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Key Points:
e Using a convolutional neural network
(CNN), sea surface currents were
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Surface Current Speed Variability (2001-2020)
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Data

" |nputs from numerical simulation results
* Ocean: “KHOA” OMAP (sea surface currents, sea surface height)
during 2001-2020 (20 years)

e Atmosphere: “ECMWF” ERA5 (wind speed at 10 m above sea
surface)

» Bathymetry: “NCEI” ETOP02022 (depth) oot

[Variable]

= Preprocessing fseque"°91|:

* Spatial and temporal interpolations
Temporal resolution: Daily [Bat‘&/
Spatial resolution: 1/36° (3 km)

< Dataset structure >
e 5-Dimensional Input Data for Training
[Batch, Variables, Sequence, Latitude, Longitude]



Initial channel

Batch size

Input variables

Input sequence
Learning rate
Activation function
Loss function

Optimizer

64
32
U, V, SSH, Depth
U.or Vio
U, Vo, Of the next day

3 days
0.0001
ELU (Exponential Linear Unit)
MAE (Mean Absolute Error)
AdamW

Loss curves (Min: 0.019)

- Validation

= Training

== Stopped at 48 Epoch
i i 1




| information as cc

ical constraints into the loss

Decoder

B hd s

1 320 x 280]

»@-»&-»m

1160 x 140]

Twice 2x2 conv.
1x1x1 conv.

2x2 Average pooling
2x2 Transposed conyv.

Skip connection
(3x1x1 conv.)
Attention gate

Added to ocean

@ ¥4

Oceanic input: |[3, 3, 320, 280
Atmospheric input: |2, 3+1, 320, 28!

BAn e NpE _ [Channel, Sequence, Latitude, Longitude]




Physics-Informed Neural Networks (PINNSs)

* Attention U-Net model based on 3D-CNN (Convolutional Neural
Networks)

* Incorporating physical information as constraints to maintain
physical consistency

* |ntegrating physical constraints into the loss function

v' Data loss (L,,,,) = Mean Absolute Error (y, y)
v' Ageostrophic loss (L,,,.,) = MAE (ageostrophic cur., ageostrophic cur.)

v’ Divergence loss (L ;) = MAE (divergence, divergence)

du dv d d
[Divergence — a + E , Ageostrophlc cur. = (u + ? 0;7/ - %%)]

v’ After some tests:

Loss function = Agq¢qLaata* AageoLageo



2017.11.01 +1D
RMSE [U: 3.0 cm/s, V: 2.9 c_m/s]

2017.11.01 +1D 0.5 m/s | (Pred)
Sea Surface Height (m) |

Prediction Ground Truth Error (RMSE: 2.9 cm)
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Mean Current Vector Error Mean Spatial Correlation (U & V)
=O- Persistence 3 | | | ' 0,979 ‘
== SSC-net
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Mean RMSE (SSH)
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Surface Current RMSE (U & V mean, m/s)
0.025 m/s +2D (Mean: 0.034 m/s +3D
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Improvement of SSC-net over Persistence (U & V mean)
+1D (Mean : 64.7% +2D (Mean : 60.8%) +3D (Mean : 55.6%)
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SSH RMSE (m)
+1D (Mean : 0.033 m +2D (Mean : 0.052 m) ean : 0.061 m)

51°N
47°N
43°N
399N 4 S
ISON g = P o G
128°E  132°E  136°E 140°E 128°E  132°E 136°E 140°E

mm_
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Surface Current Speed Variability (2001-2020) U, V Mean RMSE
Lead time averaged over Days 1-5
Domain Mean: 0.040 m/s y
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Divergence RMSE Difference (PINN - NonPINN) Divergence RMSE Difference (PINN - NonPINN) Divergence RMSE Difference (PINN - NonPINN)
Lead time: 1-Day Lead time: 3-Day Lead time: 5-Day te
Domain Mean: -6.98e-09 /s % ) i Domain Mean: -7.55e-08 /s 6 ; Domain Mean: -8.83e-08 /s i 1.0
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Mean Spatial Correlation (SSH)

Spatial Correlation
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27 Drifters trajectories (2017-2020)

2101529 2101786 |
2101530 2101787 { }
2101531 2101789
2101533 < 2101791
2101534 .« 2101807
2101536 « 2101808
2101537 - 2101809 :
2101652 - 2101811
2101695 . 2101812

&
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2101696 . 2101813
2101697 « 2101814
2101698 2201538
2101699 5201590
2101785

Antenna
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Source: NOAA
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Error of Surface Current relative to 2101529
(04 Jan 2017 - 30 Jul 2017, +3D)

U (RMSE: 0.094 m/?)

V (RMSE: 0.089 m/s) Speed (RMSE: 0.090 m/s)
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Error of Surface Current relative to 2101652
(05 Nov 2019 - 03 Jan 2020, +3D)

U (RMSE: 0.198 m/s)
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Error of Surface Current relative to 2101813
(20 Oct 2020 - 14 Dec 2020, +3D)

U (RMSE: 0.190 m/?

V (RMSE: 0.137 m/s)
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Error of Surface Current relative to 2101652
(05 Nov 2019 - 03 Jan 2020, +3D)
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RMSE of Surface Current relative to Drifter Observations RMSE of Surface Current relative to Drifter Observations

0.20 U-component 0.20 U-component

0.19

0.18

rrrrrr 0.7,

V-component V-component

RMSE at Drifter Locations (m/s)
RMSE at Drifter Locations (m/s)

Forecast Lead Time (days) Forecast Lead Time (days)

== GLORYSIZVl == ES3K == OMAP(Inputdata) =@= SSC-net 95% CI



Summary

= Sea Surface Current & SSH Predictions
e Outperforms the persistence model across all lead times (RMSE ~4
cm/s, ~60% improvement)

* Successfully captures mesoscale features including eddies and the
currents

= Impact of Physical Constraints (PINN)
* Reduces spurious divergence and improves physical consistency
across the basin
* Geostrophic balance constraint enhances prediction skill, particularly
at longer lead times

" Independent Validation with Drifters
e SSC-net outperforms numerical models (OMAP, ES3k, GLORYS12v1)
without drifter training data
* Physics-informed constraints improve geostrophic consistency and
real-ocean reproducibility
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