Strengths and weaknesses of super-resolved satellite-derived SST data
via Generative Adversarial Networks (GANSs)
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Motivations
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Its accurate estimation and regular monitoring from space is crucial.
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Motivations

Producing interpolated gap-free L4 images comes with a weakness: smoothness
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Datasets and Networks

HR output
AutoEncoder

Encoder Decoder

Generator, {0}

MSE loss
|z — o,
Classification output

(b) Multi-objective Adversarial Loss:
Discriminator, {¢}

07 == min [(1 = N Ey,,,, () log(l — dg(@9) + ABp,,,, @) |2 — 2ol

Generative Adversarial Network

Q" = mgx [Epdata(w) log(dg(x)) + Ep (@) log(1 — d¢($9))]

e Overlapped tiles 100 x 100 km over Med
* Training Dataset 1 year (2020) with >95% valid pixels, Test Dataset 21 days (2021) randomly chosen
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Tiles reconstruction: performances evaluation
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« The LR and AE distributions are nearly aligned
with AE achieving the lowest mean error
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Full-filled tiles: spectral analysis

« SSTq,y Maintains the same energy content as the ground truth across the full range of resolved scales
(SST.r and SSTy5 lower energy)

« But... Having a more energetic reconstruction at high wavenumbers, the GAN generates larger errors
at small scales
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SST spatial gradients

» SST;any gradient magnitudes are comparable to
those found in the ground truth distribution

» The AE reconstruction improves on LR by
capturing a wider range of gradient values (but

still underestimating them)
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Impact of reconstruction over the Mediterranean Sea @&

The merging process consists of calculating a linear combination of all the overlapped pixels weighted according to
their distance from the center of the tile.
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The reconstructed SST shows how the merging procedure used minimizes discontinuities and artifacts, ensuring a
smooth and consistent reconstruction of the SST field.
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SST variability over the Mediterranean Sea

S5T Al lat = 45.0 cver Mead

« The LR profile appears significantly smoother
than the HR data

« The AE reconstruction closely follows the LR
trend, introducing minor refinements but failing
to recover small scale details
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Visual comparison
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Point-wise RMSE
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The neural networks used act like gradient
enhancement, but they are not always able to
capture the exact features of the ocean.

« The AE reconstruction improves the MSE of the
SST field at some points, enhancing the intensity
of the smooth field produced by the Ol but
failing to capture the small-scale variability.

« The GAN reconstruction, even recovering fine-
scale features, increases MSE almost everywhere
due to the wrong position/shape of the
generated structures
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Conclusions

» Deterministic models trained solely with an L, loss, such as the Autoencoder (AE), improve
large-scale agreement but fail to enhance the energetic content at small scales
- GOOD FOR REDUCING RMSE
(good results with more sophisticated CNNs, see Fanelli et al. 2024)

» Generative models (GANSs) that incorporate statistical learning objectives can approximate
the distribution of small-scale features conditioned on large-scale inputs but fail to ensures

fidelity at small scale
- GOOD FOR REPRODUCING REALISTIC SMALL-SCALE FEATURES

(useful for e.g., sensitivity tests in forecast models)
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