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Background Methods: deep learning framework [2] Results: geostrophic currents

Two-dimensional sea surface height (SSH) reconstructions Current speed Relative vorticity Okubo-Weiss
from satellite altimeter observations are an important SSH observations T S St Ll Mapped SSH ]
dataset for studying upper ocean dynamics. Satellites S0 — S Suntlaes Tomeeraine
currently only provide alongtrack SSH observations, | J gﬁ'ﬁ'isgﬂfoﬁﬁﬂﬁi'fﬂlﬂffq"f tj::’k”'Term ismen; s "B
leaving large areas of the ocean requiring interpolation. NYA A a
Commonly-used interpolation methods (e.g. the DUACS ! o
product) perform poorly in regions of high eddy kinetic . / 3
energy, where there are many mesoscale eddies. | | > o
Preliminary work showed that a deep learning model Tm\ k | .
can learn the non-linear dynamics governing SSH — .
evolution, and hence more accurately reconstruct the 2 A 0
unobserved SSH in idealised 2-layer quasi-geostrophic g 2 —
turbulence [1]. Here, we train a neural network to more . ‘2;370N-
skillfully reconstruct the mesoscale SSH field from real- 8
world satellite observations (Methods, [2]). 5o
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The SSH field is closely dynamically related to the SST
field, which is better observed by satellites. Thus, we
supplement SSH observations with SST observations to

ConvLSTM

help im prove the SSH mdpping. Gridded SST the loss function (ConvLSTM SSH+SST) are shown in the top and bottom row respectively. Current speed, relative vorticity, and the

Okubo-Weiss quantity are shown in the left, middle, and right columns respectively. SSH contours spaced every

0.2m are overlaid. J
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One satellite withheld from input for use CGICUIahng Figure 3: Surface geostrophic currents calculated from the SSH maps produced using DUACS and our method B
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KEY POINTS

> We developed a deep learning framework for

> Our SSH map results in a clearer separation between the Gulf

ReSUItS: accuracy Of mapped SSH Stream and nearby eddies, as can be seen in the surface current
speed, relative vorticity, and Okubo-Weiss fields (Fig. 3).

mapping SSH from altimetry and SST observations > We trained our neural network using observations of the Gulf Stream Extension (GSE) from 2010-17 & 2018-20. > Our map’s currents are stronger, resulting in higher eddy kinetic
> ConvLSTM SSH+SST resolves SSH down to > We tested our method using independent satellite altimeter observations throughout 2017 in a region of the GSE with active energy (Fig. 4).
length scales 30% smaller than DUACS and has mesoscale turbulence (55-65°W, 34-42°N) using the data distributed in [3].
17% lower SSH RMSE > We find that ConvLSTM outperforms DUACS and other recently proposed reconstruction methods (Fig. 1).
> We find that including SST observations significantly improves the accuracy and resolution (Fig. 2) of our SSH reconstruction. o M
> Including SST improved both RMSE and effective B
. . 0.31
resolution of ConvLSTM reconstruction 14] Uace z
> Our SSH map results in 25% higher eddy kinetic . £ 02
. . MIOST S
energy than DUACS in Gulf Stream test region -
10 E 0.1
> Our new SSH reconstruction leads to stronger = PYMOST
geostrophic strain Clnd VOI'ﬁCif)’ flelds than DUACS 'UEJ' 81 BEN QG 119km 0 DUACS BFN QG DYMOST MIOST Conglls_aTM 4Dg/§|r_|Net %%mssy
g I Figure 4: Domain- and time-averaged eddy kinetic energy for surface geostrophic currents calculated from each method’s
o 6 ConvLSTM mapped SSH field.
SSH 115km
ACKNOWLEDGEMENTS 41 4DVarNet
This research is funded as part of the NASA Ocean Surface Topography Science Team. The authors thank Patrice Klein, Jinbo IR SSH 107km F UTU RE Wo RK
Wang, Ronan Fablet, Maxime Ballarotta, and Steve Brunton for discussions.
2] ConvLSTM 104k : : . .
REFERENCES SSH-+SST m > Develop and validate a global SSH product using similar
[1] Manucharyan, G., et al., 2021, J. Adyv. MQdel. Earth Syst. | | | | | | | | .
% ZALGS';II\r/I\,E%,MAt‘;%L;C]}:aéiizr\fr;lgi)fg:; E)(I’::Zrlnon:(:ﬁf Data Challenge -SSH Mapping OSE. DUACS BFN‘ QG DYMIOST MIOST ConVILSTM 4DVérNet COI’]VILSTM 0 20 40 60 80 100 120 140 methOd tO that OU"Ined here
[4] Le Guillou, F., et al., 2021, J. Atmos. Ocean. Tech. SSH SSH SSH+55T Effective Spatia| resolution [km] . . . .
[5] Ubelmann, C., et al. 2015, J. Afmos. Ocean. Tech. > Revisit key ocean surface dynamics problems in light of
6] Ubbellmann, C.,Ie’ral., 202]'JGAI? Oceﬁ"s' Sens. S [ s Figure 1: Root mean square error (RMSE) distributions for different SSH reconstruction methods when Figure 2: Smallest wavelengths of SSH signals effectively resolved by each method, calculated using the . .
g} EZII::&TJ, 7:‘? ;titl)f]éo’fg,&(s)cen:r; gcg:immm' Remote Sens. Spat. Inf. Sci. evaluated against independent satellite altimeter observations throughout 2017 using data from [3]. The method described in [8]. |mproved mesoscale SSH F|e|d

. _ , , o _ _ white error bars indicate the mean and standard deviation of the RMSE distributions. The DUACS product is
Global altimetry data are made available by the Copernicus Marine Environment Monitoring Service (CMEMS). Global SST data are made available by

the Group for High Resolution Sea Surface Temperature (GHRSST). The Ocean Data Challenge data used for testing in this study were developed and n .bIGCk' .other recenﬂ)f proposed r.nethOds [4-7] C.’re ".1 g°|d' and our neural network is in purple. The
validated by CLS and MEOM Team from IGE (CNRS-UGA-IRD-G-INP), France and distributed by Aviso+. estimated instrument noise for the altimeter observations is shaded.




