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The ocean circulation emerges from interacting motions across a vast range of spatial scales, from basin-
scale gyres and mesoscale eddies hundreds of kilometers across to kilometer-scale submesoscale fronts and
ultimately three-dimensional turbulence. Although each scale is governed by distinct dynamics, under-
standing ocean circulation requires considering their mutual interactions. This dissertation focuses on the
mesoscale—submesoscale transition, where flows shift from being largely geostrophic and two-dimensional
to ageostrophic and three-dimensional, and where cross-scale energy pathways regulate how energy is gen-
erated, transferred, and ultimately dissipated in the global ocean.

Our understanding of ocean scale interactions must ultimately be grounded in observations. Yet charac-
terizing (sub)mesoscale interactions is profoundly challenging, requiring kilometer-scale resolution along-
side synoptic coverage over O(1000 km) scales. Satellites provide increasingly detailed observations of
sea surface height (SSH), temperature (SST), and salinity (SSS). However, inferring (sub)mesoscale surface
currents from these measurements is a major challenge. Put simply, this dissertation aims to estimate sur-
face ocean currents from satellites at significantly higher resolution than previously possible and use this
to characterize (sub)mesoscale ocean scale interactions. This has been enabled by a convergence of new
submesoscale-resolving satellites, high-resolution simulations, and advances in deep learning, creating new

opportunities to characterize multiscale ocean dynamics from space.



In Chapter 1, we develop a deep learning framework to reconstruct gridded SSH from sparse satellite
altimetry and co-located SST. Tested in the challenging Gulf Stream Extension region, the method reduces
SSH mapping error by 17%, resolves spatial scales 30% smaller than objective analysis, and yields surface
geostrophic currents that more closely match drifter observations, allowing us to better diagnose crucial
diagnostics of mesoscale eddy dynamics.

In Chapter 2, we scale this approach to produce Neural Ocean Surface Topography (NeurOST), the first
global deep learning-based high-resolution SSH and surface current dataset with state-of-the-art accuracy
and resolution, and use this dataset to evaluate the role of the mesoscale kinetic energy cascade in driving
seasonality at larger scales.

In Chapter 3, we develop a generative data assimilation framework (GenDA) that combines a diffusion
prior trained on high-resolution simulations with sparse satellite observations to jointly reconstruct multi-
variate, eddy-resolving surface states. By pursuing a generative approach where the model is trained to
generate physically plausible multi-variate surface states from a simulation, we are able to target variables
and scales not accessible using NeurOST, objective analysis, or physics-based data assimilation.

In Chapter 4, we extend this framework to submesoscale-resolving state estimation by retraining the
prior on the submesoscale-permitting LL.C4320 simulation and incorporating temporal coherence via a video
diffusion model. By assimilating high-resolution SST and SSH from the recently-launched SWOT mission,
we develop the first submesoscale-resolving surface state estimate in the Agulhas Retroflection, providing
an unprecedented view of surface ocean dynamics and allowing us to provide observational constraints on
the (sub)mesoscale kinetic energy cascade.

This dissertation delivers a step change in our ability to estimate the surface ocean state from satellite
observations, suggests an increasing role for deep learning methods in ocean state estimation, and provides

crucial observational constraints on (sub)mesoscale ocean scale interactions.
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Introduction

... the oceans are fully turbulent, involving a broad range of scales from at least 2 km to 5,000
km. All these scales are now known to strongly interact, leading to significant energy exchanges
between scales, in particular in the upper ocean. Resulting ocean scale interactions impact the

Earth climate in counterintuitive ways. — Klein et al. [2019]

Ocean dynamics span orders of magnitude in space and time. Ocean circulation is sustained by inter-
actions between energy sources and sinks operating at vastly different scales [Ferrari and Wunsch, 2009].
At the largest scales, wind forcing energizes the basin-scale circulation; at the smallest, boundary friction
and diffusion drive irreversible energy dissipation. Between these limits is a continuum of motions from
mesoscale eddies (O(100 km)) to submesoscale eddies and fronts (O(1-10 km) and smaller-scale turbu-
lence (O(<1 km)) that cascade energy between scales [Scott and Wang, 2005; Sasaki et al., 2014; Klein
et al., 2019] and regulate exchange with the atmosphere [Seo et al., 2023; Strobach et al., 2022]. Character-
izing the interactions between the ocean’s different scales, and their dynamical drivers is thus essential for
the development of accurate theoretical and numerical models of the global ocean and its role in climate.

Submesoscale—mesoscale interactions form a critical yet poorly understood link in the ocean energy cy-
cle, linking forcing and dissipation scales. At mesoscales, O(100 km) in spatial scale, the ocean circulation
is dominated by mesoscale eddy turbulence, comprising a rich field of coherent, mostly two-dimensional,
eddies which together make up 80% of the kinetic energy of the global ocean circulation [Ferrari and Wun-
sch, 2009]. Mesoscale eddies are predominantly formed through baroclinic instability of large-scale ocean
currents [Tulloch et al., 2011], and they are mostly in geostrophic balance. Theory predicts that non-linear
interactions between geostrophic eddies should drive an ‘upscale’ kinetic energy cascade [Salmon, 1980],

transferring energy from smaller to larger scales, which is the reverse of the downscale cascade familiar from
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3D turbulence. This upscale cascade at mesoscales has been confirmed observationally [Scott and Wang,
2005], emphasizing that kinetic energy at mesoscales feeds back to the large-scale circulation, an effect that
requires parameterizations in coarse climate simulations where mesoscale eddies are typically not explicitly

resolved [Hewitt et al., 2020].

At submesoscales (O(1-10 km)), increasingly ageostrophic balanced eddies, fronts, and filaments coex-
ist with unbalanced internal gravity waves [Taylor and Thompson, 2023]. While the direction of the kinetic
energy cascade at scales on either side of the submesoscale is clear — downscale at smaller scales due to
the increasingly 3D nature of the flow and upscale at mesoscales through interactions between geostrophic
eddies — the diversity of dynamical regimes that proliferate at submesoscales means it can support both
an upscale and downscale cascade, with both likely coexisting and competing in a ‘dual’ cascade [Balwada
et al., 2022]. Results from high-resolution numerical simulations suggest that interactions between coher-
ent submesoscale eddies drive an upscale cascade [e.g. Capet et al., 2008a; Schubert et al., 2020] which
potentially plays a significant and previously under-appreciated role in energizing mesoscale eddies [Sasaki
et al., 2014; Qiu et al., 2014]. Meanwhile, three-dimensional ageostrophic motions at fronts and filaments
[D’asaro et al., 2011; Schubert et al., 2020; Srinivasan et al., 2023] and potentially interactions between
eddies and internal waves [Barkan et al., 2017] appear to drive a downscale cascade. Characterizing the
crucial submesoscale-mesoscale link in the energy cascade demands quantifying how the balance between
upscale and downscale submesoscale processes varies geographically and seasonally and how this interacts

with the mesoscale.

One striking characteristic of submesoscale flows noted in both simulations and observations is a strong
seasonal cycle, with submesoscale kinetic energy peaking in the wintertime [e.g. Sasaki et al., 2014; Callies
et al., 2015; Thompson et al., 2016]. This seasonality is largely driven by enhanced surface cooling and
wind-driven mixing during the winter which deepen the mixed layer, setting up a reservoir of available
potential energy which is converted into submesoscale kinetic energy by instabilities such as mixed layer
instability, restratifying the mixed layer [Boccaletti et al., 2007; Taylor and Thompson, 2023]. This strong
seasonal injection of kinetic energy at submesoscales points to a complex and seasonally varying ocean
energy cycle. Numerical simulations suggest that a substantial fraction of the kinetic energy injected at

submesoscales in wintertime undergoes an upscale cascade to mesoscales, leading to peaks in kinetic energy
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at progressively larger scales throughout the winter-summer transition [Sasaki et al., 2014; Qiu et al., 2014;
Uchida et al., 2017; Schubert et al., 2020; Ajayi et al., 2021; Schubert et al., 2023]. This seasonal upscale
cascade from submesoscales to mesoscales could partly explain the observed seasonality of kinetic energy
at mesoscales, where energy peaks in the summertime in many regions [Sasaki et al., 2014; Qiu et al., 2014].
Disentangling the submesoscale and mesoscale contributions is complicated in some regions by a seasonal
modulation of mesoscale baroclinic instability leading to a springtime injection of kinetic energy at the lower

end of the mesoscale range [Qiu et al., 2014].

While simulations point to a seasonal (sub)mesoscale upscale kinetic energy cascade being a robust
feature of the ocean circulation across regions, these findings must ultimately be verified in observations.
This is particularly important because even high-resolution numerical models typically do not fully resolve
the full range of processes required to constrain the (sub)mesoscale energy cycle in a realistic setting. For
example, models typically under-resolve the mechanisms which drive submesoscale eddy formation — such
as mixed layer instability, symmetric instability, and shear instability — which feed back to larger scales
through the upscale cascade. Meanwhile, the frontal instabilities or eddy-wave interactions which could
drive a competing downscale cascade of energy are typically under-resolved [D’asaro et al., 2011; Barkan
et al., 2017; Srinivasan et al., 2023]. Parameterizations for small-scale surface boundary layer turbulence
could have subtle impacts on the strength and seasonality of the submesoscale kinetic energy cascade by mis-
representing scale interactions between submesoscale and small-scale boundary layer turbulence. Finally,
running global ocean simulations with subesoscale resolution for long enough to obtain an equilibrated view
of the mutual interactions between submesoscales and mesoscales under realistic forcing and coupling to
the atmosphere is unlikely to be computationally feasible in the near term. It is thus critical to characterize

(sub)mesoscale ocean scale interactions using observations of the real-world ocean.

Observing (sub)mesoscale ocean scale interactions is immensely challenging. To properly characterize
the interactions between mesoscale and submesoscale turbulence, for instance by diagnosing the strength of
the kinetic energy cascade, one needs to simultaneously observe the ocean with sufficiently fine spatiotem-
poral resolution to resolve submesoscales but with broad coverage over large enough domains to constrain
the mesoscale state. Obtaining such a high-resolution yet synoptic view of ocean currents is typically be-

yond the capabilities of even the most intense and coordinated in situ campaigns. Some regional studies
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have sought to quantify the kinetic energy cascade in the submesoscale range from in situ observations us-
ing drifters [Balwada et al., 2022] and moorings Naveira Garabato et al. [2022], though the limited sampling
in both cases makes it challenging to directly and robustly diagnose the transfer of energy between scales
and the local nature of these measurements prevents extending the analysis into the mesoscale range. In
contrast, satellites provide a synoptic view of the surface ocean with increasingly fine spatial resolution
thanks to continued advances in remote sensing. Satellite oceanography is thus a powerful tool for the study

of (sub)mesoscale ocean scale interactions [Klein et al., 2019].

Satellites observe the dynamics of the surface ocean through a range of modalities, each with differ-
ing degrees of sparsity and sensor resolution limits. Infrared radiometers observe sea surface temperature
(SST) with resolution down to 1 km over broad swaths, providing detailed snapshots of the (sub)mesoscale
surface state. However, clouds frequently occlude the sensors causing large gaps in the observations, and
in the summertime enhanced warming from air-sea interactions imprints large-scale SST variability that
can overwhelm the signature of (sub)mesoscale ocean dynamics. Microwave radiometers alleviate some of
the sparsity by penetrating through clouds, but they observe SST with lower resolution (20-30 km) and so
cannot be used to observe the submesoscale. Satellite altimeters observe sea surface height (SSH), varia-
tions in sea level relative to the geoid that are driven by ocean dynamics. Assuming geostrophic balance,
surface ocean currents can be derived from the gradient of SSH, though this requires access to continuous
2D maps of SSH and the approximation becomes increasingly invalid at submesoscales. Satellite altimeters
have until recently only observed SSH along sparse 1D tracks with along-track resolutions of 30-70 km
[Dufau et al., 2016], making estimation of even mesoscale surface currents a significant challenge. In 2022,
the Surface Water and Ocean Topography (SWOT) mission was launched [Morrow et al., 2019], providing
novel submesoscale-resolving wide-swath observations of SSH, allowing us to probe submesoscale SSH
variability, albeit within a limited 150 km swath. Finally, satellites observe sea surface salinity (SSS) which,
together with SST, sets the density of the surface ocean. SSS is a more challenging measurement to make

from space than SST, and thus the spatial resolution of satellite SSS observations is considerably coarser.

While satellite observables such as SSH, SST, and SSS contain rich signatures of (sub)mesoscale ocean
dynamics, characterizing the kinetic energy cascade requires gap-free, high-resolution estimates of surface

currents. Since satellites do not yet directly observe surface currents, we require methods to infer the un-
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derlying dynamical state, including surface currents, from incomplete observations — a process we refer to
hereafter as ‘surface ocean state estimation’. There are two broad families of methods that have convention-

ally been used for surface ocean state estimation: objective analysis and data assimilation.

Objective analysis involves applying simple statistical interpolation algorithms to fill in the gaps in
sparse observations based on some assumed covariance structure for the data [Bretherton et al., 1976]. A
common framework across observational oceanography is to use the best linear unbiased estimator of the
field assuming a Gaussian covariance model with decorrelation length and time scales that are prescribed a
priori. Variants of this approach are used to develop most widely-used gridded satellite data products such as
the AVISO DUACS gridded SSH product [Le Traon et al., 1998; Taburet et al., 2019]. Applying geostrophic
balance to the DUACS SSH product to infer surface geoatrophic currents has been the prevailing approach
to estimating surface ocean currents, however objective analysis artificially smooths out small-scale SSH
variability in the observations [Ballarotta et al., 2019] which has raised questions about the validity of
estimates of the mesoscale kinetic energy cascade obtained from DUACS [Scott and Wang, 2005; Arbic
et al., 2013]. More fundamentally, objective analysis provides no method for inferring unobserved variables
without direct physical relationships to observed fields, preventing diagnosis of the ageostrophic component

of surface currents which becomes increasingly relevant at (sub)mesoscales.

Data assimilation (DA) overcomes many of the limitations of objective analysis by utilizing a dynamical
model to constrain the state estimate rather than relying upon simple covariance models. Broadly speaking,
DA involves guiding a numerical model of ocean dynamics, typically a GCM, using sparse observations
to produce a state estimate that respects the physics of the model while matching available observations.
Beyond giving a physically self-consistent state estimate, DA allows to synergize observations of diverse
variables in a unified way and allows access to unobserved variables such as ageostrophic surface currents.
Despite these numerous strengths, it is challenging to constrain (sub)mesoscale ocean scale interactions
using DA due to the significant computational cost of performing DA with submesoscale-resolving ocean
GCMs. More fundamentally, in order to satisfy the GCM physics DA must estimate the full 3D ocean state
which is a substantial challenge at submesoscales since we typically only have high-resolution observations
at the surface. Finally, since GCMs are imperfect representations of complex real-world ocean dynamics

DA will produce ocean state estimates that retain numerous model biases.
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Recent advances in deep learning, coupled with the advent of accelerated computing have spurred broad-
ening adoption of purely data-driven deep learning methods in the natural sciences. Briefly, deep learning
is built on neural networks which are complex functions with millions of free learnable parameters whose
multi-layer structure allows them to approximate functions of arbitrary complexity, mapping some input to
a desired output given large volumes of training data. In recent years, deep learning has driven fundamental
advances in our ability to model complex natural phenomena, with protein folding [Jumper et al., 2021] and
global weather forecasting [Pathak et al., 2022; Lam et al., 2023] being prominent examples. In the context
of surface ocean state estimation, neural networks offer an alternative approach to overcome the respective
limitations of objective analysis and DA. By being able to model complex and high-dimensional data dis-
tributions, deep learning can leverage non-linear structure in ocean fields not utilized by ojective analysis

while avoiding the restrictions from imposing hard physical constraints in DA.

The research presented in this thesis has been conducted at an exciting moment of opportunity for
(sub)mesoscale-resolving surface ocean state estimation, powered by a convergence of new submesoscale-
resolving satellite missions and the development of powerful deep learning methods. The launch of the
SWOT mission in 2022 has provided an unprecedented view of submesoscale surface ocean dynamics from
space, providing for the first time submesoscale-resolving SSH observations that allow us to better constrain
ocean dynamics than from SST alone [Archer et al., 2025]. Meanwhile, deep learning methods have ma-
tured to a point where they are readily applicable to a wide range of scientific domains. Further, the advent
of generative deep learning models [Goodfellow et al., 2014; Ho et al., 2020; Lipman et al., 2022], which
can generate new samples from complex high-dimensional data distributions, opens new modeling capabil-
ities which remain largely unexplored in physical oceanography. Given this context, the broad aim of this
thesis is to utilize novel deep learning methods and submesoscale-resolving satellite oceanography to better

characterize (sub)mesoscale ocean scale interactions.

The primary scientific objective of this thesis is to provide observational constraints on the strength and
seasonality of the (sub)mesoscale kinetic energy cascade. High-resolution numerical simulations suggest
the cascade provides a route for submesoscale dynamics to feed back to larger scales, with the wintertime
injection of kinetic energy at submesoscales eventually driving the summertime peak in energy at mesoscales

[Sasaki et al., 2014; Qiu et al., 2014]. We ask the following questions:
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* Do satellite observations support the existence of a seasonal upscale kinetic energy cascade in the

real-world ocean at (sub)mesoscales?

* How strong is the cascade and how does this compare with results from high-resolution simulations?

* To what extent is the seasonality of mesoscale eddies driven by the kinetic energy cascade?

In order to achieve these scientific objectives, we develop two novel deep learning methods for surface
ocean state estimation. Put simply, the methodological goal of this thesis has been to estimate surface ocean
currents from satellite observations with higher accuracy and resolution than is possible with conventional
methods. This thesis is comprised of four chapters, outlined below.

Chapter 1. In this chapter, we develop a novel deep learning method for estimating high-resolution
maps of SSH from along-track nadir satellite observations. By leveraging co-located SST observations as
an additional input for SSH mapping, we seek to infer small-scale SSH variability in the gaps between
altimeter observations that is artificially smoothed by objective analysis. This chapter is reproduced from:
Martin, S. A., Manucharyan, G. E., & Klein, P. (2023). Synthesizing sea surface temperature and satellite
altimetry observations using deep learning improves the accuracy and resolution of gridded sea surface
height anomalies. Journal of Advances in Modeling Earth Systems, 15, e2022MS003589. https://
doi.org/10.1029/2022MS003589.

Chapter 2. In this chapter, we scale up the method developed in Chapter 1 to produce the first deep
learning-based global maps of SSH and surface geostrophic currents and use them to re-evaluate the strength
and seasonality of the mesoscale kinetic energy cascade. We assess the extent to which a seasonal upscale
cascade in the small mesoscale range is sufficient to drive the seasonality of larger-scale mesoscale ed-
dies. This chapter is reproduced from: Martin, S. A., Manucharyan, G. E., & Klein, P. (2024). Deep
learning improves global satellite observations of ocean eddy dynamics. Geophysical Research Letters, 51,
e2024GL110059. https://doi.org/10.1029/2024GL110059.

Chapter 3. In this chapter we develop a novel generative deep learning method, ‘generative data as-
similation’, for surface ocean state estimation from multi-modal satellite observations. Generative data
assimilation involves training a generative model on high-resolution numerical simulation output to gen-

erate new multi-variate surface ocean states that resemble the simulation training data. By guiding the
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generation of this model with sparse, multi-modal satellite observations we seek to resolve smaller scales
than can be captured with the approach from Chapters 1 & 2 and to reconstruct unobserved fields such
as ageostrophic surface currents. This chapter is reproduced from: Martin, S. A., Manucharyan, G. E.,
& Klein, P. (2025). Generative data assimilation for surface ocean state estimation from multi-modal
satellite observations. Journal of Advances in Modeling Earth Systems, 17, e2025MS005063. https:
//doi.org/10.1029/2025MS005063.

Chapter 4. By adapting the generative data assimilation method proposed in Chapter 3, we create
submesoscale-resolving surface ocean state estimates and use them to provide observational constraints on
the strength and variability of the (sub)mesoscale kinetic energy cascade. By synergizing high-resolution
SSH observations from SWOT with satellite SST observations we obtain surface state estimates that cap-
ture subesoscale and small mesoscale variability which is smoothed out by the method used in Chapters
1 & 2. We compare the strength and seasonality of the (sub)mesoscale cascade in our observation-guided
state estimates with those from prior observational estimates and from high-resolution numerical simula-
tions to provide observational constraints on the (sub)mesoscale cascade. This chapter is in preparation for

submission to a journal.
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Chapter 1

Synthesizing sea surface temperature and
satellite altimetry observations using deep
learning improves the accuracy and
resolution of gridded sea surface height

anomalies

This chapter is reproduced from the following publication:

Martin, S. A., Manucharyan, G. E., & Klein, P. (2023). Synthesizing sea surface temperature and satellite
altimetry observations using deep learning improves the accuracy and resolution of gridded sea surface
height anomalies. Journal of Advances in Modeling Earth Systems, 15, e2022MS003589. https://

doi.org/10.1029/2022MS003589
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1.1 Introduction

1.1.1 Background

Sea surface height (SSH) maps - i.e. time-varying gridded maps of the height of the ocean’s surface refer-
enced against the geoid - derived from satellite altimetry observations have been a crucial tool for physical
oceanographers for many years [Fu et al., 2010; Abdalla et al., 2021]. Under the assumption of geostrophy,
SSH is proportional to a streamfunction for the surface currents. Hence a SSH map provides easy access
to an estimated map of surface geostrophic ocean currents, which would otherwise be challenging to obtain
through direct in-situ observations with global coverage. SSH maps have been used to directly observe the
inverse kinetic energy cascade in the global oceans [Scott and Wang, 2005], to track and study the behav-
ior of mesoscale eddies [Chelton et al., 2011; Fu et al., 2010], and to estimate surface eddy diffusivities

[Abernathey and Marshall, 2013].

To date, the only global SSH observations have come from satellite-borne nadir radar altimeters, which
measure SSH along one-dimensional tracks directly beneath the satellite’s orbit resolving along-track scales
of O(20-100km) [Dufau et al., 2016]. Reconstructing the full two-dimensional (2D) SSH field from altime-
ter observations requires significant interpolation in space and time. Hence, the length-scales 2D products

can accurately resolve are coarser than the along-track resolution of the altimeters [Ballarotta et al., 2019].

The most widely used 2D SSH product is that generated by the ‘Data Unification and Altimeter Combi-
nation System’ (DUACS) [Taburet et al., 2019] and distributed by the ‘Copernicus Marine Environment
Monitoring Service’ (CMEMS) (note that this is the same product as was formerly distributed by the
‘Archiving, Validation and Interpretation of Satellite Oceanographic data’ (AVISO) service). This prod-
uct is created using the optimal interpolation (OI) method [Bretherton et al., 1976; Le Traon et al., 1998],
which is otherwise known as ‘objective mapping’ or ‘objective analysis’. OI provides the best least squares
linear estimator of the SSH in the gaps between observations, given an a priori model for the covariance of
SSH between different locations and times, and knowledge of the instrument noise covariance. In the DU-
ACS mapping, the SSH covariance is assumed to be a single-scale Gaussian with prescribed decorrelation
length- and time-scales that are geographically varying and have been tuned empirically to account for a

varying number of available satellite altimeters over the 30 year altimetry record, while the instrument noise
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covariance has been chosen to be suitable for each satellite altimeter mission and technology [Taburet et al.,

2019].

While the DUACS SSH product continues to be valuable to the oceanography community, the OI method
has been shown to introduce significant deficiencies. Amores et al. [2018] used an Observer System Simu-
lation Experiment (OSSE) in which a DUACS-like SSH product was generated using pseudo-observations
from the output of a high-resolution ocean model to study how accurately DUACS captured the model’s
mesoscale SSH field. They demonstrated that the eddy fields inferred from the DUACS SSH map are sig-
nificantly distorted, with often multiple smaller eddies being aliased into larger eddies. The real-world
accuracy of an SSH mapping method can also be studied by generating a map with one satellite altimeter’s
observations withheld and examining the errors of the mapped SSH compared to these independent along-
track observations. In this way, Ballarotta et al. [2019] showed that the DUACS product only accurately
resolves SSH signals down to time-scales of O(30 days) and length-scales O(100km) at high latitudes, in-
creasing to O(800km) in the tropics. OI tends to smooth out small-scale, fast-evolving features and strong

peaks/troughs in SSH where observations are scarce and the oceanic mesoscale is energetic.

The challenges involved in reconstructing surface currents from nadir satellite altimetry observations has
led to the development of a number of methods for inferring surface ocean currents from satellite observa-
tions of other surface ocean quantities, most notably sea surface temperature (SST). Satellite-borne infrared
sensors allow the observation of 2D snapshots of SST with high spatial resolution of O(1km) when no clouds
obscure the sensors. Since submesoscale SST features with scales O(1-10km) are advected by mesoscale
surface ocean currents, tracking the motion of submesoscale SST features in consecutive cloud-free SST
observations allows for the estimation of the mesoscale surface currents [Emery et al., 1986; Bowen et al.,
2002]. Others have attempted to use a sequence of cloud-free SST observations to invert the heat conserva-
tion equation to estimate the surface currents which enter this equation through the advection term [Kelly,
1989; Ostrovskii and Piterbarg, 1995; Chen et al., 2008]. Rio et al. [2016] combined the heat conservation
approach with background geostrophic surface current estimates from DUACS to reduce the uncertainty in
along-isotherm velocities, which cannot be estimated from SST tracer advection. The heat conservation
approach requires the approximation of the main source and sink terms in the heat conservation equation.

These methods allow for the retrieval of geostrophic currents smaller than the scales resolved by DUACS
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as well as ageostrophic currents that cannot be retrieved directly from SSH. However, the need for consecu-
tive cloud-free SST observations severely limits their capability for consistently estimating surface currents
across all regions and seasons. Another approach utilizes surface quasi-geostrophic (SQG) theory to esti-
mate surface currents from a single SST snapshot and has been applied with promising results to microwave
SST observations, which have lower spatial resolution than infrared but do not suffer gaps due to clouds
[Isern-Fontanet et al., 2006, 2014]. However, as will be discussed further in section 1.2.1, this approach
relies on particular environmental conditions that are not universally met in all regions and seasons. While
the retrieval of surface ocean currents from SST observations is a dynamic and growing research field, SSH
maps from satellite altimetry along with their associated surface geostrophic currents remain the primary

source of surface ocean current estimates for the ocean science community.

The surface currents derived from the DUACS SSH product are used extensively in oceanographic stud-
ies, so it is essential to ensure these inferred currents are as accurate and high resolution as possible using
the existing satellite observing capabilities. There is therefore increasing focus on developing better meth-
ods for reconstructing the 2D SSH field from satellite altimetry observations [Ubelmann et al., 2015, 2021;
Manucharyan et al., 2021; Fablet et al., 2021a; Le Guillou et al., 2021]. Efforts to improve SSH mapping
methods have been aided by the the creation in recent years of community-maintained ‘Ocean Data Chal-
lenges’[AVISO, 2021]. By establishing a common set of evaluation metrics, a common study region and
time, and by sharing code and results these data challenges allow for direct comparison between different

SSH mapping methods.

OI can only provide the statistical best linear estimator of the unobserved SSH for a given a priori
covariance model. While the decorrelation length- and time- scales used in this covariance model can be
tuned to best fit the data, as is done to create the DUACS product, a single-scale Gaussian covariance model
and its resulting linear estimator is ultimately limited in its ability to accurately represent the non-linear
dynamics of mesoscale ocean turbulence. An explicitly dynamics-based approach to SSH mapping would
be to use a data assimilation framework to constrain an ocean circulation model to best match the available
observations, then use this constrained model’s SSH field as the estimate of 2D SSH. However, such an
approach requires additional observations to accurately constrain other essential model variables such as

subsurface flow and density which are not typically available at high resolution. Data assimilation using a
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full global ocean circulation model is very computationally expensive, thus it is only in recent years that
data assimilation with mesoscale eddy-permitting model resolution (1/12°) has become feasible [Lellouche
et al., 2021]. Despite the computational expense of 1/12° ocean model data assimilation, even higher model
resolutions may be required before such data assimilation approaches can accurately resolve the mesoscale
eddy field. To circumvent the computational challenges of using a full primitive equation ocean model, an
approach that uses data assimilation with an idealized one layer quasi-geostrophic (QG) model of ocean
turbulence has been effectively applied to SSH mapping [Le Guillou et al., 2021]. Such an idealized model,
however, is unable to capture many of the dynamical effects observed in the real-world ocean.

The recent advances in the application of deep learning (DL) methods to the earth sciences [Sonnewald
et al., 2021; Sun et al., 2022] have inspired an increasing focus on the possibility of using data-driven
interpolation methods to improve SSH mapping [Beauchamp et al., 2020; Manucharyan et al., 2021]. DL
models can be trained to approximate highly non-linear mappings from inputs to outputs. Thus it is plausible
that a DL model could be trained to recognize dynamical signatures in partial SSH observations and use these
to estimate SSH in unobserved regions given sufficient training examples. By training a DL. model on a large
library of examples of real ocean turbulence the DL. model would be able to implicitly use ocean dynamics

to create a more accurate SSH mapping than would be possible with OI.

1.1.2 Previous work applying DL to SSH mapping

A number of attempts to use DL for SSH mapping have been published recently [Fablet et al., 2021a,b;
Barth et al., 2022; Buongiorno Nardelli et al., 2022]. These studies have mostly focused on the OSSE setting,
where the SSH observations are generated from a circulation model in which the full 2D SSH field is known.
Fablet et al. [2021a] and Fablet et al. [2021b] developed a DL approach (4DVarNet) for interpolating SSH
which formulates SSH mapping as a four-dimensional variational data assimilation (4DVar) problem but
replaces the dynamical model and solver with trainable neural networks. They demonstrated that 4DVarNet
yields a significant improvement over OI when tested in idealized OSSEs, though the improvement is more
modest when applied to real-world observations.

While these results are auspicious, OSSEs can only offer a limited approximation of the real-world SSH

interpolation problem since the full 2D SSH ground truth is unknown in real-world settings. It therefore
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cannot be used to calculate the reconstruction error to be minimized during training. A number of studies
have attempted to address this issue by developing methods that can be trained exclusively on real-world
observations in a manner similar to that described here in section 1.4.2. Barth et al. [2020] introduced
a Convolutional Neural Network (CNN) method, Data INterpolating Convolutional Auto-Encoder (DIN-
CAE), for reconstructing sea surface temperature (SST) from partial satellite observations. In a subsequent
paper, Barth et al. [2022] refined and applied the method to reconstruct SSH in the Mediterranean from
partial real-world SSH and SST observations. They found that including SST yielded a lower reconstruc-
tion error than SSH observations alone. However, an error comparison to the operational DUACS method
was not made, so this method’s performance is hard to compare to other SSH mapping methods. Buon-
giorno Nardelli et al. [2022] developed another CNN approach for reconstructing and super-resolving SSH
from partial SSH and SST satellite observations in the Mediterranean with promising results. However, to
split the observations into independent training and testing datasets they randomly selected days to withhold
for testing, meaning adjacent days could be used for training and testing. SSH and SST fields contain signif-
icant temporal autocorrelation over time scales of days to weeks. Hence, such a sampling strategy leads to
a testing dataset that could be highly correlated to the training data, calling into question the independence

of the performance metrics calculated.

To date, DL SSH mapping studies remain limited to theoretical OSSE studies or limited regional ex-
periments and the gridded SSH product of choice for oceanographers remains the OI-generated DUACS

product.

1.1.3 Problem statement and paper structure

In this study, we seek to demonstrate in practice that DL can provide a more accurate SSH mapping with
a more physically realistic eddy evolution than was previously possible. Further, our DL approach allows
us to include co-located observations of other ocean surface variables in the input to the mapping, some-
thing that is challenging with existing SSH mapping methods. Specifically, we will demonstrate that the
inclusion of SST observations as an additional source of information for the SSH mapping leads to dramatic
improvements in the accuracy and resolution of the reconstructed SSH evolution. In section 1.2, we pro-

vide a dynamical motivation for why SST observations are expected to improve SSH mapping and provide
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Figure 1.1: The typical data availability for one day (2017-04-11) during our testing period: the color map
shows the GHRSST MUR gridded SST, and the black tracks indicate the locations of satellite altimeter
observations from all satellites available on that date (CryoSat-2, Jason-2, Jason-3, Haiyang-2A, Sentinel-
3A, and SARAL/Altika). As discussed in section 1.5, we draw training examples from within the red
polygon (the Gulf Stream Extension), and test our method in the white box (where other mapping methods
have been applied so we can compare to their accuracy).

the rationale for our DL approach. Our method is both trained on and tested against real-world satellite
observations (the datasets we use are presented in section 1.3). We present our mapping method in section
1.4 and how it performed during training in section 1.5. In section 1.6, we present the results of a regional
experiment to quantitatively compare our method’s accuracy to that of the conventional and several recently
proposed SSH mapping methods in the Gulf Stream Extension. In section 1.7, we discuss the implications

of these results and outline a road-map to creating a more accurate global SSH product with DL.
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1.2 Rationale for our proposed methodology

1.2.1 Dynamical motivation for supplementing SSH observations with SST

In addition to satellite altimetry observations, satellites routinely observe other surface ocean quantities,
such as SST, sea surface salinity, and ocean color. The spatiotemporal evolution of these fields is certainly
not independent from one another and from that of SSH, since they are all affected and mediated by the
dynamics of the ocean (and by biological processes in the case of ocean color). Thus, if one of these other
surface variables is observed in the gaps between satellite altimetry observations, and the relationship to
SSH is known, then this can inform the mapping of the unobserved SSH.

In this study, we supplement satellite altimetry with SST observations to improve the SSH mapping for
reasons both physical and practical. Physically, this is a natural choice since SSH and SST are known to
have a close dynamical relationship. Indeed, in high eddy kinetic energy regions (e.g. western boundary
currents in the northern hemisphere and the Antarctic Circumpolar Current in the southern hemisphere),
temperature explains much of the density field, especially in winter [Isern-Fontanet et al., 2006], indicating
that mesoscale SST anomalies can be interpreted as a dynamical part of surface-intensified baroclinic eddies
[Smith and Vallis, 2001]. Hausmann and Czaja [2012] confirmed these results: SSH and SST anomalies have
similar spatial scales and are characterized by a westward shift as expected from baroclinic instability, which
is the main source of mesoscale eddies. In addition, a close spectral relationship between mesoscale SSH
and SST can be inferred when the large-scale meridional gradient of potential vorticity at depth is linearly
related to the large-scale meridional SST gradient through a function only depth-dependent [Lapeyre and
Klein, 2006a], which is verified in high eddy kinetic energy regions [Lapeyre, 2009]. This relationship
makes use of the surface quasi-geostrophic (SQG) approximation in which the ocean interior dynamics at
mesoscale is implicitly taken into account through an “effective” Brunt-Vaisala frequency, N,y [Lapeyre
and Klein, 2006a; Isern-Fontanet et al., 2006; LaCasce and Mahadevan, 2006; Klein et al., 2019]. The

resulting relationship in spectral space is

fo
Nesrlk|

SSHgqg (k) = — a.8ST (k), (1.1)

where a ‘hat’ symbol indicates a horizontal Fourier transform, k the horizontal wavenumber vector, « the
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thermal expansion coefficient, and fj the Coriolis frequency. Isern-Fontanet et al. [2006] proposed to use
this relationship to recover SSH and therefore surface ocean currents from SST observations. Practically,
satellite observations of SST have higher spatial resolution and lower missing data rates than those of SSH,
which emphasizes the pertinence of using SST observations because of their close dynamical relationship
with SSH.

Applying equation 1.1 to directly reconstruct SSH from SST observations is challenging in that the
oceanic conditions described above do not always apply directly in all seasons and ocean regions. Other
attempts have used a prescribed analytical relation between SST and SSH like that in equation 1.1 to re-
construct the unobserved SSH field [Isern-Fontanet et al., 2014; Gonzalez-Haro and Isern-Fontanet, 2014].
All such methods face the challenge that the dynamical relationship between SSH and SST is non-trivial
and is likely to change in space and time. Lapeyre [2009] showed that the SSH field is in some regions
dominated by the SQG mode, making equation 1.1 applicable, whereas in others the first baroclinic mode
dominates, meaning the SSH estimated from equation 1.1 would be inaccurate. Thus, methods that rely
on the SQG framework [Isern-Fontanet et al., 2006, 2014; Gonzalez-Haro and Isern-Fontanet, 2014] and
methods that rely on a QG framework [Ubelmann et al., 2015, 2021; Le Guillou et al., 2021] will each be
geographically and seasonally limited in their ability to reconstruct the SSH field by the pertinence of their
respective dynamical assumptions.Another approach to using SST observations to inform the SSH mapping
would be to use OI (as in DUACS), replacing the univariate SSH covariance function with a multivariate
SSH-SST covariance function. However, the dynamical relationship between SST and SSH is sufficiently

non-trivial that such an approach would likely only yield marginal mapping performance improvements.

1.2.2 Rationale for deep learning

DL models (specifically, neural networks) have been shown to be universal function approximators, given
sufficient depth and training data [Hornik et al., 1989]. By employing a DL approach for SSH mapping,
we implicitly make two hypotheses. (i): Available satellite observations contain sufficient dynamical infor-
mation that there exists a function mapping from the observations to an estimate of the dynamical state of
the ocean, and by extension to the 2D SSH field. (ii): There exists sufficient training data that we can train

a DL model to approximate this function accurately enough to provide better SSH maps than OI. Both are
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motivated by earlier work applying DL neural networks to spatiotemporal SSH interpolation in a two-layer
quasi-geostrophic (QG) model given partial observations of the surface [Manucharyan et al., 2021]. George
et al. [2021] also showed a DL model could learn to infer subsurface dynamics, which will, in turn, influ-
ence SSH evolution, from snapshots of the surface SSH field. The overarching conclusion from the two
aforementioned studies is that the surface SSH field contains implicit signatures of the subsurface ocean
dynamics and that DL models are sufficiently expressive that they can learn to recognize and exploit these

signatures to more accurately reconstruct unobserved ocean variables.

