remains frozen. In this thesis, all
LoRA runs use r = 16 and α = 64. These values were
chosen as a moderate-capacity setting: rank 16 keeps
the number of trainable parameters limited, while the
scaling factor 64 gives the low-rank update enough
strength to adapt the frozen vision backbones.

2.4 Mixture-of-Experts Fusion
Mixture-of-experts (MoE) models combine multiple
predictors through a router or gating function that
learns how to weight specialized experts [23], [24], [25].
In sparse MoE systems, the router selects a small
subset of experts or tokens to reduce compute [25],
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[26], [27]. In this thesis, the goal is different: both
experts are evaluated, and the router learns a soft
spatial blend. This is appropriate for seismic denois-
ing because different regions of the same section may
benefit from different inductive biases.

The fusion equation is:

ŷSSB = (1 − g)ŷS + gŷD, (3)

where ŷS is the SwinV2 expert prediction, ŷD is the
DINOv3 expert prediction, and g ∈ [0, 1]H×W is the
spatial gate. A gate value near 0 favors SwinV2; a
value near 1 favors DINOv3.

3 Methodology
The project uses an experimental approach. Each
model variant is evaluated under a repeated seed/split
protocol. Five random initialization seeds, 42, 43, 44,
45, and 46, are crossed with five independent dataset
splits, giving 25 complete experiment repetitions:

1. Train standalone DINOv3 LoRA and SwinV2
LoRA denoisers.

2. Train a router-only SSB with frozen experts.

3. Jointly fine-tune the router and trainable experts.

This order avoids directly jumping to the final architec-
ture and makes it possible to attribute improvements
to expert quality, router training, joint router-expert
training and other steps.

3.1 Dataset and Evaluation
The supervised denoising dataset used in this work is
taken from the downstream signal-processing denois-
ing data released with the Seismic Foundation Model
(SFM). In the SFM work, the authors generated 2000
noise-free seismic samples and added random noise
to create paired noisy-clean training examples. The
released downstream denoising data are provided as
224 × 224 seismic samples by the SFM project [10].

For each split, the dataset was partitioned as follows
during training:

• training: 1600 pairs;

• validation: 200 pairs;

• test: 200 pairs.

The same five splits are reused across model variants,
and each split is paired with each of the five initial-
ization seeds. Reported uncertainty values for trained
models are therefore standard deviations across 25
seed/split repetitions.

The evaluation uses mean absolute error (MAE),
mean squared error (MSE), peak signal-to-noise ra-
tio (PSNR), and the structural similarity index
(SSIM) [28]; SSIM and multi-scale SSIM (MS-SSIM)
are commonly used when structural similarity is more

important than pointwise error alone [29]. MAE and
MSE measure amplitude error:

MAE = 1
N

N∑
i=1

|ŷi − yi|, MSE = 1
N

N∑
i=1

(ŷi − yi)2.

(4)
PSNR summarizes error relative to the signal range:

PSNR = 10 log10

(
L2

MSE

)
, (5)

where L is the data range used by the implementation.
SSIM measures structural similarity, which is impor-
tant because reflector continuity is not fully captured
by previous metrics:

SSIM(x, y) = (2µxµy + C1)(2σxy + C2)
(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2) . (6)

Here, µx and µy are local means, σ2
x and σ2

y are local
variances, σxy is the local covariance, and C1 and C2
are small constants for numerical stability.

3.2 System Architecture
The complete residual SSB denoising pipeline is shown
in Figure 1. The noisy seismic input x is passed
through two LoRA-adapted foundation-model experts.
The SwinV2 expert produces ŷS , while the DINOv3
expert produces ŷD. Rather than selecting one expert
globally, the model learns a dense spatial gate g that
blends the two predictions at each pixel using Eq. 3.

