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Abstract Figure 2 shows the deblending result in common
Additionally, Noise2Noise employs a similar receiver gather for real marine data example.
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datasets as in Noise2Noise (N2N). We apply our MSE loss functions for Noise2Clean ana Thain Input Train target

marine data examples, demonstrating method, we trained the denoising model on the 2] 2]
significantly improved noise attenuation pair (y + az,y — z/«), where z is the synthesizeo £, WG i
performance compared to traditional denoising ~ NOIs€ which is the same type as e. Adaitionally, gl R T
methods and state-of-the-art unsupervised we employ a symmetric loss function and residual o 2 e o o Ko o 4o
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learning methods. learning technique. In the case of a dataset with ~ Deblended result 0 e

_ erratic noise, we replace the ¢, norm with /; to . N
Introduction make the loss function more robust. ok 5
In this paper, we introduce a self-supervised Examples E 4 E,
framework designed to address both random and o o - -
erratic noise, with a specific focus on mitigating ~ F'gure 1 shows the denoising result of 2-D finite o Wo W W W o %o @ %o Mo

blending noise in simultaneous source acquisition difference synthetic example.
data_ ThIS approaCh inVO|VeS independenﬂy Clean data Rlerded dats ) Figure 2: Common receiver gather for real marine data example.

re-corrupting the original noisy data to generate 1 1- Figure 3 shows the final deblending result in
two independent re-corrupted datasets, using one G2 G common shot gather.
as the training input and the other as the training §4/ §4/ b s s e
label. S s A == | -4 | P
Methods S M e
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Consider a scenario where we have a pair of . k.
noisy data samples, 52 2 =
v =X+ e 5 .gjf R )
Yo —X - €2, 5;} e 5;} o Figure 3: Common shot gather for real marine data example.
with e;,e; representing independent noise DebI;ZCeZ o T:rzfs Conclusions
sources. A network I, Is then trained to minimize ’ ’ _ |
the Noise2Clean Mean Squared Error (MSE) loss . ) We introduce a novel zero-shot self-superviseo
& mcHon: -';;Ejf3_ "é’a- framgwor.k deS|gn9d to mitigate both random and
| , =N = erratic noise effectively. We apply our proposed
argmm]?{H Fo(yr) —x QHQ} - g A | framework to address the deblending challenge
= argmin{|| Fy(y1) || —2x Fy(y1)}. © Yare212d8 T Tace across synthetic and real marine data examples.
Figure 1: 2-D finite difference synthetic example. It effectively eliminates blended noise without

iIntroducing significant signal leakage.
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