The advantage of a DL approach that combines the SSH and SST fields is that a sufficiently expressive
DL model, given enough training data, can, in theory, learn a dynamical relationship of arbitrary complexity.
Thus, a DL. model could learn to exploit the SST observations in regions and times when the dynamics makes
them pertinent, while not being restricted to assuming the SQG approximation is always appropriate. The
promise of a DL approach that combines SSH and SST observations to reconstruct the unobserved SSH field
more accurately was also noted recently in Fablet and Chapron [2022] and Fablet et al. [2022]. However, to
date, there are no operationally-used SSH reconstructions that utilize SST observations or DL, and most of

the studies on the topic have been theoretical in nature.

1.3 Datasets

1.3.1 Sea surface height (SSH) observations

We use Level 3 1Hz along-track satellite altimetry SSH observations from 2010-2020 (distributed by CMEMS,
[CMEMS, 2023b]). This product consists of observations from multiple satellite altimetry missions merged,
calibrated, and corrected for several geophysical effects, including barotropic tides and atmospheric effects.
The complete steps for producing this product are described in Taburet et al. [2019] and references therein.
Note that at the Level 3 stage of the observation processing chain, the observations have not yet been mapped
to a 2D grid, as shown in Figure 1.1. These along-track observations have been shown to accurately resolve
the SSH signal down to length-scales O(20-100km) with root-mean-square instrument noise of 1-4cm de-

pending on the location, season, and satellite altimeter in question [Dufau et al., 2016].
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1.3.2 Sea surface temperature (SST) observations

We use the Level 4 Multiscale Ultrahigh-Resolution (MUR) gridded SST product from the same years pro-
vided by the Group for High-Resolution SST (GHRSST) [NASA PODAAC, 2023]. The MUR SST product
is generated by combining observations from multiple satellites and in-situ sensors before interpolating to
a regular grid using OI. Clouds cause gaps in the highest resolution SST satellite sensors, meaning that
the OI product has high resolution in cloud-free regions but suffers artificial smoothing in cloud-occluded
regions. An alternative approach would be to use the high-resolution observations directly with gaps, or to
use only the lower resolution cloud-free observations provided for example by the NASA Advanced Mi-
crowave Scanning Radiometer-EOS (AMSR-E) which would both offer a uniform spatial resolution. Until
a uniformly high-resolution gridded SST product is developed, there is an inevitable trade-off between us-
ing high-resolution SST with gaps, low-resolution SST without gaps, and an OI product like MUR with
non-uniform spatial resolution. Despite its deficiencies, we here use the MUR SST product since it is the

highest-resolution gap-free SST product currently available.

1.3.3 Data pre-processing: domain and coordinate system

We pursue a patch-based approach, where SSH is reconstructed in a local square domain using observa-
tions from only its surroundings. This approach is motivated by the fact that the dynamics governing SSH
evolution is predominantly local in space and time, thus estimating the SSH at a point should only require
observations from some finite space-time window surrounding that point. Our method requires the input
data to be defined on a regular grid, so we bin-average the available SSH and SST observations within the
domain onto regular square grids as shown in Figure 1.2. For this study, we choose the dimensions of the
square domain to have a side-length of 960km with a grid resolution of 7.5km (128x128 grid points). The
input SSH and SST observations are first re-scaled by subtracting the mean and dividing by the standard
deviation, before being bin-averaged onto a 7.5km grid with zero padding where there are no observations.
Our mapping method estimates the 2D SSH field on this same grid. This choice of grid dimensions limits
the computational resources required for the reconstruction while ensuring that the domain remains large
enough that a significant number of interacting mesoscale eddies fit within the model’s ‘field of view’.

Defining a local orthonormal projection allows us to find the latitude and longitude for each grid point given
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the coordinates of the square domain’s center. This projection ensures that the shape and size of eddies are
not distorted at different latitudes, as would be the case if the square grids were defined in latitude-longitude
space.

To avoid overfitting to the persistent SSH patterns in one such domain and with a view to creating a
location-independent SSH mapping method, we generate the training data for our DL method by randomly
selecting the coordinates on which to center the square domain for each training example. For most experi-
ments in this study the length of the observation time series used to map SSH was chosen to be 30 days, and
the effect of varying this length is explored in section 1.5.1. The input to our mapping method for a single
training example therefore consists of a time series (centered on a randomly chosen date) of bin-averaged
SSH and SST observations within a square domain centered on a randomly chosen point in the ocean. The
SSH and SST observations are each inputted to our neural network in the form of a 3D array (2D space plus
time), with the SSH observation array containing zeroes everywhere except the places where along-track

SSH was observed.

1.4 Deep learning method for SSH mapping

1.4.1 Deep learning architecture

Here, we describe the DL neural network architecture we use to map SSH, a schematic diagram of our
method is shown in Figure 1.2. Since the dynamical relationship between SSH and SST is non-trivial, we
first use a ‘ResNet” CNN [He et al., 2016] to encode each variable separately in a learnable latent space
representation. Conceptually, each ResNet encoder learns a mapping from the SSH/SST observations to
some combined latent space in which the information from the SSH and SST observations can be combined
on an equal footing. Note that trying out a more straightforward approach of combining SSH and SST as
two different ‘channels’ in the input to a single ResNet encoder yielded lower accuracy SSH mapping.

The ResNet architecture used for each encoder consists of alternating downsampling and residual learn-
ing blocks. A downsampling block consists of: a convolution with a stride of 2, followed by a rectified linear
unit (ReLLU) activation function, and finally, batch normalization. A residual learning block [He et al., 2016]

consists of: a convolution with a stride of 1, ReLU activation, batch normalization, and another convolution
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of stride 1. The original input to the block is then combined with the output of the convolutions through
addition (the so-called ‘skip connection’ [He et al., 2016]), before a final ReL.U activation function. Note
that the same ResNet encoder is applied to each time step in the time series of input observations. Thus, the
resulting latent space representation is one in which observations from each time step do not yet inform the

representation at other time steps.

The resulting time series of latent space representations are then each passed through a bi-directional
convolutional long short-term memory (ConvLSTM) layer [Shi et al., 2015]. ConvLSTM is a type of re-
current neural network widely used for problems involving regularly-spaced spatiotemporal data which has
been demonstrated to capture complex dynamical relationships, for example to perform precipitation now-
casting [Shi et al., 2015]. This layer must learn how partial observations from different times inform the state
in the locations where observations are missing, i.e. the dynamics governing SSH/SST evolution. Separate
ConvLSTM layers are applied to the SSH and SST representations, resulting in latent space representation

time series for SSH and SST where each time step is informed by observations at all other times.

The SSH and SST latent space representations are combined through concatenation. This time series is
then passed through another bi-directional ConvLSTM layer which can learn relationships between the SSH
and SST representations to give a combined latent space representation of the dynamical state of the ocean

informed by both SSH and SST.

From this latent space representation, we finally use a ResNet to decode the representation to a gridded
SSH map. The decoder is like the ResNet encoder networks, but with the downsampling blocks replaced
by nearest-neighbor upsampling layers, alternating with residual learning blocks. The final layer has the
dimensions of the desired final target SSH grid using a linear activation. The same ResNet decoder is applied
to each step in the time series. The full neural network (ResNet encoders, then separate ConvLSTMs, then
joint ConvLSTM, then ResNet decoder) provides an end-to-end trainable mapping from a time series of

SSH and SST observations to a time series of 2D SSH maps.

Although our method produces a time series of SSH maps for the duration of the input observations, the
reconstruction error increases away from the center of the time series. This is expected, since dynamically
informative observations of past (future) states are missing for days at the beginning (end) of the time series.

Thus, to generate our final SSH product, we retain only the reconstruction for the central time step, creating
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a time series of gridded SSH by successively shifting the input observation time series by one day.

1.4.2 Formulating a loss function in the absence of gridded SSH data

The network is trained by minimizing the mean squared error between the reconstructed SSH and the ground
truth. However, the full 2D ground-truth SSH is not available when training exclusively on real-world
observations. To train using real-world observations, we implement the following strategy. We first withhold
some of the SSH tracks from the input and then linearly interpolate the network’s 2D reconstruction at the
locations of these withheld observations to calculate the mean squared error between the reconstruction and
the withheld observations. This way the error for any given training example is calculated only along a
few withheld satellite tracks. Upon training, the network is forced to produce realistic 2D reconstructions
throughout the domain since the withheld tracks appear at random places in the domain, so the network is
unaware of where it will be evaluated.

Since there are typically several satellite altimeters operational at any time, for each training example
we randomly select one of the available satellites, withhold its observations from the input, and use them as
the ground truth in the loss function calculation. For each example, up to five satellite altimeters (depending
on mission availability) are randomly selected to be used as the input SSH observations. The remaining
satellites (or one satellite in the times when fewer than six missions are operational) are withheld for use as
the ground truth when calculating the loss function.

To reduce over-smoothing and the appearance of high-frequency artifacts in the reconstruction, we in-
clude additional regularization terms in the loss function proportional to the mean squared error in the first
and second along-track derivatives of SSH. Thus the cost, £, we seek to minimize during training is given

by:

1 1 A - A . 2
L=— Z (2 (7 —mi)® + a% (8,77 — Dumi)® + 0_% (33771' - 3§77i) > ) (1.2)
i=1 1 2

where N is the number of observations, 7; is the true observed SSH for the i-th observation, 7; is the
corresponding mapped SSH, x is a spatial coordinate following the satellite track, o3, 0%, and o3 are the
variances of 1, 9,7, and 01 respectively, and A1 and \o are tunable parameters controlling the relative

weighting for each regularization term in the loss function. In this study, we set Ay = Ay = 0.05. Along-
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track derivatives are estimated using first-order centered difference.

1.4.3 Choice of training, validation, and testing datasets

The data are split into training, validation, and testing datasets to prevent overfitting. The validation dataset
is used to determine at what point the model is trained to its full potential. In contrast, the testing dataset
is withheld and used only at the end to test the model’s performance on unseen data. Ideally, these datasets
should be independent. To this end, we divide the available history of observations into time windows for
training, validation, and testing as shown in Figure 1.3. The year 2017 was kept aside for testing to coincide
with the testing period covered by an Ocean Data Challenge which allows us to compare our method to other
proposed mapping methods (this data challenge is described in section 1.6.1). The remaining times were
then split into interleaved training and validation windows. We choose interleaved windows to ensure that
the training and validation datasets both capture various seasons and sample interannual variability. These
windows were chosen such that 80% of the dates fall within the training dataset and 20% in the validation
dataset (specifically, we broke the available dates into 60 day chunks then chose the first 4 chunks to be
training, the next 2 to be validation, then the next 4 to be training, and repeated this procedure until all
dates had been assigned). Because there is significant autocorrelation in the SSH field over a time scale of
O(10-20 days), it is important to choose training and validation windows that are widely enough separated
in time to prevent significant autocorrelation between the training and validation data. We ensure this by
leaving a gap of 30 days between training and validation windows, since we observed the autocorrelation
in the SSH field of an ocean global circulation model (GCM) (specifically, the CESM 1/10° Parallel Ocean
Program model with JRAS5S5 reanalysis forcing) to drop by ~ 50% in the Gulf Stream Extension over this

time.

1.5 Training performance

To provide a proof of concept for our method in this study we focus on mapping SSH in a region with
energetic mesoscale dynamics, namely the Gulf Stream Extension. To this aim, we draw training and val-
idation examples from the area shown in red in Figure 1.1. This area was chosen such that all examples

feature the dynamics characteristic of the Gulf Stream Extension. In principle, we could draw training and
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validation examples from anywhere in the ocean, but since there are a wide range of dynamical conditions
in the ocean it is challenging for a single neural network to learn to map SSH in all regions at once (this
will be further discussed in section 1.7.3). Training and validation examples are drawn from this region with
the square domain centered at a randomly selected point and time (respecting the training-validation date
partition outlined in section 1.4.3). This region features an abundance of mesoscale eddies and complex
jet-eddy interactions between the Gulf Stream and neighboring eddies. It is thus a challenging region for
SSH mapping, where the widely-used DUACS product displays relatively high mapping errors, with the

error becoming comparable to the standard deviation of the along-track SSH signals.

1.5.1 Determining the optimal length of the input time series and number of training exam-

ples

The SSH reconstruction on a given day is generated using a time series of observations centered on that day.
Thus, a key parameter of our approach is the length of this time series. Including observations from further
into the past and future increases the aggregated spatial coverage of the SSH observations and provides
information about the time variation of the surface flow. To accurately reconstruct the SSH in unobserved
regions, the network needs to learn an approximation of the surface dynamics, so that observations from
other days can be used to inform the reconstruction.

Physically, we expect there to be some predictability time horizon beyond which observations become
decreasingly helpful in informing the reconstruction. Therefore, we expect to see diminishing improvement
to the reconstruction as the length of the time series is increased beyond some time period. We tested this
hypothesis by varying the length of the input time series and training our ConvLSTM model, with both
SSH and SST observations for input, and finding the mean value for the cost, £, achieved on the validation
dataset (Figure 1.4a). £ reduces with increasing time series length until about twenty days (i.e. ten days
on either side of the reconstruction), beyond which further lengthening yields minimal improvement. As
demonstrated in Figure 1.4b, we checked that £ had stopped improving significantly as a function of the
number of training examples for each time series length. This time-scale could be a feature of our neural
network architecture rather than a physical predictability horizon.

The results in the remainder of this study use a time series length of thirty days (i.e. fifteen days on
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either side of the date for reconstruction) noting that the significant computational cost of extending the time

series beyond this length is unlikely to yield significant reductions in L.

1.5.2 Quality of mapped SSH field

Figure 1.5 provides an example time series of SSH mapped using our method from the independent testing
dataset (i.e. during 2017). The SSH field features separated, distinct mesoscale eddies and a strong Gulf
Stream, evident in the surface geostrophic currents calculated from the SSH map. The time-evolution of the
reconstructed field also looks qualitatively realistic, with a Gulf Stream meander pinching off to form a new
mesoscale eddy to the north of the jet. The capability of our method to produce realistic-looking SSH fields
from observations, unseen during training, gives us confidence that the model has learned a robust mapping

from SSH and SST observations to the 2D SSH field, rather than overfitting to the training data.

1.6 Inter-comparison of existing SSH mapping methods in the Gulf Stream

Extension region

1.6.1 Mapping methods and evaluation metrics

We use the data distributed through the AVISO Ocean Data Challenge [AVISO, 2021] to provide a direct
quantitative comparison of our method’s accuracy to that of five established and experimental SSH mapping
methods. The data consist of SSH maps created for the year 2017 (the year set aside for testing) in the region
covering (55° - 65°W, 33° - 43°N) using five different mapping methods, described below. Each map was
created using observations from all available altimeters apart from CryoSat-2, which is withheld for use as
a ground-truth for calculating the maps’ errors.

We compare our approach to five other mapping methods:

* DUACS: the community-standard SSH product created using OI [Taburet et al., 2019]. The full map-
ping method is not publicly available, but a map was generated excluding CryoSat-2 for the data
challenge.

* DYMOST: the ‘Dynamic Interpolation’ method proposed by [Ubelmann et al., 2015] and evaluated by
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Ubelmann et al. [2016] and Ballarotta et al. [2020]. This method is a variant of the OI approach. The
Gaussian a priori SSH covariance model used in DUACS is replaced by a dynamically informed model
based on the forward and backward in time integration of an idealized potential vorticity conservation
equation. In this method the SSH evolution is assumed to be governed only by the first baroclinic

mode.

* MIOST: the ‘Multiscale and Multivariate Interpolation’ method proposed by Ubelmann et al. [2021].
This method is another variant of the OI approach where the single-scale Gaussian covariance model
for SSH used in DUACS is replaced with a wavelet basis where the amplitude of each scale component

is set to match the power spectrum observed in along-track altimetry, thus assuming isotropy.

* BFN-QG: the ‘Back-and-Forth Nudging QG’ method proposed by Le Guillou et al. [2021]. This
method uses the back-and-forth nudging method for data assimilation to interpolate the altimetry

observations while respecting the dynamics of a one-layer QG model of ocean turbulence.

* 4DVarNet: the DL method proposed by Fablet et al. [2021a] and Fablet et al. [2021b]. This approach
poses the SSH interpolation problem as a four-dimensional variational data assimilation (4DVar) prob-
lem. It replaces the dynamical model and solver with trainable neural networks. We note that this
method has been used in several OSSE studies, so many different versions exist in the literature.
Here, we use the map provided through the data challenge which takes only SSH observations as
input. Fablet and Chapron [2022] and Fablet et al. [2022] recently showed that including SST in the
4DVarNet approach could significantly improve the SSH reconstruction. However, this has only been
demonstrated in the OSSE setting where the full underlying ground-truth SSH is known during train-
ing. It has not yet been demonstrated to improve SSH mapping using real-world SST observations
which suffer gaps due to cloud cover if the highest resolution observations are used. Hence, we cannot
directly compare the two methods with the inclusion of SST but note that the improvements seen for
both methods in their respective settings are consistent with the expectation from SQG dynamics that

the SST field contains relevant information about the dynamics of the SSH field.

We do not here compare our method to a full-scale ocean GCM data assimilation reanalysis (e.g. Lel-

louche et al. [2021]), since none have been produced with CryoSat-2 observations withheld from the as-
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similation process, preventing a like-for-like comparison to the other methods in the above data challenge
framework. The comparison of our method’s SSH mapping accuracy to a GCM data assimilation scheme

will be the subject of a future study.

For our analysis, we reduce the size of the data challenge’s study region to (55° - 65°W, 34° - 42°N) to
ensure the full region fits inside the ‘field of view’ of our neural network’s 960x960km output. All methods
are assessed in this same region over the entire year of 2017. Figure 1.5 shows an example of the result of

applying our method to map SSH in this study region.

We use the withheld CryoSat-2 observations to calculate various metrics to quantitatively compare the

performance of the SSH mapping methods. These metrics are summarized below:

* Mean RMSE (cm): The SSH maps are interpolated to the locations of the withheld observations and
the root mean square error (RMSE) of the map is calculated for each day where observations are

available, then the mean of these daily RMSE:s is taken.

* Standard deviation of RMSE (cm): The standard deviation of the daily RMSE values.

* Effective spatial resolution (km): Calculated using the along-track SSH spectra for each satellite pass.
This is the wavelength at which the power spectral density of the misfit between the map and the
observations becomes comparable to that of the observations, quantifying the spatial scales accurately

resolved by the map. See Ballarotta et al. [2019] for a complete discussion of this metric.

* RMSE score (no units):
RMSFEpqp

RMSE =1-
score RM S

A perfect map would have a score of 1, a map that predicted zeroes everywhere would have a score

of 0.

* Standard deviation of RMSE score (no units): Standard deviation of the daily RMSE scores.
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1.6.2 SSH validation against independent satellite observations
Root mean square error (RMSE)

All the experimental mapping methods were found to have lower mean RMSE values than DUACS and the
spread in their daily RMSE is also lower, as can be seen in Figure 1.6 and Table 1.1. BFN-QG provides only
a marginal improvement in RMSE, whereas DYMOST and MIOST significantly improve (a 12% reduction
in mean RMSE). All the DL methods tested here (4DVarNet SSH and all configurations of our ConvLSTM
method) yielded lower RMSE than all the other methods. 4DVarNet SSH showed a 14% reduction in RMSE
while our ConvLSTM method respectively gave a 13% and 17% reduction in RMSE when run with just SSH
(ConvLSTM SSH) and with combined SSH and SST observations (ConvLSTM SSH+SST).

To explore the eddy-jet configurations that present the most significant challenge to traditional altimetry
mapping and further illustrate our method’s improvement, in Figure 1.7 we present three case studies from
the testing period where we contrast the DUACS reconstruction with our ConvLSTM SSH+SST method.
These cases correspond to the three CryoSat-2 satellite tracks of at least 800km in length for which the
DUACS reconstruction shows its highest RMSE. In all three cases, the primary source of error is the mis-
representation of a sharp kink in the Gulf Stream in the top left corner of the domain (recall that geostrophic
surface currents flow along contours in SSH). In all three cases ConvLSTM SSH+SST leads to a signifi-
cantly more accurate along-track SSH profile. Physically, the eddy features in SSH are expected to evolve
relatively quickly in shape and amplitude in regions where the jet (i.e. the Gulf Stream) is bent at a sharp an-
gle, thus presenting a challenge to the simple SSH covariance model employed by DUACS. Our ConvLSTM

SSH+SST method overcomes this shortcoming.

Effective along-track spatial resolution

All the experimental mapping methods were able to reconstruct smaller-scale SSH signals than DUACS, as
can be seen in Figure 1.8. The spectra in Figure 1.8a show that the DUACS reconstruction underestimates
the strength of the SSH signal at smaller scales compared to the observations. All other methods show
spectra closer to the observations at these scales to varying degrees. The spectral coherence plot in Figure
1.8b demonstrates that the DUACS reconstruction is less accurate than all other methods at scales of 70-

200km. None of the methods accurately resolve SSH below these scales due to the limited along-track
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resolution of the observations and the size of the gaps between observations.

The effective spatial resolution (the scale at which each curve in Figure 1.8b crosses 0.5, also listed
in Table 1.1) for each method reveals significant differences. MIOST and DYMOST only offer marginal
improvements on this metric (a 7% and 12% reduction in the smallest wavelength accurately resolved),
whereas BFN-QG provides a more substantial improvement (20%). Again, all DL methods yield the largest
improvements on this metric, with ConvLSTM SSH, 4DVarNet SSH, and ConvLSTM SSH+SST providing
23%, 28%, and 30% improvements respectively. The SSH map produced using our ConvLSTM SSH+SST
method accurately resolved SSH signals with wavelengths as small as 104km.

The significant improvement in all metrics by all the DL methods provides a compelling case for the use
of DL in developing an improved 2D SSH product. The addition of SST observations also provides a clear

improvement in our method’s reconstruction accuracy and resolution.

Frequency spectra of SSH fields

Another important dynamical property of a mapped SSH field is its frequency spectrum. Unlike for the
wavenumber spectrum, discussed in section 1.6.2, estimating a ground truth from the independent altimeter
observations is challenging since at any one location the temporal sampling is relatively sparse (CryoSat-2
observes the same 1/8° by 1/8° spatial bin once every 5-6 days on average in this region). Thus, we cannot
calculate the frequency spectral coherence in the manner of section 1.6.2 using just the withheld altimeter
observations.

Nevertheless, we can still characterize the frequency spectrum of each SSH map and draw comparisons
among the maps, as shown in Figure 1.9a. Compared to all other methods, DUACS has a substantially lower
power spectral density at time scales shorter than 30 days, implying that DUACS may be underestimating
the short-time SSH variability, as has been noted in the literature [Ballarotta et al., 2019]. The other maps
all show similar frequency spectra down to time scales of around 5 days, below which 4DVarNet and BFN
QG show significantly higher power spectral density. Without knowing the ground truth frequency spectrum
from observations, it is hard to discern which map’s spectrum most accurately represents the variability at
these time scales. The higher variability at short temporal scales for 4DVarNet and BFN QG could be due

to the appearance of non-physical artifacts along the location of the input satellite tracks (discussed more in
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section 1.6.3).

To provide some estimate of the SSH variability from the observations, we also calculated the second-
order structure function in time, as shown in Figure 1.9b. To do this, we used all available satellite altimetry
observations from the study region and time, selected the 100 most frequently observed 1/8° by 1/8° bins,
used the observations to construct a SSH time series for each bin, and used these to estimate the second
order structure function. We thus assume that the frequency spectrum of the SSH field is approximately
isotropic within this region. We used the bias-corrected and accelerated bootstrap method to estimate 95%
confidence intervals.

Calculating the second-order structure function for each of the SSH maps at uniformly-spaced points
throughout the region allows us to compare the maps’ variability to the observational estimate. We see
that DUACS is indeed underestimating the variability of the SSH field at time scales below 20-30 days as
the higher variability shown by the other maps is replicated in the observations. The differences between
the other maps at short (< 10 days) time scales are small and the confidence interval on the observational

estimate is large since satellite altimetry provides poor sampling of the SSH field at these short time scales.

Seasonality of improvement to ConvLSTM mapping with the inclusion of SST

The utility of SST for recovering sea surface currents in theory should depend on environmental conditions
which in turn vary geographically and seasonally. Enhanced surface temperature stratification in the summer
months may obscure the signature of ocean eddies, while the phase shift between mesoscale SST anomalies
and surface currents is known to be smaller when the mixed layer is deep, typically in the winter months
[Isern-Fontanet et al., 2008]. Thus, it is anticipated that SST will be most useful in the winter months for
estimating surface currents (and SSH by extension). Gonzalez-Haro and Isern-Fontanet [2014] explored the
geographical and seasonal variations in the accuracy of sea surface currents recovered from SST through
SQG theory and for the Gulf Stream Extension region considered in this study found that the SST-derived
surface currents were most accurate in the winter.

Since our DL approach does not explicitly rely on the SQG framework, it is interesting to consider the
seasonality of the improvement to the ConvLSTM mapping accuracy and resolution when SST is included.

We here study this seasonality for the years 2017, 2021, and 2022. These years were chosen since there were
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a large number of altimeters available continuously in 2021 and 2022 (6 and 5 respectively, we excluded
Jason-3 in 2022 since there was a gap in coverage) and none of the three years were used during training
or cross-validation. To ensure a large enough number of independent altimeter observations for robust
statistics, we generated SSH maps for each possible combination of three input satellites and evaluated each
map against the remaining available altimeters; this gives 4 maps for 2017, 20 for 2021, and 10 for 2022.
Rolling 2-month averages of the ConvLSTM mapping RMSE (normalized by the along-track SSH RMS
variations since this varies seasonally) and effective spatial resolution were calculated for all three years

with and without SST.

While there is variation between the years, the improvement in both accuracy and resolution for Con-
vLSTM SSH+SST compared to ConvLSTM SSH was found to be slightly higher in the summer months
than during the winter (Figure 1.10). The ConvLSTM SSH+SST normalized RMSE varied from around 8%
lower than ConvLSTM SSH in the winter months to around 15% lower in the summer. While the seasonal
trend was less clear in the effective resolution, the maximum percentage reduction in resolved wavelength

for ConvLSTM SSH+SST was found outside the winter months for all three years.

These findings run contrary to the expectations from ocean dynamics described above. One possible
explanation is the impact of the seasonally varying cloud cover on the Level 4 GHRSST MUR SST product
used in this study. Since this product combines both microwave and infrared SST observations, its spatial
resolution varies dramatically in space and time. The high-resolution infrared SST sensors can only be used
on cloud-free snapshots whereas the lower-resolution microwave SST sensors are insensitive to cloud cover,
so the MUR SST product has a high spatial resolution on cloud-free days but becomes coarser on cloudy days
when it relies on the microwave observations. Cloud cover was higher in our study region during the winter
months than during the summer, so the improved performance of ConvLSTM SSH+SST during summer is
likely due to the higher resolution of the SST observations rather than some ocean dynamics signature. The
sensitivity of our method to the choice of SST product will be explored in a future study. We note that the
Level 4 GHRSST MUR SST product provides gridded uncertainty estimates for the interpolated SST field.
While in this study we did not make use of these estimates, a possible future line of inquiry would be to
include them in the input to allow the neural network to put more weight on the more reliable, cloud-free

SST regions.
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1.6.3 Surface geostrophic currents

The primary use of SSH maps is to infer surface ocean currents through the assumption of geostrophy. The
eastward and northward geostrophic surface currents (u4 and v, respectively) are related to the SSH, 7,

through

_9(_ 9
(ugavg) - f < 8:1/’ 8.213) 9 (13)

where x and y are eastward and northward spatial coordinates respectively, f is the Coriolis frequency, and
g is the acceleration due to gravity. The currents are thus proportional to the first-order spatial derivatives of
n.

From these currents, other physical quantities such as relative vorticity, w, and strain rate, vy, can be

calculated by taking spatial derivatives of the velocity field (corresponding to second-order derivatives of

the SSH field):
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These higher order derivatives are an important diagnostic since they give information about the dynamics
(i.e. the acceleration) of the surface motions [Hua and Klein, 1998]. Relative vorticity (and potential vortic-
ity) are crucial quantities when studying ocean turbulence because in 2D turbulence vorticity is conserved
along streamlines and potential vorticity is conserved in QG and SQG motion. As such the interaction
of eddies with each other and with the mean flow, as well as their equilibration, filament formation, and
frontogenesis are all processes that are viewed through the lens of vorticity and strain evolution.

One such quantity that is important to consider is the Okubo-Weiss quantity, W, defined as the differ-
ence between the square of the strain rate and the square of relative vorticity [Okubo, 1970; Weiss, 1991;

McWilliams, 1984; Hua and Klein, 1998; Hua et al., 1998]

W =~% — w2 (1.6)

When W is negative, relative vorticity and therefore rotation dominates. This typically occurs in the regions
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inside mesoscale eddies where SSH extrema are found. However, when W is positive or close to zero,
the strain rate dominates or is close to vorticity, indicating an intensification of SST fronts and associated
vertical velocity. This typically occurs in regions between mesoscale eddies and at the eddy edges [Hua

et al., 1998; Lapeyre et al., 1999; Klein et al., 2019].

We calculated the surface geostrophic currents, w, and W from the DUACS and ConvLSTM SSH+SST
maps. To closely match the procedure for calculating current speeds from the DUACS SSH map used to
generate the surface current speeds distributed in the CMEMS Level 4 SSH product [CMEMS, 2023c], we
use a 9-point stencil (as advocated in Arbic et al. [2012]) for estimating derivatives of the DUACS SSH
field. Because the DUACS product is distributed on a 1/4° (~30km) grid whereas our SSH reconstruction
is on a 7.5km grid, we take all DUACS derivatives on its native grid before linearly interpolating to our

higher-resolution grid.

The ConvLSTM SSH+SST reconstruction results in narrower and stronger currents than those calculated
from the DUACS reconstruction, as shown in Figure 1.11a&d. The maximum current speed for the date
shown in Figure 1.11 is 40% stronger in the ConvLSTM SSH+SST reconstruction than in the DUACS
reconstruction. This result is expected since the covariance model used in DUACS leads to an overly smooth
SSH field, smaller-scale features being blurred out. Hence, the magnitude of the steepest gradients of the

SSH field will, in turn, be weaker.

The NOAA Atlantic Oceanographic & Meteorological Laboratory (AOML) global surface drifter pro-
gram provides in-situ observations of the total near-surface (15m depth) ocean currents through satellite-
tracked drifters. To quantitatively test the accuracy of the surface currents inferred from the SSH maps,
we here compare the mapped currents to all available AOML drifters within our study region and time.
The AOML drifter data are available through the CMEMS in-situ surface and sub-surface water velocity
observations product [CMEMS, 2023a]. The results shown here are after we applied the wind slippage
correction distributed within the product, however, removing this correction does not change the hierarchy
of the methods’ errors. Both ConvLSTM SSH and ConvLSTM SSH+SST show a clear improvement in
current reconstruction accuracy relative to DUACS and the other methods, with a 24% and 27% decrease
in surface current RMSE respectively (surface current RMSE for each method can be found in Table 1.1).

Surface drifters don’t directly measure geostrophic currents, since Ekman and ageostrophic components

53



will be aliased onto the drifter-observed currents. However, the fact that we can more accurately estimate
the surface currents through geostrophy from our improved SSH map than from the DUACS map is com-
pelling since surface drifters are an observational dataset that is entirely independent of the satellite altimetry

methodology.

The apparent difference between the DUACS and ConvLSTM SSH+SST reconstructions becomes starker
for the relative vorticity and Okubo-Weiss quantity, W, (shown in Figure 1.11b,c,e,f) since deficiencies in
the reconstructed SSH field are amplified as derivatives of higher order are taken. The path of the Gulf
Stream is hard to identify from the DUACS relative vorticity field visually and is practically impossible to
pick out in the Okubo-Weiss field. By contrast, the ConvLSTM SSH+SST map results in a relative vorticity
and Okubo-Weiss fields that show a clear, physically realistic Gulf Stream trajectory. Two evident mesoscale
eddies can also be seen in the Okubo-Weiss field as distinct blue regions where vorticity dominates the flow
surrounded by red regions where the eddy is inducing high strain rates. One deficiency of our reconstruction
is the presence of faint high frequency grid-like artifacts. Such artifacts are common when using CNNss,
and their intensity decreases with increasing number of training examples. We discuss these more in section

1.7.3 but note that they only become visually apparent when taking higher-order derivatives of the SSH field.

Although several of the methods in this study exhibit similar summary statistics, there are large qualita-
tive differences in the resulting current reconstructions. In Figure 1.12, we show the relative vorticity field
calculated from each SSH map on the same date. The DYMOST and MIOST vorticity fields are qualita-
tively like that of DUACS so the Gulf Stream’s large-scale structure is challenging to discern. By design,
BFN-QG results in a physically realistic-looking vorticity field since the SSH map is the result of solving an
idealized dynamical model of ocean turbulence, albeit an overly-idealized one. 4DVarNet produces a vor-
ticity map with similar large-scale structures to other methods but with the addition of some smaller-scale
features and clear artifacts. The prominent mesoscale eddies (the two distinct red regions in the lower half
of the domain) exhibit high-frequency radial features in the 4DVarNet reconstruction that are likely to be
CNN-induced artifacts. In this reconstruction, there are straight-line features along which the map exhibits
smaller-scale features. These lines correspond to the ground tracks of the satellites providing the input SSH

observations (see movie S2 for the vorticity evolution).

These qualitative differences have impact on two key physical quantities of interest: eddy kinetic energy
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(EKE) and enstrophy. Figure 1.13a shows each map’s time- and domain-averaged EKE. DUACS has a sig-
nificantly lower EKE than the other maps while DYMOST and ConvLSTM SSH+SST have the highest EKE.
Larger-scale flows dominate EKE, so the fact that DYMOST and ConvLSTM SSH+SST have a substantially
higher EKE than other methods implies these reconstructions result in faster large-scale currents (e.g. the
Gulf Stream) than the others. Figure 1.13b shows the time-and domain-averaged enstrophy for each map.
Enstrophy is a quantity that is typically dominated by smaller-scale flows. DUACS has a significantly lower
enstrophy than the other maps, consistent with the expectation that OI smooths out small-scale features.
4DVarNet has a very high enstrophy compared to the other methods due to the unphysical high-frequency

artifacts in the relative vorticity field.

1.6.4 New mesoscale eddy found by synthesizing SST and SSH observations

To further emphasize the power of using SST observations to help map SSH, we here present one case study
from our testing dataset where ConvLSTM SSH+SST was able to reconstruct a mesoscale eddy that was
missed by all the other methods, which only used SSH observations as input. Figure 1.14 shows the relative
vorticity fields for five consecutive days in July 2017 reconstructed using both ConvLSTM SSH and Con-
vLSTM SSH+SST. On July 7th in the ConvLSTM SSH+SST reconstruction there is a cyclonic mesoscale
eddy in the center of the domain (boxed in blue in the figure) which is not present in the ConvLSTM SSH
reconstruction or any of the other maps (not shown in the figure). None of the satellite altimeters passed
over this eddy (the altimeter tracks are overlaid on the figure), but there is a clear cold signature in the SST
coinciding with the reconstructed eddy. The formation process of the eddy can be seen in the SST field for
the days leading up to July 7th. On July 3rd, a filament develops on the large eddy in the northeast of the
domain (boxed in black in the figure). Over the following days this filament becomes unstable and sheds
to form the new eddy. This formation process all happens within just 5 days and no altimeter track passes
over the region during this period, making it very challenging for an SSH mapping method that only uses
altimetry observations to predict this process from the available observations. Using SST observations to
aid SSH mapping is thus essential if we are to capture the formation of short-lived, small-scale mesoscale

eddies.
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1.7 Discussion and conclusions

1.7.1 Summary

In this study, we presented a DL framework for mapping SSH from satellite altimetry and SST observations,
motivated by the close dynamical relationship between these surface ocean variables. By training and testing
our method on real-world satellite observations, we demonstrated that we could reconstruct the mesoscale
SSH field with a high degree of physical realism. Including SST as additional observations caused a signif-
icant improvement in the accuracy of our reconstruction, in line with expectations from SQG theory. When
compared against several other SSH mapping methods proposed in the literature, our method was able to
map SSH in the Gulf Stream Extension with the highest accuracy and effective spatial resolution. Our
study provides a roadmap towards replacing the decades-old OI method with state-of-the-art deep learning

methods to produce higher-accuracy and higher-resolution global SSH maps.

1.7.2 Physical implications of improved mesoscale SSH field

The higher-accuracy and higher-resolution mesoscale SSH field that our DL mapping method provides is
an exciting new dataset for physical oceanographers. The geostrophic surface currents calculated from
our SSH field resulted in a substantially (25%) higher EKE than from the DUACS SSH map. This result,
if replicated in other ocean regions, suggests that current satellite altimetry-derived estimates of oceanic
mesoscale eddies’ contribution to the global energy budget could be a significant underestimate [Thoppil
et al., 2011; Xu et al., 2014; Martinez-Moreno et al., 2019]. An updated global estimate of EKE using our
DL SSH mapping method is the subject of an ongoing study.