3.3 Frequency-Aware Input Stem
The pretrained backbones expect three-channel in-
put, while seismic sections are single-channel. The
input stem builds a learned three-channel representa-
tion from the original normalized seismic image and a
fixed high-pass response. The high-pass branch uses a
Laplacian filter:

K∆ =

 0 −1 0
−1 4 −1
0 −1 0

 . (7)

The original image and high-pass response are con-
catenated:

z0 = concat (x̂, K∆ ∗ x̂) , (8)

then passed through trainable convolutions, normaliza-
tion, GELU activations, and a final 1 × 1 convolution
that produces three channels.

3.4 Standalone Experts
Both standalone experts follow the same high-level
computation:

ŷ = Dθ (Eϕ (Sψ(x̂))) , (9)

where Sψ is the input stem, Eϕ is a pretrained encoder
with LoRA adaptation, and Dθ is a dense decoder.
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Figure 1: Overall residual SSB architecture. The noisy seismic input is processed by two LoRA-adapted
foundation-model experts, producing expert predictions ŷS and ŷD. A spatial router predicts a dense gate map
g, and the final denoised output is obtained by the pixelwise weighted blend ŷSSB = (1 − g)ŷS + gŷD.

The decoder follows the dense prediction principle used
in fully convolutional and U-Net-style architectures,
where spatial feature maps are transformed back into
an image-sized output [6], [7].

Both experts use LoRA on the main transformer
linear layers: qkv denotes the combined query, key,
and value projection used in self-attention; proj is the
output projection after attention; and fc1 and fc2
are the two fully connected layers in the feed-forward
block. DINOv3 has decoder widths (192, 96, 48, 24),
and SwinV2 has decoder widths (384, 256, 192, 96).

3.5 Residual Expert-Aware Router
The residual router uses the same information available
at inference time:

r = concat (x̂, ŷS , ŷD, |ŷD − ŷS |) . (10)

The disagreement map |ŷD− ŷS | tells the router where
the experts agree and where a stronger routing decision
may be needed. It is not a target residual and does
not require the clean image at inference time.

The term residual refers to internal skip connections
inside the router, following the residual-learning idea
that a block can learn a correction to its input rather
than a full replacement [8]. A residual block computes:

hout = hin + F (hin), (11)

where F is a small stack of normalization, activa-
tion, and convolution layers. The implementation uses
GroupNorm and GELU, which are standard choices
for stable feature normalization and smooth nonlinear
activation [30], [31]. This lets the router learn correc-
tions to an existing feature map rather than replacing
the feature map completely.

The router uses channel widths (32, 64, 32). It
projects the router input to local features, applies
a local residual convolution block, and sends those

features through a downsampled context branch. The
context branch contains residual blocks, including a
dilated block, so the router can use a wider spatial
neighborhood without losing dense output resolution
[32], [33]. The context features are upsampled and
fused with the local features before a final 1 × 1 convo-
lution and sigmoid produce the gate map. A diagram
of the architecture can be seen in Figure 2.

The residual router is trained through the denoising
objective of the final blended prediction, not through
a separate ground-truth gate. For the residual router-
only and residual joint SSB runs, the prediction loss
is the L1 error between the blended output and the
clean target:

Lrec = ∥ŷSSB − y∥1 . (12)

To discourage noisy pixel-to-pixel gate changes, the
training objective adds a total-variation penalty on
the spatial gate [34]:

LTV(g) = 1
(H − 1)W

H−1∑
i=1

W∑
j=1

|gi+1,j − gi,j |

+ 1
H(W − 1)

H∑
i=1

W−1∑
j=1

|gi,j+1 − gi,j |

. (13)

The residual SSB loss is therefore:

LSSB = Lrec + λTVLTV(g). (14)

The router-only run uses λTV = 0.002, while the joint
residual SSB uses λTV = 0.005. A gate-balance term
was used during training to avoid the router collapsing
to the best expert at the start.

