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' Introduction \ Methodology

SWOT altimetry provides unprecedented resolution
(down to ~15 km), but observations contain high- hMatchup database
frequency noise—particularly in the along-track

direction. This noise degrades the accuracy of .
location

geostrophic velocity estimates, posing challenges for . | |
studying mesoscale and submesoscale dynamics. (data augmentation startegy) Filtering * Equatorial exclusion
° |uDrifter| <2 m/s

20 randomly selected tiles per drifter Data Preparation Steps Model Training Process

< 5 pixel buffer

Objective : Develop a CNN-based filter that: e Min-max
Normalization

1. Learns from multi-source data (SWOT SSHA, drifter normalization
velocities, and wind) to reduce noise. | o . Convolutional Neural
2. Uses a custom loss function to minimize discrepancies * Training: 80% Network
betwoon SWOT-derived and  drifter-measured - =siiil) Splitting -Validati(zn: 15% Adam optimizer (0.001)
velocities. ~ ' * Test: 20% Early stopping (patience=50)
3. Balances noise reduction with retention of physically Custom loss Function
meaningful fine-scale signals.
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' CNN Architecture \ Custom Loss Function

/

* Multi-input architecture integrates both predictive and auxiliary variables.
* Dual attention mechanisms account for data uncertainty and wind-driven currents.
* RelU activation used throughout convolutional layers. /

ADT,., = SSHA ., + MDT

red

/ \

U; = —4g @ ADTyreq Vg = aADTpred

n-———\-__/

/ § ’ Loss combines MSE between predicted geostrophic velocities and in-
il flizel Affenion | situ drifter measurements. l
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Evaluation of geostrophic velocity Recontruction of Sea Level ad Velocity Fields

SWOT Gomez vs Drifters )
- SWOT unfiltered SWOT L3 SWOT_CNN SWOT_Gomez DUACS L4
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SWOT vs Drifters
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/ VDrifters [m-s_l] |G|Drifters [m.s‘l]
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RMSE: 0.203+0.005 SWOT_unfiltered SWOT_L3 SWOT_CNN SWOT_Gomez DUACS_L4

R2: 0.298+0.018 [‘7 “7
- s ‘

—— ¥
- ey , \
30°N | @R BB
o % & ﬂ T %
Pl e R 1V .
/ e .
2. VUl !
N
=2 T X - \
o A 3 -
*

-2 -1 0 1 2 0. i 1.0 15 20 25
: VDrifters [m-s_ll |G|Drifters [m.s‘l]
’ DUACS L4 vs Drifters

N // 7 7
. . , ‘ . _ . i ‘ . _ RMSE: 0.175+0.005 _ RMSE: 0.277+0.006
-2 -1 ) 05 10 15 20 25 R2: 0.436+0.017 R2: 0.001+0.002
|J|Drifter5 [m.s71] = —

N

)
o

. P
% y
/ / / A
b

s

'

//
/
/

=
=
9}

/
7
2,

S/
///
g

Uswor 13 [m.s71]
o
Vswor 13 [m.s™1]

I
=
-
o

|U]swor 13 [M.s71]

|
N
\ i

SWOT_CNN vs Drifters

| @ RMSE: 0.128+0.002 | @ RMSE: 0.238+0.005 @ RMSE: 0.163+0.003
R2: 0.476+0.016 R2: 0.002+0.002 R2: 0.280+0.018
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RMSE: 0.112+0.003 | RMSE: 0.222+0.004 @ RMSE: 0.156+0.004
R2: 0.566+0.019 R2: 0.001+0.001 R2: 0.317+0.022
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[ Kinetic Energy - Along-track Spectra ]

CNN filtering effectively
reduces high-frequency
noise (|, PSD by 77.9%).

CNN and Gémez filters reduce | sworam

* CNN filtering improves agreement with drifter velocities: \, RMSE, ™ R? compared to raw SWOT. small-scale noise more | — sworis

* Best performance in zonal and total components vs. other SWOT-based products (SWOT L3, Gomez). effectively than SWOT _L3. 10° e
* CNN approaches DUACS accuracy in total velocity magnitude (comparable RMSEs within uncertainty).
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Key Findings \ Futur Work

Custom loss function using in-situ drifter velocities improves @ ¢ Global expansion: Extend filtering to equatorial regions using higher-order dynamics.
geostrophic velocity accuracy. * Enhanced training: Use growing drifter datasets and SWOT observations.

CNN-filtered SSHA shows lowest RMSE in zonal velocity and total speed @ « Additional variables: Incorporate Sea Surface Temperature to further refine velocity estimates.
compared to other methods.

Effectively reduces high-frequency noise while preserving mesoscale- [l References
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