Our SSH reconstruction also resulted in relative vorticity and Okubo-Weiss quantity, W, fields that ap-
pear qualitatively to be more physically realistic, with a clearer separation between the Gulf Stream and
nearby coherent mesoscale eddies. As discussed in 1.6.3, W is an important diagnostic for distinguishing
between rotation-dominated regions (inside mesoscale eddies) and regions of high strain with SST front in-
tensification and relatively strong vertical velocities. Thus, W is a prerequisite to get access to the 3D eddy
field [Qiu et al., 2020; Siegelman et al., 2020b]. Another interpretation of W is that, whereas first-order SSH

derivatives only give access to currents, second-order derivatives (through W) give access to accelerations
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and therefore to the time evolution of the eddy field [Hua and Klein, 1998; Hua et al., 1998; Lapeyre et al.,
1999]. One consequence is that improving the diagnosis of second-order SSH derivatives would lead us
to better estimate the kinetic energy cascade, i.e. the balance between the merging between eddies leading
to larger eddies (inverse KE cascade) and the splitting of eddies by other eddies leading to smaller eddies
(direct KE cascade) [Scott and Wang, 2005; Klein et al., 2019; Storer et al., 2022]. These comments empha-
size the importance of accurately diagnosing second-order SSH derivatives. Our DL SSH mapping method

could allow this diagnosis to now be made from current satellite observing capabilities.

Much of what we know about coherent mesoscale eddies in the ocean comes from applying eddy track-
ing algorithms to SSH maps [Chelton et al., 2011; Martinez-Moreno et al., 2019, 2021]. By including SST
observations in the input to the SSH mapping, we demonstrated in section 1.6.4 that we could reconstruct
short-lived, small-scale coherent eddies that would otherwise not be captured in SSH maps. Thus, applying
eddy tracking algorithms to our new SSH map could lead to changes in the conclusions drawn in these past

studies, especially about the number of detected coherent eddies, their shapes and strengths.

1.7.3 Potential for development of a global DL SSH product

While the results of this study are promising, several challenges must be overcome before a global DL. SSH
map can be made available to the oceanography community. The main challenge we foresee is that different
regions of the ocean exhibit a diverse range of dynamical regimes. It may therefore be challenging for a
single DL model to learn to map SSH accurately in all ocean regions. An approach involving an ensemble
of regional DL models could be employed to overcome this challenge where bespoke models are trained for
each ocean region before the resulting regional SSH maps are merged to form a global product.

The power of DL models comes from their ability to continue to improve dramatically as they are trained
on larger volumes of data. While we limited ourselves here to using real-world observations for the training
dataset, future work could employ ‘transfer learning’ where the DL model is trained on a large available
dataset drawn from a system with similar characteristics to that under consideration before being fine-tuned
on the desired dataset [Subel et al., 2022]. In the context of SSH mapping, the abundant output from high-

resolution ocean GCMs might provide a valuable dataset for pre-training our DL model, though all GCMs

57



contain imperfect representations of ocean physics and so the resulting SSH product would need to be used

with caution if being used for observational validation of the GCM itself.

As highlighted in section 1.6.3, CNN methods such as ours and 4DVarNet can suffer non-physical high-
frequency artifacts. Without enforcing hard physical constraints on the SSH reconstruction, there is to our
knowledge no way to guarantee that no such artifacts would appear in the SSH map. However, in this study
we found adding terms regularizing the first and second along-track SSH derivatives significantly reduced

the artifacts.

For a global DL SSH product to become widely adopted in the oceanographic community, the product
must have a consistent spatial resolution that does not depend on the observational sampling. We have
demonstrated here that this can be achieved by constructing a training dataset where the loss function is
only calculated at points not included in the input to ensure that the DL model does not learn to skillfully
reproduce a high-resolution field near the input observations but with a smoother low-resolution map in the
gaps between observations. The development and validation of a global SSH product using our method is

the subject of an ongoing study.

The region considered in this study is particularly favorable for the use of SST to infer SSH. In regions
where salinity plays a larger role in setting the surface density field and stratification, for example at high
latitudes and in the tropics, the improvement due to including SST may be less pronounced. Additionally,
as discussed in section 1.6.2, consideration will need to be given to the choice of SST product used to
generate a global product since the effect of clouds on the MUR SST product used in this study could cause
the accuracy and effective resolution of the SSH product to vary geographically and seasonally, posing

challenges for end users seeking to interpret the dynamics of the gridded SSH field.

Other ocean observation datasets could be incorporated into a similar framework to that presented here
to improve the mapping of SSH or other quantities of interest. Surface salinity and ocean color are routinely
observed by satellites and may contain different dynamical signatures to the SST observations. ARGO
profiles provide regular vertical profiles of temperature and salinity (among other variables) albeit with
sparser horizontal sampling density than satellite observations of the surface. Since the vertical structure
of mesoscale eddies plays a significant role in governing their evolution, it is possible that incorporating

ARGO observations into a similar DL framework to that described here would lead to more accurate SSH
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mapping. Although described here in the context of satellite altimetry, our DL framework could similarly
be applied to other remote sensing interpolation problems.

Finally, the recent launch of the Surface Water Ocean Topography (SWOT) mission will soon offer, for
the first time, high-resolution 2D snapshots of the SSH field through its wide swath. The development of
a method to use SWOT observations to map high-resolution SSH is an area of active research [Beauchamp
et al., 2020; Fablet et al., 2021a; Le Guillou et al., 2021] and our framework could also be adapted to
suit the nature of SWOT observations. The launch of the SWOT mission certainly does not remove the
need for a more accurate method for mapping SSH from traditional nadir altimetry. The nadir observations
are available over a longer period than the likely duration of the SWOT mission, and so are an important
dataset for studies of inter-annual variability and climate change. SSH maps and the tracked eddies inferred
from them are also widely used to aid the interpretation of in-situ observations across all oceanographic
disciplines, so improving the SSH maps for the pre-SWOT years would add value to many years of already-
collected in-situ observations. To this end, SWOT observations in future could be used as a ground truth to
further validate our nadir altimeter-derived DL SSH map or calculate the loss function during training.

The effective use of a DL framework such as that outlined in this study to map the global ocean’s SSH
field from existing and future satellite observations would represent an exciting new paradigm for studying

surface ocean dynamics and, by extension, global climate.

1.8 Full performance metric comparison

Mapping methods’ summary statistics

Mapping RMSE std. of | RMSE std.  of | Eff. res- | Drifter
method [cm] RMSE score [no | RMSE olution RMSE

[cm] units] score [no | [km] [m/s]

units]

DUACS 7.7 2.6 0.88 0.055 149 0.349
DYMOST 6.8 2.0 0.89 0.047 131 0.342
MIOST 6.8 2.3 0.89 0.057 139 0.297
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BFN-QG 7.5 2.6 0.88 0.053 119 0.290
4DVarNet SSH || 6.6 1.8 0.90 0.046 107 0.271
ConvLSTM 6.7 1.8 0.89 0.050 115 0.265
SSH

ConvLSTM 6.4 1.6 0.90 0.048 104 0.256
SSH+SST

Table 1.1: Summary of the performance metrics calculated for the SSH mapping methods compared in this
study. Methods above the double horizontal line are from the literature (see the text for references) and those
below are those proposed in this study. See section 1.6.1 for a description of each metric.
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Figure 1.2: Schematic diagram of our deep learning method for SSH mapping. A time series of SSH
and SST observations are each inputted into separate ResNet encoders (whose architecture is depicted in
the lower panel) and ConvLSTM layers. Their representations are then combined through concatenation
before being passed through another ConvLSTM layer and a ResNet decoder (whose architecture is in the
lower panel). The loss function is then minimized along the location of the withheld altimeter observations
(overlaid in white).
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Figure 1.3: Dates are partitioned into non-overlapping and spaced out training (green), validation (orange),
and testing (red) windows (the white bars represent the gaps between partitions when no examples are
drawn). Examples are then drawn centered on days randomly drawn from the respective windows. The blue
histogram shows the changing availability of satellite altimeters from which we can draw data.
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Figure 1.4: (a): the mean cost, £, achieved on the validation dataset (containing 2000 samples) for our
ConvLSTM model with SSH and SST input observations for increasing time series length. The blue shad-
ing shows the 16th and 84th percentiles, thus containing the same fraction of points as +1¢ for a normal
distribution. (b) the reduction in £ with increasing numbers of training examples for our ConvLSTM model
with the length of the input observation time series set to 30 days (15 days either side of the reconstruction).
Shading as for (a).
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Figure 1.5: An example of the output from our ConvLSTM SSH+SST mapping method. Time series of

(a) SSH (absolute dynamic topography) mapped using ConvLSTM SSH+SST and (b) surface geostrophic
current speed calculated from the SSH field.
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Figure 1.6: Violin plot showing the distribution of daily reconstruction RMSE for each method when
compared to independent satellite altimeter observations for the test period. The black violin shows the
community-standard OI product, the gold violins are experimental methods proposed by others in the lit-
erature, and the purple violins are using our new method. The width of each violin is proportional to the
probability density function, the white circle indicates the mean, and the whiskers show one standard de-
viation. The shaded region indicates the estimated instrument noise in the observations (as reported by
CMEMS).
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Figure 1.7: Example along-track SSH profiles. Shown are the three 800km track segments (a, d, g) where
DUACS suffers the highest RMSE during 2017 along with the track’s location superimposed over the DU-
ACS reconstruction (b, e, h) and the ConvLSTM SSH-SST reconstruction (c, f, i). In each case, DUACS
over-smoothes one or more large peaks/troughs in SSH. In all of these cases ConvLSTM provides a signifi-
cant improvement.
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Figure 1.8: (a): wavenumber spectrum of mapped SSH along the tracks of the withheld CryoSat-2 ob-
servations for each method, compared to that of the observations. The observations show a high power
spectral density for small scales due to instrument noise. (b): spectral coherence for each mapping method
(approaches unity for scales at which the SSH signal is well resolved by the map).
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Figure 1.9: (a): frequency spectrum for each SSH map averaged over points throughout our study region.
(b): second order structure function calculated from all available satellite observations (including those
used to make the maps) at satellite track crossover points, compared against that of each map average over
uniformly-spaced points in the domain. Error bars show the 95% confidence interval estimated using the
bias-corrected and accelerated bootstrap method.
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Figure 1.10: (a): fraction by which the normalized RMSE (nRMSE) was reduced with ConvLSTM
SSH+SST compared to ConvLSTM SSH. Maps were created from all possible three-satellite combina-
tions and the mean is shown for each year along with the combined mean over the three years (weighted to
account for the different number of satellite configurations in each year). (b): fraction by which the effective
spatial resolution was reduced for ConvLSTM SSH+SST compared to ConvLSTM SSH. Again, the mean
across all three-satellite configurations is shown for each year along with the combined three-year mean.
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Figure 1.11: (a-c): surface geostrophic current speed, relative vorticity, and the Okubo-Weiss quantity cal-
culated from the DUACS SSH map. (d-f): the same quantities calculated from the SSH map produced by
our ConvLSTM SSH+SST method. Contours of the corresponding SSH maps (absolute dynamic topogra-
phy) are overlaid in black. Relative vorticity and Okubo-Weiss are normalized by the Coriolis frequency, f,
and its square respectively. A video of this figure is available for the full year in the supporting information
(Movie S1).
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supporting information (Movie S2).
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Figure 1.14: Relative vorticity from (a) the ConvLSTM SSH and (b) the ConvLSTM SSH+SST reconstruc-
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vorticity contours in increments of 0.5f from -1.25f to 1.25f are overlaid over the SST observations. The
black box on July 3rd highlights the filament from which this eddy formed.
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Chapter 2

Deep learning improves global satellite

observations of ocean eddy dynamics

This chapter is reproduced from the following publication:
Martin, S. A., Manucharyan, G. E., & Klein, P. (2024). Deep learning improves global satellite observations
of ocean eddy dynamics. Geophysical Research Letters, 51, e2024GL110059. https://doi.org/10.

1029/2024GL110059

2.1 Introduction

Mesoscale eddies (50-300 km) are a critical component of the global ocean circulation, transporting dynam-
ical and biogeochemical tracers [Wunsch, 1999; Jayne and Marotzke, 2002; Zhang et al., 2014]. Despite
being the ocean’s dominant reservoir of kinetic energy (KE), the sources and sinks of mesoscale eddy KE
remain poorly constrained [Ferrari and Wunsch, 2009]. One major process affecting mesoscale KE is the
transfer of KE between scales by non-linear eddy interactions, known as the KE cascade [Scott and Wang,
2005; Aluie et al., 2018; Klein et al., 2019]. There is growing evidence that non-linear eddy interactions
induce a strongly seasonal upscale KE cascade, KE transfer from small to large scales, that is intensified
in winter and spring [Sasaki et al., 2014; Qiu et al., 2014; Uchida et al., 2017; Schubert et al., 2020; Ajayi

et al., 2021; Balwada et al., 2022; Naveira Garabato et al., 2022; Steinberg et al., 2022; Lawrence and Cal-
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lies, 2022; Schubert et al., 2023; Storer et al., 2023]. The strength of non-linear eddy interactions and the
KE cascade are set by the vorticity and strain [Aluie et al., 2018; Klein et al., 2019], which are sensitive to
the geometry of eddies. There is thus a need for global observations of eddies with sufficient resolution to

accurately diagnose vorticity and strain - this motivates our study.

Satellite observations of eddy surface expressions are a powerful observing system for eddy dynamics
since satellites resolve a wide range of scales compared to in situ observations [Klein et al., 2019], however,
inferring surface currents from satellite observables is challenging. Satellite altimetry allows the estima-
tion of eddies by mapping their expression in sea surface height (SSH), which is used to estimate surface
geostrophic currents [Chelton et al., 2001]. Conventional altimeters measure SSH and resolve mesoscale
eddies along each satellite’s track [Dufau et al., 2016] but leave large gaps between tracks that must be
interpolated to diagnose eddy dynamics. Meanwhile, satellites observe high-resolution 2D snapshots of sea
surface temperature (SST) but there are gaps due to clouds and the relationship between SST and surface

currents is complex [Isern-Fontanet et al., 2006, 2014; Rio et al., 2016].

Conventionally, surface currents are estimated either via data assimilation (DA) [Lellouche et al., 2021;
Le Guillou et al., 2021, 2023] or objective analysis (OA) of SSH [Taburet et al., 2019; Ubelmann et al.,
2015, 2021, 2022]. DA provides 3D state estimates approximately consistent with the physics of a numer-
ical model, typically a general circulation model (GCM). However, state-of-the-art DA systems [Lellouche
et al., 2021] use GCM resolutions that only partially resolve mesoscale dynamics and so suffer high errors
in SSH and surface currents at mesoscales due to unresolved eddy dynamics and the lack of high-resolution
3D in-situ observations. In contrast, OA allows to estimate only the 2D SSH field using a statistical ap-
proach [Taburet et al., 2019; Ubelmann et al., 2015, 2021, 2022], from which currents can be estimated
through geostrophy and further corrections for winds [Rio et al., 2014], equatorial dynamics [Lagerloef
et al., 1999a], cyclo-geostrophy [Penven et al., 2014; Cao et al., 2023], or potentially using machine learn-
ing [Sinha and Abernathey, 2021; Xiao et al., 2023]. Surface currents derived from OA SSH fields give
eddy amplitudes and configurations more consistent with observations than DA since they are not biased
by unresolved dynamics. However, OA is a fundamentally statistical approach that does not guarantee a
physically consistent reconstruction and biases in the covariance models used in OA could bias the recon-

structions. OA artificially suppresses variance at smaller scales, smoothing and distorting eddies [Ballarotta
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et al., 2019]. This leads to a significant underestimation of crucial dynamical quantities, like vorticity and

strain.

Deep learning has emerged as an alternative approach for estimating surface currents. Many proof-of-
concept studies demonstrate that neural networks can be trained to map SSH or surface currents from al-
timeter observations, through either ‘simulation learning’ using synthetic data from high-resolution GCMs
[Fablet et al., 2021a; Manucharyan et al., 2021; Buongiorno Nardelli et al., 2022; Beauchamp et al., 2022;
Fablet et al., 2023; Thiria et al., 2023; Febvre et al., 2024b; Archambault et al., 2024a; Kugusheva et al.,
2024] or ‘observation-only learning’ from real-world satellites [Martin et al., 2023; Archambault et al.,
2023]. Deep learning allows the optimal mapping to emerge objectively from the data, unlike OA which
prescribes linear covariance models [Taburet et al., 2019], and allows to use SST observations as an ad-
ditional input to improve the mapping between altimeter observations [Buongiorno Nardelli et al., 2022;
Fablet et al., 2023; Martin et al., 2023; Archambault et al., 2023, 2024a]. Simulation learning showed
promising results on synthetic observations in proof-of-concept studies. However, transferring these meth-
ods to real-world observations remains a challenge since GCMs are not exact analogs of the real world and
neural networks behave unpredictably when applied to data different from that used during training. This
domain gap can be partly addressed through fine-tuning on real-world observations [Febvre et al., 2024b;
Archambault et al., 2024a]. Fundamentally, simulation learning blurs the boundary between observations
and GCMs, much like DA. In contrast to simulation learning, observation-only learning, analogous to OA,
is directly applicable to real-world observations and is uncontaminated with GCM biases. This comes at the
expense of smoothing some smaller-scale features due to the limited resolution of real-world observations.
Nonetheless, regional proof-of-concept studies have shown observation-only learning can give SSH maps
with higher resolution than OA, leading to significant improvements in the estimation of vorticity and strain

[Martin et al., 2023; Archambault et al., 2023].

Extending regional proof-of-concept studies to global SSH mapping poses a significant challenge for
deep learning because the global ocean exhibits spatiotemporally diverse dynamics. Given the sparsity
of the altimetry record for observation-only learning, it remains to be demonstrated that a neural network
can generalize across all dynamical regimes. We hypothesize that observation-only learning can be used to

create global SSH maps with enhanced resolution, and that this will radically improve global observations of
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vorticity and strain - and hence of non-linear eddy dynamics. Here, we develop the first global deep learning
estimates of SSH and surface currents. We evaluate the accuracy of the SSH maps, their ability to resolve
vorticity and strain, and explore the resulting KE cascade. By disseminating our new global SSH product,
we hope to enable more accurate studies of eddy dynamics and their impact on general ocean circulation,

marine ecosystems, and climate.

2.2 Methods

2.2.1 NeurOST: Global SSH Maps from Altimetry and SST Using Deep Learning

We train a neural network to map SSH from sparse altimeter observations [E.U. Copernicus Marine Service
Information (CMEMS), 2024c,b] and gridded SST [JPL MUR MEaSUREs Project, 2015]. Our approach
(Figure 2.1), builds upon that described in our recent proof-of-concept study [Martin et al., 2023] and is
described in full in S.I. S1.1-5.

We use ‘self-supervised’ learning, taking a time series of altimeter observations within a local subdomain
(30 days by 960 km by 960 km) from all but one of the available altimeters alongside the corresponding SST
as input to a neural network tasked with reconstructing 2D SSH. The objective minimized during training is
the mean square error of the mapped SSH calculated against the withheld altimeter. We restrict the mapping
to local subdomains since eddy dynamics are local, so a global ‘field of view’ is likely unnecessary to
reconstruct eddies in any local subdomain.

We use kernel-weighted averaging to combine thousands of overlapping subdomain SSH maps together
into a single global SSH map (S.I. S1.5 and Callaham et al. [2019]). Using a large set of subdomain examples
drawn from across the globe, we train a single network to map SSH in all regions, achieving generalization
across diverse regional dynamics. By training a single global network rather than an ensemble of bespoke
regional networks we avoid arbitrarily dividing the globe into regions and learn a general and robust SSH
mapping. The network was trained on observations from 2010 to 2023, with 2019 withheld for validation
(Figure S8).

We refer to our method as ‘NeurOST (SSH-SST)’ (Neural Ocean Surface Topography). To assess the

value of SST we also trained a network to map SSH from altimetry alone; ‘NeurOST (SSH)’.
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2.2.2 Estimating Surface Currents from SSH

Large-scale currents satisfy geostrophic balance, allowing surface currents to be estimated from SSH through
geostrophy (S.I. Equation 1). The limitations of geostrophy and potential empirical ageostrophic corrections
[Lagerloef et al., 1999a; Rio et al., 2014; Penven et al., 2014; Cao et al., 2023] are discussed in S.I. S1.1
where we also show diagnostics of eddy dynamics (e.g. KE cascade) are only weakly sensitive to the
cyclo-geostrophy correction [Penven et al., 2014]. Thus, throughout this manuscript, surface currents were

calculated using geostrophy.

2.2.3 SSH Mapping Evaluation: Observing System Experiment (OSE)

We employ an observing system experiment (OSE) to evaluate SSH maps. Comparisons to existing methods
are achieved using an Ocean Data Challenge [Metref et al., 2023; Metref and Ballarotta, 2023] in which
developers of different methods implement them on a common experiment. In the OSE used here, we create
global SSH maps for 2019 using all altimeters apart from Saral/Altika that is used for evaluation. Accuracy
is evaluated using root mean square error (RMSE), and we quantify the maps’ effective spatial resolution (the
smallest resolved wavelength) following Ballarotta et al. [2019]. We compare NeurOST to the community-
standard ‘DUACS’ product [Le Traon et al., 1998; Taburet et al., 2019] as well as to the ‘MIOST’ method
[Ubelmann et al., 2021; Ballarotta et al., 2023]. Surface geostrophic currents are evaluated using drifters
[Copernicus Marine in situ TAC, 2024]. Additionally, we compare NeurOST to proof-of-concept methods
in the Gulf Stream Extension using a similar Ocean Data Challenge that was regional in scope [Ballarotta

et al., 2021]. (S.I. S1.6-7)

2.2.4 Eddy Dynamics Evaluation: Observing System Simulation Experiment (OSSE)

While the OSE evaluates SSH maps, we cannot use it to evaluate eddy dynamics (vorticity and strain) in-
ferred from SSH as this requires the full 2D eddy field. We therefore conduct an observing system simulation
experiment (OSSE) where we generate synthetic altimeter observations from the 1/12° GLORYS reanaly-
sis [Lellouche et al., 2021; E.U. Copernicus Marine Service Information (CMEMS), 2024f] and use them
in combination with GLORYS SST as input to NeurOST, with no re-training on GLORYS. We compare

the resulting NeurOST maps to the 2D ground-truth from GLORYS to evaluate eddy dynamics diagnos-
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tics, specifically surface geostrophic currents and vorticity for which we define skill scores representing the
fraction of variance explained (S.I. S1.11). This point-wise comparison to GLORYS cannot be made for

DUACS since this method is not open source, preventing its implementation on simulated observations.

2.2.5 Kinetic Energy Cascade Diagnosis

We use NeurOST surface geostrophic currents to diagnose the KE cascade in a range of regions through
coarse-graining [Aluie et al., 2018; Storer et al., 2022; Storer and Aluie, 2023; Storer et al., 2023]. The
KE cascade is diagnosed through the spectral KE flux, which quantifies KE transfer from larger to smaller
scales at each wavelength. A positive flux indicates a downscale (forward) cascade, whereas a negative

value indicates an upscale (inverse) cascade. (S.I. S1.12)

2.3 Results

2.3.1 State-of-the-Art Global SSH Maps Using Deep Learning

Our global SSH maps (NeurOST SSH-SST) show rich dynamical structures associated with western bound-
ary currents, abundant mesoscale eddies in the extratropics, and large-scale equatorial waves in the tropics
(Figure 2.1).

The effective resolution of our maps is improved compared to DUACS throughout the global ocean, with
a pronounced improvement in western boundary currents and the subtropics where we resolve wavelengths
30% smaller (Figure 2.2b,d and Table S1). The global RMSE of the mapped SSH is 6% lower than DUACS,
while reductions in the RMSE of small mesoscales (70-250km wavelengths) reach 20% in eddy-rich regions
(Figure 2.2a,c,e and Table S1). Similarly, NeurOST outperforms MIOST in almost all regions, especially
for small mesoscales, making NeurOST state-of-the-art in global SSH mapping (Figure S1 and Table S1).

Using SST improves the mapping of SSH throughout the global ocean (Figure 2.2f and Table S1). To
assess the utility of SST, we compare the performance of NeurOST with and without SST. The mapping
of small mesoscales is improved using SST, especially in the extratropics where mesoscale SSH and SST
are correlated [Cornillon et al., 2019] (Figure 2.2f and Table S1). SST is especially impactful when few

altimeters are available (Table S3). While observations from six altimeters were used to create the maps
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compared above, for much of the altimetry era only two altimeters were operational, causing eddies in
DUACS to be severely smoothed. We evaluated our network using only two altimeters and found that
in most regions NeurOST SSH-SST with just two altimeters yields higher-resolution SSH than DUACS
achieves with six (Table S3). This highlights the potential of deep learning and SST to extract maximum
value from the thirty-year altimetry record.

NeurOST maps SSH across all regions, unlike prior studies that trained bespoke region-specific net-
works. While regional networks [Martin et al., 2023; Febvre et al., 2024b] in the Gulf Stream offer
marginally improved SSH mapping compared to NeurOST [Ballarotta et al., 2021] (Table S2), fine-tuning
on a smaller set of observations from the Gulf Stream (S.I. S1.6) brings NeurOST in line with state-of-
the-art regional networks (Table S2). This shows the potential for further refinement of NeurOST by users
interested only in a single region.

Surface geostrophic currents from our maps are more accurate when evaluated with drifter observations.
NeurOST reduces the RMSE of surface currents significantly across the global ocean, especially in the
subtropics, where RMSE is reduced by 20% compared to DUACS (Figure S2). Discrepancies between the
mapped currents and drifter observations are due to both the accuracy of the mapped geostrophic current
and the degree to which real-world currents are in geostrophic balance. Nonetheless, this large reduction in

RMSE demonstrates the significant improvement in the mapped currents.

2.3.2 Improved Physical Realism of Mesoscale Eddies

Calculating vorticity and strain from the surface current maps appears to show a significant qualitative im-
provement in the realism of eddy dynamics in NeurOST (Figure 2.3b,c,d and Movie S1). NeurOST vorticity
shows abundant small mesoscale eddies with clear boundaries, many of which are absent in DUACS (Figure
2.3b,c). A contrasting view of eddy dynamics emerges when comparing the eddy evolution: eddies appear to
uniformly propagate westward in DUACS, while NeurOST eddies exhibit strong non-linear interactions that
deform each other’s vorticity cores, causing filamentation (Supplementary Movie S1). These better-resolved
non-linear eddy interactions also manifest in the higher strain rate between eddies seen in NeurOST, evi-
denced by regions of highly positive Okubo-Weiss quantity (Figure 2.3d, S.I. S1.10). Increased strain has

important implications for eddy dynamics since it is associated with enhanced frontogenesis [Hoskins, 1982;
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Siegelman et al., 2020a] and a stronger KE cascade [Aluie et al., 2018]. While vorticity and strain appear
qualitatively more realistic in NeurOST, their accuracy cannot be quantified using along-track SSH obser-
vations. To demonstrate that NeurOST does not introduce artificial eddies, we test its ability to reconstruct

vorticity using synthetic observations from a GCM (Section 2.2.4).

NeurOST, trained on real-world observations and applied now to synthetic observations from GLORYS,
skillfully reconstructs surface currents, especially in the subtropics and western boundary currents, explain-
ing over 70% of the variance (Figure 2.4a). Its skill deteriorates somewhat in regions of low variability, at
high latitudes, and near coasts, where the observational training data is likely to significantly differ from the
GLORYS simulation. Since vorticity is sensitive to small-scale SSH features, its overall reconstruction skill
is slightly lower than that for surface currents. Nonetheless, NeurOST reconstructs a remarkable 50-80% of
vorticity variance throughout the subtropics and western boundary currents. Comparing spatial patterns of
vorticity and strain, it is clear that NeurOST misses smaller-scale filaments but skillfully reconstructs larger
eddies and some larger filaments and is not prone to creating artificial eddies (Fig 2.4c-f and Supplementary
Movie S2). NeurOST can reconstruct features as small as 50 km (see filaments in Figure 2.4c-f). Thus,
NeurOST can reasonably well reconstruct the 2D vorticity and strain fields despite being trained only on

real-world along-track SSH observations and never on real or simulated vorticity/strain.

Since GLORYS contains finer-scale vorticity features than NeurOST, it can be used to estimate the
KE cascade (see Storer et al. [2023] and Figure S7). However, there is a qualitative difference in eddy
dynamics between GLORYS and NeurOST that clearly manifests in small-scale vorticity features. In GLO-
RYS, vorticity features are dominated by persistent filaments, whereas in NeurOST there is an abundance
of smaller-scale coherent eddies with less prominent filaments (Supplementary Movie S1). This difference
could be due to the relatively coarse grid of GLORYS (1/12°) that does not resolve the generation of small-
scale eddies by submesoscale instabilities in the mixed layer, which are known to be prominent in winter.
In such coarse-resolution models, large eddies stir vorticity to form small-scale filaments, but they can ar-
tificially persist and grow, being constrained only by numerical or specified model diffusion. In reality,
the presence of small-scale eddies can disrupt this filamentation by large-scale eddies, and filaments often
become unstable and form submesoscale eddies (e.g., Taylor and Thompson [2023]). Since there are no

ground-truth observations of vorticity, one cannot definitively establish whether there is excessive filamen-
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tation in GLORYSS or whether NeurOST introduces artificial eddies at small scales. However, looking at the
NeurOST reconstruction of GLORYS (Section 2.4), NeurOST appears to provide a coarse-grained view of
GLORYS, showing no evidence of artificial small-scale eddies being introduced (compare Supplementary
Movies S1 & S2). Furthermore, when reconstructing real-world SSH and surface currents, NeurOST also
has significantly lower errors than GLORYS (Figure S3 and Table S1). With increased confidence that Neu-
rOST provides a better estimation of real-world ocean eddy dynamics, we now proceed to explore its impact

on our understanding of the KE cascade and seasonality of mesoscale eddies.

2.3.3 Seasonal Kinetic Energy Cascade

A distinct seasonality in eddy dynamics emerges in NeurOST that was largely absent in DUACS, with
smaller scale eddies peaking in intensity in winter and spring. The mesoscale KE and strain rate throughout
the subtropics are 50-100% higher in NeurOST than in DUACS in winter/spring, whereas they are compa-
rable in summer/autumn (Figure S4 & S5). We explore this newly-resolved seasonality by focusing on the
Subtropical North Pacific, which was the subject of prior studies of eddy seasonality [Qiu et al., 2014].

Eddy dynamics from NeurOST are strongly seasonal in the Subtropical North Pacific, with enstro-
phy (the variance of vorticity) peaking in winter/spring implying intensified small-scale eddies (Figure
2.5a). This strong wintertime peak in enstrophy in NeurOST is qualitatively consistent with submesoscale-
resolving simulations [Qiu et al., 2014]. The seasonality of small-scale eddies is corroborated by the KE
wavenumber spectrum (S.I. S1.13) that has a shallower slope (= k~2) in winter/spring than in summer/au-
tumn (~ k~3) (Figure 2.5b), meaning energy is more concentrated at small scales in winter/spring. Notably,
the peak in KE for small-scales (<125km) leads that for larger scales by two months (Figure 2.5¢). It has
been hypothesized that the delayed large-scale KE peak may partly be driven by an upscale KE cascade from
submesoscales, which are most energetic during winter [Sasaki et al., 2014; Qiu et al., 2014]. However, this
hypothesis has not been confirmed using observations since low-resolution products like DUACS fail to
resolve the small-scale eddies that proliferate in winter/spring (Figure 2.5a,c), and hence underestimate the
KE cascade [Arbic et al., 2013].

The KE cascade from NeurOST is upscale throughout the mesoscale range in the Subtropical North

Pacific, has a strong springtime peak, and is dramatically stronger than in DUACS (Figure 2.5d). Although
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some KE sources and sinks cannot be derived from surface currents (S.I. S1.12), the magnitude of the
cascade appears more than sufficient to drive the increase in large-scale KE observed over winter/spring
(Figure 2.5¢). In contrast, the overly smooth DUACS product significantly underestimates the springtime KE
cascade, obscuring the seasonality of the cascade and its role in driving the large-scale peak (Figure 2.5¢).
The cascade also appears to play a crucial role in driving large-scale seasonality in other subtropical regions
(Figure S6). At scales resolved in our study, there are no ground-truth data for the KE cascade to compare
against [ Yoo et al., 2018; Naveira Garabato et al., 2022; Balwada et al., 2022], but recent studies of along-
track altimetry provide indirect evidence for the seasonal upscale KE cascade observed here [Steinberg et al.,
2022; Lawrence and Callies, 2022; Schubert et al., 2023]. Note that in western boundary currents, lateral
KE advection appears to dominate the cascade (Figure S6), and there is likely a substantial KE injection
by instabilities of large-scale currents that cannot be diagnosed from SSH. Note that NeurOST (SSH-SST)
shows a stronger seasonality in the cascade than NeurOST (SSH), likely since small wintertime eddies are

hard to capture without tracking their expression in SST (Figure S12).

2.4 Conclusions

Our high-resolution SSH maps generated using deep learning represent a large stride forward for the global
observation of ocean eddy dynamics, providing state-of-the-art global surface currents. Trained on real-
world observations alone, NeurOST allows to diagnose eddy dynamics with greater physical realism than
from existing altimetry products. NeurOST revealed the crucial role of non-linear eddy dynamics and their
associated KE cascade in driving the seasonality of mesoscale eddies in many parts of the global ocean, high-
lighting the importance of resolving small-scale eddy dynamics in ocean models. Alongside this manuscript,
we publish a NeurOST SSH product [OSTST, 2024] to facilitate future studies of eddy dynamics and the
impacts of eddies on climate and marine ecosystems.

Despite the improved resolution of NeurOST, it does not yet resolve submesoscale eddies, smoothing
scales below O(100km) (Table S4). Hence, the strength of the upscale cascade is likely still underestimated
(Figure S7), and the potential presence of a downscale cascade at submesoscales cannot be quantified. The
recently launched Surface Water and Ocean Topography (SWOT) satellite, the first wide-swath altimeter

[Morrow et al., 2019; Fu et al., 2024], provides unprecedented 2D submesoscale-resolving SSH snapshots
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that could help characterize the KE cascade at submesoscales [Klein et al., 2019; Carli et al., 2023]. How-
ever, SWOT observations present new challenges for inferring currents from SSH due to the presence of
unbalanced submesoscale SSH variability and the mismatch between fast-evolving submesoscale dynamics
and SWOT’s long return times [Gaultier et al., 2016; Torres et al., 2018]. Deep learning methods to address
these issues are under development and show promise [Febvre et al., 2022; Wang et al., 2022a; Gao et al.,
2024]. As satellite oceanography enters a new submesoscale-resolving era [Morrow et al., 2019; Fu et al.,
2024], further development of deep learning methods will be crucial to best monitor surface currents and

other essential climate variables, like SST [Goh et al., 2023; Agabin et al., 2024].
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Figure 2.1: Schematic of NeurOST SSH-SST method for mapping SSH from satellite altimetry and SST.
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Figure 2.2: (a) RMSE of NeurOST SSH-SST compared to withheld altimeter. (b) Smallest resolved wave-
lengths (effective resolution) of NeurOST SSH-SST. (c) Change in RMSE of NeurOST SSH-SST compared
to DUACS. (d) Change in effective resolution of NeurOST SSH-SST compared to DUACS. (e) Change
in RMSE of small-scale (70-250km) signals of NeurOST SSH-SST compared to DUACS. (f) Change in
RMSE of small-scale signals of NeurOST SSH-SST compared to NeurOST SSH. Blue colors indicate a
relative decrease in error in panels c-f.
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Figure 2.3: (a) Surface geostrophic current speed on March 1st 2019 derived from SSH maps made using
NeurOST SSH-SST. (b) Relative vorticity from NeurOST SSH-SST. (c¢) Relative vorticity from DUACS.
(d) Zoomed insets of Okubo-Weiss quantity for DUACS and NeurOST SSH-SST.
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geostrophic currents and (b) vorticity. Snapshots of (c, d) vorticity and (e, f) strain from Subtropical North
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Figure 2.5: (a) Enstrophy time-series in the Subtropical North Pacific for NeurOST SSH-SST and DUACS.
(b) KE spectra from NeurOST SSH-SST split by season. (c) Time-series of coarse- and fine-scale KE (above
and below 125km coarse-graining scale respectively) from NeurOST SSH-SST (red) and DUACS (grey).
(d) KE cascade from NeurOST SSH-SST maps for the seasons of maximum (Spring) and minimum (Au-
tumn) upscale cascade (solid line: mean, shading: standard deviation). Dashed lines are the mean cascades
from DUACS. (e) Change in coarse-scale KE (K E.) from the winter-time minimum to the summer-time
maximum compared to the diagnosed contributions of the KE cascade (— [ IId¢), and the spatial transport
of coarse-scale KE (— f V - Jdt) from NeurOST SSH-SST (red) and DUACS (grey) (S.I. S1.12).
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Appendix A
Supporting Information for Chapter 2

Al Extended Methods

Al.1 Sea surface height and surface geostrophic currents

At large temporal and spatial scales, ocean currents are approximately in geostrophic balance [Vallis, 2017],
meaning that currents arrange themselves such that the horizontal pressure gradient force is balanced by the
Coriolis force. Surface pressure in the ocean can be directly related to sea surface height anomaly (SSH),
allowing surface current velocity to be estimated from satellite altimeter observations of SSH. The surface

currents are proportional to the spatial gradients of the SSH field

_ 9 (_9n 9
(ug,vg) = ? < a9y’ 8:6) , (A.1)

where u, and v, are the Eastward and Northward geostrophic surface currents respectively, g is the accel-
eration due to gravity, 7 is the SSH, f is the local Coriolis frequency, and = and y are zonal and meridional
coordinates respectively. This relation breaks down near the Equator where f approaches zero, so we do not
calculate surface geostrophic currents within the equatorial band (5°S to 5°N).