3.6 Training Setup
Training and evaluation were run on a single NVIDIA
GeForce RTX 4090 GPU with 24 GB memory [35],
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Figure 2: Residual router architecture. The router receives the noisy input x, the SwinV2 prediction ŷS , the
DINOv3 prediction ŷD, and the disagreement map |ŷD− ŷS |. After a 3×3 input projection, local residual features
and broader context features are extracted, concatenated, and mapped to gate logits. A sigmoid produces the
dense spatial gate g ∈ [0, 1], where values near 0 favor SwinV2 and values near 1 favor DINOv3.

using PyTorch [36] for model implementation and opti-
mization. Pretrained DINOv3 and SwinV2 backbones
were loaded through timm [37]. Mixed precision was
enabled for training. No test-time augmentation was
used. Each reported trained-model value is the mean
over 25 runs formed by five initialization seeds and five
dataset splits. Reported uncertainty values are stan-
dard deviations over these 25 repetitions; the frozen
SFM-Base baseline is deterministic and is reported as
a point estimate.

The final evaluation compares SFM-Base, a seis-
mic foundation model based on masked-autoencoder-
style pretraining for geophysical data [10], [16], with
four adapted model variants: DINOv3 LoRA, SwinV2
LoRA, residual router-only SSB, and residual joint
SSB.

4 Results

4.1 Quantitative Performance
Table 2 reports the held-out test performance, includ-
ing SFM-Base as a frozen foundation-model baseline.
SFM-Base has competitive PSNR among the non-fused
baselines but lower SSIM, indicating weaker preserva-
tion of seismic reflector structure while having more
parameters. DINOv3 LoRA and SwinV2 LoRA have
similar standalone PSNR and SSIM, but DINOv3 has
lower MAE and MSE. SwinV2 remains useful because
the residual router can still exploit complementary
local structure from its prediction.

The residual router-only SSB improves over both
standalone experts, reaching MAE 0.1033, MSE 0.0263,
PSNR 15.80 dB, and SSIM 0.8748 while training only
225,793 router parameters, being only ∼ 0.37% of the
total parameter count. This shows that spatial fusion
is useful even when the experts remain frozen.

The residual joint SSB gives the best result. It re-
duces MAE to 0.0463, MSE to 0.0122, and increases
PSNR to 19.14 dB and SSIM to 0.9727. Compared

with residual router-only fusion, joint fine-tuning re-
duces MAE by 55.2%, reduces MSE by 53.6%, in-
creases PSNR by 3.34 dB, and increases SSIM by
0.0979.

4.2 Inference Speed
Inference speed was measured on a NVIDIA GeForce
RTX 4090 GPU with 24 GB memory on the same
held-out test patches and batch size 16. The bench-
mark excludes data loading time by timing only the
forward pass after two warm-up batches. Throughput
is reported as patches per second:

patches/s = 1
seconds/patch . (15)

Table 3 shows that SFM-Base is the fastest model
benchmark. The residual joint SSB is still slower than
a single expert because it evaluates both experts and
the residual router, but code-level inference optimiza-
tion improved its throughput by a factor of 2.83, from
5.52 to 15.62 patches/s. The main changes were fusing
static LoRA weights into the base dense kernels before
timing, so each LoRA projection runs as one dense pro-
jection at inference, and rewriting the final blend from
gŷD + (1 − g)ŷS to ŷS + g(ŷD − ŷS). The expert differ-
ence is also reused as the router disagreement feature,
avoiding redundant element-wise computation.

4.3 Router Behavior
The residual router-only model has a gate mean of
0.6680 and assigns more than half the weight to DI-
NOv3 for 71.3% of pixels. After joint fine-tuning, the
final residual joint SSB has a lower gate mean of 0.3274
and a gate fraction over 0.5 of 23.4%. This shift does
not mean DINOv3 is unused. It means the jointly
trained system changes the relative roles of the two
experts: DINOv3 is slightly stronger as a standalone
model, while SwinV2 contributes more strongly in the
final joint mixture after co-adaptation.
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Table 1: Main hyperparameters for the final reported runs.