Geostrophy breaks down at smaller scales where the impact of non-linear advection becomes significant,
and does not account for wind-induced Ekman currents. Empirical corrections can be made to geostrophy at
the Equator [Lagerloef et al., 1999a], to estimate Ekman currents [Rio et al., 2014], and to include the effect

of non-linear advection through cyclo-geostrophic balance [Penven et al., 2014; Cao et al., 2023]. Ekman
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currents and equatorial dynamics are not the focus of this study, but since cyclo-geostrophy is pertinent
for mesoscale eddies we do assess the sensitivity of our results to correcting for this component using the
iterative method proposed in Penven et al. [2014]. The cyclo-geostrophic correction leads to a marginally
improved surface current RMSE when evaluated using drifters compared to conventional geostrophy but
the change is typically well below 10%, highlighting the relatively small impact of this correction at the
scales resolved here (S.I. Figure A.9). Further, we find that the KE cascade diagnosed from both NeurOST
and GLORYS changes very little when the cyclo-geostrophic correction is applied (S.I. Figure A.7). The
near-perfect agreement between the GLORYS cyclo-geostrophic KE cascade and that from the GLORYS
15m currents highlights the pertinence of this empirical correction, but the small correction to the currents

highlights that they are to leading order geostrophic.

Al.2 Satellite datasets

The along-track SSH observations used in this study are those processed by the Data Unification and Al-
timeter Combination System (DUACS) and distributed by the Copernicus Marine Environmental Service
(CMEMS) [E.U. Copernicus Marine Service Information (CMEMS), 2024c,b]. Specifically, we use the
unfiltered, Level 3 sea level anomaly observations. At Level 3, the observations have been corrected for
atmospheric effects, the barotropic tide has been removed, and the data has been adjusted to ensure consis-
tency between the different altimeter missions.

We use the Multi-scale Ultra-high Resolution (MUR) SST analysis product to provide a gridded estimate
of SST as an additional predictor variable in the mapping of SSH that combines observations from a wide
range of satellite infrared and microwave radiometer observations [JPL. MUR MEaSUREs Project, 2015;
Chin et al., 2017]. While this product is distributed on a 1/100th degree grid, the spatial scales resolved vary

in space and time due to satellite sampling and cloud cover.

A1.3 Formulating SSH interpolation as a self-supervised deep learning problem

After appropriate data pre-processing, SSH interpolation can be viewed as a video in-painting problem with
an extremely high missing pixel rate (~ 90%) [Manucharyan et al., 2021; Martin et al., 2023; Fablet et al.,

2021a]. We first extract satellite altimeter SSH observations in some restricted spatiotemporal subdomain
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within which we seek to estimate the full SSH field. This subdomain is discretized into a regular grid in
space and time onto which the observations are bin-averaged; empty voxels are padded with zeroes. This
data can now be considered as a heavily-masked video, and our objective is to predict the corresponding full,
unmasked video using a deep learning neural network. The objective minimized during training is the mean
squared error (MSE) between the prediction and the ground-truth. When training on real-world altimetry
observations, there is no full unmasked ground-truth dataset to use during training. We overcome this by
randomly withholding some of the altimetry observations from the input and calculating the MSE only at the
locations of these withheld observations [Martin et al., 2023]. Alternative loss functions and regularization
terms (e.g. the along-track derivative regularizations used in Martin et al. [2023] and explored further in
Archambault et al. [2024b] or along-track spectral regularizations) may yield further mapping improvements
in future studies but we restrict ourselves to MSE here due to the computational expense of iterating on loss
function choice for global mapping. Co-located estimates of gridded SST are used as an extra predictor
variable by averaging them onto the same local grid and presenting this (unmasked) video as an additional
input to the neural network. The dimensions of the local grid on which we map SSH were chosen to be
128x128 in the spatial domain with 7.5km grid resolution (latitude, longitude coordinates are first projected
onto a local orthonormal grid to avoid distortion), and 30 frames in the temporal domain with 1 day grid
resolution. Rationalization and validation of these choices is given in our previous study [Martin et al.,
2023]. To train our network, we generated a training dataset of 1 million local subdomains centred on
random points in space and time throughout the Global Ocean. The data are split in the temporal domain
to ensure well-separated training, validation, and testing datasets, with 2019 being withheld for testing, and
the remaining years from 2010-2022 split into non-overlapping training and validation periods (S.I. Figure

A.8).

The mapping errors grow away from the centre of the local spatiotemporal grid due the omission of
observations outside the local subdomain, therefore to produce the optimal reconstruction we use only the
middle day of the predicted time-series during inference and points close to the edge of the subdomain are
given low weight in our algorithm for merging subdomain reconstructions to produce a global SSH estimate

(S.I. Section A1.5).
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Al1.4 Deep learning neural network architecture

After formulating SSH interpolation as discussed above, we are to free to use any sequence-to-sequence
video prediction model from the extensive computer vision literature. To ensure we employed a state-
of-the-art architecture, we chose the top-performing architecture on the Moving MNIST video prediction
benchmark [Srivastava et al., 2015] at the time of our study, SimVP [Gao et al., 2022; Tan et al., 2022].
SimVP is built up of three modules: a spatial encoder that learns to encode each frame of the input indepen-
dently in some lower-dimensional latent space, a temporal translator that learns both spatial and temporal
dependencies from the latent space, and a spatial decoder that decodes the latent space into the predicted
video frames. Unlike widely-used recurrent architectures, such as ConvLSTM [Shi et al., 2015], SimVP
uses convolutional neural networks (CNNs) for all three modules. Our architecture is as described in Tan
et al. [Tan et al., 2022], where the temporal translator module is a gated spatio-temporal attention trans-
lator, which uses large convolutional kernels to imitate the attention mechanism allowing the translator to
adaptively select informative features from the latent space. Compared with Tan et al., we removed the
skip connection from the first layer of the spatial encoder to the final layer of the spatial decoder since the
extreme sparsity of the input SSH frames led to the appearance of artifacts in the output coinciding with
the input altimeter tracks. To synthesize SSH and SST, we use a separate spatial encoder for each variable
before concatenating the encoded SSH and SST in the channel dimension and passing this to the temporal
translator. Except for the temporal translator, the architecture used here is similar to the ConvLSTM-based
architecture used in our earlier regional SSH mapping study [Martin et al., 2023]. During early testing we
found SimVP to outperform ConvLSTM in global SSH reconstruction, which requires a more expressive
architecture due to the diverse range of dynamical regimes, and its performance (when trained on global
data) is comparable to our previously published values for ConvLSTM in the Gulf Stream despite the latter
being trained exclusively on this region (S.I. Table A.2). Each network was trained for 50 epochs using
the OneCycle learning rate scheduling policy, the Adam optimizer, and with drop-out and drop-path proba-
bilities of 0.2 and 0.15 respectively which were selected after performing hyper-parameter optimization on
10% of the training data. Each training on the global training dataset took 7 days on a single node with four

Nvidia V100 GPUs.
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Al1l.5 Merging subdomain reconstructions to create global SSH product

Our neural network predicts gridded SSH on subdomains of size 960x960km. To produce a global gridded
SSH estimate we use the trained network to predict SSH on 5615 subdomains with centres chosen to be
approximately equally spaced by a distance of 250km throughout the Global Ocean. There is therefore sub-
stantial overlap between neighbouring subdomains. To merge the subdomain reconstructions into a single
global SSH estimate we use the kernel-weighted averaging method described in Appendix A of Callaham

et al. [Callaham et al., 2019] and outlined below.

The global 2D SSH estimate, X, defined on a regular 1/10th degree grid, is computed from the % subdo-

main estimates through

k
=S 0,0%, (A2)
=1

where ®; is a normalized weighting kernel for each subdomain, X; are the subdomain SSH estimates, and ®
denotes the Hadamard (i.e. element-wise) product between two matrices. Note that each X; and ®; are filled
with zeroes at all points covered by land or sea ice and at points lying outside the subdomain. All matrices
were first regridded to the regular 1/10th degree grid from the original, irregular subdomain grid using bi-
linear interpolation. Each weighting kernel is taken to be a Gaussian centered on the the corresponding

subdomain

1 —1y)?
@i (1) = 7 4 O <|rL2r|) : (A.3)

where r is the position of the point being estimated, r; is the position of the subdomain center, L is the

characteristic width of the Gaussian kernel, and N (r) is a normalization factor chosen such that
N(@)=> (r). (A4)

The mapping errors in the subdomain reconstructions are expected to increase away from the center of
the subdomain due to the omission of observations outside the subdomain in the mapping. Thus, for min-
imizing the error of the global estimate maximizing the number of subdomains is desirable. The choice to
space the subdomains by 250km was made as the minimum spacing our computing resources would reason-

ably permit (merging the subdomain reconstructions for a single day takes ~ 3 minutes per CPU worker at
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this spacing). Given this subdomain spacing, the value of L was tuned so as to minimize the mapping error
for the global estimate. We found the errors to be only weakly dependent on kernel width for widths within
reasonable bounds, the results presented in the manuscript were obtained using L = 250km. All first- and
second-order spatial derivatives of the SSH field were computed first on the orthonormal subdomain grid
using smooth noise-robust differentiator kernels (discussed in Arbic et al. [2012]) before being merged using
the above algorithm to avoid the appearance of high-frequency numerical artifacts [Martin et al., 2023] (a

similar result can be obtained by a simple low-pass filtering of the mapped SSH).

A1.6 Regional fine-tuning experiment

In S.I. Table A.2 we show that NeurOST SSH-SST trained on global observations can be fine-tuned for re-
gional applications to bring its performance closer to that of state-of-the-art regional schemes [Febvre et al.,
2024b; Martin et al., 2023]. The global model was trained on 1 million training examples drawn randomly
from the Global Ocean. During fine-tuning we started training from the converged global model using the
Adam optimizer with a fixed learning rate parameter of 10~ on a smaller training set of 100,000 examples
drawn randomly from the Gulf Stream (as in our previous study [Martin et al., 2023]) and continued train-
ing until the validation loss stopped improving. This fine-tuning took 12 hours on a single node with four
Nvidia V100 GPUs. The results presented in the rest of the study use only the global trained model to limit
the computational resources of the method, but in future an ensemble of bespoke regional models could be
fine-tuned to further optimize the SSH mapping in each region if these maps were produced operationally
by a data centre. Since previous studies used a different test year, 2017, in the Gulf Stream [Ballarotta et al.,
2021], we swapped 2017 and 2019 in our training-validation-testing split (S.I. Figure A.8) to ensure 2017
was withheld during training and cross-validation (both the global and regional training were done with this

updated split).

A1.7 SSH map evaluation and inter-comparison OSE

To evaluate the accuracy and resolution of the SSH signals resolved by different mapping methods, we
employ an ‘observing system experiment’ (OSE) in which each method is used to generate global gridded

SSH estimates using all but one of the available satellite altimeters which is then used as an independent
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validation of the mapped signal. Since the existing operational SSH products are only distributed using all
available altimeters, performing an OSE would typically involve re-implementation of all existing methods,
which would be challenging in the case of SSH mapping since the covariance parameters used to create the
community-standard DUACS product are not publicly-available. To address this, in recent years a series of
‘Ocean Data Challenges’ have been developed [Metref et al., 2023]. In each challenge a common mapping
OSE problem is defined, developers of different methods implement their method and post their results,

allowing a transparent performance benchmark.

To evaluate our global product, we use the recently-created global OSE challenge: ‘2023a_SSH_mapping_OSE’
[Metref and Ballarotta, 2023]. In this challenge, each method is used to create 1 year (2019) of global grid-
ded SSH estimates using SSH observations from the satellites Jason 3, Sentinel 3A, Sentinel 3B, Haiyang-
2A, Haiyang-2B, and Cryosat-2, while observations from the satellite Saral/Altika are withheld for valida-
tion. While the validation observations only sample the maps along 1D tracks, aggregating over a full year

allows robust, geographically-varying error statistics to be found.

We present three SSH error metrics using the withheld altimeter, each averaged over the full year and
binned into 1° bins: the root-mean-square error (RMSE) between the mapped and observed signals, the
RMSE after applying a 70-250km along-track band-pass spatial filter to both the observed and mapped sig-
nals along the satellite tracks to highlight the maps’ ability to map small mesoscale eddies, and the effective
spatial resolution of the mapped signal. The effective resolution is found by taking along-track segments
of the withheld altimeter observations along with the mapped values at these locations and calculating the
signal-to-noise ratio as a function of wavelength by dividing the power spectral density of the mapping er-
rors by that of the observations. Concretely, the ‘effective spatial resolution’ is taken to be the wavelength at
which the signal-to-noise ratio between the observed and mapped signals drops below 0.5 [Ballarotta et al.,

2019].

To evaluate the surface currents inferred from each SSH map, surface drifter observations from the
CMEMS global in-situ water velocity product [Copernicus Marine in situ TAC, 2024] are used. Surface
drifter observations are not used in the generation of any of the surface current maps presented here, so they
are an independent validation dataset. We present geographically averaged velocity RMSE values for each

method.
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At the time of writing, three other SSH mapping methods have been implemented world-wide and all
are available in the data challenge for evaluation: DUACS [Le Traon et al., 1998; Taburet et al., 2019],
MIOST (geostrophic) [Ubelmann et al., 2021], and MIOST (geostrophic + equatorial waves) [Ballarotta
et al., 2023]. DUACS is the community-standard gridded SSH product that is distributed operationally by
CMEMS. The DUACS system uses a linear optimal interpolation (OI) formulation [Bretherton et al., 1976],
in which an a priori model is prescribed for how SSH covaries in space and in time, then the missing values

are estimated using the best linear least-squares estimator. The assumed covariance, C, is

42
C(r,t) = <1 +ar + é (ar)? — % (ar)3> exp (—ar) exp <Tt2> , (A.5)

where ¢ is the temporal separation of the observation and mapped point under consideration, 7" is a prescribed

de-correlation time-scale, a = 3.337, and

B dx — Cpyt 2 dy — Cpyt 2
r_\/< L, ) +< L, ) o

where L, and L, are prescribed de-correlation length-scales in the zonal and meridional directions, dz and

dy are respectively the zonal and meridional separation of the observation and mapped point under consid-
eration, and Cp, and C,, are prescribed propagation velocities. The de-correlation scales and propagation
velocities are allowed to vary with geographical location and the values used are not publicly available but
have been tuned over many years to best map mesoscale ocean features globally. The MIOST mapping
method extends the linear mapping framework, using a wavelet decomposition to allow the construction
of multiple independent components of the assumed covariance model [Ubelmann et al., 2022; Ballarotta
et al., 2023]. MIOST (geostrophic) uses a single component in the covariance model intended to represent
the geostrophically balanced component of SSH evolution, while MIOST (geostrophy + equatorial waves)
adds an additional component to model the propagation of tropical instability waves and Poincare waves

near the equator.
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A1l.8 Season definitions

Wherever results are split by season in this study we define those seasons in the Northern (Southern) Hemi-
sphere: winter is January-March (July-September), spring is April-June (October-December), summer is

July-September (January-March), and autumn is October-December (April-June).

A1.9 Eddy Kkinetic energy

The kinetic energy, KE, per unit volume of the surface currents is calculated from the surface geostrophic
current maps
_ Po

KE = - (ug +vg) (A7)

where pg is a reference density taken to be 1025 kg m~3. The eddy kinetic energy, EKE, is defined as the
time-varying component of the KE

EKE = KE — KE, (A.8)

where KE is the time mean of the KE.
To highlight the difference in small-scale EKE between the maps we also calculate the EKE of the

surface currents after the application of a 250km high-pass filter.

A1.10 Relative vorticity, strain rate, and Okubo-Weiss quantity

While first order spatial derivatives of SSH give the velocity of the geostrophic currents, second order spatial
derivatives quantify the deformation and rotation induced by the flow. The relative vorticity, w, describes
the local rotation of the fluid (that is, how a patch of tracers would tend to rotate if placed at a point within
the flow)

_ Ovy Ouy

Yy _GUg _ 92
w= O By fvhn, (A9)

where V% is the horizontal Laplacian.

Meanwhile, the strain rate, s, defines the deformation of fluid elements by the flow (that is, how a patch

of tracers would change shape due to the flow)

s=1/s2+ 2 (A.10)
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where s,, is the normal component of the strain

Oug Oy g 0°n
=9 T8 _ 97 , A1l
s ox Oy f 0xdy ( )
and s; is the shear component
oo O Oug g (0P 0% (A.12)
0x Oy f\ox2 oy?)’ '

A high strain rate is associated with the stretching of patches of fluid, is common in the areas between
eddies, and is associated with the generation of submesoscale filaments through frontogenesis [Hoskins,
1982] and strong transfer of kinetic energy between scales [Aluie et al., 2018]. Whereas strong relative
vorticity (either positive or negative) is associated with coherent, persistent eddies and is typical in the cores
of eddies.

The relative importance of relative vorticity and strain rate at each point in the fluid can be described

using the Okubo-Weiss quantity [Okubo, 1970; Weiss, 1991],

W= s —w?, (A.13)

which is positive when strain dominates and negative when relative vorticity dominates (Figure 3 in main
text).

Note, DUACS vorticity/strain fields appear ‘grainy’ in comparison to NeurOST (e.g. in Fig. 3) due
to DUACS having a coarser grid resolution. One could first linearly interpolate the DUACS data to a
higher resolution grid before estimating vorticity and strain to reduce this, but we have verified that this has

negligible impact on the accuracy and spectral characteristics of the vorticity (Fig. S11).

Al.11 Eddy Dynamics Evaluation OSSE

As described in the main text, we use the GLORYS reanalysis product to implement an OSSE to evalu-
ate the realism of eddy dynamics by generating synthetic altimetry observations from the reanalysis and

inputting them to NeurOST. To ensure consistency with our OSE, we use 2019 as the test year and sam-
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ple the GLORYS SSH along the locations of the 2019 altimeter tracks, applying regionally-varying white
noise consistent with that described in the user guide for the along-track SSH observations [E.U. Copernicus
Marine Service Information (CMEMS), 2024c¢,b].

The metrics we use to evaluate the realism of the mapped surface currents and vorticity normalized skill
scores that give the fraction of variance explained.

For surface currents this skill is defined as

MSE (u,) + MSE (v,)

kill =1 —
o Var (ug) + Var (vg)

, (A.14)

where MSE is mean squared error and Var is the variance. Similarly for relative vorticity, (g, this is defined

as
MSE ({y)

skill =1 — .
Var ((4)

(A.15)

A1.12 KE cascade: diagnosing energy transfer between scales

Energy transfers between flows of different length-scales, a characteristic property of turbulent flows, can
be diagnosed using a coarse-graining analysis [Aluie et al., 2018]. By applying convolutions to the Navier-
Stokes equation and neglecting small contributions from molecular viscosity, a kinetic energy (KE) budget

for the coarse-grained flow (i.e. the velocity after convolution with a smoothing filter) is obtained [Aluie

et al., 2018]

o . |2 e

5 p0|‘12{| =V - JPN T 4 g W+ poF ", (A.16)
where = represents convolution with a filter with scale diameter I, J;"*P*" is the spatial transport of large-

scale KE (as defined in Aluie et al. [2018]), pg is a reference density (here taken to be 1025kgm_3), II; is
the transfer of energy between scales by non-linear eddy interactions defined below, g is the acceleration
due to gravity, and Flzordng is any external forcing at scales above [ (e.g. by winds). The third term on the
right represents the conversion of potential energy into kinetic energy.

The existence of an upscale (or ‘inverse’) cascade of KE is a characteristic property of geophysical tur-
bulence [Vallis, 2017] that is hypothesized to play a role in setting the seasonality of mesoscale ocean eddies

[Sasaki et al., 2014; Qiu et al., 2014]. We therefore here diagnose the transfer of KE between scales, I1;,
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from surface geostrophic current maps to assess its magnitude and sign at different spatial scales, implicitly
neglecting energy associated with vertical velocities (which are small at the scales considered here). We
don’t seek to close the energy budget in Equation A.16 as this would require precise determination of the
potential energy conversion and external forcing at the same resolution as the surface geostrophic current

maps.

The KE cascade, 1I;, is caused by non-linear interactions between eddies and is characterized by the

interplay between the large-scale strain tensor, S;, and the subfilter-scale stress, 7;, through [Aluie et al.,

2018]
I, = —poSi;Tji, (A.17)
where
_ 1 B
Sij = 5 (0 + 05wi) (A.18)
Tij = Uil — UiUy, (A.19)

repeated indices are summed over, and the subscript [ in the coarse-graining operation has been dropped
when using index notation to avoid confusion between the coarse-graining length scale and a spatial index.
The cascade term, II;, represents the energy transfer from scales larger than [ to smaller scales due to non-
linear eddy interactions, so II; is positive (negative), energy is transferred from scales larger (smaller) than [
to smaller (larger) scales representing a downscale (upscale) cascade. Scrutiny of Equation A.17 highlights
the sensitivity of the KE cascade to the strain rate, and hence to eddy geometry.

We use an open-source code, FlowSieve [Storer and Aluie, 2023], to coarse-grain the surface geostrophic
current maps at a range of scales, [, and diagnose II; and J Eramport. While this coarse-graining can be done on
global surface current fields accounting for the spherical geometry of the Earth’s surface [Storer and Aluie,
2023], we here restrict our attention to a selection of open ocean regions (defined in S.I. Table A.1). This
prevents the need to prescribe boundary conditions at coastlines and significantly reduces the computational
requirements of the analysis. All velocities are first projected onto a local ortho-normal grid with a grid
spacing 10km and side length of 2560km. We perform coarse-graining on this grid and diagnose II; and

J Eramport as a function of [ and time at each grid point, before taking a spatial average of both quantities
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over a smaller box in the centre of the domain with side length 1280km. The smoothing filter used in the

coarse-graining is a smoothed top-hat, as used in previous studies [Storer et al., 2022]

Gy(r) = g <1 — tanh [10 <l‘/r‘2 - 1>D : (A.20)

where A is a normalization calculated numerically to ensure (5; integrates to unity and r is the separation
between the evaluation point and the center of the convolutional kernel. The coarse-grained fields, f;(x),

are then defined as

f1(x) =G+ f, (A.21)

where * is a two-dimensional convolution.

There is no direct correspondence between the filter scales, /, used in coarse-graining and wavelengths
in a Fourier analysis (e.g. the KE spectra in Figure 5 in the Main Text). To aid interpretation of the coarse-
graining results in comparison to the spectral analysis we used to evaluate the effective resolution of each
SSH map, we empirically calculate associated effective coarse-graining scales for each SSH map (method
described below).

When assessing the ability of the KE cascade to drive the summer-time peak in large-scale KE, we
compare the change in large-scale KE from its winter minimum to its summer maximum to the time integrals
of (=II;) and (—=V - J ;rampon) over the same time period. This analysis neglects sources/sinks of energy at
larger scales, energy lost from surface currents due to eddy barotropization, and conversion of potential
energy to KE but in this study we don’t seek to close the large-scale KE budget, merely to demonstrate
that the diagnosed II; is greatly changed between maps and that its strength becomes large enough to be a
significant contributor to the change in large-scale KE.

During testing we also tried estimating KE cascades using the Fourier method used in Scott and Wang

[2005] but found negligible differences to the results obtained using coarse-graining.

A1.13 KE Wavenumber Spectrum Calculation

To calculate the KE wavenumber spectra in Figure 5 of the main text we calculated 2D KE wave-number

spectra on a local, ortho-normal grid and azimuthally averaged to collapse the meridional and zonal dimen-
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sions into a single wavenumber.

A2 Effective coarse-graining scale of SSH maps

To aid interpretation of the effective resolution metric [Ballarotta et al., 2019], we also provide a correspond-
ing ‘effective coarse-graining scale’. This metric can be interpreted as the coarse-graining scale that best
represents the smoothing induced by the SSH mapping algorithm and is useful when considering our KE
cascade results which were obtained using coarse-graining.

The effective coarse-graining scale is obtained by positing that the mapped signal can reasonably be
approximated as a coarsened version of the true signal where a smoothing kernel has been convolved with
the observations.

For a mapped along-track signal x, and an observed signal y, the effective resolution is defined [Ballarotta

et al., 2019] as the wavelength where the function, f, crosses 0.5, where

5 (A.22)

where * represents complex conjugation, a "hat" is the Fourier transform, and % is the along-track wavenum-
ber.
We suppose that the mapped signal, x, can be approximated as the convolution of y with a smoothing

kernel, (G;, with corresponding spatial scale, [,
r=Gpxy. (A.23)

Using the convolution theorem and plugging this definition of x into Equation A.22 yields an expression

for f in terms of the smoothing kernel
fk) =G+ G -G/ G (A.24)

For any given kernel, Gy, its Fourier transform, and hence f(k), depends only on the coarse-graining

scale, . Thus for each map and region we fit the function in Equation A.24 to the data for f(k) for different
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coarse-graining kernels, (7, to find corresponding coarse-graining scales, [. We refer to the resulting scale
as the ‘effective coarse-graining scale’ of the SSH map for each kernel.
In S.I. Table A.4, we compare the effective resolution to the effective coarse-graining scales for a Gaus-

sian kernel

sian 1 z - ’
Gg}aus; a (ZE _ 1‘,) — T on exp <_’2l2> , (A.25)

and the smooth top-hat kernel

) o
Grlowsieve (5 _ 4y = g <1 — tanh [10 <’w1/; _ 1)}) : (A.26)

used in FlowSieve [Storer and Aluie, 2023] that we used to diagnose the energy transfer between scales,

where |x — 2’| is the distance between the analysis point and the kernel center and A is a normalization
factor computed numerically. Note that for GfIOWSieVC the Fourier transform becomes oscillatory at high
wavenumbers, we therefore set all values of the fitted f (k) to zero at wavenumbers past the first zero crossing
to ensure we only fit the physically meaningful part of the curve to the data.

Movie S1. Movie of relative vorticity in the Subtropical North Pacific (150-160°W, 20-30°N) from Neu-
rOST SSH-SST, DUACS, and GLORYS.

Movie S2. Movie of relative vorticity in the Subtropical North Pacific (150-160°W, 20-30°N) from the

NeurOST reconstruction of GLORYS and from GLORYS.
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Region Mapping Method RMSE [cm] RMSE (70-250km) [cm]  Eff. Res. [km]

DUACS 5.66 2.44 126
Gulf Stream MIOST (geos) 5.61 2.41 120
(295-305°E, NeurOST SSH 5.33 2.29 114
33-43°N) NeurOST SSH-SST 5.01 2.19 107
GLORYS 12.47 5.25 236.5
DUACS 4.15 1.33 133
N Atlantic MIOST (geos + waves) 3.86 1.25 129
(322-338°E, NeurOST SSH 3.85 1.19 121
39-51°N) NeurOST SSH-SST 3.78 1.12 116
GLORYS 6.45 2.31 201
DUACS 4.24 1.02 150
S MIOST (geos + waves) 3.97 0.97 128
?ng};"?}dﬁfﬁ NeurOST SSH 3.95 0.98 112
(-19°E. 31-44°N) NeurOST SSH-SST 3.90 0.94 112
GLORYS 6.25 1.94 220
DUACS 5.03 2.00 163
Kuroshio MIOST (geos + waves) 4.68 1.80 150
(153-167°E, NeurOST SSH 4.52 1.69 138
29-41°N) NeurOST SSH-SST 4.34 1.57 128
GLORYS 8.50 3.14 219
. DUACS 3.79 1.47 197
ISDub.tgoplcdl N MIOST (geos + waves) 3.70 1.39 185
]i‘glwcw NeurOST SSH 351 1.29 171
(|9 3-|°N ) NeurOST SSH-SST 3.42 1.22 156
SN GLORYS 5.62 1.89 246
DUACS 3.30 1.11 490
Equatorial Pacific MIOST (geos + waves) 3.21 1.10 445
(175-250°E, NeurOST SSH 3.21 1.10 456
10°S-10°N) NeurOST SSH-SST 3.19 1.09 448
GLORYS 4.17 1.12 499
DUACS 4.55 1.74 121
. . MIOST (geos) 4.45 1.74 118
Egjz;;slvéag‘?:ss NeurOST SSH 438 1.67 113
(305-325°E. 40-35°S) " NeurOST SSH-SST 4.09 147 103
GLORYS 11.28 4.16 248
DUACS 6.09 2.55 144
MIOST (geos + waves) 6.05 2.52 141
’?f‘;l)?gsﬁ i NeurOST SSH 578 235 127
(10-30°E, 35-45°5) NeurOST SSH-SST 5.54 2.19 118
GLORYS 12.01 4.97 254
DUACS 3.25 1.11 186
Subtropical S MIOST (geos + waves) 3.10 1.06 174
Pacific NeurOST SSH 3.05 0.99 162
(194-206°E, 19-31°S) NeurOST SSH-SST 2.97 0.93 148
GLORYS 4.87 1.40 224
DUACS 4.49 1.60 115
MIOST (geos + waves) 4.44 1.62 110
lz;slzz 01: B NeurOST SSH 427 1.53 108
(290300°E, 33-65°5) NeurOST SSH-SST 4.14 1.44 97
GLORYS 8.68 3.46 230

Table A.1: RMSE, filtered RMSE (signals between 70-250km), and effective resolution of the existing
global SSH products compared to our deep learning method with and without SST in a selection of regions
[Metref and Ballarotta, 2023]. We show only the variant of the MIOST method that gives the best RMSE in
each region. Bold values indicate the best-performing method on each metric.
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Region Mapping Method RMSE [cm] RMSE (70-250km) [cm]  Eff. Res. [km]
DUACS 7.50 (5.66) 3.48 (2.44) 159 (126)
Gulf Stream NeurOST SSH-SST ~ 5.58 (5.01) 2.39 (2.19) 115 (107)
. DUACS 4.64 (4.15) 1.64 (1.33) 153 (133)
N Adlantic NeurOST SSH-SST ~ 3.92 (3.78) 123 (1.12) 122 (116)
Mediterrancan DUACS 4.49 (4.24) 1.27 (1.02) 250 (150)
NeurOST SSH-SST ~ 4.01 (3.90) 1.06 (0.94) 144 (112)
Kuroshio DUACS 6.16 (5.03) 2.65 (2.00) 197 (163)
uros NeurOST SSH-SST ~ 4.65 (4.34) 1.77 (1.57) 139 (128)
Subtropical N DUACS 421 (3.79) 1.74 (1.47) 227 (197)
Pacific NeurOST SSH-SST ~ 3.54 (3.42) 131 (1.22) 169 (156)
o DUACS 3.40 (3.30) 1.14 (1.11) 566 (490)
Equatorial Pacific 1\ g1 SSH-SST 325 (3.19) 1.10 (1.09) 472 (448)
o o DUACS 5.98 (4.55) 2.55 (1.74) 152 (121)
Brazil-Malvinas 1\ ST SSH-SST ~ 4.50 (4.09) 1.74 (1.47) 110 (103)
Aoulhas DUACS 7.85 (6.09) 3.53 (2.55) 176 (144)
g NeurOST SSH-SST  6.05 (5.54) 2.50 (2.19) 128 (118)
Subtropical S DUACS 3.51(3.25) 1.27 (1.11) 206 (186)
Pacific NeurOST SSH-SST ~ 3.03 (2.97) 0.97 (0.93) 155 (148)
Drake Pass: DUACS 4.98 (4.49) 1.96 (1.60) 131 (115)
AKE FASSABE  NeurOST SSH-SST ~ 4.31 (4.14) 1.56 (1.44) 108 (97)

Table A.2: Evaluation of DUACS and NeurOST SSH-SST maps generated using the stable constellation of
2 satellite altimeters operational since 1993 and used in climate studies. The metrics are as in Table SA.1.
Bold values indicate the best performing method on each metric. Numbers in brackets give metrics for the
6 altimeter constellation (as in Table SA.1).

Mapping Method RMSE [cm] Effective Resolution [km]
DUACS (Taburet et al., 2019) 7.82 152
MIOST (geos) (Ubelmann et al., 2021) 6.93 140
DYMOST (Ubelmann et al., 2015) 6.75 129
BFN-QG (Le Guillou et al., 2021) 7.69 122
4DVarNet SSH (2022) (Beauchamp et al., 2022) 6.63 110
4DVarNet SSH (2023) (Febvre et al., 2024) 6.00 100
MUSTI (Archambault et al., 2023) 6.40 115
ConvLSTM SSH (Martin et al., 2023) 6.46 114
ConvLSTM SSH-SST (Martin et al., 2023) 6.00 100
NeurOST SSH-SST (global) 6.18 114
NeurOST SSH-SST (fine-tuned) 6.04 108

Table A.3: RMSE and effective resolution of published SSH mapping methods in the Gulf Stream [Bal-
larotta et al., 2021]. Bold values indicate the best-performing method on each metric. Note that the results
for ConvLSTM shown here differ from those published in our previous work [Martin et al., 2023] as the
maps used here were created by merging multiple patch reconstructions together (as described in Text S1),
however, the network and weights used are the same as in our previous study.
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Region Mapping Method Eff. Res. [km] Eff. Scale (GIG"‘““”") [km] Eff. Scale (G;:]"WSie"e) [km]
DUACS 126 313 90.5
. MIOST (geos) 120 29.5 84.6
Gulf Stream NeurOST SSH 114 28.1 79.5
NeurOST SSH-SST 107 26.5 76.7
DUACS 133 334 95.7
_ MIOST (geos + waves) 129 31.8 92.2
N Adantic NeurOST SSH 121 30.1 86.1
NeurOST SSH-SST 116 28.5 83.0
DUACS 150 32.7 -
s MIOST (geos + waves) 128 28.3 -
Mediterranean NeurOST SSH 12 309 -
NeurOST SSH-SST 112 30.9 -
DUACS 163 40.1 115.7
Kuroshio MIOST (geos + waves) 150 36.6 104.9
NeurOST SSH 138 343 99.8
NeurOST SSH-SST 128 31.8 92.4
DUACS 197 459 1323
Subtropical N MIOST (geos + waves) 185 42.8 120.5
Pacific NeurOST SSH 171 394 109.4
NeurOST SSH-SST 156 36.1 103.8
DUACS 490 108.1 -
FUTRTTR MIOST (geos + waves) 445 104.2 -
Equatorial Pacific "o 10T ssH 456 1033 -
NeurOST SSH-SST 448 101.6 -
DUACS 121 29.8 85.1
. . MIOST (geos) 118 29.3 84.3
Brazil-Malvinas NeurOST SSH 113 28.0 79.6
NeurOST SSH-SST 103 25.7 73.5
DUACS 144 36.4 104.3
MIOST (geos + waves) 141 35.0 102.3
Agulhas NeurOST SSH 127 314 91.7
NeurOST SSH-SST 118 29.2 84.9
DUACS 186 45.8 1325
Subtropical S MIOST (geos + waves) 174 427 120.7
Pacific NeurOST SSH 162 39.2 109.7
NeurOST SSH-SST 148 35.7 103.4
DUACS 115 28.8 80.8
MIOST (geos + waves) 110 275 78.0
Drake Passage NeurOST SSH 108 27.2 777
NeurOST SSH-SST 97 25.4 72.7

Table A.4: Effective resolution and effective coarse-graining scales for both a standard Gaussian kernel,
GlGa“SSian, and the smooth top-hat kernel used in FlowSieve, GflOWSieve, as defined in Methods. Bold values
indicate best performing method on each metric. Effective coarse-graining scales for Gfl"WSieve are not given
for the Mediterranean and the Equatorial Pacific since this kernel did not provide a good fit for the observed
signal-to-noise ratio (Text S2) in these regions.
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Figure A.1: (a) Change in RMSE for NeurOST SSH-SST compared to MIOST (geos.) (b) Same as (a) but
for NeurOST SSH-SST compared to MIOST (geos. + waves). (c) Change in RMSE for wavelengths be-
tween 70 and 250km for NeurOST SSH-SST compared to MIOST (geos.). (d) Same as (c) but for NeurOST
SSH-SST compared to MIOST (geos. + waves). (e) Change in smallest resolved wavelength for NeurOST
SSH-SST compared to MIOST (geos.). (f) Same as (e) but for NeurOST SSH-SST compared to MIOST
(geos. + waves).
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Figure A.2: (a) RMSE of NeurOST SSH-SST zonal surface geostrophic currents compared to surface
drifters. (b) Same as (a) but for the meridional currents. c, Change in zonal current RMSE for NeurOST
SSH-SST compared to DUACS. (d) Same as (c) but for the meridional currents.

-20  -10 0 10 20 30
Change in Meridional Current RMSE [%]

Figure A.3: (a) Change in SSH RMSE for NeurOST SSH-SST compared to GLORYS. (b) Same as (a)
but for effective spatial resolution. (c¢) Change in RMSE of zonal surface current for NeurOST SSH-SST
compared to GLORYS. (d) Same as (c) but for meridional current.
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Figure A.4: Changes in diagnostics of eddy energy and dynamics from NeurOST SSH-SST currents com-
pared to DUACS. (a) Winter-spring mean EKE for flows with wavelength below 250km. (b) Same as (a) but
averaged over summer and autumn. (c) Winter-spring mean strain rate. (d) same as (c) but averaged over
summer and autumn. Absolute values of these quantities are shown in S.I. Figure A.5.

0.000 0.025 0.050 0.075 0.100 0.000 0.025 0.050 0.075 0.100
Mean summer-autumn small-scale EKE [m2s~2]
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Figure A.5: Absolute values of the fields in S.I. Figure A.4 calculated from NeurOST SSH-SST maps.
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Figure A.6: (a) Subtropical North Pacific (149-161E, 19-31N). (i) Mean (solid lines) and standard deviation
(shading) of KE cascade from NeurOST SSH-SST surface currents for the seasons of maximum (Spring)
and minimum (Autumn) upscale cascade with mean DUACS cascades for reference (dashed lines). (ii)
Same as (i) but from DUACS. (iii) Time-series of KE cascade across 250km for both NeurOST SSH-
SST and DUACS. (iv) Time-series of coarse- and fine-scale KE (above and below coarse-graining scale
of 125km respectively) from both NeurOST SSH-SST and DUACS. (v) Change in K F. (coarse-scale KE)
from its wintertime minimum to its summertime maximum compared to the diagnosed contribution from
the KE cascade (— f I1dt), and the spatial transport of coarse-scale KE (— f V - Jdt) for both NeurOST
SSH-SST and DUACS. (b)(i-v) Same as (a)(i-v) but for the Subtropical South Pacific (194-206E, 19-31S).
(c)(i-v) Same as (a)(i-v) but for the Kuroshio (153-167E, 29-41N). (d)(i-v) Same as (a)(i-v) but for the North
Atlantic (322-338E, 39-51N) and with the dividing coarse-graining scale between fine- and coarse-scale KE
reduced to 80km.
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Figure A.7: Springtime spectral KE flux estimated from GLORYS and the NeurOST reconstruction of
GLORYS from synthetic observations (OSSE) in the Subtropical North Pacific. Results for GLORYS are
presented using the total surface currents at Om and 15m depths (‘uv’), using surface geostrophic currents
(‘geo’) calculated from SSH, and using the cyclo-geostrophic correction of Penven et al. [2014] (‘cyclo-
geo’). Results for NeurOST are presented for both geostrophic and cyclo-geostrophic currents.
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Figure A.8: Partitioning of dates between training, cross-validation, and testing when training neural net-

work for SSH mapping.
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Figure A.9: (a) Change in RMSE of zonal current evaluated using drifters when the cyclo-geostrophic
correction of Penven et al. [2014] is applied to geostrophic currents from NeurOST SSH-SST. (b) Same as
(a) but for meridional currents.
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Figure A.10: Learning curves for training of global NeurOST (SSH-SST) network showing globally aver-
aged SSH RMSE on both the training and cross-validation datasets.
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Figure A.11: Enstrophy spectra in Subtropical North Pacific for DUACS, NeurOST, and DUACS but with
velocities first linearly interpolated to the NeurOST grid spacing before estimating derivatives.
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Figure A.12: Kinetic energy cascades in Subtropical North Pacific from NeurOST (SSH) and NeurOST
(SSH-SST).
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Chapter 3

Generative data assimilation for surface
ocean state estimation from multi-modal

satellite observations

This chapter is reproduced from the following publication:
Martin, S. A., Manucharyan, G. E., & Klein, P. (2025). Generative data assimilation for surface ocean state
estimation from multi-modal satellite observations. Journal of Advances in Modeling Earth Systems, 17,

e2025MS005063. https://doi.org/10.1029/2025MS5005063

3.1 Introduction

3.1.1 Background & Motivation
Conventional Methods for Surface Ocean State Estimation

Estimating the dynamical state of the surface ocean at sufficiently high resolution to resolve mesoscale ed-
dies and their associated fronts and filaments (‘eddy-resolving’ hereafter) is fundamental for research into
air-sea fluxes [Rai et al., 2021; Seo et al., 2023], vertical ocean heat transfer [Siegelman et al., 2020a], and
the influence of eddies on marine ecosystems [Lévy et al., 2018; Zhang et al., 2019]. A large volume of

surface ocean observations come from satellites that observe sea surface height (SSH), sea surface temper-

115


https://doi.org/10.1029/2025MS005063

ature (SST), and sea surface salinity (SSS). Each variable is observed at varying resolutions and with often
large spatial and/or temporal gaps between satellite passes or due to cloud occlusion (Figure 3.1). In the
case of SSH, the sampling is particularly sparse, with only point-wise measurements along satellite tracks
typically separated by tens to hundreds of kilometers in space and days to weeks in time. The recent launch
of the first wide-swath satellite altimeter, SWOT [Fu et al., 2024], now provides groundbreaking 2D snap-
shots of SSH, but its 21-day orbital return time still leaves large spatiotemporal gaps [Archer et al., 2025].
Other dynamical variables, such as surface currents remain entirely unobserved by satellites and must thus
be inferred either from sparse in situ observations or indirectly from SSH. The proposed ODYSEA mission
could in future help to address this crucial gap in the satellite observing system [Torres et al., 2023]. Esti-
mating the dynamical state of the surface ocean, defined here as the 2D SSH, SST, SSS, and surface current
velocity fields from sparse multi-modal satellite observations (SSH, SST, & SSS) is hereafter referred to
as ‘surface ocean state estimation’. While recent studies have developed approaches to reconstruct single
variables at eddy-resolving scales (e.g. Martin et al. [2024]), eddy-resolving surface ocean state estimation
requires jointly reconstructing SSH, SST, SSS, and surface currents while maintaining dynamical consis-
tency between variables across scales. This is beyond the current capabilities of both dynamical and novel

data-driven approaches and in this study we seek to address this.

One approach to state estimation is to assimilate observations, both satellite and in situ, into an ocean
general circulation model (GCM) using data assimilation. By leveraging a GCM in the state estimation pro-
cess, data assimilation ensures the reconstructed state satisfies the equations of motion for ocean dynamics
while minimizing the misfit to observations. In order to satisfy the equations of motion, GCM data assimila-
tion must reconstruct the full 3D ocean state rather than just surface fields. This requires in situ observations
to constrain the ocean interior, but in situ observations are significantly more sparse than satellite obser-
vations of the surface, leading to suboptimal surface state estimation. The highest-resolution global data
assimilation products (e.g. GLORYS 12 [Lellouche et al., 2021]) do not yet accurately resolve mesoscale
eddies, showing high errors when compared to satellite observations of SSH or SST compared to statisti-
cal approaches like objective analysis [Lellouche et al., 2021]. Additionally, performing data assimilation
with ocean GCMs of sufficiently high resolution to fully resolve ocean eddy dynamics is computationally

prohibitive. For instance, the 1/12° GCM used in GLORYS 12 is too coarse to resolve submesoscale dy-
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namical processes that can affect the formation and evolution of mesoscale eddies [Taylor and Thompson,
2023]. These challenges are circumvented by data assimilation schemes for idealized, single-layer models
of surface ocean dynamics [Le Guillou et al., 2021, 2023, 2024]; however, such idealized models by design

make stringent assumptions about ocean dynamics that do not hold in general in the real world.

Due to the limitations of dynamical data assimilation, most state-of-the-art gridded satellite products
are generated using statistical objective analysis methods, such as optimal interpolation (OI) [Bretherton
et al., 1976]. In OI, linear least squares estimation predicts the missing SSH, SST, or SSS values in the
gaps between observations based on a covariance model specified a priori. Ol is a statistical method with
no mechanism to ensure the equations of motion are respected in the resulting state estimate, in contrast to
DA. By relaxing the requirement to satisfy dynamical equations, and by focusing only on surface fields, OI
achieves significantly smaller errors compared to independent observations than DA. However, OI typically
results in overly smooth and physically unrealistic reconstructed fields, with inaccurate representations of
mesoscale eddies [Ballarotta et al., 2019]. Additionally, OI produces incoherent estimates across different
observables, with different effective resolutions for each observable, which are typically each mapped sep-
arately. OI also cannot provide a mechanism for estimating variables that were never observed, like surface
currents. Consequently, surface currents are usually derived from the OI-mapped SSH field under the as-
sumption of geostrophy which holds only at mesoscale and larger [Le Traon et al., 1998; Taburet et al.,

2019].

Deep Learning Approaches: Observation Vs. Simulation Learning

In recent years, data-driven deep learning methods have been increasingly adopted in satellite oceanogra-
phy to better resolve ocean eddies. Deep learning approaches seek to solve satellite oceanography inverse
problems using deep neural networks trained on large quantities of either real or simulated ocean data. Ap-
plications considered by past studies include: high-resolution SSH mapping from satellite altimetry and
SST [Fablet et al., 2021b; Manucharyan et al., 2021; Buongiorno Nardelli et al., 2022; Beauchamp et al.,
2022; Martin et al., 2023; Archambault et al., 2023; Fablet et al., 2023, 2024; Ciani et al., 2024; Febvre
et al., 2024a; Archambault et al., 2024b,a; Martin et al., 2024], filling in the gaps in high-resolution infrared
SST observations caused by clouds [Agabin et al., 2024; Goh et al., 2023; Fanelli et al., 2024], and inferring
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ageostrophic surface currents from SSH/SST [Sinha and Abernathey, 2021; Fablet et al., 2023; Xiao et al.,
2023; Fablet et al., 2024]. A number of studies have demonstrated that deep learning provides an effec-
tive way to synergize multiple satellite observables to improve performance [Sinha and Abernathey, 2021;
Buongiorno Nardelli et al., 2022; Martin et al., 2023; Fablet et al., 2023; Archambault et al., 2023; Fablet
et al., 2024; Ciani et al., 2024; Martin et al., 2024; Archambault et al., 2024b,a; Kugusheva et al., 2024].
While there are differences between these past studies in terms of objective, training data, and neural net-
work architecture, they typically share the same overarching framework: supervised learning is used to train
a neural network to solve a certain class of satellite oceanography inverse problem for a given observing

system.

For certain satellite oceanography problems, neural networks can be trained directly on real-world ob-
servations without using synthetic data from GCM simulations in any way. For SSH mapping from nadir
altimeters, it has been shown that the large volume of past real-world satellite SSH and SST observations
is sufficient to train a neural network to map SSH at eddy-resolving scales [Martin et al., 2023; Archam-
bault et al., 2023; Martin et al., 2024; Archambault et al., 2024b], recently achieving state-of-the-art global
SSH mapping [Martin et al., 2024]. However, these observation-only learning methods are only applicable
to tasks for which there are sufficiently dense real-world observations of the target variable to construct a
training dataset. This is unlikely to be the case for many surface ocean variables, for example ageostrophic
surface currents which are only sparsely observed by drifters, or SSS which is only observed at relatively
low resolution from satellites. Additionally, the sparsity and sensor noise in real-world observations mean
observation-only learning typically results in reconstructions that are overly smooth compared to numerical

simulations (e.g. Archambault et al. [2024b]).

To address the limitations of observation-only learning, a number of studies have proposed ‘simulation
learning’ approaches where synthetic data from ocean GCMs is used during training. In these approaches,
a neural network is typically trained in a supervised regression setting, using pseudo-observations sampled
from a GCM as inputs and the corresponding complete GCM target fields as ground truth labels [Beauchamp
et al., 2022; Fablet et al., 2023; Febvre et al., 2024a; Fablet et al., 2024; Agabin et al., 2024; Goh et al.,
2023; Archambault et al., 2024b,a]. During inference, the trained network receives real-world observations

and generates a state estimate that mirrors the characteristics of the GCM it was trained on [Febvre et al.,
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2024a]. Analogous to data assimilation, simulation learning seeks to generate a state estimate with dynamics
resembling that of a GCM. However, there is no explicit mechanism to ensure the equations of motion are
respected, so simulation learning does not ensure dynamical consistency in as strict a sense as dynamical
data assimilation.

While simulation learning approaches are a promising avenue for surface ocean state estimation, the

supervised regression framework described above has a number of limitations:

* Even subtle discrepancies between the pseudo-observations and real-world observations may propa-
gate unpredictably through the network at inference. This often requires fine-tuning on real-world data
[Archambault et al., 2024a], which is challenging for sparsely-observed variables like ageostrophic

surface currents.

» Supervised regression seeks to predict a single state estimate that has the smallest average error (e.g.
mean square error (MSE)). This induces a spectral bias where the large-scale signals dominate the

MSE, leading to overly-smooth predictions with artificially steep spectral slopes.

» Supervised regression typically provides no natural metric of uncertainty for the resulting state esti-

mate.

» Supervised regression requires bespoke training for each observing system, necessitating computa-
tionally expensive re-training each time the input observing system or the GCM pseudo-observation

sampling strategy is altered.

Ideally, a deep learning method for surface ocean state estimation would address the above points. In
addition, it would be desirable to obtain multi-variate surface state estimates where multiple variables are
reconstructed jointly, preserving the dynamical consistency between variables across scales. This coherence
between variables across scales is crucial for evaluating dynamical diagnostics such as eddy fluxes and

frontogenesis rates.

A Generative Deep Learning Approach to Simulation Learning

Traditional data assimilation uses methods like Kalman filters or variational methods that work well for

linear systems but struggle with highly nonlinear systems, high-dimensional data, and uncertainty in mea-
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surements. Diffusion models [Song and Ermon, 2019; Karras et al., 2022; Croitoru et al., 2023] are gener-
ative deep learning models that can naturally learn complex probability distributions of data, making them
ideal for highly nonlinear systems, such as oceanic and atmospheric turbulence. Manshausen et al. [2025]
recently highlighted the strong potential of generative data assimilation based on these diffusion models for

reconstructing weather from sparse observations.

To address the shortcomings of simulation learning approaches, in this study we explore the efficacy
of generative diffusion models for surface ocean state estimation. Unlike in the regression formulation,
generative models seek to model the full distribution of the training data, mapping from random latent vec-
tors to ‘realistic’ examples from the desired distribution — see Buzzicotti [2023] for a review of generative
models and their application to data reconstruction in complex flows. Diffusion models generate realistic
examples by learning to reverse a prescribed forward process that degrades the data, typically through the
addition of Gaussian noise. Applying the trained diffusion model to random noise fields then allows to gen-
erate realistic, but random, samples from the data distribution [Song and Ermon, 2019; Karras et al., 2022;
Croitoru et al., 2023] (Section 3.2.1). For surface ocean state estimation, generative models could allow to
retain fine-scale features and dynamical consistency between variables in the output by producing state es-
timates that ‘look like’ examples from the training distribution — in our case, multi-variate snapshots from
high-resolution GCM simulations. The primary challenge in using generative models for state estimation is
controlling the output such that the ‘realistic’ samples generated correspond well to available observations.
One approach is to use conditional diffusion models, where a model is trained to generate high-resolution
examples conditioned on both random noise and a low-resolution degradation of the data [Wang et al., 2024;
Han et al., 2024; Ghosh et al., 2024]. However, this approach, like the supervised regression approach, re-
quires careful design of training pairs such that the low-resolution data degradations are representative of
the inputs available in the real world at inference. Instead, we here explore an approach that requires no

generation of pseudo-observations from a GCM.

Score-based data assimilation (also referred to here as ‘generative data assimilation’) overcomes the
challenge of controlled generation in a way that decouples the neural network training from the observing
system using a two-stage strategy [Rozet and Louppe, 2023a]. First, an unconditional, score-based diffusion

model is trained to generate realistic samples from a high-resolution training dataset (e.g. GCM output).
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Second, the generation procedure of the diffusion model is guided in a Bayesian manner using observations
(with no re-training of the diffusion model) such that the output fits sparse or degraded observations while
preserving the learned characteristics of the training data [Rozet and Louppe, 2023a,b] (Section 3.2.1). Since
the diffusion model is trained only on full model fields, the learned network weights are not specific to the
observing system used at inference. Properties of the observing system are all encoded in the observation
operator used to guide the generation at inference (Section 3.2.1). This allows training a single diffusion
model then using it for inference with a wide range of observing systems with no additional re-training.
Even when certain variables, like surface currents, are unobserved, the diffusion model still predicts them in
a way that should remain dynamically consistent through the learned relationships to the observed variables.

Generative data assimilation was recently shown to be effective for producing 3km-resolution atmo-
spheric state estimates from sparse weather station observations [Manshausen et al., 2025]. Notably, Man-
shausen et al. [2025] demonstrated this method had promising ‘channel synthesis’ capabilities that allowed
estimating a completely unobserved variable (meridional winds) from observations of other atmospheric
state variables with reasonable accuracy and qualitative physical realism. Channel synthesis is crucial in
surface ocean state estimation since many quantities of interest (e.g. ageostrophic surface currents) are only
sparsely observed by in situ platforms but have strong signatures on satellite observables like SSH, SST, and

SSS [Sinha and Abernathey, 2021; Fablet et al., 2023, 2024].

3.1.2 Our Contributions

Here, we adapt the generative data assimilation method (referred to as ‘GenDA’ hereafter) developed for
atmospheric reanalysis in Manshausen et al. [2025] to the closely-related problem of eddy-resolving surface
ocean state estimation by designing an observation operator for assimilating multi-modal, multi-resolution
satellite observations. We demonstrate that GenDA, trained on a GCM-based data assimilation product
(GLORYS 12), is capable of solving realistic satellite oceanography inverse problems without bespoke
training for each observing system.

Using an observing system simulation experiment, we compare GenDA to a baseline supervised learn-
ing approach trained for one specific observing system. We build upon the observation operator used in

Manshausen et al. [2025] by adding coarse-graining terms to allow incorporating information from existing
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low-resolution satellite SSH, SST, and SSS products (e.g. those created using OI), ensuring the accuracy at
large scales of the GenDA state estimates. While previous studies have attempted to predict surface currents
from SSH and SST [Sinha and Abernathey, 2021; Fablet et al., 2023, 2024], the method proposed here is
the first deep learning approach, to our knowledge, that allows to jointly reconstruct the full surface ocean

state vector (SSH, SST, SSS, and surface currents).

Finally, we explore the ability of GenDA to generalize to real-world observations through an observ-
ing system experiment. We demonstrate that GenDA generalizes from simulation training to real-world
inference better than a baseline supervised learning approach, with lower errors and improved physical re-
alism. The resulting GenDA real-world surface ocean state estimates preserve the dynamical characteristics
of the simulation data used during training. GenDA'’s generative formulation reduces the spectral bias in
regression-based approaches, exhibiting realistic dynamics across scales. GenDA has significantly smaller

errors against independent satellite observations than a state-of-the-art dynamical data assimilation system.

3.2 Methods

3.2.1 GenDA: Generative Data Assimilation

We seek to estimate the 2D dynamical state of the surface ocean which we represent using a state vector, x.
Concretely, = here will be (SSH, SST, SSS, tggeo, Vageo) at each point on a regular 2D grid, where u44¢, and
Vageo are the ageostrophic components of the zonal and meridional surface current velocities respectively.
Note, we reconstruct only the ageostrophic surface currents to focus GenDA on reconstructing currents not
directly retrievable from SSH. We define the ageostrophic surface current to be the residual between the
total surface current and that predicted from SSH assuming geostrophic balance — note this ageostrophic
current will contain both balanced and unbalanced components. To estimate x, we use potentially sparse
or degraded (e.g coarse-grained or noisy) observations, y, which are the result of applying an observation
operator, A, to the state vector,

y = A(z). (3.1)



Score-Based Diffusion Models

Diffusion models are a powerful class of generative deep learning models, trained to generate realistic
examples drawn from a distribution of training data like natural images or, in our case, snapshots from
ocean GCM simulations. During training, a neural network, D, is trained to ‘de-noise’ examples from the
training dataset by predicting the noise-free example from its noisy counterpart [Karras et al., 2022]. In our
case, D gives a prediction, Z(t), of the noise-free ocean state vector, z(¢t = 0), given its noisy counterpart,
x + o(t)z, where o(t) is a variable noise amplitude, z is a unit variance Gaussian noise vector with the
dimensions of x, and ¢ is a ‘time’ axis along which the amplitude of the noise added varies from O at¢ = 0
t0 Omaz att = T (Figure 3.2a). D is trained by minimizing MSE between & (¢) and x (¢t = 0) (Figure 3.2b).

Given a trained de-noising neural network, D, new samples from the noise-free distribution of z(t = 0)
can be generated from random noise, (¢ = T'). This is achieved by simulating the time reversal of an
ordinary differential equation defined to gradually transform examples from the data distribution, z(¢ = 0),
to random Gaussian noise, z(t = 7T'), when evolved forward in time

dx .

5 = ~9a(t)Valog (p(x(1))), 3.2)
where the ‘time’ axis, t, varies from ¢ = 0 (the data distribution) to ¢ = T (Gaussian noise distribution with
scale 0.42), and ¢ is the derivative of the noise amplitude schedule with respect to the diffusion time axis
[Song and Ermon, 2019; Karras et al., 2022]. The term Vlog (p (x(t))) is referred to as the ‘score function’
or ‘score network’ and represents the gradient of the log-likelihood of x. The key to score-based diffusion
models lies in recognizing that a well-trained de-noiser, D, can be used to approximate the score function

in Equation 3.2 through [Karras et al., 2022]

V. log (p(x(t))) = (3.3)

Realistic (but random) ocean states, (¢ = 0), can thus be generated by starting with random noise,
x(t = T), and solving Equation 3.2 backward in time from ¢t = T to ¢ = 0 using a finite difference
discretization of the time axis and using the trained denoiser, D, to calculate the score function at each

time step through Equation 3.3. This reverse time-stepping procedure updates the state, x(t¢), to maximize
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the likelihood p(x (¢t = 0)) which is encoded in the trained score network (also referred to hereafter as the

‘diffusion prior’). See S.I. Text S3 for details on how we implement D as a neural network.

Score-Based Data Assimilation

While reverse time-stepping Equation 3.2 using the trained score function (Section 3.2.1) provides a way
to generate realistic ocean states, these states are random and are not related to any observations. Score-
based data assimilation provides a way to control the generation process to push the generated state, z(t =
0) to match the observations, y [Rozet and Louppe, 2023a]. Essentially, this framework seeks to re-
place the score function, V log (p (z(t))), with the corresponding gradient of the posterior log-likelihood,
Valog (p (x(t)[y))-

The optimal state estimate would be the one that maximizes the posterior likelihood of the reconstructed
state given the available observations, p(z|y), or equivalently minimizes — log (p(z|y)). The gradient of the

posterior log-likelihood can be expressed through Bayes’ theorem as

V. log (p(zly)) = Vzlog (p(x)) + Vi log (p(y|r)) , (3.4)

from which it follows also that

Ve log (p(z(t)|y)) = Vzlog (p(x(t))) + Va log (p(ylz(t))) - (3.5)

Rozet and Louppe [2023a] thus propose to replace the score function in Equation 3.2 with the posterior
log-likelihood gradient given by Equation 3.5. This way, when generating ocean states from random noise
by simulating the time reversal of Equation 3.2, the final state will be one that maximizes the posterior
likelihood given the observations, y, and the trained diffusion prior (i.e. the score network) which encourages

the reconstructed state to ‘look like’ the GCM simulation training data.

At inference, the first term in Equation 3.5 (the score function) is known (Equation 3.3) and it remains
to approximate the second term. This second term is formally only known at ¢ = 0, i.e. the data distribution,

but Rozet and Louppe [2023a] propose that, assuming a Gaussian observing process, it can be approximated
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by
p(ylz(t)) = N (ylAE(t)), 2y (1)), (3.6)

where ¥, () is a heuristic variance that increases with noise level (i.e. with t), Z(t) is the de-noised state
predicted by the diffusion model, and A is the observation operator. See Rozet and Louppe [2023a] and
S.I. Text S3.2 for details of the heuristic used for 3, (¢). Formally, this is only an approximation of the
true p(y|z(t)), and this could introduce biases by replacing a complex and potentially multi-modal dis-
tribution with a Gaussian of heuristic variance. Nonetheless, GenDA has been shown to have impressive
reconstruction abilities both for idealized quasi-geostrophic turbulence [Rozet and Louppe, 2023b] and for
kilometer-scale atmospheric reanalysis [Manshausen et al., 2025].

In summary, to generate an estimate for the ocean state from observations we start with a random state
vector, z(t = T'), and perform reverse time steps using Equations 3.2, 3.3, 3.5, and 3.6 to sample from
p(z(t = 0)|y) (Figure 3.3). Crucially, the updates made during reverse time-stepping are not adjustments
to the neural network parameters but instead updates to the state x(¢). This way, generated state estimates
should still qualitatively ‘look like’ examples from the simulation since we impose our simulation-trained
diffusion prior on the state estimation. In this study we propose that forcing the state estimates to be qual-
itatively similar to the numerical simulation will allow us to preserve fine-scale features and inter-relations
between observed and unobserved variables at inference. Another advantage of the GenDA method is that
it is Bayesian, so rather than producing a single state estimate, GenDA produces a distribution of plausi-
ble states sampled from the posterior distribution, achieved practically by inputting different initial random
noise vectors, z(t = T'). The dispersion of this ensemble thus appears a natural metric of uncertainty for
the resulting state estimate. In this study, we generate ensemble state estimates with 24 ensemble members

and explore the suitability of ensemble dispersion for uncertainty quantification.

Observation Operator for Surface Ocean State Estimation

There is significant flexibility in the choice of A used at inference. Since a single diffusion model is trained
with no specific observing system in mind, GenDA provides a natural low-cost way to use a wide variety of
observing systems to produce state estimates at inference without retraining the diffusion model. Relevant

types of observing systems include highly localized point-wise measurements, like from weather stations
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or satellite tracks, and coarse observations that represent relatively large-scale satellite footprints in space
and/or time. Manshausen et al. [2025] explored sparse, point-wise measurements of the atmosphere from
weather stations for .4, demonstrating the efficacy of diffusion models for inference from sparse observa-
tions. Here, we will develop a method allowing the inclusion of low-resolution state estimates to constrain
the large-scale state in GenDA. The motivation for using coarse observing systems in conjunction with high-
resolution sparse observations is that existing gridded satellite products for SSH, SST, and SSS (e.g. from
OI) give a reasonable estimate of the ocean state at large mesoscales and above, whereas high-resolution,
un-gridded satellite observations (say of SSH or SST) typically have large gaps on any given day. Incorpo-
rating these low-resolution gridded products implicitly incorporates observations from a longer time horizon
to constrain the large-scale state, while sparse and instantaneous high-resolution observations will be used

to inform smaller scales.

In practice, we compare low-resolution OI satellite products to the diffusion model output by coarse-
graining the latter using an appropriate spatial scale. The coarse-graining scale is considered to be known
for any OI product — see S.I. Text S5 for a discussion of how these coarse-graining scales can be selected.
Concretely, the observation operator .4 generates several fields, including an instantaneous observation term,

Ainst, and low-resolution satellite product terms for each of the OI product, Agmooth:

A(CL‘) = Concat(AiTLSt (CL'), Asmooth(x; l)) 3.7

Ainst(x) selects the indices for the nearest pixels and variables (channels) where instantaneous observations
are available and will therefore yield sparse, high-resolution satellite observations of SSH or SST. Mean-
while, Ag00th (23 1) is a coarse-graining operation, where we apply a low-pass Gaussian filter with kernel
width, [, to the state estimate, x. This allows us to compare a coarse-grained view of the state estimate
to a low-resolution satellite product to encourage agreement at large scales without penalizing small-scale
features below the resolution limit of the low-resolution satellite products. We apply Asmootn (;1) to all
variables for which we have access to low-resolution real-world satellite products (i.e. SSH, SST, SSS) and
we choose coarse-graining scales, [, for each variable to be representative of the effective resolution of the
respective satellite products. Note that the coarse-graining scale, [, applied to each satellite observable in

the observation operator is something we prescribe and should be chosen to reflect the effective resolution
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of each satellite product being assimilated (S.I. Text S5). We treat ageostrophic current velocities as being
essentially unobserved in the real world, and so neither A;,s¢ () nor Ag,o0th (; 1) returns any values for
Uageo OT Vageo-

In practice, we find that a significant portion of the ageostrophic surface currents is driven by wind stress.
This poses a problem for reconstructing ageostrophic currents from only SSH, SST, and SSS observations
without information about the wind-forcing. We employ two strategies to mitigate this. Firstly, we use a
linear Ekman model (S.I. Text S1) to predict the wind-driven surface currents, u gy and vgg, from the wind
stress and subtract this from ugg4eo and vggeo, re-framing our state estimation problem so that we seek to
estimate

Uggeo = Utotal — Ugeo — UEL, (3.8)

and

Vageo = Vtotal — Vgeo — VEk- (3.9)

Secondly, since the linear Ekman model doesn’t capture all wind-driven variability in surface currents, we
also expand our state vector, x, to include surface winds, Ugtmos and Varmes. We thus train the diffusion
model to jointly generate surface ocean states alongside corresponding surface wind fields. During the as-
similation process, we then provide surface wind ‘observations’ through A;;,s¢ (), providing information
about the wind-forcing to the state estimation and thus improving the reconstruction of ageostrophic sur-
face currents (S.I. Text S2). Note, this method is still directly applicable to real-world observations since

reanalysis winds (e.g. ERAS) are available in the real-world setting.

3.2.2 UNet Regression: Baseline Supervised Learning Framework

To provide a baseline method against which to compare and contrast the GenDA state estimates we also im-
plement a supervised learning approach. Unlike GenDA, this supervised approach is trained specifically for
the observing system under consideration by creating pseudo-observations from the high-resolution GCM
simulation and training a neural network to predict the corresponding state vector, x, in one single pass

through the network from these inputs. That is, we estimate the state vector as
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&= fo(y), (3.10)

where £ is our estimate of x, y are the potentially sparse or degraded observations, and fy is a neural network
whose parameters, 6, we seek to optimize by minimizing the MSE between Z and x. Note, unlike GenDA
the supervised approach provides a single prediction for each state rather than a distribution and requires
bespoke training for each observing system.

In practice, we implement fy as a UNet [Ronneberger et al., 2015] (S.I. Text S3) with 7 input channels

in y:
» Simulated sparse, high-resolution (i.e. ‘Level 3’ or L3) SSH satellite observations
» Simulated sparse, high-resolution (i.e. ‘Level 3’ or L3) SST satellite observations
* Zonal surface wind from reanalysis
* Meridional surface wind from reanalysis
* Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SSH from OI
» Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SST from OI
» Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SSS from OI

Hereafter we refer to the baseline supervised learning method as ‘UNet Regression’.

3.3 Datasets & Experiment Set-Up

3.3.1 Oceanic & Atmospheric Reanalysis Products for Training and Evaluation

In this study, we provide a regional proof-of-concept of eddy-resolving surface ocean state estimation by
training GenDA on data from a high-resolution reanalysis product, GLORYS 12 [Lellouche et al., 2021;
E.U. Copernicus Marine Service Information (CMEMS), 2024f]. This product is developed by assimilating
satellite and in situ observations into the NEMO ocean GCM with 1/12° grid resolution using a reduced-

order Kalman filter. The ocean GCM is driven at the surface by atmospheric forcing from the ECMWF
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Reanalysis product, commonly known as ERA 5 [Copernicus Climate Change Service (C3S, 2024; Hersbach
et al., 2020]. GLORYS 12 does not resolve submesoscale dynamics which is a key driver of ocean eddy
dynamics, however, it has a sufficiently fine grid to resolve mesoscale baroclinic instability (a key formation
mechanism for mesoscale eddies) and exhibits an abundance of submesoscale fronts and filaments generated
by a forward cascade of enstrophy by mesoscale eddy stirring. We hence consider it a sufficiently realistic
and high-resolution test bed for the GenDA method, though we emphasize that in the future, GenDA can
be trained on free-running submesoscale-resolving simulations (e.g. LLC4320; Su et al. [2018]). One of
the motivations of this study is that data assimilation products like GLORYS currently show large errors
when compared to satellite observations at mesoscales, suggesting that optimizing the full 3D state of the
ocean and ensuring its conformity to dynamical equations of motion comes at the expense of accurately
placing mesoscale eddies and fronts at the surface. We hypothesize that GenDA, by optimizing only the
surface fields, will reduce these biases while preserving a substantial amount of physical characteristics of

the GLORYS 12 fields seen during training through the diffusion prior.

The experiments presented in this study focus on the Gulf Stream Extension region (55-65° W, 33-43°
N) which has one of the most energetic eddy fields in the global ocean. Focusing on this region also allows
easy comparison to a number of other machine learning applications for SSH mapping through an Ocean
Data Challenge [Ballarotta et al., 2021; Metref et al., 2023]. A wider region of (70-40° W, 25-45° N) is
used for all neural network training. The years 2010-2016 are used for network training, 2018-2020 for
cross-validation, and 2017 is withheld as an independent test year on which the evaluation metrics presented

throughout the rest of the study are calculated.

All variables in the 7-variable state vector, x = (SSH, SST, SSS, uugeo, Vageo> Uatmos» Vatmos)> are
standardized by subtracting the mean and dividing by the standard deviation of each variable calculated
over the full training domain and time-series. In the case of SST and SSS, the strong seasonal cycle is
removed by subtracting a monthly climatology rather than the mean. The ageostrophic surface currents are
taken at 15 m depth to be more reflective of the eddy-driven ocean currents than those at the surface layer.
For both GenDA and the UNet Regression baseline, the state vector, x, is estimated on a regular latitude-
longitude grid at the same 1/12° resolution as GLORYS 12 with dimensions of 128 by 128, corresponding

roughly to a domain of size 1000 km.
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3.3.2 [Experiment 1: Observing System Simulation Experiment (OSSE)

First, we assess GenDA’s reconstruction abilities in a controlled environment where we have access to
the full ground-truth fields for validation through an observing system simulation experiment (OSSE). After
training GenDA on GLORYS data from 2010-2016, we generate synthetic satellite observations of GLORY S
using the withheld testing year 2017 and evaluate GenDA'’s ability to reconstruct the full fields, including

variables unobserved by satellites (Figure 3.4).

Generation of Simulated L3 Satellite Observations

In this OSSE we consider two different sources of Level 3 (L3) input observations: SSH from satellite
altimeters and high-resolution SST from satellite infrared radiometers. L3 refers to observations before they
have been interpolated to a full gridded field, so L3 observations are sparse but high-resolution.

We generate synthetic L3 SSH observations by sub-sampling the GLORYS SSH field along the obser-
vation tracks from all conventional nadir altimeters available in the year 2017: SARAL/Altika, Jason 2,
Jason 3, Sentinel 3A, Haiyang-2A and Cryosat-2. Nadir altimeters provide point-wise SSH measurements
beneath the satellite track with an along-track spacing of approximately 7 km. In addition, we assess the
impact of including wide-swath observations from the recently-launched Surface Water and Ocean Topog-
raphy (SWOT) mission which provides two 60 km wide swaths of SSH measurements at 2 km resolution
with a narrow gap between the swaths [Fu et al., 2024]. While SWOT has high spatial sampling it has a rel-
atively long orbit repeat of 21 days. We sub-sample GLORYS SSH at the locations of SWOT observations
by repeating its 21-day science orbit throughout the year 2017.

Satellite infrared radiometers observe SST at kilometer resolution but there are large gaps due to cloud
cover. Here, we sub-sample GLORYS SST using cloud masks from the ODYSSEA SST Multi-Sensor L3
product [E.U. Copernicus Marine Service Information (CMEMS), 2024a] for the same region and dates.
This ensures the applied cloud cover is realistic, with cloud cover varying on any given day between near-
complete occlusion and cloud-free conditions. For both SSH and SST L3 observations we add Gaussian
noise with amplitude chosen to reflect the noise for each sensor. We take the SSH noise amplitude from the
relevant CMEMS product [E.U. Copernicus Marine Service Information (CMEMS), 2024e] and for SST

from the average of the error estimates provided in the ODYSSEA SST Multi-Sensor L3 product [E.U.
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Copernicus Marine Service Information (CMEMS), 2024a].

Generation of Simulated L4 Satellite Products

In addition to high-resolution L3 observations, we provide simulated low-resolution gridded (‘Level 4°, 1L.4)
products for SSH, SST, and SSS. L4 refers to observations that have been interpolated to a full gridded field
(typically using OI), so L4 observations are gap-free but low-resolution.

The interpolation algorithms used to interpolate between observations smooth out small-scale features,
providing spatio-temporally coarse-grained estimates of the real fields. We simulate this by coarse-graining
the GLORYS SSH, SST, and SSS both in space and time using a Gaussian kernel with spatial and temporal
widths selected to be roughly representative of the resolutions of available L4 products (S.I. Text S5 &
Table S2). These coarse-grained fields are then compared to coarse-grained output from GenDA in the
observation operator when minimizing the reconstruction loss at inference. Since GenDA is applied only on
single temporal snapshots, we can’t replicate the temporal coarse-graining in the L4 products in the GenDA
observation operator, and so resort to only coarse-graining in space. Finally, we also provide gridded values
for Ugtmos and Vaemos from ERA 5 with no additional coarse-graining applied since this product would also
be available to use in the real-world setting.

Taken together, the simulated observations provided to GenDA and UNet Regression are:

Along-track L3 SSH from a constellation of nadir altimeters

Wide-swath L3 SSH from SWOT

Cloud-obscured high-resolution L3 SST

* Coarse-grained L4 SSH

* Coarse-grained L4 SST

* Coarse-grained L4 SSS

Surface wind velocities from ERA 5

Note, no observations are provided for uggeo OF Vageo Since these are not typically observed in the real

world so we reconstruct these in an unguided manner.

131



Evaluation Metrics

We evaluate the point-wise accuracy for each reconstructed variable using the coefficient of determination
(R?), which represents the fraction of variance explained. For SSH and SST, we remove any pixels pro-
vided as part of the L3 observations from the evaluation metrics. Since the simulated low-resolution L4 OI
products for SSH, SST, and SSS already capture a significant part of the signal, we also present R? for SSH,
SST, and SSS calculated on the residual from the low-resolution L4 products. Note that R? is by defini-
tion zero for the L4 OI predictions in this setting and any positive value represents an improvement over
OI. We assess the impact of cloud-free L3 SST observations on the reconstruction accuracy by computing
R? separately for pixels that are clouded and un-clouded respectively. Since the average cloud cover has a
significant spatial structure, we randomly over-sample and under-sample the clouded and un-clouded pixels
using weights that ensure both datasets are uniformly drawn in latitude-longitude (See S.I. Text S6). We use

the same procedure to assess the impact of L3 SWOT SSH observations on reconstruction accuracy.