Run Epochs Batch LR Weight decay Warmup Loss
DINOv3 LoRA 50 16 6.0 × 10−4 1.0 × 10−2 100 L1
SwinV2 LoRA 50 16 8.0 × 10−4 1.0 × 10−2 100 L1
Residual router-only SSB 50 16 1.0 × 10−3 1.0 × 10−4 100 L1 + gate TV
Residual joint SSB 50 16 2.0 × 10−4 1.0 × 10−4 100 L1 + gate TV

Table 2: Held-out test performance for the final reported models and SFM-Base baseline, ordered from worst to
best by SSIM. Metric values for trained models are reported as mean ± standard deviation over 25 seed/split
repetitions. Lower is better for MAE and MSE; higher is better for PSNR and SSIM. Gate statistics are only
defined for SSB models. SFM-Base is evaluated as a frozen deterministic baseline.

Model Trainable Total params MAE MSE PSNR SSIM Gate mean Gate > 0.5
SFM-Base – 88,878,336 0.3343 0.2364 6.26 0.3463 – –
SwinV2 LoRA 9,476,900 37,041,377 0.3310 ± 0.0160 0.3382 ± 0.0221 4.71 ± 0.42 0.4863 ± 0.0201 – –
DINOv3 LoRA 1,717,873 23,304,817 0.2887 ± 0.0138 0.3171 ± 0.0195 4.99 ± 0.36 0.5013 ± 0.0184 – –
Residual router-only SSB 225,793 60,571,987 0.1033 ± 0.0076 0.0263 ± 0.0050 15.80 ± 0.26 0.8748 ± 0.0096 0.6680 0.7133
Residual joint SSB 11,420,575 60,571,987 0.0463 ± 0.0046 0.0122 ± 0.0029 19.14 ± 0.20 0.9727 ± 0.0071 0.3274 0.2343

Table 3: Inference throughput on held-out test patches.

Model s/patch patches/s
SwinV2 LoRA expert 0.0775 12.89
DINOv3 LoRA expert 0.0526 19.01
Residual joint SSB 0.0640 15.62
SFM-Base 0.0222 44.89

Figure 3 shows held-out qualitative examples with
the noisy input, residual-joint SSB gate, prediction,
and residual. The gate varies spatially with seismic
structure rather than selecting one expert globally.

5 Discussion
5.1 Answering the Research Questions
RQ1: standalone experts. The research ques-
tion asked how well the two LoRA-adapted vision
backbones perform when they are used as standalone
seismic denoisers. DINOv3 LoRA reaches MAE
0.2887 ± 0.0138 and SSIM 0.5013 ± 0.0184, while
SwinV2 LoRA reaches MAE 0.3310±0.0160 and SSIM
0.4863 ± 0.0201. These results show that DINOv3 is
the stronger individual expert overall, especially in
terms of MAE, MSE, and SSIM, although the PSNR
values of the two standalone experts are similar. How-
ever, the standalone results also show that adapting
a single vision backbone is not sufficient to reach the
performance of the residual SSB models. The main
value of these experts is therefore not only their indi-
vidual denoising ability, but also the complementary
information they provide when they are combined by
a spatial blending model.

RQ2: residual router-only fusion. The research
question considered whether a residual router can im-
prove denoising performance without further updating
the adapted experts. The residual router-only SSB
improves over both standalone experts while training

only the router. This indicates that the router is able
to use the noisy input, the two expert predictions, and
their disagreement map to make a more informed spa-
tial blend than either expert can provide alone. The
improvement is important because it shows that fusion
is not just averaging two outputs, but learning where
each expert is more useful within the seismic section.

RQ3: residual joint fine-tuning. The research
question addressed whether the router and trainable
expert should be optimized together. Jointly train-
ing the residual router with the trainable parts of the
experts gives the strongest result. The improvement
over residual router-only fusion suggests that the ex-
perts and router benefit from co-adaptation. In other
words, the final model does not only learn how to com-
bine two fixed denoisers after training; it also allows
the denoisers to adjust their representations in a way
that makes them more useful for the learned spatial
mixture.

RQ4: computational tradeoffs. The research
question focused on the tradeoff between denoising
quality and inference cost. The router-based approach
provides substantial performance gains, especially af-
ter residual joint fine-tuning, but these gains come
with additional inference cost. This cost is expected,
because both experts must be evaluated before the
router can blend their outputs. As a result, the resid-
ual joint SSB remains slower than the DINOv3 stan-
dalone expert in the reported evaluation, although the
inference optimization reduced the gap substantially.
At the same time, the method is still more efficient
to train than full fine-tuning, since most backbone
parameters remain frozen and only the LoRA mod-
ules, decoder components, and router are updated.
The final method should therefore be understood as a
compromise: it improves denoising quality and keeps
training parameter-efficient, but it does not minimize
inference time.
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Figure 3: Qualitative examples for two held-out test samples. Shown: the noisy input, residual-joint SSB gate,
prediction column, and residuals. The grayscale colorbars show normalized amplitude, the gate colorbar shows
the spatial blending weights learned by the router, and the residual colorbar shows prediction error.

5.2 Implications

The results suggest that pretrained vision backbones
can be useful for seismic denoising when they are
adapted in a parameter-efficient way. Instead of train-
ing a large seismic model from scratch or fully fine-
tuning a vision model, LoRA adaptation provides a
lighter way to reuse pretrained representations for
dense regression. This is relevant for seismic applica-
tions because labelled noisy-clean pairs are limited,
while training or fine-tuning large models can quickly
become expensive.

The main implication is that combining different
adapted backbones can be more effective than selecting
a single best model. DINOv3 and SwinV2 have dif-
ferent architectural strengths, and the spatial blender
allows the final system to use them differently across
the seismic section. This is useful because seismic
denoising often requires both local sensitivity to small
reflector details and broader contextual understanding
of continuous structures. A spatially varying blend
can support both requirements better than a single
global model choice.

At the same time, the improvement comes with
extra inference cost because both experts must be
evaluated. The approach is therefore most suitable
for settings where denoising quality is more important
than minimal runtime, and where GPU resources are
available for training and deployment. For use cases
with strict real-time constraints, a single-expert model
or a distilled version of the SSB may be more practical.

5.3 Limitations

The dataset contains 2000 paired examples, which is
useful for controlled experiments but not enough to
claim broad generalization. All reported results are
based on the same supervised denoising dataset, so the
conclusions mainly show that the method works under
this data distribution. They do not prove that the
same gains will transfer to other acquisition settings,
geological regions, preprocessing pipelines, or noise
types.

The clean targets are treated as ground truth, while
real seismic denoising often lacks perfectly clean labels.
This means that the quantitative metrics measure
agreement with the provided targets, not necessarily
geological correctness. Metrics such as MAE, MSE,
PSNR, and SSIM are useful for comparison, but they
do not fully capture whether weak reflectors, faults,
or subtle stratigraphic patterns remain interpretable
after denoising.

The router analysis is also limited. Gate maps show
where the model prefers one expert over the other, but
the link between gate values and specific geological
structures is based on qualitative inspection rather
than a dedicated quantitative gate-versus-structure
study. The SSB is evaluated with two experts only; dif-
ferent backbones, more experts, or other router inputs
could change both performance and gate behavior.

Finally, the method improves training efficiency
by updating only a subset of parameters, making it
cheaper to train than full fine-tuning or pretraining
a foundation model from scratch. However, inference
still requires evaluating multiple foundation-model ex-
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perts and a router. This makes the joint SSB more
expensive at inference than a single-expert model, even
after inference optimization. The final evaluation also
does not include external surveys, field-only valida-
tion, blind expert interpretation by geophysicists, or
a full deployment study on large continuous seismic
volumes.