We also evaluate the wavenumber spectra of each reconstructed variable and compare them to the ground
truth from GLORYS. All spectra in this manuscript are calculated by estimating the 2D power spectral
densities for each time step, averaging in time, then averaging azimuthally. Note, Uqgeo and vggeo are
evaluated jointly through the ageostrophic kinetic energy spectrum and we also derive the geostrophic kinetic
energy spectrum from the SSH reconstructions. Since we focus here on multi-modal state estimation, we
also evaluate the spectra of eddy fluxes of temperature, F, and salt, F's, which are sensitive to the resolution
of both velocity and SST/SSS and are crucial diagnostics of the impacts of ocean eddies on climate. We
focus here on the meridional eddy fluxes since these induce significant transport across the Gulf Stream in

our test region,

Fr =14'SST, (3.11)

Fg ='SSY, (3.12)

where primed quantities denote deviations from monthly climatology [Guo et al., 2022]. The instantaneous
eddy fluxes Fr and F's are averaged in spectral space following the same procedure as defined above for all

other variables.
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We also consider higher-order diagnostics of eddy dynamics that can be derived from SSH, namely
the geostrophic Okubo-Weiss quantity, W, [Okubo, 1970; Weiss, 1991] which delineates strain-dominated

flows from vorticity-dominated flows

W = (s* = (%) = (sp + 52 = (%), (3.13)

where

R SN NI R LT (3.14)
o nolos T oxr Oy oxr Oy '

is the strain rate and

ov  Ou
=5 9y (3.15)

is the relative vorticity. We further explore the accuracy of diagnosed eddy dynamics by evaluating the joint
probability density function (JPDF) of s and ( for each reconstruction. The accuracy of these diagnostics of
eddy dynamics is important for studies of ocean scale interactions and are highly sensitive to the accuracy

and resolution of SSH [Martin et al., 2023, 2024].

Finally, we evaluate the suitability of GenDA ensemble dispersion for uncertainty quantification through
a rank histogram as is widely used in probabilistic weather forecasting [Talagrand, 1999]. This shows the
probability that the ground truth falls in each rank of the ordered ensemble of predictions. Concretely, at
each grid point we sort the ensemble predictions for a given variable from lowest to highest and assign the
ground truth a ‘rank’ based on where in the ensemble it falls. If the truth falls below all ensemble members
we assign rank of 0, if the truth is between the first and second ensemble member we assign rank of 1, and
so on. For a well-calibrated ensemble of predictions, the ground truth should be indistinguishable from an
individual ensemble member — the ground truth should have equal probability of falling in any rank of
the ensemble. The rank histogram is constructed by aggregating the ranks over all grid points. Hence, a
well-calibrated ensemble would have a flat rank histogram, an under-dispersive ensemble would have a ‘u-
shaped’ rank histogram, an over-dispersive ensemble would have a ‘n-shaped’ rank histogram, and a biased

ensemble would have an asymmetric rank histogram.
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3.3.3 Experiment 2: Observing System Experiment (OSE)

To assess the ability of GenDA to generalize to the real-world ocean, we also perform an observing system
experiment (OSE) in which we construct state estimates from real-world satellite observations. This poses
a more stringent test of the method since now the observations come from the real-world ocean which
potentially exhibits different characteristics to the GLORYS 12 simulated fields. Applying GenDA in the
real world is akin to data assimilation, where we seek a field that qualitatively preserves the characteristics
of GLORYS but that best matches available observations. Since GLORYS itself is already assimilated to
observations, we can use errors against real-world satellite observations to benchmark GenDA against this
state-of-the-art data assimilation product.

We conduct our OSE in the same Gulf Stream Extension region (55-65° W, 33-43° N) as in the OSSE,

again for the withheld test year 2017.

L3 Satellite Observations

We provide L3 observations of both SSH and SST. For SSH, the observations come from a constellation
of nadir altimeters (SARAL/Altika, Jason 2, Jason 3, Sentinel 3A, Haiyang-2A) [E.U. Copernicus Marine
Service Information (CMEMS), 2024d]. SWOT was yet to be launched during this test year so we provide
only along-track SSH observations. To independently evaluate the accuracy of the mapped SSH fields, we
withhold one altimeter, CryoSat-2, at inference and use this withheld altimeter as a ground truth for the
mapped SSH. This follows the configuration of the 2021a Ocean Data Challenge [Ballarotta et al., 2021],
allowing us to benchmark the performance of GenDA on real-world observations against state-of-the-art
SSH mapping methods. For SST, we provide cloud-occluded infrared radiometer observations from the
ODYSSEA multi-satellite product [E.U. Copernicus Marine Service Information (CMEMS), 2024a]. This
product collates SST observations from a range of different satellites onto a regular 0.1° grid and includes

only nighttime observations to remove diurnal variability.

L4 Satellite Products

We also provide low-resolution L4 estimates of SSH, SST, and SSS. For SSH, we use output from the deep

learning model, ConvLSTM, presented in Martin et al. [2023]. This method uses a supervised, observation-
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only learning regression approach to estimate gridded SSH at higher resolution than can be achieved with
OI by synthesizing along-track SSH and gridded SST. In order to preserve the independence of the withheld
evaluation altimeter, CryoSat-2, we ensure that the L4 SSH product was generated using all apart from the
withheld altimeter and the network was never trained on observations from 2017. The ConvLSTM SSH
fields have an effective resolution of 100 km (S.I. Table S3 in Martin et al. [2024]).

For SST, we use the REMSS MW-OI Global Foundation Sea Surface Temperature analysis product [Re-
mote Sensing Systems, 2017]. This product uses Ol to interpolate observations from microwave radiometer
sensors onboard multiple satellites into a gridded L4 SST estimate. Note microwave radiometers have lower
spatial resolution than the infrared observations we use for L3, but these sensors can penetrate clouds. The
product is provided on a 1/4° grid and we linearly interpolate it to the GenDA grid.

For SSS, we use the CMEMS Multi Observation Global Ocean Sea Surface Salinity and Sea Surface
Density product [E.U. Copernicus Marine Service Information (CMEMS), 2024¢]. This product is obtained
through a multivariate OI algorithm that combines SSS images from multiple satellites with in situ salinity
measurements and satellite SST and is provided on a 1/8° grid which we linearly interpolate to the GenDA
grid.

The effective coarse-graining scales of the real-world L4 SSH, SST, and SSS products are not known a
priori, raising the question of what coarse-graining scales, [, to prescribe in the GenDA observation operator.
We choose coarse-graining scales (S.I. Table S3) based on an a posteriori tuning strategy described in S.I.
Text S5.2, though we acknowledge this choice is ultimately somewhat subjective.

As in the OSSE (Section 3.3.2), we also provide atmospheric wind speeds from ERA 5. No observations
are provided of ageostrophic surface currents and these are reconstructed in an unguided manner.

In sum, GenDA and the UNet Regression are provided:
* L3 along-track SSH from 5 nadir altimeters

* L3 infrared SST observations occluded by clouds

* Coarse L4 SSH from ConvLSTM

* Coarse L4 SST from REMSS MW-OI product

* Coarse L4 SSS from CMEMS Multi-Obs product
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e Surface wind velocities from ERA 5

Evaluation Metrics

We evaluate the mapped SSH fields along-track using the independent withheld satellite altimeter, CryoSat-
2, through the metrics provided in Ocean Data Challenge 2021a [Ballarotta et al., 2021]. Specifically, we

evaluate the ‘RMSE score’, p, and the annual standard deviation of its daily mean, where

B RMSE(T]pred, nobserved)
RMS(nobserved)

(3.16)

and 7 is the SSH. We also estimate the ‘effective resolution’ of the SSH maps by finding the wavelength at
which the signal-to-error ratio of the maps crosses a threshold in spectral space when compared to along-
track segments of SSH from CryoSat-2 following the methodology of Ballarotta et al. [2019]. We stress
that the effective resolution evaluates both the magnitude and phase of the SSH spectrum. This is different
to identifying a wavelength below which the magnitude of the spectrum rolls off due to smoothing. Thus,
a state estimate can show significant amplitude at small scales below the effective resolution (e.g. with a
power law inertial range spectrum) but these scales are not counted as ‘resolved’ since their phase is not
reliably estimated.

To evaluate the SST, we artificially apply additional clouds to the L3 SST observations by randomly
shuffling the cloud masks between days and applying the shuffled cloud mask on top of the already-cloudy
L3 SST. We then calculate R? against the L3 SST using only the pixels that were masked out by the addi-
tional cloud masking.

Finally, we compute the dynamical diagnostics outlined in Section 3.3.2 to test if GenDA preserves the

dynamical characteristics of GLORYS when applied in the real world.

3.4 Results

Since the focus of this study is state estimation from observations, we here focus only on the results of
applying our trained diffusion prior, D, to state estimation through GenDA. The reader is referred to S.I.

Text S4 for the results of training D to de-noise GLORYS 12 ocean states. After being trained on 10 million
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ocean state vectors drawn randomly from our training domain, requiring 72 NVIDIA V100 GPU-hours, D
can skillfully generate realistic ocean states resembling the GLORYS training data (S.I. Text S4, Figures S1

& S2). We now proceed to evaluate GenDA’s state estimation capabilities.

3.4.1 Experiment 1 (OSSE): Performance on Simulated Satellite Observations
Point-wise Accuracy of Predictions

After being assimilated to the simulated L3 and L4 observations (Figure 3.5a-¢), GenDA predictions (Figure
3.5f-0) appear to visually match the GLORYS ground truth closely (Figure 3.5p-t). At large scales, the
SSH, SST, and SSS predictions match those from the low-resolution L4 observations (panels c-e) both in
the ensemble mean (panels f-h) and for a randomly selected individual ensemble member (panels k-m). At
smaller scales, the predictions appear to resolve additional fine-scale features missing in the low-resolution
L4 inputs. Where high-resolution L3 SSH and SST observations (panels a & b) were assimilated, both the
ensemble mean (panels f & g) and ensemble member (panels k & 1) predictions match the observations
even at small scales. In contrast, where L3 observations are not available, the ensemble mean predictions
smooth out small-scale frontal features compared to the ground truth (panels p & q). The ensemble member
predictions (panels k & 1) do contain frontal features throughout the domain, albeit with less point-wise
agreement to the ground truth in the absence of L3 observations. Despite only assimilating low-resolution
L4 SSS (panel e), the ensemble mean and ensemble members (panels h & m) exhibit fine-scale frontal
SSS features. The ensemble mean SSS frontal features (panel h) appear to be smoothed out where L3
SST observations weren’t available (panel b), emphasizing the close relationship between SST and SSS and
suggesting small-scale SSS is largely predictable from L3 SST using GenDA.

Remarkably, despite no observations of ageostrophic surface currents being assimilated, GenDA cap-
tures many of the features in the ageostrophic surface current field (compare panels i, j, n, & o to s & t).
For surface currents, a clear difference emerges between the ensemble mean (panels i & j) and the ensemble
member (panels n & o). The ensemble member exhibits fine-scale frontal jets with variance comparable to
the ground truth, though the point-wise agreement to the ground truth for these jets appears mixed. Mean-
while, the ensemble mean exhibits lower variance and only the larger, eddy-driven currents remain. This

suggests a higher degree of confidence in the predictions for the large-scale eddy-driven ageostrophic cur-
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rents, which are largely due to cyclogeostrophic balance [Penven et al., 2014; Cao et al., 2023], while each
ensemble member produces fine-scale frontal jets that vary in location and hence average out in the ensemble
mean.

The distinction between the ensemble mean and ensemble member is further emphasized in Figure
3.6 by evaluating the magnitude of SST gradients. Despite the Eastern side of the domain being entirely
obscured by clouds (panel d), the GenDA ensemble member (panel b) predicts a series of fine-scale SST
fronts whereas the ensemble mean (panel c) predicts broader, weaker fronts reflecting the uncertainty in
the location of each front. Note the UNet Regression (panel e) fronts in the cloud-obscured region are
qualitatively similar to those in the GenDA ensemble mean, reflecting that the regression formulation leads
it to predict the mean of the distribution, smoothing out smaller scales. Both the UNet Regression and
GenDA ensemble mean have sharper fronts than those from OI (panel f).

When evaluated over the full withheld testing year, both GenDA and UNet Regression are able to recon-
struct SSH, SST, and SSS with higher R? than the low-resolution L4 OI (Table 3.1). The GenDA ensemble
mean outperforms the ensemble member on these point-wise accuracy metrics, emphasizing that the ensem-
ble provides a more accurate prediction than any individual ensemble member at the expense of smoothing
out fine-scale features. UNet Regression outperforms GenDA in terms of point-wise accuracy across all
variables, though only marginally for SSH, SST, and SSS compared to the GenDA ensemble mean. This
suggests that bespoke training for the considered observing system, and optimization of regression met-
rics (i.e. MSE) in the UNet Regression loss function, allows UNet Regression to learn a more accurate
mapping than the more general GenDA framework, especially for the unobserved ageostrophic surface cur-
rents. However, we will show below that the advantages of GenDA become apparent when it is applied to

real-world observations and when evaluating the physical consistency across scales of the reconstructions.

R? for each variable

Method SSH SST SSS Uageo | Vageo | Ggeo Cageo

Low Resolu- || 0.969 | 0.923 | 0.903 | n/a n/a 0.530 | n/a
tion L4 (OI) (0.00) | (0.00) | (0.00)
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Supervised | 0.992 | 0.964 | 0.963 | 0.617 | 0.591 | 0.732* | 0.436
UNet  Re- || (0.748)| (0.529)| (0.623)

gression

GenDA 0991 | 0957 | 0962 | 0383 | 0369 | 0.721 | 0.177
(ensemble (0.695)| (0.444)| (0.608)

mean)

GenDA 0.987 | 0.941 | 0949 | 0.017 | 0.011 | 0.564 | -0.287
(ensemble (0.598)| (0.241)| (0.473)

member)

Table 3.1: Coefficient of determination, R?, for each variable and reconstruction methods, higher values
closer to 1 indicate more accurate predictions. Values in brackets for SSH, SST, and SSS are R? calculated
on the residual from the low resolution L4 OI inputs, so any positive value indicates an improvement over
OI. Ageostrophic currents and vorticity are not retrievable from the low-resolution L4 OI method since this
only estimates satellite observables. The asterisk for UNet Regression geostrophic vorticity indicates that
the field was smoothed using a Gaussian filter with a sigma of 1 pixel before calculating SSH gradients to
remove high-frequency checkerboard artifacts, improving R? for Cgeo-

Spectral Evaluation & Eddy Dynamics

Evaluating the spectra for the satellite observables (SSH, SST, and SSS) highlights the fact that both GenDA
and UNet Regression preserve more fine-scale features than the low resolution L4 OI, with spectra closer
to the ground truth GLORYS fields (Figure 3.7a-c). In all cases, UNet Regression appears to better esti-
mate the variance at large scales than GenDA, which likely drives the improvement in R? seen in Table 3.1.
However, for SST and SSS UNet Regression shows a spectral roll-off, underestimating variance at smaller
scales with an overly-steep spectral slope compared to the ground truth. By contrast, the GenDA recon-
structions show shallow spectral slopes, more like those in the ground truth data, albeit with the GenDA
ensemble mean spectral slope beginning to steepen below 100 km. The fact that GenDA ensemble member
reconstructions show similar spectral slopes to the ground-truth fields across all scales highlights the ability
of the diffusion prior to ensure reconstructions retain the physical characteristics of the GLORYS training

data across scales. At smaller scales, the UNet Regression spectra flatten due to the appearance of high-
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frequency ‘checkerboard’ artifacts in the predictions which in the case of SSH overwhelm the signal below
40 km. Such artifacts don’t appear in the GenDA reconstructions likely due to its different training objective

(i.e. de-noising).

Considering the kinetic energy spectra of the unobserved ageostrophic currents (Figure 3.7¢), UNet
Regression appears to better capture the variance at large scales, possibly indicating that GenDA is not
optimal for reconstructing large-scale wind-driven surface currents that remain after subtracting the linear
Ekman currents. However, UNet Regression again exhibits an overly-steep spectral slope at scales below
100 km where the regression formulation begins to smooth out fine-scale frontal jets. The GenDA ensemble
member matches the ground truth spectrum more closely all the way down to the grid resolution. By
contrast, the GenDA ensemble mean strongly under-estimates variance below 100 km, consistent with the
smooth ensemble mean in Figure 3.51,j. A similar picture emerges when considering the geostrophic kinetic
energy spectra (Figure 3.7d), with the GenDA ensemble member coming closest to the ground truth spectra
albeit still underestimating the variance at all scales. This emphasizes the advantage of GenDA’s generative
formulation for reconstructing higher-order dynamical diagnostics which are sensitive to the smoothing of
SSH (geostrophic kinetic energy goes as the square of the gradient of SSH). Finally, the spectra of the eddy
temperature and salt fluxes (Figure 3.7f & g respectively) show how the smoothing of SSH and SST/SSS
compound in the low-resolution OI reconstructions, leading to a severe under-estimation of small-scale eddy
fluxes. In contrast, GenDA ensemble member fluxes have a similar spectral slope to the ground truth all the

way down to the grid resolution.

The ability of GenDA ensemble members to reconstruct realistic-looking eddy dynamics is further il-
lustrated by comparing the geostrophic vorticity-strain JPDF to that calculated from the GLORYS ground
truth SSH (Figure 3.8). Compared to the ensemble mean or UNet Regression, GenDA ensemble members
better capture the long tails in the vorticity and strain distributions. The improved reconstruction of vortic-
ity and strain can also be observed visually for a snapshot through the Okubo-Weiss quantity (Figure 3.9).
Accurately reconstructing geostrophic vorticity and strain, reflected in both the JPDF and the Okubo-Weiss
quantity, is vital for studies of ocean eddy dynamics since they are necessary to diagnose ageostrophic dy-
namics, vertical velocities, frontogenesis rates, and kinetic energy cascades between scales. That GenDA

has a vorticity-strain JPDF close to that from a numerical simulation is a strong indicator of ‘physical re-
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alism’ since the JPDF is sensitive to whether a state estimate accurately captures the geometry of eddies
and fronts, rather than merely distributing variance across scales. We emphasize though that there is no
hard physical constraint in the method and future studies testing the extent to which GenDA state estimates

respect known conservation principles in a more idealized setting would be valuable.

Advantages of Channel Synthesis

To emphasize the advantage of pursuing a multi-modal approach to surface ocean state estimation, we here
test the extent to which GenDA can exploit observations of one variable to improve the predictions of
others, i.e. its ‘channel synthesis’ capabilities. Firstly, the fact that GenDA captures significant variance and
spatial structure in tggeo and vgqe, despite assimilating no surface current observations demonstrates GenDA
can exploit the physical relationships between satellite observables and ageostrophic currents learned from

GLORYS during training (Figure 3.5 & Table 3.1).

GenDA ensemble mean predictions show increased R? across all variables in pixels where cloud-free
L3 SST observations were assimilated compared to those occluded by clouds (Figure 3.10a). The improve-
ment is (unsurprisingly) most clear for SST, as GenDA reconstructs almost all the variance in cloud-free
pixels, demonstrating how closely the reconstruction converges to observations where provided. The next
biggest improvement with cloud-free SST observations is for SSS, with R? (calculated on the residual from
the low-resolution L4 SSS) almost doubling for cloud-free pixels. This makes it clear that frontal-scale SSS
anomalies appear largely predictable given L3 SST and low-resolution L4 SSS. Frontal-scale SST and SSS
anomalies are closely related likely because frontogenesis acts to amplify all surface tracer gradients simul-
taneously. There is also an improvement in R? for ageostrophic surface currents, likely due to the improved
reconstruction of the strong frontal jets typically co-incident with strong density (and hence SST) gradients.
The improvement in SSH is more limited in cloud-free pixels, possibly indicating that larger mesoscale
SST signals, captured even in cloud-occluded regions by the low-resolution L4 SST input, drive most of
the improvement seen in SSH mapping studies exploiting SSH-SST synergies [Archambault et al., 2023;
Fablet et al., 2023, 2024; Martin et al., 2023, 2024]. Similarly, an increase in R? is observed across all vari-
ables in pixels where L3 SWOT SSH observations were assimilated (Figure 3.10b). SWOT SSH primarily

appears to improve the reconstruction of ageostrophic currents and leads to relatively little improvement in
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SST or SSS. The improvement in ageostrophic currents is likely due to their relationship to SSH through
cyclo-geostrophy [Penven et al., 2014; Cao et al., 2023]. Taken together, Figure 3.10 shows the value in
synergizing SSH and SST observations as they appear to provide ‘orthogonal’ information about the ocean

state, with SSH containing information about the surface pressure and SST about the surface density.

Suitability of GenDA Ensemble for Uncertainty Quantification

Here we assess whether GenDA ensemble dispersion is a good metric of uncertainty. The spatial patterns
of the ensemble dispersion, indicated by the ensemble standard deviation, for SSH and SST show a strong
signature of the locations of L3 observations, with very low ensemble dispersion in SSH pixels observed
by satellite altimeters and cloud-free SST pixels (Figure 3.11). In addition to the signature of the observing
system, the SSH ensemble dispersion also appears elevated near strong SST fronts in the L3 observations.
Strong SST fronts are typically associated with strong gradients in SSH, but there could be a phase shift
between SSH and SST. So the elevated SSH uncertainty at well-observed SST fronts could indicate that
the model has uncertainty about the SSH-SST phase shift. However, ‘u-shaped’ rank histograms for all
variables show that the GenDA ensemble is under-dispersive (Figure 3.12). Concretely, the uncertainty es-
timate provided by the ensemble dispersion is an underestimation of the true predictive uncertainty: with
the 24-member ensemble considered here, there is an up to 20% chance that the true value falls outside the
range of ensemble members (adding the left and right bars in the rank histograms in Figure 3.12). Nonethe-
less, GenDA ensembles show no significant systematic biases even for the unobserved surface ageostrophic
currents, as indicated by the symmetry of the rank histograms (Figure 3.12). Thus, despite slightly underes-
timating the spread, GenDA does provide a realistic-looking unbiased ensemble of eddy-scale predictions,

representing an important advance compared to regression-type approaches.

3.4.2 Experiment 2 (OSE): Real-World Mapping Performance
SSH & SST Mapping Metrics

Assimilating real-world observations (Figure 3.13a-e), GenDA state estimations qualitatively look remark-
ably similar to those in the OSSE setting, encouraging confidence in its generalizability to real-world obser-

vations (Figure 3.13k-t). By contrast, the UNet Regression predictions (Figure 3.13f-j) appear significantly
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degraded, with unrealistic SST and SSS fields and ageostrophic surface current fields with significantly
stronger variance than seen in GLORYS (Figure 3.5s,t). UNet Regression behaving poorly on real-world
observations suggests that the network is overly sensitive to differences between real observations and the
GCM pseudo-observations used in training, likely due to different noise properties and resolutions. GenDA
ensemble member predictions (panels p-t) show enhanced variance at small scales, with realistic-looking
frontal features in SST, SSS, and ageostrophic currents that are mostly absent in the low-resolution L4

gridded products assimilated (panels c-e).

The GenDA ensemble mean and ensemble members exhibit performance in SSH mapping metrics com-
parable to state-of-the-art methods (Figure 3.14a and 3.6). This is perhaps not surprising since the Con-
vLSTM SSH maps were assimilated, but implies that adding four more variables to the state vector and
requiring GLORY S-like dynamics does not lead to a significant drop in SSH mapping performance. By
contrast, despite using the ConvLSTM SSH maps as input, UNet Regression shows severely degraded SSH
mapping and fails to accurately resolve wavelengths as small as the DUACS OI method [Le Traon et al.,
1998; Taburet et al., 2019]. GLORYS 12 shows significantly worse SSH mapping errors, with its small-
est resolved wavelength being more than double that of GenDA. This highlights the limitations of full 3D
GCM data assimilation for resolving mesoscale surface eddies and the need for surface-only methods like
GenDA. A similar picture emerges when assessing the SST mapping, with GenDA outperforming OI, UNet
Regression, and GLORYS 12 (Figure 3.14b,c). The reduced R? in SST compared to in the OSSE setting
are unsurprising since here our ground truth are L3 observations with significant sensor noise whereas in the

OSSE we compared directly to the noise-free ground truth.

Spectral Evaluation & Eddy Dynamics

The spectra of SSH, SST, SSS, and geostrophic kinetic energy, after assimilation to real-world observations,
show significant shifts from those of the GLORYS training data and the OSSE state estimates (Figure 3.15a-
d). While in the OSE setting we don’t have access to the ground truth spectra, the significant shift from
GenDA (OSSE) to GenDA (OSE), especially at larger scales, suggests the assimilation process allows the
state estimates to adapt to real-world ocean conditions that are substantially different from the GLORYS

training data. The GenDA reconstructions continue to exhibit power-law spectral slopes qualitatively similar
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to those in the OSSE setting and shallower than the L4 OI inputs, implying the diffusion prior learned from
GLORYS ensures GenDA preserves realistic fine-scale features. By contrast, the UNet Regression spectra
show substantially different shapes to those in the OSSE, further suggesting a lack of generalizability to

real-world observations.

The GenDA spectra for ageostrophic kinetic energy remain qualitatively similar to those seen in the
OSSE setting (Figure 3.15¢e), further increasing confidence that the GenDA reconstructions remain ‘GLORY S-
like’ even after assimilating real-world observations. Intriguingly, despite no observations of ageostrophic
surface currents being assimilated, the ageostrophic kinetic energy spectrum shows enhanced energy at
large scales when assimilated to real-world satellite observations (Figure 3.15e). This suggests even the un-
observed variables respond to changes in the spectral properties of the assimilated variables, and the change
in large-scale ageostrophic kinetic energy could be a response to changes in the SSH spectrum (Figure
3.15a & d) through cyclogeostrophic balance (S.I. Text S7 & Figure S6) [Penven et al., 2014; Cao et al.,
2023]. The GenDA eddy flux spectra (Figure 3.15f,g) maintain their ‘GLORYS-like’ spectral slopes even
when assimilated to real-world observations. Finally, the reconstructed geostrophic Okubo-Weiss fields
from GenDA retain their qualitative realism from the OSSE setting (Figure 3.16), unlike the UNet Regres-
sion Okubo-Weiss which appears to deteriorate substantially. The significant differences in eddy placements
in GLORYS 12 (Figure 3.16a) further highlight that full 3D GCM data assimilation and surface-only data
assimilation yield substantially different results, with 3D state estimation coming at the expense of accurate

placement of eddies at the surface.

Evaluating the accuracy of the ageostrophic surface currents in the real-world setting is challenging due
to the sparsity of in situ observations. Nonetheless, we include a comparison of the predicted surface cur-
rents to surface drifter observations from the Global Drifter Program [Copernicus Marine in situ TAC, 2024]
(S.I. Text S8 and Table S4). All methods (GenDA, UNet Regression, and GLORYS) show a slight increase
in error when the predicted ageostrophic current is included compared to when just the geostrophic compo-
nent is evaluated (Table S4). This highlights the challenge of accurately predicting real-world ageostrophic
surface currents and suggests further work is needed to skillfully predict real-world ageostrophic surface
currents from satellite observables. Nonetheless, the surface drifters further highlight that GenDA gener-

alizes to real-world observations more reliably than UNet Regression, showing significantly lower surface
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current errors than both UNet Regression and GLORYS and similar accuracy to the geostrophic currents
from ConvLSTM (SSH-SST) (Table S4). It should be noted that these error metrics are calculated against
just thirty available drifter trajectories which only sparsely cover the prediction domain and more compre-

hensive evaluation using Lagrangian rather than Eulerian metrics would be beneficial in future.

3.5 Conclusions & Discussion

3.5.1 Conclusions

Score-based data assimilation [Rozet and Louppe, 2023a,b], referred to here as GenDA, is a significant
methodological departure from the regression approaches that have to date been explored in deep learning
satellite oceanography studies. By decoupling the neural network training from any specific observing sys-
tem, GenDA provides a flexible and robust framework for guiding inference using a simulation-informed
neural network with observations. GenDA improves the generalization from simulation training to real-
world observations, retaining many dynamical characteristics of the simulation used during training. En-
abling the use of multi-modal and multi-resolution observations resulted in significant benefits, with GenDA
being now able to reconstruct ageostrophic currents and frontal-scale SSS from real-world satellite obser-
vations in an unguided manner (i.e. without any observations of currents or high-resolution salinity). By
focusing solely on surface state estimation, GenDA reconstructions outperform state-of-the-art dynami-
cal data assimilation systems, resolving SSH wavelengths twice as small as GLORYS 12 (Figure 3.14a).

GenDA thus appears to provide a surface-only, neural alternative to 3D dynamical GCM data assimilation.

3.5.2 Discussion

While the results presented in this study represent a significant advance in eddy-resolving surface ocean
state estimation, a number of limitations and areas for future method development should be noted. Our
implementation of GenDA here works only on single temporal snapshots, meaning the GenDA reconstruc-
tions are not temporally coherent. GenDA predictions (both ensemble members and mean) for consecutive
days show large jumps between time steps, especially for the high-resolution features that are only intermit-

tently observed with L3 SSH and SST observations (S.I. Movies S1 & S2). Future work should therefore
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focus on extending the method to work on multiple time steps, potentially following the method proposed
by Rozet and Louppe [2023a]. Extending GenDA to assimilate multiple time steps may remove the need
to assimilate low-resolution L4 satellite products in the observation operator by improving the geographic
coverage of the L3 observations assimilated. Another limitation of the results presented here is the under-
dispersiveness of the ensemble predictions. Future work could explore strategies for improving the realism
of the reconstructed distribution, for example, through alternative reverse diffusion time-stepping schemes
or data pre-processing steps. Since real-world OI products are not necessarily well-represented as a Gaus-
sian coarse-graining operation, a promising direction for improving the spectral properties of GenDA state
estimates would be to investigate the use of alternative filtering operations in the observation operator. Such
efforts would be aided by studies of the spectral properties of low-resolution L4 OI products and how these

can be approximated as filtering operations.

A fundamental limitation of the GenDA methodology is that the state estimate inherits its dynamical
characteristics from the GCM simulation used during training. GCMs are imperfect representations of real-
world ocean physics, and it is unclear to what extent GenDA would be able to ‘un-learn’ a simulation’s
biased physics during assimilation to observations. Since GenDA reconstructions are only as reliable as
the GCM used during assimilation, one could consider it as a neural network analog to conventional data
assimilation. Note that the high accuracy of the 2D surface ocean reconstruction is partially achieved by
not formally satisfying GCM’s 3D equations of motion, which themselves are known to be imperfect. For
example, submesoscale-resolving SSH observations from SWOT are beginning to reveal that even frontier
submesoscale-permitting ocean GCMs like LL.C4320 [Su et al., 2018] can have significant statistical biases,
including under-estimation of the real-world ocean’s submesoscale kinetic energy [Archer et al., 2025]. The
statistical discrepancies between simulation data and real-world observations, which are significant even
in high-resolution models, emphasize the need to explore observation-only learning strategies for training

high-resolution diffusion priors [Rozet et al., 2024].

There are many promising potential future research directions the GenDA method could enable. We
here trained our diffusion prior on GLORYS 12 reanalysis data, but the grid resolution of the GCM used
is too coarse to resolve submesoscale dynamics. In future, the GenDA diffusion prior could be trained on

submesoscale-permitting free-running GCM’s such as the 1/48° LLC4320 global simulation [Su et al., 2018]
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or the 1/60° NATL60 North Atlantic simulation [Ajayi et al., 2020]. This would offer the tantalizing prospect
of ‘assimilating’ frontier submesoscale GCMs to satellite observations, something that is beyond the cur-
rent capabilities of conventional dynamical data assimilation. Training on submesoscale-permitting models
could improve the realism of frontal dynamics by incorporating mixed layer instabilities into the training
data, leading to potential improvements in our monitoring and understanding of ocean energy cascades
[Sasaki et al., 2014; Klein et al., 2019; Taylor and Thompson, 2023]. Training on submesoscale-permitting
models could also help to reduce the error of the predicted ageostrophic currents compared to surface drifter
observations (Table S4) since the ageostrophic currents in the GLORYS training data used in this study
likely differ substantially from those in the real-world ocean where submesoscale instabilities are active.
Submesoscale-permitting model training data, combined with a multi-timestep approach, could also enable
GenDA in future to disentangle the effects of internal gravity waves and balanced submesoscale turbulence
on SSH [Wang et al., 2022a; Gao et al., 2024], a critical science requirement for the SWOT mission [Klein
et al., 2019; Fu et al., 2024]. Even when trained on the relatively coarse GLORYS model, SWOT SSH
observations appear to drive a significant improvement in the estimation of ageostrophic surface currents
(Figure 3.10b). We anticipate that the added value of SWOT could be even greater if the GenDA diffusion
prior were re-trained on a more realistic submesoscale-permitting GCM that better captures the relation be-
tween SSH and ageostrophic currents. The ability of GenDA to skillfully predict frontal scale SSS given
cloud-free L3 SST and low-resolution L4 SSS from OI could in future be used to determine the extent to
which SST fronts are salinity compensated [Rudnick and Ferrari, 1999], since SSS is not observed at frontal
scales from satellites and theories of frontogenesis relate to density, not just SST [Hoskins, 1982]. The flex-
ibility to prescribe different observation operators for different observing systems make GenDA well-placed
to exploit future proposed satellite missions directly measuring ageostrophic surface currents from space
[Torres et al., 2023], to better exploit wide-swath altimetry [Fu et al., 2024], and to aid in future observing
system design. Future studies could also consider how to assimilate other observing streams not typically
assimilated in dynamical data assimilation, such as synthetic aperture radar (SAR), which contains signa-
tures of both ocean turbulence and internal gravity waves [Ivanov and Ginzburg, 2002], or satellite ocean
color observations, which show an abundance of submesoscale fronts and filaments [Lévy et al., 2018].

These observations are not immediately amenable to assimilation through GenDA since these variables are
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not typically modeled in the ocean GCMs available for neural network training, and so new methods would
be required to either model these variables within the GCM itself or to predict them as a post-processing step
using GCM output. While GenDA provides a natural method for uncertainty quantification, further work
is needed to improve the calibration of the predicted ensemble. This could be potentially achieved either
through generating larger ensembles or by systematically tuning the observational noise for each observing
modality in the observation likelihood term. Finally, the ability of GenDA to reconstruct un-observed vari-
ables in an unguided manner suggests future studies could consider more ambitious dynamical quantities of
interest in the state vector such as vertical velocities [Zhu et al., 2023; He and Mahadevan, 2024], air-sea

fluxes, or interior ocean dynamics [George et al., 2021; Manucharyan et al., 2021].

3.6 Complete Ocean Data Challenge 2021a SSH Evaluation Metrics (OSE)

Ocean Data Challenge 2021a SSH Mapping Metrics
Method RMSE std of | Effective | Notes
Score, p | RMSE Reso-
™M Score (}) | lution
[km],
Aefr (D)
GenDA 0.90 0.06 109 Trained on GLORYS, reconstructs: SSH, SSS,
(ensemble SST,u, v
mean)
GenDA 0.90 0.07 113 Trained on GLORYS, reconstructs: SSH, SSS,
(ensemble SST.u, v
member)
UNet Re- || 0.85 0.08 188 Trained on GLORYS, reconstructs: SSH, SSS,
gression SST.u,v
GLORYS 12 || 0.73 0.13 240 1/12° GCM data assimilation (evaluation al-
timeter assimilated)
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DUACS 0.88 0.07 152 OI as used in CMEMS product (SSH only)
MIOST 0.89 0.08 139 Dynamics-informed OI (SSH only)
DYMOST 0.89 0.06 129 Dynamics-informed OI (SSH only)

BFN QG 0.88 0.06 122 Data assimilation with QG model (SSH only)
4DVarNet 0.89 0.06 122 Data assimilation-inspired neural network re-
(v2021) gression (SSH only)

4DVarNet 0.89 0.09 109 Data assimilation-inspired neural network re-
(v2022) gression (SSH only)

4DVarQG 0.90 0.06 106 Data assimilation with QG model (SSH only)
ConvLSTM 0.90 0.06 113 Neural network regression (SSH only)

(SSH)

ConvLSTM || 0.90 0.06 100 Neural network regression (SSH & SST inputs,
(SSH-SST) SSH output)

NeurOST 0.90 0.06 114 Neural network regression as used in PO.DAAC
(SSH-SST) product (SSH & SST inputs, SSH output)

Table 3.2: Ocean Data Challenge 2021a SSH mapping metrics for the OSE. See Section 3.3.3 for metric

details.
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e
L4 SSS [psu] L3 SST [C] L4 SST [C] L4 SSH [m] L3 SSH [m]

30 33.5 37 -0.3 0 0.3 -0.3 0 0.3

Figure 3.1: Illustration of the available multi-modal satellite observations of the surface ocean state. Satel-
lite observations are available at both ‘Level 3’ (L3) and ‘Level 4’ (LL4) processing levels. L3 observations
are before any interpolation, so are sparse but high-resolution, whereas L4 has been interpolated to a gap-
free grid, smoothing smaller scales (e.g. using objective analysis). From left to right: L4 SSS from E.U.
Copernicus Marine Service Information (CMEMS) [2024¢], L3 SST from E.U. Copernicus Marine Ser-
vice Information (CMEMS) [2024a], L4 SST from Remote Sensing Systems [2017], L4 SSH from OSTST
[2024], and L3 SSH from both nadir [E.U. Copernicus Marine Service Information (CMEMS), 2024d] and
SWOT [AVISO/DUACS, 2024] altimeters. Observations shown here are for 2024-04-05. The boxed region
is the study region considered in our experiments.
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Figure 3.2: Schematic of the GenDA training phase. (a) Gap-free, multi-modal state vectors, x, are taken
from the simulation training data and Gaussian white noise, o(t)z, at varying amplitudes is added. (b) A
de-noising neural network, D, is trained to map from noisy states, = + o (t)z to de-noised states, Z(t), by
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Figure 3.3: Schematic of the GenDA inference phase. (a) A random state, 7, is mapped to a state estimate,
xg, through repeated observation-guided reverse time steps, reversing a forward noise process (Section
3.2.1), along the diffusion ‘time’ axis from ¢ = " (noise distribution) to ¢ = 0 (learned data distribution). An
ensemble of state estimates is generated by inputting different random states, z7. (b) Within each reverse
time step, the trained de-noising neural network, D, is applied, predicting a de-noised state, &, which is
compared to observations, y, through the observation operator, .A. Combining the prior likelihood gradient
from D, V, (p(x+)), with the observation likelihood term, V, (p(y|@¢)), a reverse time step is made using
V. (p(x¢]y)) to maximize the posterior likelihood. The weights of D are kept fixed throughout this process.
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Figure 3.4: Example inputs and targets for multi-modal surface ocean state estimation simulated from
GLORYS re-analysis product in our observing system simulation experiment (Section 3.3.2). The inputs are
(a) simulated L3 SSH observations from a constellation of nadir altimeters and SWOT, (b) cloud-obscured
L3 SST observations from infrared radiometers, (c) & (d) surface winds from ERA 5 (Section 3.2.1), (e)-(g)
coarse-grained SSH, SST, and SSS to simulate existing low-resolution satellite products from OI. The target
variables are the gap-free, high-resolution (h) SSH, (i) SST, (j) SSS, (k) & (1) ageostrophic surface currents.
Ageostrophic currents are not observed by satellites. All values are plotted in anomaly space (Section 3.3.1).
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Figure 3.5: Example GenDA OSSE prediction for 2017-04-27 (See S.I. Movie S1 for all dates). First
row, input L3 observations assimilated: (a) SSH & (b) SST. Second row, input low-resolution L4 satellite
products assimilated: (c) SSH, (d) SST, & (e) SSS. Third row, GenDA ensemble mean predictions for (f)
SSH, (g) SST, (h) SSS, (i) uageo, and (j) Vageo- Fourth row, (k)-(0) GenDA ensemble member predictions.
Fifth row, (p)-(t) ground truth fields (GLORYS). Note ERA 5 surface winds are also provided as input and
predicted by GenDA but are not plotted since they match almost exactly.
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from (a) ground truth target field from GLORYS, (b) GenDA ensemble member prediction, (c) GenDA
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(f) the coarse-grained L4 ‘OI’ input assimilated.