6 Conclusion

6.1 Research Conclusions

This thesis presents a focused residual expert-aware
SSB for seismic denoising. DINOv3 LoRA and
SwinV2 LoRA are trained as standalone denoisers,
then fused by a residual router. Router-only residual
fusion improves over both standalone experts, and
joint residual fine-tuning gives the best result with
MAE 0.0463 ± 0.0046, MSE 0.0122 ± 0.0029, PSNR
19.14 ± 0.20 dB, and SSIM 0.9727 ± 0.0071.

The main conclusion is that the strongest final sys-
tem is not a single adapted backbone, but a jointly
trained residual spatial fusion model. Expert co-
adaptation and residual expert-aware routing are key
to the final performance.

6.2 Future Work

Future work should evaluate the method on additional
seismic datasets and different noise types, including
field data where ideal clean labels are not available.
This would make it possible to study whether the
observed gains transfer beyond the controlled super-
vised dataset used in this project. Evaluation on field
data could also include blind comparison by domain
experts, since standard metrics do not fully capture
whether weak but geologically meaningful structures
are preserved.

The router could also be extended with uncertainty
estimates. Instead of only predicting a spatial gate
between the two experts, the model could estimate
where its denoised output is reliable and where the
experts disagree in a meaningful way. This would be
useful for seismic interpretation, because uncertain
regions could be flagged for further inspection rather
than treated as equally trustworthy predictions.

Finally, the trained SSB could be compressed
through knowledge distillation. In this setup, the
full two-expert SSB would act as a teacher model,
while a smaller single-pass student denoiser would be
trained to reproduce its outputs. This could reduce
inference cost because deployment would no longer
require evaluating both foundation-model experts and
the router for every input patch. This compression
would make the approach more practical where infer-
ence speed and memory usage are important, but it
would require more compute for training.

7 Responsible Research
7.1 Reproducibility
All reported trained models are intended to be
reproducible from the public code repository and
the saved configuration files, checkpoints, and met-
ric outputs generated by the training pipeline.
The final implementation used for the reported
experiments is stored in the public repository
AlexisFimeyer/research-project. The main
shared training code, model-specific configurations,
and repeated-experiment manifest are:

• src/modeling.py

• src/train.py

• configs/swin_lora.yaml

• configs/dinov3_unet_lora.yaml

• configs/router_only_ssb.yaml

• configs/joint_ssb.yaml

• configs/repeated_experiments.yaml

The individual YAML files define the hyperparame-
ters for one run, including the backbone choice, LoRA
rank and scaling, optimizer settings, batch size, epoch
count, loss weights, and data paths. The repeated-
experiment manifest records the higher-level evalu-
ation grid: five initialization seeds, 42–46, crossed
with five dataset split seeds, 0–4. The helper scripts
src/prepare_splits.py and src/run_repeated.py
use this manifest to prepare the split directories and
launch the corresponding training runs without manu-
ally editing configuration files.

The same split seeds are reused across SwinV2 LoRA,
DINOv3 LoRA, and SSB variants so that model com-
parisons are paired by data partition and initialization
seed. Reported means and standard deviations are
computed from the saved evaluation files for these 25
repetitions. The frozen SFM-Base baseline is deter-
ministic and is therefore reported as a point estimate.
The evaluation scripts use saved checkpoints rather
than selecting results manually from training logs.

Exact bitwise reproducibility is not guaranteed be-
cause training uses GPU kernels, mixed precision, and
library implementations that can vary across CUDA,
PyTorch, and hardware versions. To make this lim-
itation explicit, this thesis reports performance over
repeated seeds and splits instead of relying on a single
run. Reproducing the results should therefore be un-
derstood as reproducing the same experimental proto-
col and comparable aggregate metrics, not necessarily
identical floating-point values for every batch.

7.2 Computational Cost
The final repeated evaluation consisted of 25 complete
seed/split combinations. Each combination included
the reported trained model families: DINOv3 LoRA,
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SwinV2 LoRA, residual router-only SSB, and residual
joint SSB. Each model was trained for 50 epochs on a
single NVIDIA GeForce RTX 4090 GPU with 24 GB
memory, using mixed precision. Including repeated
training, evaluation, and supporting runs, the final
experimental campaign corresponds to approximately
60 GPU-hours.

Following standard footprint reporting practice [38],
operational energy was estimated as E = Pt. Assum-
ing the RTX 4090 operated at its maximum power of
450 W, this corresponds to 0.45 kW. For 60 h of GPU
use, the GPU-only energy use is

0.45 × 60 = 27.00 kWh.

Adding an estimated 50 W, or 0.05 kW, for non-GPU
system power gives a total system power estimate of

0.50 × 60 = 30.00 kWh.

Using the Netherlands 2026 grid-mix factor of
0.244 kgCO2e/kWh [39], this corresponds to

27.00 × 0.244 = 6.59 kgCO2e,

for GPU-only energy, and

30.00 × 0.244 = 7.32 kgCO2e,

for the system-level estimate. These values exclude
emissions from hardware manufacturing.

7.3 Ethical Implications
This work does not use human-subject data, but seis-
mic denoising can still affect real-world interpreta-
tion. An over-aggressive model may remove weak but
meaningful reflectors, while remaining noise may be
mistaken for geological structure. This matters in
active-seismic applications such as geothermal explo-
ration, groundwater assessment, and carbon-storage
monitoring.

The main risk is poor robustness under distribution
shifts. Real seismic data can differ across acquisition,
geological regions, preprocessing pipelines, and noise
types. Since the method adapts vision foundation
models trained on natural images, the results should
be validated on independent field data before practical
use. LoRA and router-only blending reduce trainable
parameters, but the use of large pretrained backbones
still creates compute and accessibility costs.

7.4 Use of AI Tools
AI tools were used during the preparation of this thesis
to support grammar, code debugging, LaTeX format-
ting, and figure/table editing, prompts can be found at
Appendix section B. The tools were not used to gener-
ate experimental results. All reported metrics, model
outputs, and conclusions are based on the implemented
training and evaluation pipeline, saved checkpoints,
and evaluation files. No scientific claims, experimen-
tal outcomes, or conclusions were taken directly from
LLM-generated text.
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Appendix

A Bar Chart Results

Figure 4: Metric comparison for the SFM-Base baseline, the two standalone experts, the residual router-only
SSB, and the residual joint SSB. Error bars show the standard deviation over 25 seed/split repetitions for trained
models; SFM-Base is deterministic. Models are ordered from worst to best by SSIM in every panel.
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B Prompts Used for AI Tools
Example prompts that were used for AI tools are listed below. This is not an exhaustive list of prompts used
during the project, but the examples indicate the type of assistance requested and the way large language models
were used. The AI models consulted during the project included GPT-5.4, GPT-5.5, DeepSeek V4 Pro, DeepSeek
V4 Flash, MiniMax M3, Claude Opus 4.7, Claude Opus 4.8 and Claude Fable 5.

B.1 Writing Support
• Rewrite this paragraph in a more formal academic writing style. Do not change the meaning or add new

claims.

• Make this explanation of the soft spatial blender clearer and more concise.

• Check this section for grammar and sentence flow, while keeping my original structure.

• Help me formulate the limitations section without overstating the results.

B.2 Programming Support
• Can you help me find the error in this Python script that loads evaluation JSON files and extracts MAE,

MSE, PSNR, and SSIM into a clean readable table.

• Can you verify that this function exists in this version of PyTorch.

B.3 Literature Support
• Help me find literature about parameter-efficient fine-tuning methods such as LoRA and adapters.

• Help me find papers about vision foundation models and their transfer to dense prediction tasks.

B.4 Visualization Support
• Please suggest a clear figure layout for showing the noisy input, clean target, model prediction, residual,

and router gate.

• Please help me make the captions for my architecture and router figures more precise.

B.5 Formatting Support
• How do I make appendix sections appear as A, B, C, and D in an article document?

• How can I resize the table to not be in a two column format?
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