155



SSH

SST

SSS

10!
100
a
& 107 Ny
4 - |
—— Truth (GLORYS) — Truth (GLORYS) 1073 — Truth (GLORYS)
10-4{ - o1 - ol - ol
—— UNet Regression 1072 § —— UNet Regression 10-3] — UNet Regression
10-5 | — GenDA (ensemble member) —— GenDA (ensemble member) —— GenDA (ensemble member)
-- GenDA (ensemble mean) 1034 7 GenDA (ensemble mean) -- GenDA (ensemble mean) .
1073 1072 107t 1073 1072 107 1072 1072 107t

Inverse Wavelength [km~1]

(d)

1014

1004

Geostrophic Kinetic Energy

3 — Truth (GLORYS)

3 —— UNet Regression

ol

—— GenDA (ensemble member)
-~ GenDA (ensemble mean)

102 107t

Inverse Wavelength [km~1]

1073

Meridional Eddy Temperature Flux

{ = Truth (GLORYS)

] — UNet Regression

== Ol

—— GenDA (ensemble member)

-~ GenDA (ensemble mean)

102 107t

Inverse Wavelength [km~1]

1073

Inverse Wavelength [km~1]

(e)

Inverse Wavelength [km~1]

Ageostrophic Kinetic Energy

—— Truth (GLORYS)

—— UNet Regression

—— GenDA (ensemble member)
-- GenDA (ensemble mean)

1072 107!

Inverse Wavelength [km~1]

1073

Meridional Eddy Salt Flux

= Truth (GLORYS)
== 0l

10-5 | — UNet Regression
—— GenDA (ensemble member)
10-6 -- GenDA (ensemble mean)
103 1072 107!

Inverse Wavelength [km~1]
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the true value falling in each ensemble member bin. The first (last) bins represent truth values that lie below
(above) the ensemble minimum (maximum). A well-calibrated ensemble has a flat-rank histogram.
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Figure 3.13: Example predictions for 2017-07-07 when assimilating real-world satellite observations in
Experiment 2 (See S.I. Movie S2 for all dates). First row, input L3 observations assimilated: (a) SSH &
(b) SST. Second row, input low-resolution L4 satellite products assimilated: (c), (d), & (e) SSH, SST, &
SSS respectively. Third row, UNet Regression predictions for (f) SSH, (g) SST, (h) SSS, (i) ¢ageo, and (j)
Vageo- Fourth row, (k)-(0) GenDA ensemble mean pf%%ictions. Fifth row, (p)-(t) GenDA ensemble member
predictions. Note ERA 5 surface winds are also provided as input and predicted by GenDA but are not
plotted since they match almost exactly.
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Figure 3.14: Accuracy of OSE state estimates against independent satellite observations. (a) Effective
resolution, i.e. smallest resolved wavelength, of SSH for all methods in Ocean Data Challenge 2021a and
those considered in this study. (Black) methods for which there are publicly available global products,
(gray) experimental methods from other studies, (red) UNet Regression, and (blue) GenDA. (b) & (c) R?
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Figure 3.15: (a) SSH, (b) SST, (c) SSS, (d) geostrophic kinetic energy, (e) ageostrophic kinetic energy,
(f) meridional eddy temperature flux, and (g) meridional eddy salt flux. (solid black) GLORYS reference
from training (note this is no longer the ground truth when assimilating to real-world observations), (dashed
black) low resolution L4 OI input assimilated, (solid red) UNet Regression, (solid blue) GenDA ensemble
member, (dashed blue) GenDA ensemble mean, (solid green) GenDA ensemble member from the OSSE ex-
periment on simulated observations, and (dashed green) GenDA ensemble mean from the OSSE experiment
on simulated observations.
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Figure 3.16: Geostrophic Okubo-Weiss quantity when assimilated to real-world observations for (a) GLO-
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Appendix B

Supporting Information for Chapter 3

B1 Linear Ekman Regression Model for Wind-Driven Surface Currents

We remove both geostrophic currents and linear Ekman wind-driven currents from the total 15 m depth
currents in GLORYS 12 as a pre-processing step before training GenDA (Equations 10 & 11).

The linear Ekman wind-driven current is given by

UpE = p()\/?clez/d |:Tx cos (2 — %) — 7Y¢in (g — 2)] , (B.1)
and
VR = pz/fdez/d [Tx sin (2 - %) + 7Y cos (g - %)] , (B.2)

where d is the Ekman layer depth, z is depth, pg is a reference density, and 7% and 7Y are the zonal and
meridional wind stresses respectively (Equation 8.33 from Cushman-Roisin and Beckers [2011]). The Ek-
man layer depth, d, is a property of local oceanographic conditions which could vary geographically. The

wind stresses can be estimated from ERA 5 surface winds using bulk aerodynamical formulae

_ 2 2
" = paCduatmOS \/uatmos t Vatmos (B.3)

and

— 2 2
Ty - pacdvatmos \/uatmos + vatmos? (B‘4)
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where p, is an atmospheric reference density which we take to be 1.2 kgm™3, and C, is a drag coefficient
which we take to be 1.2 x 1073 [Large and Pond, 1981].
In practice, we calculate wind stress from ERA 5 winds using Equations B.3 & B.4 and re-cast Equations

B.1 & B.2 as a linear regression model

upr = A(z,y)7° + B(x,y)7Y, (B.5)

and

VEL = C(SE, y)TI + D(:Cv y)Ty’ (B6)

where A, B, C, and D are regression coefficients which we allow to vary geographically but assume to be
fixed in time [Lagerloef et al., 1999b]. We find these coefficients by regressing Equations B.5 & B.6 at each

coordinate onto GLORYS 12 ageostrophic surface currents over our full dataset duration (2010-2021).

B2 Why Include Surface Winds in the State Vector?

To improve the reconstruction of wind-driven currents not captured by our linear Ekman model (Text SB1),
we also reconstruct surface winds in the GenDA state estimate and assimilate ERA 5 winds in the observa-
tion operator. Here we show that assimilating ERA 5 winds improves the GenDA reconstruct skill for the

unobserved ageostrophic surface currents (Table B.1).

B3 Neural Network Architectures and Hyperparameters

B3.1 GenDA Diffusion Prior Architecture

The neural network architecture we use is a version of the UNet architecture [Ronneberger et al., 2015]
with added self-attention used widely in diffusion models [Song and Ermon, 2019; Mardani et al., 2024].
The full details of our architecture are illustrated in Figure B.1. We use this architecture also for the UNet
Regression baseline with minor modifications to the numbers of channels to accommadate observations in

the input and to reduce overfitting observed during training.
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B3.2 GenDA Generation Hyperparameters

Throughout this study, when generating state estimates using the diffusion prior we use the following hy-
perparameters. We discretize the the diffusion time axis into 256 steps from ¢ = 0 to ¢ = 7', and follow the
same time-stepping procedure as Rozet and Louppe [2023a] and Manshausen et al. [2025]. Although these
prior studies used Langevin Monte Carlo correction steps, in this study we perform no correction steps as it
was not found to improve performance in our experiments. We use the same noise schedule as Rozet and

Louppe [2023a],

o(t) = /1= (D)2 (B.7)
p(t) = cos(wt)? (B.8)

W = arccos ( 10—3> (B.9)

where we set 7' = 1.
In Rozet and Louppe [2023a] the heuristic variance for the posterior likelihood term in the main text
(Equation 6) is

A B A o(1)?
N WAGD), S,(8) = N <y|,4<x<t>>, 5, + Wr) , (B.10)

where ¥, is the standard error of the observations, y, and I is a hyperparameter that controls the strength of
the response to the observation likelihood term at higher noise levels. In this study we set I' = 0.1, noting
that this is slightly higher than the values used in Rozet and Louppe [2023a] and Manshausen et al. [2025].
We first tried smaller values for I' but ran into numerical instabilities during generation so increased I" until

the generation stabilized.

B4 GLORYS Diffusion Prior Training Results

Here we present the training results for GenDA’s score-based diffusion prior, D. During training, the dif-
fusion model is trained to de-noise surface ocean state vectors from GLORYS 12 with Gaussian noise at
varying amplitudes, o (t), added (Figure 2). The loss function, £gpas, minimized during training is MSE

between the de-noised and noise-free state with a noise amplitude-varying weighting that has been found to
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improve training performance [Karras et al., 2022]

U(t>2 + Jgata

(1) oauta)? (D (x (1)) = (0)*, (B.11)

LepMm =

where 044, 1S @ hyper-parameter which we set to 0.5, following Karras et al. [2022]. We observe stable
training with both training loss and validation loss decreasing throughout training before leveling off after
~ 107 training examples (Figure B.2). During training we train the network at noise levels sampled using
the distribution proposed in Karras et al. [2022], though we do not put a maximum limit on the noise levels
seen during training (i.e. we set 0,4, = 00 rather than o;,4,; = 80).

Sampling the diffusion prior unconditionally, i.e. with no assimilation of observations as described
in Section 2.1.1, shows that our diffusion prior is able to largely capture the distribution of the GLORYS
training data (Figure B.3). For all variables, the diffusion prior appears able to produce realistic variability
across all scales resolved in the GLORYS and ERA 5 training data. Intriguingly, unconditional generation
appears to somewhat under-estimate the variance consistently across all scales for all variables except SSH,
which should be further investigated. We note though that assimilation observations mitigates this (see the

results presented in the Main Text).

B5 Coarse-Graining Scales in GenDA Observation Operator

The GenDA observation operator requires the prescription of effective coarse-graining scales that reflect
the resolutions of the low-resolution L4 SSH, SST, and SSS products assimilated (Section 2.1.3). Here we

describe how we choose these scales for both experiments.

B5.1 OSSE: Scales Prescribed A Priori

In the OSSE, we simulate low-resolution L4 satellite products by coarse-graining the respective ground
truth GLORYS field with a Gaussian kernel of width, /, chosen to reflect what we expect to be the effective
resolution of real-world satellite products. Since L4 satellite products also smooth in time, we smooth the
ground truth in time with width, 7', when generating the simulated L4 products. Table B.2 lists the coarse-

graining scales chosen for each variable along with our rationale.

170



Since in the OSSE setting the effective coarse-graining scales of the L4 products are known, we set the
coarse-graining scales in the GenDA observation operator to the same values used when generating the data
(Table B.2). Since GenDA operates only on snapshots, we neglect the temporal smoothing in the observation

operator.

B5.2 OSE: Scales Tuned A Posteriori

In the real-world (OSE) setting, we assimilate real L4 products for which the effective coarse-graining scales
are not known a priori. To select appropriate coarse-graining scales we therefore employ an a posteriori
tuning strategy. We select the first day of each month from one of the cross-validation years (2019) to use as
a dataset for tuning the coarse-graining scales. We then generate 120 random combinations of lssy, lssT,
and lgsg by uniformly sampling in the range [5, 40] km. We apply GenDA to the 12-day dataset for each
coarse-graining scale combination and analyze the spectra of the resulting state estimates as well as compute
errors against withheld SSH and SST observations.

SSH and SST reconstruction errors were found to co-vary only with lggy and lggr respectively with
no clear impact from /ggg on either and no co-variance between SSH and SST (Figure B.4). We thus con-
sider each variable to respond only to its respective coarse-graining scale in what follows. SSH and SST
R? increase with decreasing lgsy and lgg7 respectively. This is likely due to the fact that decreasing the
coarse-graining scale applied in the observation operator leads the GenDA state estimates to converge to-
wards the low-resolution L4 products. The low-resolution L4 products are close to observations in terms of
regression metrics, which are dominated by large-scale signals, but are overly-smooth compared to numeri-
cal simulations or L.3 observations. When choosing lssy and [gg7, it is thus important not just to maximize
R?, but also to consider the impact on the physical realism of GenDA at small scales.

The spectral properties of SST on a near cloud-free day, 2019-09-01, illustrate the trade-offs between
setting lgs7 too small or too large (Figure B.5). When lgg7 is set too large, GenDA over-predicts variance
at large scales relative to both OI and L3 observations to counteract the excessive smoothing applied in the
observation operator (Figure B.5a & b). Whereas setting g7 too small suppresses variance at small scales,
pushing the GenDA state estimate towards OI and away from the L3 ground truth observations (Figure B.5a

& c). While choosing gg7 is subjective, a rationale emerges looking at how the variance at large and small
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scales varies with ggr (Figure B.5b & c respectively). We pick a value that is small enough for the large-
scale variance to converge towards that predicted by OI, while being large enough to avoid the small-scale
variance being suppressed too much. The small-scale variance in Figure B.5c appears to roll off abruptly
below [gs7 ~ 15 km which we take to be a symptom of /ggp being too small below this threshold. To
choose our OSE coarse-graining scales we thus look at how the large- and small-scale variance of GenDA
SSH, SST, and SSS change with [ compared to the respective Ol products (averaged over all 12 days in
the tuning dataset) and pick values that appear to achieve the trade-off described above (Figure B.6). This
a posteriori tuning strategy leads us to values of 15 km for all variables (Table B.3), which we note are in
reasonable alignment with the values used in the OSSE (Table B.2). Note, for SSH the small-scale variance
didn’t exhibit the clear roll-off at small [ that SST and SSS do (comparing Figure B.6b to d & f), making our
choice of lggy more subjective. We instead inform our choice of [ggsy by selecting the scale below which

improvements in SSH R? plateau in Figure B.4a.

B6 Weighted Re-Sampling Scheme for Comparing Errors For Cloudy vs
Non-Cloudy SST and SWOT vs No SWOT SSH

In Figure 10, we compare state estimation errors between cases where L3 SST is cloud-occluded and cloud-
free. Since the average cloud concentration has significant geographical structure, we need to ensure both
the cloud-free and cloud-occluded datasets are drawn uniformly in space to ensure a fair comparison. We
achieve this by drawing N samples from each dataset with replacement using a weighting function that
compensates for the average cloud concentration to ensure the drawn samples are uniformly distributed in

space.

We estimate the average cloud concentration, C'(z, y), through

C(z,y) =1- f(z,y), (B.12)

where the overbar indicates averaging over all days in the test year 2017, and f(x,y) is one for cloud-free

pixels and zero for cloud-occluded pixels.
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From the cloud concentration we then design weighting functions for both the cloud-occluded dataset,

Wcloudy (x, y) = C(ZE y) ) (B13)
and for the cloud-free dataset,
1
Wnonfcloudy(wa y) = mv (B.14)

and draw N samples with replacement using these weightings to scale the probability for each pixel to be
drawn.
The same algorithm is used to compare errors when SWOT SSH is and isn’t available, replacing cloud

concentration with the fraction of days on which SWOT SSH was not available.

B7 OSE Ageostrophic Eddy Cyclo-Geostrophy Case Study

Here we highlight evidence of learned physics in the GenDA ageostrophic surface currents in the real-
world setting, where we don’t have a ground-truth reference field. To do this, we zoom in on the cyclonic
eddy at 62°W 36°N in Figure 13 and compare the GenDA ageostrophic currents to those from an idealized
theoretical calculation.

For an axially symmetric eddy in equilibrium, the next order correction to geostrophic balance, ‘cyclo-

geostrophy’, has a closed form solution [Penven et al., 2014]

2Vy
1+4/1+ 42

where V is the characteristic eddy velocity (taken here to be the maximum of the azimuthally averaged eddy

V= (B.15)

velocity profile), Vj, is the characteristic eddy velocity calculated from geostrophy, and R is the radius of
the eddy. Note V' and V, are defined to be positive for a cyclone (anti-cyclone) in the Northern (Southern)
Hemisphere and negative for the opposite rotation. Thus, in the Northern Hemisphere, cyclones are expected
to be weaker than geostrophy predicts, and anti-cyclones are expected to be stronger.

For the cyclonic eddy in Figure B.7a, the GenDA total surface current (we still don’t add back in the

Ekman current here to focus on eddy dynamics) is 10-15% weaker than the GenDA geostrophic current
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(Figure B.7b-e). Applying cyclo-geostrophy to the GenDA geostrophic currents would lead to a 20-25%
weakening of the current speeds (Figure B.7f). The ageostrophic surface currents predicted by GenDA
therefore appear to correct the eddy velocity in the direction expected from cyclo-geostrophy (i.e. the
cyclone gets weaker), albeit with weaker magnitude than predicted from cyclo-geostrophy. The discrepancy
between GenDA and cyclo-geostrophy could stem both from the idealizing assumptions of axial symmetry
and equilibrium made in applying Equation B.15, and from the fact that GenDA was observed to under-
predict variance in ageostrophic currents in the OSSE setting (Table 1). We stress, GenDA is provided no
observations of ageostrophic currents at inference and is here being assimilated to real-world satellite data,
so it is predicting ageostrophic currents in an unguided manner. The simulation-informed diffusion prior
therefore appears to have learned the physical relationships between unobserved ageostrophic currents and

satellite observables (SSH/SST/SSS).

B8 OSE Comparison of Ageostrophic Currents to Surface Drifters

To evaluate the accuracy of the estimated surface currents in the real-world setting (OSE), we here compare
them against independent in sifu observations from surface drifters. We subset all available surface drifters
from the Global Drifter Program [Copernicus Marine in situ TAC, 2024] in our study region and year and
retain only drifter trajectories that remain in the domain for at least ten days — the same drifter can have
multiple trajectories if it re-enters the domain at a later time. To filter out the effect of inertial oscillations
we apply a 24 hour running mean to the hourly drifter data before interpolating the mapped geostrophic and
ageostrophic currents to the locations of the drifters. We evaluate the RMSE of the zonal and meridional
current separately. In addition, we evaluate the direction and magnitude of the predicted current jointly
through the mean error vector amplitude (MEVA) defined as the mean magnitude of the velocity error

vector following Garcia et al. [2025].

Table B.1: Effect of assimilating ERA 5 winds on GenDA (ensemble mean) reconstruction skill for
ageostrophic currents.

ERA 5 Assimilated? R? uggeo R Vageo
No 0.372 0.358
Yes 0.383 0.369
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Table B.2: Gaussian coarse-graining scales applied to SSH, SST, and SSS to generate simulated low-
resolution L4 satellite products in the OSSE.

Variable [ [km] 7T [days] Rationale

SSH 25 1.75 Error analysis in Martin et al. [2024].

SST 16 1.23 Same as chosen in Archambault et al.
[2024b].

SSS 16 1.23 Assumed to be same as SST.

Table B.3: Gaussian coarse-graining scales applied to SSH, SST, and SSS in GenDA observation operator
in OSE after a posteriori tuning.

Variable [ [km]

SSH 15
SST 15
SSS 15

Table B.4: Evaluation of surface ocean currents compared against surface drifters for the OSE.

Method MEVA [cm/s] u« RMSE [cm/s] v RMSE [cm/s]
ConvLSTM SSH-SST (Geostrophic) 23.2 19.8 18.9
GenDA Ensemble Mean (Geostrophic) 23.3 20.1 19.0
GenDA Ensemble Mean (Total) 23.7 20.3 19.5
GenDA Ensemble Member (Geostrophic) 24.2 21.0 19.7
GenDA Ensemble Member (Total) 25.2 22.1 20.2
UNet Regression (Geostrophic) 374 37.4 32.6
UNet Regression (Total) 42.3 44.9 35.5
GLORYS (Geostrophic) 34.8 30.2 30.3
GLORYS (Total) 36.4 314 31.5

Movie S1. Movie of OSSE predictions for full testing year. Figure panels correspond to those in Figure 5.

Movie S2. Movie of OSE predictions for full testing year. Figure panels correspond to those in Figure 13.
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Figure B.1: Schematic of the UNet neural network architecture used in both the GenDA diffusion prior and
UNet Regression baseline.
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Figure B.2: Learning curves for training the GenDA score-based diffusion prior to de-noise GLORYS 12
surface ocean states. The EDM de-noising loss function (Equation B.11) is shown as a function of training
step calculated both on the training (blue) and cross-validation (orange) datasets.
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Figure B.4: Effect of varying coarse-graining scales on GenDA OSE state estimate R? against independent
L3 SSH and SST observations. (a) SSH R? with varying lssx, (b) SST R? with varying lgg7, and (c) SST
R? with varying lggs. No clear co-variance appears between SST R? and 0g55. We don’t show them here,
but co-variances between lggg and SSH R?, between lgg7 and SSH R2, and between lggy and SST R? are
also not apparent with the plots looking like panel (c).
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Figure B.5: Spectral response of GenDA SST to varying [gs on a near cloud-free day of the tuning dataset,
2019-09-01. (a) SST spectra for GenDA with varying [gg (blue to red colormap), for L.3 observations with
the few cloudy pixels filled with the domain mean (black), and for the low-resolution L4 OI satellite product
(green). The GenDA SST spectrum values at (b) a large wavelength (A = 226.1 km) and (c) a small
wavelength (A = 50.7 km) are scattered against /g7 and compared to L3 observations (black) and the
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low-resolution L4 OI satellite product (green).

178

0osst [km]




600

226.1 km

SSH PSD at A
a
&
3

400

=226.1 km

SST PSD at A

226.1 km

o
8
S

555 PSD at A

Large Scales

Small Scales

—— OIPSD $ —— OIPSD .:.
) 2550 . &
P e
2o °
¢ 225 .
.
" ‘.}.\
s 2.00 o
K € AN
5 »!
.' ‘ﬂ 1.75 .{
N ';q . ~:.
’.' g s
2 v
= s
/’ H1so -
K Kt
.
/ 1.25 : “
N .
* <
* b
-’ 1.00
—f"
e
0.75
5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
0ssi (km] Gssn [km]
Large Scales (d ) small Scales
—— OI PSD . —— OI PSD w“
. 16 e o .
. WLt e
s Tot e .' :
& .
14 T e LI
N R
& N TV e, e .
. £ e o
o
‘ g N
.
° <10 >
s : ;
a
4 2 &
/ hs °
P @ .
’ -
04 *
- 6 R
4 L,
-
-~ £
- ¢
- ©
5 10 15 20 25 30 35 40 5 10 15 25 30 35 40
Osst [km] Osst [km]
Large Scales (f) Small Scales
—— OIPSD o —— OI PSD . .
X .
. 25.0 hd °,
. o Ve
.
Y] R o2 o
. .
e 225 e 2 .
. Lo N I o
¢ . oo, L
K <200 -~ ; o .
: H *. °
K 0 Wt . .
A
- g 17.5 .«
s z - s
. 4 T,
oos 15.0 w ° . . . o
kd e .
o 0 .
Cd
" 125 \'.
. .M - e
'l
- ” °
.~'.-P 10.0
5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
0sss [km] s [km]

Figure B.6: Spectral response of GenDA at large (A = 226.1 km) and small (A = 50.7 km) scales to
varying coarse-graining scales averaged over all 12 days of the tuning dataset. (a) & (b) Large-scale and
small-scale response of GenDA SSH to lggr respectively. (c) & (d) Large-scale and small-scale response
of GenDA SST to lgsT respectively. (e) & (f) Large-scale and small-scale response of GenDA SSS to lggs
respectively. The low-resolution L4 Ol satellite product is shown in green in all panels.
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Figure B.7: Comparing GenDA ageostrophic currents to cyclo-geostrophy for eddy reconstructed from
real-world observations (cyclonic eddy at 62°W 36°N in Figure 13). Zoomed in view of the eddy in one of
the GenDA ensemble members showing: (a) geostrophic vorticity, (b) geostrophic current speed, (c) total
current speed (GenDA geostrophic plus GenDA ageostrophic), and (d) the change in speed between total and
geostrophic currents. (e) Azimuthally averaged velocity profiles for geostrophic and total current speed, we
show here the ensemble mean but each ensemble member looks qualitatively similar. (f) PDF over GenDA
ensemble members of the eddy’s characteristic speed for geostrophic currents, total currents, and solving
cyclo-geostrophic balance using the geostrophic currents.
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Chapter 4

Observational constraints on the
submesoscale ocean kinetic energy cascade

from generative data assimilation

This chapter is in preparation for submission to a journal.

4.1 Introduction

The ocean receives energy at scales far removed from those at which it can dissipate, and the cascade
of energy between these limits is a defining, yet poorly observed, feature of the ocean circulation and its
variability. Energy is injected primarily at large scales over thousands of kilometers by wind forcing and
is ultimately dissipated by small-scale turbulent mixing at millimeter scales [Ferrari and Wunsch, 2009].
Between these limits lies a hierarchy of motions from geostrophic mesoscale eddies hundreds of kilometers
across to submesoscale fronts, filaments, and eddies at one to tens of kilometers that mediate the transfer
of energy across scales [Klein et al., 2019]. At (sub)mesoscales this transfer is bidirectional — energy can
cascade both upscale and downscale depending on the dynamical regime — meaning that smaller scales can
feed back and impact larger scales. Since existing eddy parameterizations used in global climate models do

not account for this bidirectional energy transfer [Gent and Mcwilliams, 1990; Fox-Kemper et al., 2008],
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quantifying the (sub)mesoscale cascade and its variability is essential both for understanding the extent to
which small-scale processes drive variability at larger scales [Sasaki et al., 2014; Sérazin et al., 2018] and

for informing the next generation of climate model parameterizations.

High-resolution numerical simulations have given an increasingly detailed picture of the (sub)mesoscale
kinetic energy cascade. At mesoscales, the predominance of coherent balanced eddies is expected to drive
a strong upscale cascade, feeding energy back to the largest scales [Salmon, 1980; Scott and Arbic, 2007,
Tullochetal., 2011; Aluie et al., 2018]. At submesoscales, coherent eddies coexist with fronts, filaments, and
unbalanced waves, with these different features driving competing cascades in opposite directions. Coherent
submesoscale eddies drive an upscale cascade through eddy-eddy interactions [Capet et al., 2008b; Sasaki
et al., 2014; Qiu et al., 2014; Schubert et al., 2020; Dong et al., 2020; Ajayi et al., 2021; Wang et al.,
2022b], while the more three-dimensional circulation at fronts and filaments, and potentially eddy-wave
interactions, drive a downscale cascade toward dissipation scales [D’asaro et al., 2011; Barkan et al., 2017;
Schubert et al., 2020; Srinivasan et al., 2023]. The net cascade thus reflects the relative dominance of these
competing processes, a balance that likely varies geographically and seasonally. Submesoscale dynamics are
known to be strongly seasonal, with wintertime mixed layer deepening driving instabilities that inject kinetic
energy at submesoscales [Callies et al., 2015; Buckingham et al., 2016; Taylor and Thompson, 2023]. High-
resolution simulations suggest part of this energy progressively cascades to larger scales throughout the
winter and spring, contributing significantly to the seasonal cycle of mesoscale eddy energy and, through it,
the broader variability of the ocean circulation [Sasaki et al., 2014; Qiu et al., 2014]. Despite these insights
from simulations, observational constraints on the (sub)mesoscale cascade remain limited, and whether

high-resolution simulations faithfully reproduce the cascade in the real ocean remains an open question.

Observing the (sub)mesoscale kinetic energy cascade is fundamentally challenging due to its multiscale
nature. To constrain the cascade, observations must simultaneously have fine spatial resolution to resolve
submesoscale features at the kilometer-scale, whilst covering large domains hundreds of kilometers across
to constrain the mesoscale state. Furthermore, since submesoscale features evolve on daily time-scales,
necessitating temporally concurrent observations. Surface geostrophic currents inferred from gridded satel-
lite altimetry provided early observational confirmation of the mesoscale upscale cascade [Scott and Wang,

2005], but conventional gridded altimetry smooths all but the largest mesoscale variability [Ballarotta et al.,
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2019], which induces systematic biases in the diagnosed cascade [Arbic et al., 2013]. A strong, seasonal up-
scale cascade at mesoscales, with energy progressively cascading to larger scales throughout the winter and
spring, has been identified indirectly in along-track altimetry observations [Steinberg et al., 2022; Lawrence
and Callies, 2022; Schubert et al., 2023] and directly in high-resolution gridded observational datasets de-
rived from data assimilation [Storer et al., 2023] and deep learning [Martin et al., 2024]. While these studies
confirm that the upscale cascade plays a significant role in driving mesoscale seasonality, they lack the res-
olution to probe submesoscales and likely under-estimate the strength of the cascade even at mesoscales. In
situ studies using drifter [Balwada et al., 2022], shipboard ADCP [Qiu et al., 2022; Chai et al., 2026], and
mooring [Naveira Garabato et al., 2022] observations have provided valuable but temporally and spatially
sparse constraints on the submesoscale cascade, pointing to a bi-directional and seasonally-varying energy
transfer. The recent development of airborne sensors capable of directly measuring submesoscale surface
currents offers a promising route to observing the submesoscale cascade [Freilich et al., 2023; Farrar et al.,
2025], though current deployments have been limited to the California Current region, leaving open the
question of how representative these findings are of other dynamical regimes. Satellite observations offer
the synoptic spatial coverage and temporal continuity that in situ and airborne platforms cannot, but extract-

ing submesoscale-resolving state estimates from space has remained an unsolved methodological challenge.

The launch of the Surface Water and Ocean Topography (SWOT) mission in 2022 marked a funda-
mental advance in observing submesoscale ocean dynamics from space, providing wide-swath sea surface
height (SSH) observations at spatial resolutions down to 250 m with global coverage every 21 days [Mor-
row et al., 2019; Fu et al., 2024; Archer et al., 2025]. However, diagnosing the kinetic energy cascade from
SWOT SSH alone [Qiu and Chen, 2025] is hampered by the limited 120 km swath width, the difficulty
of inverting surface currents from SSH snapshots, and contamination by unbalanced internal wave signals
[Gaultier et al., 2016; Klein et al., 2019]. Deep learning methods have recently demonstrated the ability to
reconstruct high-resolution ocean state estimates by synergizing a variety of different satellite observables
[Martin et al., 2024; Fablet et al., 2024; Beauchamp et al., 2025; Lenain et al., 2025]. Generative data as-
similation has shown particular promise for this problem by combining multiple satellite observables into
physically plausible, high-resolution estimates of the multi-variate surface ocean state [Martin et al., 2025].

The method trains a generative model on high-resolution ocean simulations to learn how surface variables
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such as SSH, SST, salinity, and surface currents co-vary and uses this learned prior to constrain state esti-
mation from sparse, multi-modal satellite observations. Since the learned prior encodes complex, non-linear
dependencies between variables, this allows reconstruction of unobserved quantities such as ageostrophic
surface currents from their learned relationships to satellite observables [Martin et al., 2025]. Synergizing
different observables such as SSH and SST in a unified framework allows the method to fully exploit the
global satellite observing system in a way that single-observable approaches cannot.

Here we refine generative data assimilation for submesoscale-resolving surface ocean state estimation
from a combination of SWOT SSH, SST, satellite salinity, and along-track altimetry observations, and apply
this framework to provide novel observational constraints on the strength and seasonality of the subme-
soscale kinetic energy cascade. We find a strongly seasonal upscale cascade extending down to O(10) km
and a downscale cascade localized at submesoscale fronts and filaments, both of which were essentially
missing in prior satellite estimates. This finding is in broad agreement with high-resolution numerical simu-
lations, providing direct observational evidence for a strong, seasonal upscale (sub)mesoscale kinetic energy
cascade. We will demonstrate that generative data assimilation is a powerful new tool for constraining sub-
mesoscale ocean dynamics from satellite observations, providing a window on a scale range unresolved in

typical global simulations whose role in larger-scale ocean variability remains to be fully quantified.

4.2 Methods

4.2.1 Score-based data assimilation

Score-based data assimilation [Rozet and Louppe, 2023a] is a method for solving inverse problems using
a data-driven prior learned from simulation data, implemented in practice as an unconditional diffusion
model [Ho et al., 2020; Song et al., 2020; Karras et al., 2022]. We seek to infer the complete surface
dynamical state, x, from sparse satellite observations, y, related through an observation operator .A(x). The
core idea is to first train a diffusion model on high-resolution simulation output to learn a prior p(z) over
physically consistent surface ocean states, and then use this prior within a Bayesian framework to find the
state maximizing the posterior, p(x|y).

The diffusion process in diffusion models defines a continuous transformation along a monotonically
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increasing ‘time’ coordinate, 7, from the data distribution at 7 = 0, in our case the distribution of plausible
surface ocean states in the simulation, to pure Gaussian noise at 7 = 1" by progressively adding noise to the
state. This process can be reversed by integrating a stochastic differential equation that depends only on the
‘score function’, V log p(z(7)), meaning new samples can be drawn from the data distribution by starting
from random noise and integrating backwards along 7. In practice, the score function is learned by training
a neural network to remove additive Gaussian noise at a wide range of noise levels [Song et al., 2020; Karras
et al., 2022].

To perform state estimation from observations, we wish to sample from the posterior distribution rather
than the prior. In score-based data assimilation, to sample from the posterior distribution given observations,
the posterior score, V. log p(x(7)|y), is approximated by augmenting the learned unconditional score with
an approximation of the observation likelihood [Rozet and Louppe, 2023a] which can be evaluated given

only the unconditional score network and the observation operator:

Ve logp(z(7)ly) = Vi log p(z(7)) + Vi log p(y|z(7)) 4.1

~ Vi logp(a(1)) + Vi log N (yA(2(7)), 2y (7)), (4.2)

where Z(7) is the denoised state predicted by the network, and 3, (7) is a heuristic variance that increases
with 7 [Rozet and Louppe, 2023a; Manshausen et al., 2025; Martin et al., 2025].

State estimation is thus achieved by reverse-time integration from random noise, guided jointly by the
learned prior and the observations. This process yields a physically plausible state consistent with y. En-
semble state estimates can be generated by starting from different random noise initial conditions. Rozet and
Louppe [2023a], Manshausen et al. [2025], and Martin et al. [2025] provide full details of the approximated
observation likelihood term, V, log p(y|z(7)), and prior applications; below we describe the refinements

beyond the method of Martin et al. [2025] made for submesoscale-resolving state estimation.

4.2.2 Learning surface ocean dynamics through video diffusion

In Martin et al. [2025], we used score-based data assimilation for surface ocean state estimation, training
a diffusion prior to generate a state vector, x, where = corresponds to a single time snapshot of SSH, SST,

sea surface salinity (SSS), and the zonal and meridional components of surface ocean currents. While this
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allows learning relationships between variables, the lack of any explicit handling of time evolution means
that the method draws independent samples each time-step and thus cannot generate coherent dynamical
evolution where there are large gaps between observations. This becomes a key limitation for submesoscale-
resolving state estimation as observations at a single time give only sparse, localized coverage. The width
of the SWOT swath is 120 km, which sets too restrictive a domain size for robustly characterizing the
submesoscale cascade. In addition, satellite observations of SST are missed due to the presence of clouds.
By integrating observations over several consecutive time-steps, the coverage can be greatly expanded by
exploiting the precessing orbit of SWOT and the time evolution of the clouds that block SST observations.
To assimilate observations over multiple time-steps, a spatiotemporal prior is required to model the evolution

of submesoscale eddies, fronts, and filaments between successive observations.

In this study, we thus train a diffusion prior to generate a state vector which captures a number of
sequential time snapshots. This way our model can implicitly learn the dynamics of the surface ocean, with
rich phenomena like eddy merging and splitting, interacting eddy dipoles, and strain-driven deformation
around eddy cores that are all captured in the high-resolution simulation training data. In practice, we train
a diffusion prior to generate five consecutive time-steps which we will demonstrate is sufficient to learn
physically-realistic eddy evolution and to provide broad spatial coverage when observations are assimilated
over the full time-series. We model the time dimension explicitly by utilizing a video diffusion architecture
[Ho et al., 2022]. Specifically, in the neural network architecture of our diffusion model, we apply the
same 2D spatial convolutional filters to each time-step independently, before applying pixel-wise temporal
attention to model the time dynamics. Applying temporal attention at different depths in the backbone
allows the model to capture multi-scale dynamics. This architecture is inspired by that used in the global
atmosphere foundation model Climate in a Bottle [Brenowitz et al., 2025] (Appendix C1). This design
allows assimilation of observations over multiple time-steps. Employing a prior that captures time evolution
also provides a significantly stronger physical constraint on the reconstructed states than a purely spatial

prior.
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4.2.3 Submesoscale-permitting ocean model simulation training data

To provide a large training dataset of physically plausible realizations of (sub)mesoscale ocean dynamics,
we train our diffusion prior on surface data from the NASA LLC4320 simulation, a global 1/48° MITgcm
simulation [Rocha et al., 2016; Su et al., 2018]. The LL.C4320 simulation is the highest-resolution global
ocean simulation run with realistic forcing for a long enough period to cover a full annual cycle. More
details about the configuration of LLC4320 can be found in Rocha et al. [2016]. The simulation covers
fourteen months of output at 1/48° resolution, spun up using using increasingly high resolution simulations
which were initially initialized using ECCO initial conditions to ensure a large-scale ocean state consistent
with real observations. We discard the first two months and train our prior on the final full annual cycle of
output to mitigate the effects of spin-up when LL.C4320 is adjusting to the increase in model resolution from
its low-resolution parent simulation. We focus our study on the region connecting the Atlantic and Indian
ocean basins encompassing the Agulhas Retroflection, Agulhas Return Current, and extendi the domain to
the Indo-Atlantic sector of the Antarctica Circumpolar Current, covering 5° to 40° E, and from 35° to 55° S
(Figure 4.1). We focus on this region since it features energetic (sub)mesoscale eddy turbulence and allows
us to avoid training on the full range of global ocean dynamics while maintaining a large training domain to

facilitate training on a diverse training dataset.

We train our diffusion prior to generate SSH, SST, SSS, and both zonal and meridional surface currents
from LLC4320. The neural network processes patches of spatial size 256 by 256 pixels where the data are
presented on the native LLC4320 grid, which in this region has a typical spacing of 1.5-2 km. We train
a diffusion model to generate a series of 5 time-steps, where each time-step is a 12-hour average of the
hourly simulation output. These choices were made to make the network’s field of view sufficient to capture
a range of (sub)mesoscale dynamics while staying within reasonable computational bounds. For SST and
SSS, we remove the patch mean so that the network learns to generate SST and SSS anomalies, while for
SSH we subtract a time-varying linear plane fit to remove both the large-scale background and the effects
of barotropic tides and the inverse barometer effect which both impact SSH in LLC4320 but are filtered out
from real world altimeter observations. For surface currents, we take the current at 15 m depth to reduce the
impacts of surface winds and further pre-process by subtracting the patch mean to remove large-scale signals

which can be easily inferred in the real world setting from existing methods and data products. We generate
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Figure 4.1: Surface current speed from the LL.C4320 simulation showing the training domain used in this
study.

training examples by sub-sampling from our full training domain and excluding any examples containing

land or sea ice in any pixel.

Since LL.C4320 is known to have overly energetic internal tides which project strongly onto SSH and
surface currents [Savage et al., 2017; Yu et al., 2019; Luecke et al., 2020; Arbic et al., 2022], we apply a sub-
inertial filter to the SSH and surface current fields to remove the internal tides before taking the 12-hourly
average. We apply a low-pass temporal filter to the data removing signals with frequency above 1.1 f, where
f is the local inertial frequency. While more sophisticated approaches have been proposed in previous work
to more cleanly isolate the signature of internal tides [Torres et al., 2018; Jones et al., 2023], this approach
is a compromise between efficacy and ease of implementation. While this step allows us to train a diffusion
prior to generate ocean states with the internal tides (mostly) filtered out, when we assimilating real world
SWOT SSH observations, sub-inertial unbalanced wave signals will be present in the data. Developing a
method to remove internal tides from SWOT observations is an active area of research [Lguensat et al.,
2020; Wang et al., 2022a; Gao et al., 2024; Lyu et al., 2024; Wang et al., 2025]. Contamination from
unbalanced internal tides may thus be present after applying our generative data assimilation approach to

real SWOT observations. We perform additional experiments to assess the impact of this on the quality
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of the reconstructions. The contamination of unbalanced internal tides is expected to be most significant
in local summertime when the mixed layer is shallow, but in our study region Torres et al. [2018] found
balanced motions to be the leading order contributor to SSH and surface current variance in the 10-100 km
scale range throughout the year.

We create a large training dataset of patches from the study region that sample a full annual cycle of
LLC4320 output. This exposes the diffusion model to a diverse range of (sub)mesoscale surface ocean
dynamics. Since the model learns local dynamics and is given no input information about geographical
location, the learned prior will capture a wide range of physically plausible dynamics. We expect that
the diversity of states seen during training will help the model to generalize across dynamical regimes if

supported by the observations during state estimation.

4.2.4 Observation operator for submesoscale surface ocean state estimation

Building upon the method presented in Martin et al. [2025], we design an observation operator to exploit
multi-modal, multi-resolution satellite observations of SSH, SST, and SSS. For SSH, we combine three
observation sources: submesoscale-resolving wide-swath SWOT observations, along-track nadir altimeter
observations, and coarse gridded SSH estimates from NeurOST [Martin et al., 2024]. For the sparse SWOT
and nadir altimeter observations, the observation operator sub-samples the predicted SSH at the grid points
observed by satellites, while to assimilate the coarse NeurOST SSH we first coarse-grain the prediction
with a filter chosen to reflect the effective resolution of NeurOST. Assimilating coarse satellite products
in this way allows us to leverage the accuracy of these products at large scales without penalizing the
diffusion prior for generating variance beneath the coarse products’ effective resolution [Martin et al., 2025].
For SST, we leverage geostationary observations from SEVIRI [OSISAF, 2017] to obtain high-resolution,
cloud-occluded SST measurements with consistent sampling and instrument errors owing to being sampled
by a single platform and further assimilate coarse SST estimates from objective analysis [Remote Sensing
Systems, 2017]. Since the resolution of SEVIRI SST is ~ 0.05° in our study region, we first coarse-
grain the predicted SST to this resolution before masking out pixels where the SEVIRI measurements are
occluded by clouds. For SSS, we assimilate only coarse satellite estimates from objective analysis [E.U.

Copernicus Marine Service Information (CMEMS), 2024¢g] as high-resolution satellite SSS observations
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are not available, and for surface currents we assimilate only large-scale NeurOST geostrophic currents,
since satellites do not observe small-scale surface currents and the dynamics at large scales are mostly
geostrophic. Details of the precise coarse-graining scales and specific satellite products are in Appendix
C1. Taken together, the observation operator allows us to exploit high-resolution but gappy observations
of SSH and SST to constrain the submesoscale state. Then, the multi-variate learned prior transfers these
submesoscale observational constraints to the more coarsely observed SSS and surface current fields.
Hereafter, we refer to the generative data assimilation method used here using the shorthand ‘Gen-

LLC4320°.

4.3 Experiments

We assess the state estimation capabilities of GenLL.C4320 from simulated satellite observations in an ob-
serving system simulation experiment before applying it to real world satellite observations to constrain the

submesoscale kinetic energy cascade.

4.3.1 Observing system simulation experiment

To assess the state estimation capabilities of GenLLLC4320 in a observing system simulation experiment
(OSSE) where the full ground truth is known, we evaluate it first using simulated satellite observations
sampled from the simulation. Synthetic altimetry observations are generated by sampling the LL.C4320
fields with observation masks taken from satellite observations for the year 2024. For SST, we apply cloud
masks taken from the SEVIRI satellite observations for the year 2024 and further coarse-grain the LLC4320
SST to the resolution of the SEVIRI data product, with nominal 0.05° resolution. Simulated coarse gridded
satellite SSH, SST, SSS, and surface geostrophic currents are generated by coarse-graining the simulation
in space and time to reflect the effective resolution of these various products (Appendix C1).

Throughout this study we focus on two study regions in which we explore the strength and seasonality
of the submesoscale cascade which were chosen to reflect distinct background oceanographic conditions.
We refer to these regions as the Agulhas Return Current (25.5° to 40.0°E, 35.7° to 45.9°S) and the Agulhas
Ring Path (—7.8° to 6.8°E, 26.8° to 38.1°S). The Return Current is a strongly energetic region bisected by

the meandering jet of the Agulhas Return Current, while the Ring Path is a relatively quiescent open ocean
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region with weak background currents and strong mesoscale eddies shed from the Agulhas retroflection,
these Agulhas Rings periodically transit through the Ring Path region. The Return Current lies within the
larger domain used to train the diffusion prior while the Ring Path is outside the training domain. This
requires the prior to extrapolate to potentially distinct regional dynamics. The quantitative evaluation of the
state estimates in Section 4.4.1 for the Return Current region is conducted only on the withheld two-month

spin-up phase of LLC4320 to avoid any contamination from the training data.

To ensure that the method is applied in windows where observations of SSH and SST provide strong
constraints on the submesoscale surface ocean state, we sub-sample the two study regions described above
in space and time to select the windows with good observational coverage of both SSH and SST. We use
all SWOT and SEVIRI observations available during the year 2024 to select windows corresponding to the
dimensions of x by requiring a minimum of 15% and 30% pixels to be observed by SWOT and SEVIRI
respectively. For SWOT this corresponds roughly to at least three SWOT passes through the domain during
the 2.5 day sequence reconstructed by the prior, and for SEVIRI corresponds to moderate but not severe
cloud cover. We select as many windows as possible subject to these constraints while also minimizing
overlap between selected windows and maximizing coverage of the full annual cycle. After this procedure
we are left with 191 and 204 selected windows in the Ring Path and Return Current respectively. By recon-
structing small, non-uniformly distributed patches from our larger study regions some noise and bias will
be introduced in the estimate of the submesoscale cascade compared to what would be found by calculating
it on the full domain. In Appendix C2 we demonstrate that estimating the cascade in these small windows

provides a consistent result with that calculated from the full domain for scales below O(100)km.

We evaluate the point-wise accuracy of the state estimates using the Continuous Ranked Probability
Score [CRPS; Gneiting and Raftery, 2007; Hersbach, 2000], a scoring rule that jointly assesses the accuracy
and calibration of probabilistic predictions by measuring the distance between the predicted ensemble dis-
tribution and the observed value. The CRPS decomposes into the mean absolute error of the ensemble mean
minus a term rewarding ensemble spread that is proportional to forecast uncertainty, penalizing overconfi-
dent predictions where ensemble spread is low but errors are large. For a deterministic prediction, CRPS
reduces to the mean absolute error, providing a unified framework for comparing GenLL.C4320 ensemble

predictions against deterministic products such as coarse gridded satellite products.
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4.3.2 Application to real world satellite observations

We apply GenLL.C4320 to real world surface ocean state estimation to provide observational constraints
on the strength of the cascade. We apply the method in the same well-observed windows from both the
Return Current and Ring Path regions using observations from 2024. To assimilate real observations we
simply replace the simulated satellite observations generated from the simulation with SWOT and nadir
altimetry and SEVIRI SST observations, and replace the simulated coarse gridded products with coarse
satellite products of SSH, SST, SSS, and surface geostrophic currents.

To enable independent validation of the real world state estimates, we apply additional cloud masks to
the SEVIRI SST observations and withhold SWOT observations on the second and fourth time-step of the
reconstructed state. This provides independent high-resolution SSH and SST observations with which we
can validate the GenLLLC4320 reconstructed SSH and SST. Since in the validation experiment we withhold
a significant fraction of available observations from the assimilation, the reconstruction skill will be a lower
bound on the performance of GenLL.C4320 when all available observations are assimilated. To avoid de-
grading the observations too drastically, we withhold the SSH and SST observations individually in two
separate experiments, so we use degraded SSH with full SST and vice versa. We do not directly validate
small-scale SSS or surface currents in the real world setting due to the sparsity of in situe observations and

the lack of high-resolution ground truth from satellites.

4.4 Results

4.4.1 Generative data assimilation enables submesoscale-resolving surface ocean state esti-

mation

We begin by evaluating GenLLC4320 in the OSSE setting (Section 4.3.1), where comparison against the
known LLC4320 ground truth provides a controlled assessment of state estimation, presenting results for the
Return Current region here. Comparison of the GenLLC4320 reconstructed fields to the unseen LLC4320
data shows that GenLLLC4320 accurately captures much of the (sub)mesoscale variability in SSH, SST,
SSS, and surface currents, illustrated here through the vorticity field (Figure 4.2). The close correspon-

dence between prediction and ground truth for SSH and SST is perhaps not surprising, since SWOT SSH
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Figure 4.2: Example GenLLC4320 reconstruction from simulated satellite observations compared to
LLC4320 ground truth. The panels from left to right show SSH, SST, SSS, vorticity, and a zoomed in
regional crop of the vorticity fields with the simulated observations in the top row, the LLC4320 ground
truth in the middle row, and the GenLLL.C4320 state estimate in the bottom row.

and SEVIRI SST observations from the two 12-hour steps before and after the presented snapshot are as-
similated. This data provides broad spatial coverage of SSH and SST, although the diffusion prior must
still leverage the learned time dynamics to assimilate these observations over multiple timesteps. For SSS,
only a coarse gridded estimate was assimilated and GenLLLLC4320 downscales SSS to predict much of the
submesoscale SSS variability including sharp fronts and filaments, as well as a coherent eddy ~10-20 km
across at (30°E, 41°S) which was absent in the low-resolution SSS observations assimilated. The fidelity of
the reconstructed SSS shows that coarse satellite SSS combined with high-resolution SST provides strong
constraints on submesoscale SSS variance since the two are closely connected dynamically through density.
Close inspection reveals some discrepancies at the smallest scales, likely reflecting processes that modulate
SSS independently of SST and are therefore not constrained by observations. Small-scale surface ocean cur-
rents, that are not observed by satellites, are captured to a remarkable degree by GenLLLC4320, capturing the
strong vorticity signatures of submesoscale fronts and eddies by learning their relation to the well-observed

SSH and SST fields. In the North East of the domain, a series of SST fronts with gradients of alternating
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Figure 4.3: GenLLC4320 ensemble standard deviation for the reconstructed SSH field from a 20-member
ensemble for the window shown in Figure 4.2. The top row shows the locations of the satellite altimetry
observation assimilated.

sign is correctly translated into intense vorticity bands with Rossby number exceeding two in some loca-
tions, underlining their ageostrophic submesoscale dynamics. In some locations, such as at (30°E, 38.5°S),
GenLLC4320 generates submesoscale eddies that have no corresponding feature in the ground truth. Since
this location was observed in neither SSH nor SST, GenLLLLC4320 generates a variety of different physically
plausible submesoscale realizations while remaining consistent with observational constraints. The ensem-
ble spread of a 20-member GenLLLLC4320 ensemble is observed to be higher in this location reflecting the
model’s enhanced uncertainty between satellite retrievals (Figure 4.3). Tracking the ensemble spread over
time (Figure 4.3) illustrates that the video diffusion prior can effectively propagate observation constraints
to nearby time-steps, evidenced by suppressed ensemble spread under each SWOT passover persisting for

multiple time-steps.

To quantitatively evaluate reconstruction accuracy beyond a single snapshot, we evaluate reconstructions
over 22 well-observed windows in the Return Current, generating a 20-member ensemble of state estimates
for each. We compare the performance of GenLLLC4320 to the coarse gridded satellite products (Figure
4.4). The spectra for the coarse satellite products for all variables strongly under-estimates small-scale vari-

ance when compared to the LL.C4320 ground truth, while the GenLLC4320 ensemble members each exhibit
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Figure 4.4: State estimation evaluation metrics for GenLL.C4320 in the Return Current for the observing
system simulation experiment, aggregated over 22 observation windows each with a 20-member ensemble.
Top row: comparison of the power spectra for SSH, SST, SSS, and kinetic energy for the LL.C4320 ground
truth (black), GenLLC4320 ensemble members (red dashed), GenLLC4320 ensemble mean (red dotted),
and coarse gridded satellite products (blue dot dashed). Bottom row: point-wise accuracy comparison
comparing the mean absolute error of the coarse gridded satellite products (blue) to the mean absolute error
of the GenLLL.C4320 ensemble mean (red solid), and the CRPS of the GenLLC4320 ensemble members (red
hatched) for, from left to right, SSH, SST, SSS, and vorticity.

physically realistic spectra which closely track the ground truth down to the grid scale. The GenLLLC4320
ensemble mean is smoother at the smallest scales, reflecting the under-constrained nature of small-scale
variability in gaps between observations. Deterministic methods would suppress these small-scale features
entirely and regress to the ensemble mean. Across all variables, the GenLLC4320 ensemble state estimates
outperform the coarse gridded satellite products in point-wise accuracy, as shown by their lower CRPS
values. For SSH and SST, the significantly lower CRPS values are in part due to the the assimilation of
temporally adjacent observations, while SSS reflects the inherently low-resolution nature of satellite SSS
observations. GenLLC4320 exploits high-resolution SST to recover much of the submesoscale SSS sig-
nal. For vorticity, the GenLLC4320 ensemble members have a higher mean absolute error than is obtained
applying geostrophic balance to coarse gridded SSH, but lower CRPS confirms that GenLLLC4320 gener-
ates a well-calibrated probabilistic prediction whose ensemble spread appropriately reflects reconstruction

uncertainty.

When applied to real world satellite observations, GenLLLC4320 state estimates retain their physical
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Figure 4.5: Example GenLLC4320 reconstruction from real satellite observations compared to operational
gridded satellite products. The panels from left to right show SSH, SST, SSS, vorticity, and a zoomed in
regional crop of the vorticity fields with the GenLLLC4320 state estimate in the top row, operational gridded
satellite products in the middle row, and sparse high-resolution satellite observations in the bottom row.
The SWOT pass shown was not assimilated in the state estimation, and the vorticity in the bottom row is
computed from the SWOT SSH assuming geostrophy after applying a 6 km Gaussian low pass filter to
suppress noise from the instrument.
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Figure 4.6: State estimation evaluation metrics for GenLLLC4320 in the Return Current for the experiment
with real world observations, aggregated over 20 observation windows each with a 10-member ensemble.
Top row: comparison of the power spectra for SSH, SST, SSS, and kinetic energy for the coarse gridded
satellite products (blue dot dashed), GenLL.C4320 ensemble member (red solid), GenLLC4320 ensemble
mean (red dashed), and LL.C4320 is shown for reference (dashed gray) though in the real world context this
is no longer the ground truth. Bottom row: point-wise accuracy comparison comparing the mean absolute
error of the coarse gridded satellite products (blue) to the mean absolute error of the GenLLLC4320 ensemble
mean (red solid), and the CRPS of the GenLLC4320 ensemble members (red hatched) for SSH and SST
using the withheld satellite observations. Point-wise accuracy for SSS and surface currents in the real world
setting is not evaluated here due to the lack of satellite observations of these quantities.

197



plausibility, exhibiting rich mesoscale and submesoscale structure unresolved in operational gridded satel-
lite products (Figure 4.5). Submesoscale eddy signatures visible in SEVIRI SST are reflected in the re-
constructed SSS and surface vorticity fields without any high-resolution observations of these quantities.
Direct validation of the reconstructed submesoscale vorticity is challenging given the absence of synop-
tic current observations, but applying geostrophic balance to an independent withheld SWOT pass reveals
submesoscale eddy-like structures coinciding with the aggregation of submesoscale features generated by
GenLLC4320 in the center of the domain .(Figure 4.5) The stronger mesoscale eddy signature in the northern
part of the domain reconstructed by GenLLC4320 relative to NeurOST is corroborated by the geostrophic
vorticity from withheld SWOT SSH. Quantitatively, the spectra of the real world GenLLLC4320 state esti-
mates show significantly stronger variability at small scales than gridded satellite products for SSH, SST,
and SSS, and for surface currents when compared to geostrophic currents from NeurOST (Figure 4.6). The
CRPS and mean absolute error for SST are both significantly lower than that of the gridded satellite prod-
uct when evaluated against withheld SEVIRI observations. In contrast, the SSH mean absolute error and
CRPS appear marginally higher in GenLLC4320 when compared against withheld SWOT observations than
for NeurOST. This likely reflects the limited spatial coverage when a full SWOT pass is withheld, leaving
substantial portions of the domain unobserved at any timestep which the diffusion prior does not fully over-
come. Nonetheless, the reconstruction errors for SSH are only marginally higher than NeurOST. Since
cascade diagnostics are computed using all available SWOT observations with none withheld for validation,
the observational coverage in the cascade analysis is more spatially comprehensive, covering most of the

domain in a 2.5 day window.

4.4.2 State estimates capture the strength and seasonality of the submesoscale cascade in

LLC4320

Despite assimilating no high-resolution observations of surface currents, GenLLLC4320 reconstructs subme-
soscale surface ocean dynamics from simulated satellite observations with high fidelity; there is a striking
similarity between snapshots of the predicted vorticity, strain, and divergence fields and the corresponding
LLC4320 ground truth (Figures 4.7 & 4.8). GenLLC4320 captures the strength and geometry of mesoscale

eddies and the Agulhas Return Current jet, while generating submesoscale eddies, fronts, and filaments with
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Figure 4.7: Vorticity, strain, and divergence for a snapshot in the Agulhas Ring Path comparing LLC4320
ground truth (top row) to GenLLC4320 prediction (bottom row).
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Figure 4.8: Vorticity, strain, and divergence for a snapshot in the Agulhas Return Current comparing
LLC4320 ground truth (top row) to GenLLLC4320 prediction (bottom row).
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Figure 4.11: Snapshot in the Return Current showing the co-location of the downscale cascade at small
scales with strong submesoscale buoyancy fronts. From left to right, spectral energy flux at 5 km scale,
surface buoyancy gradient magnitude, SST gradient magnitude, and SSS gradient magnitude for the Gen-
LLC4320 prediction (top row) and the LLC4320 ground truth (bottom row).

O(1) Rossby number, indicating that these features lie firmly in the submesoscale dynamical regime where
ageostrophic effects are significant. The ageostrophic nature of the dynamics can be seen in strong frontal
features in the reconstructed divergence field. The divergence would be uniformly zero if the prior were sim-
ply inferring surface currents using geostrophic balance from SSH. A clear seasonality in the submesoscale
dynamics is also apparent in the enstrophy spectra (Figure 4.9), with shallower spectra in winter/spring re-
flecting the wintertime energization of submesoscale turbulence [Sasaki et al., 2014; Callies et al., 2015],
captured by GenLLLLC4320 in both regions albeit with some underestimation of the seasonal contrast in the

Ring Path.

The capability of GenLLC4320 to generate state estimates with physically plausible eddy dynamics
gives an improved estimation of the strength and directionality of the kinetic energy cascade, diagnosed
here using the coarse-graining framework [Aluie et al., 2018; Storer and Aluie, 2023; Storer et al., 2023].
The strength and sign of the spectral energy flux, 1I;, which quantifies the transfer of energy from scales

larger than a given length-scale, [, with a positive (negative) sign indicating downscale (upscale) energy
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transfer, is set by a complex tensor product between filtered and unfiltered velocities and velocity gradients,
making it highly sensitive to accurately reconstructing velocity across scales and capturing the geometry of
eddies [Aluie et al., 2018]. Despite this challenge, GenLLC4320 shows a remarkable ability to capture the
cascade across scales in both the Ring Path and Return Current regions when compared to the LL.C4320 sim-
ulation ground truth (Figure 4.10). In the Ring Path, the reconstructed cascade correctly captures the O(10)
km scale at which the cascade transitions from an upscale to a downscale energy transfer, and reproduces
the pronounced wintertime intensification of the upscale cascade, with the LLC4320 ground truth reaching
—2 pWm™3 in winter/spring compared to —1 ¢Wm™> in summer/autumn. The Return Current cascade
is stronger in both seasons, with the LLC4320 ground truth reaching an order of magnitude larger than
that found in the Ring Path and with no clearly identifiable seasonality, reflecting the intense year-round
(sub)mesoscale dynamics driven by the Agulhas Return Current jet in contrast to the relatively quiescent
Ring Path. In both regions and seasons, the true cascade values lie mostly within the range of GenLLC4320
predictions, with the largest discrepancy being an up to ~40% underestimation of the wintertime upscale
cascade in the Ring Path, consistent with the moderate underestimation of submesoscale vorticity identified
shown in Figure 4.9. The strong downscale cascade at scales below (O(10) km appears to be episodic and
localized at strong submesoscale buoyancy fronts and filaments (Figure 4.11), consistent with prior stud-
ies [Schubert et al., 2020; Srinivasan et al., 2023]. Having established that GenLLLC4320 can recover the
strength, seasonality, and scale-dependence of the submesoscale kinetic energy cascade from realistic syn-
thetic observations, we now apply the same framework to real satellite observations to provide observational

constraints on the cascade.

4.4.3 Real world observations support the existence of a strong, seasonal upscale cascade at

submesoscales

When applied to real world satellite observations, GenLLLC4320 state estimates show strong signatures of
submesoscale dynamics (Figures 4.12 & 4.13). The GenLLC4320 reconstructions include coherent sub-
mesoscale eddies with O(1) Rossby number as small as 10-20 km in size combined with strong frontal
features with corresponding regions of elevated strain and divergence. This is in contrast to what is retriev-

able from state-of-the-art gridded altimetry (i.e. NeurOST), which captures only the vorticity and strain
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Figure 4.12: Vorticity, strain, and divergence for a snapshot in the Agulhas Ring Path for state estimates
from real world satellite observations, comparing NeurOST gridded altimetry (top row) to GenLLC4320
prediction (bottom row).
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Figure 4.13: Vorticity, strain, and divergence for a snapshot in the Agulhas Return Current for state es-
timates from real world satellite observations, comparing NeurOST gridded altimetry (top row) to Gen-
LLC4320 prediction (bottom row).
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signatures of larger mesoscale features and has zero divergence by construction, as geostrophic currents are
divergence-free. The wintertime energization of submesoscales noted in LL.C4320 is also apparent in the
real world GenLLC4320 reconstructions, with a shallower enstrophy spectral slope in winter/spring than
summer/autumn, whereas NeurOST only captures a faint seasonal contrast at scales above 100 km (Figure
4.14). GenLLC4320 thus provides a new observational window on seasonally-varying submesoscale surface
ocean dynamics.

GenlLLC4320 reveals a strong upscale kinetic energy cascade extending down to ~10 km in both re-
gions, with a marked seasonal intensification that is entirely absent from currently available gridded satellite
products (Figure 4.15). NeurOST, which resolves only mesoscale variability above ~100 km, yields a cas-
cade signal that is essentially indistinguishable from zero across the submesoscale range in both regions and
seasons, capturing neither the strength nor the seasonality of the submesoscale cascade. GenLL.C4320, in
contrast, reveals a strong upscale cascade in the Ring Path peaking at —3.5 yWm™2 in winter and spring
which is 40% stronger than that found in summer and autumn. The cascade reverses sign to a downscale
energy transfer at scales below ~10 km. The Return Current cascade, as in the LLC4320 simulation, is sig-
nificantly stronger than in the Ring Path, reaching ~ —30 xWm™3 in winter and spring and ~ —10 zWm™3
in summer/autumn, a roughly threefold seasonal contrast. While the LLC4320 simulation exhibits no sea-
sonality in the cascade in the Return Current (Section 4.4.2), the real world GenLLLC4320 reconstructions
show a pronounced winter and spring intensification similar to that found in the Ring Path. This analysis is
confined to only a single seasonal cycle but this region exhibits significant non-seasonal variability driven by
the turbulent jet dynamics of the Return Current, this discrepancy may reflect natural interannual variability
rather than a systematic bias in the simulation. In both regions, the magnitudes of the observed cascade

exceed those in the LL.C4320 simulation by ~75-100%.

4.5 Discussion

The submesoscale kinetic energy cascade from our satellite observation-constrained generative state esti-
mates emerges as a seasonally-intensified feature of the upper ocean, with an upscale cascade extending
to O(10) km that is not found in state-of-the-art gridded altimetry products. The presence of a strong up-

scale submesoscale cascade in both energetic and quiescent open ocean regions suggests that submesoscale
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Figure 4.15: KE cascade estimated from real world satellite observations using GenLLC4320 and NeurOST
in the Ring Path and Return Current regions.
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dynamics, with spatial scales well below the resolution of global climate models, systematically energize
larger-scale mesoscale variability through an upscale cascade that is not represented in existing eddy pa-
rameterizations [Gent and Mcwilliams, 1990; Fox-Kemper et al., 2008]. The wintertime intensification of
this upscale cascade is broadly consistent with the proposed mechanism of submesoscale eddy absorption by
mesoscale eddies demonstrated in high-resolution simulations [Sasaki et al., 2014; Qiu et al., 2014; Schubert
etal., 2020]. Although the precise formation mechanisms driving this wintertime submesoscale energization
are likely heterogeneous [Lapeyre and Klein, 2006b; Boccaletti et al., 2007; Thomas et al., 2008; Taylor and
Thompson, 2023], the preferential generation of submesoscale eddies in winter is well established in both
simulations and observations [Callies et al., 2015]. The results presented here confirm that much of this en-
ergy cascades upscale to energize the mesoscale. The contrasting seasonality between the Ring Path, where
the cascade follows a clear wintertime submesoscale cycle, and the Return Current, where year-round jet
dynamics appear to drive a strong cascade independently of mixed layer forcing, suggests that the drivers of
submesoscale cascade variability are regime-dependent, with the seasonal imprint on mesoscale energetics
of submesoscale eddy absorption likely most pronounced in quiescent open ocean regions away from strong
background currents. The downscale cascade below O(10) km found in our state estimates coincides with
submesoscale fronts and filaments, consistent with results from numerical simulations suggesting that fronts
play an out-sized role in cascading energy down to dissipation scales [Schubert et al., 2020; Srinivasan et al.,
2023]. Thus, our results are qualitatively consistent with prior observational constraints from in situ studies
pointing to a bi-directional, seasonally-varying submesoscale cascade [Balwada et al., 2022; Naveira Gara-
bato et al., 2022]. The use of satellite observations opens the possibility of extending to regions without in
situ campaigns. By assimilating SWOT observations across successive time-steps, we can resolve a wider
range of scales than studies confined to individual SWOT swaths [Qiu and Chen, 2025], with SST providing

an additional submesoscale constraint between SWOT passes.

The assimilation of satellite observations leads to a 75 — 100% increase in the strength of the subme-
soscale kinetic energy cascade compared to that in the LL.C4320 training data. This result should be treated
with some caution given that our analysis spans only a single seasonal cycle and we have not examined the
impact of natural interannual variability. Nonetheless, the magnitude of the increase is substantial and in the

Ring Path the GenLL.C4320 state estimates have a cascade magnitude that closely tracks, in both seasons,
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results obtained from a multi-year 1/60° resolution regional simulation [Schubert et al., 2020], supporting
the interpretation that this discrepancy reflects a genuine bias in LL.C4320 rather than a sampling artifact.
An under-estimation of the strength of the submesoscale cascade in LLC4320 is consistent with its 1/48°
grid resolution, which only partly resolves submesoscale mixed layer dynamics and likely generates sys-
tematically under-energetic submesoscales. Indeed, studies comparing the model to real world SWOT SSH
[Archer et al., 2025] and in situ observations [Luecke et al., 2020] draw similar conclusions, highlighting
that state-of-the-art high-resolution global ocean models still under-resolve submesoscale dynamics. A sec-
ond, and not mutually exclusive, explanation for the discrepancy could come from the limited duration of
the simulation that covers fourteen months. If the submesoscale cascade plays a meaningful role in setting
the seasonality of mesoscale eddies, as has been hypothesized [Sasaki et al., 2014], then it is likely that a
submesoscale-resolving model would need to be integrated for multiple years to get a realistic, equilibrated
view of mesoscale-submesoscale ocean scale interactions. This highlights the need for multi-year global
submesoscale-resolving integrations. These simulations will require significantly faster models [Silvestri

et al., 2025].

While our diffusion prior was trained to generate SSH and surface currents with super-inertial internal
gravity wave signatures filtered out, the real SWOT SSH observations assimilated in Section 4.4.3 contain
some internal wave contamination. Given the temporal sparsity of SWOT sampling, these signals will be
difficult to remove, although our study region was chosen to partially mitigate this contamination. In this
region strong balanced eddy dynamics are large relative to internal waves. Prior studies show that balanced
eddy turbulence is the leading order driver of SSH variance in the 10-100 km wavelength range and with
the contamination by internal waves most significant in the summertime [Torres et al., 2018]. In Appendix
C3 we present an observing system simulation experiment to demonstrate that submesoscale dynamics in-
ferred using GenLL.C4320 are not substantially degraded by assimilating SWOT observations containing
super-inertial SSH signals, internal wave contamination nonetheless remains a limitation of this study, and
robust methods for separating balanced and unbalanced signals in SWOT SSH remain an active area of
development [Lguensat et al., 2020; Wang et al., 2022a; Gao et al., 2024; Lyu et al., 2024; Wang et al.,
2025]. A key limitation of generative data assimilation is the reliance on numerical simulation data to train

the diffusion prior, which potentially encodes model biases into the resulting state estimates. As a result,
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dynamical processes which are poorly represented in the LL.C4320 training data — for instance symmetric
instability, eddy-wave interactions, or summertime mixed layer instability — will likely be systematically
under-represented in the generative state estimates. In cases where submesoscale features are directly ob-
served, such as in SWOT SSH or SEVIRI SST, the assimilation process can override statistical biases in the
prior, producing state estimates that reflect the observed statistics of submesoscale eddies and fronts rather
than the simulation statistics. Fundamentally, generative data assimilation results should be interpreted
through a similar lens to those from physics-based data assimilation: the state estimates are observationally
constrained but carry the biases of the underlying GCM, and where observations provide strong constraints
the estimates will adapt, but in observation gaps the prior dominates. The development of diffusion pri-
ors that can either be updated or learned entirely from partial observations could reduce the reliance of

generative data assimilation on simulation training data [Rozet et al., 2024].

The results of this study establish generative data assimilation as a valuable new approach to surface
ocean state estimation that can resolve the submesoscale. Conventional data assimilation systems rely on
physics-based dynamical models as priors which must close three-dimensional mass and energy budgets,
which in practice limits state estimation to resolutions coarser than the submesoscale. Regression-based
deep learning approaches [Fablet et al., 2024; Lenain et al., 2025] can achieve high resolution but produce
deterministic point estimates that provide no uncertainty quantification and in large observation gaps regress
toward the ensemble mean, which is not itself a physically consistent ocean state. By employing a generative
prior trained on high-resolution physics-based simulations, generative data assimilation enables sampling
from a distribution of states that are consistent with available observations but which are each plausible
under the learned prior. By targeting surface-only state estimation and training on output from free-running
high-resolution simulations, generative data assimilation sidesteps the computational burden of full three-
dimensional state estimation while achieving submesoscale resolution that conventional systems cannot. As
high-resolution ocean simulations and the global satellite observing system continue to improve, generative

data assimilation offers a scalable route to surface ocean state estimation that advances with both.

Several natural extensions and opportunities for future research follow directly from this study. As the
length of the SWOT observation record continues to grow and since the framework presented here could be

re-trained to target other ocean basins, generative data assimilation can provide statistically robust multi-year
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constraints on the seasonality of the cascade, explore its interannual variability, and provide an increasingly
detailed picture of its geographical variability. While our study focuses exclusively on surface ocean dy-
namics, submesoscale fronts have been found to drive strong vertical transports in the ocean interior with
consequences for global climate and marine ecosystems [Klein and Lapeyre, 2009; Mahadevan and Tandon,
2006; Su et al., 2018; Siegelman et al., 2020a]. Since submesoscale fronts typically have strong surface
expressions, developing three-dimensional generative data assimilation systems or applying idealized meth-
ods for inferring interior dynamics from high-resolution surface fields [Wang et al., 2013; Qiu et al., 2020;
Carli et al., 2024] could help in future to quantify the strength and variability of the submesoscale vertical
pump. While here we leveraged the global LL.C4320 simulation, a promising direction for training high-
fidelity diffusion priors that fully resolve submesoscale dynamics would be to train on higher-resolution
regional simulations run under a range of background conditions and forcing regimes, which could be effi-
ciently generated using GPU-accelerated regional ocean modelling frameworks [Wagner et al., 2025; Klion
et al., 2025]. Together, these directions offer a route to the global, multi-year observational constraints on

submesoscale dynamics that ocean circulation theory and climate model development have long required.
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Appendix C

Supporting Information for Chapter 4

C1 Extended Methods

C1.1 Video diffusion prior architecture and training details

We employ a UNet backbone neural network architecture with the augmentations widely used in the dif-
fusion model literature [Song et al., 2020]: self attention near the bottleneck, noise level conditioning by
performing a sinusoidal embedding of the scalar noise level to create a conditioning image tensor with mul-
tiple frequency channels, and replacing batch normalization with layer normalization to improve training
stability when batches contain samples with very different noise levels. To process the time dimension in
our architecture, we apply pixel-wise temporal attention at a number of resolution layers within the encoder-
decoder path, folding time along the batch dimension for all other operations to process each timeframe
independently using the same weights. We follow the Elucidated Diffusion Modeling (EDM) framework
[Karras et al., 2022] for training our prior, training a denoiser neural network with additive Gaussian noise
applied at noise levels between o,,,;, and 0,,,4,. We follow the arguments of Brenowitz et al. [2025] when
selecting these hyperparameters for geophysical data (see Table C.1) and replace the log-normal noise dis-
tribution used in Karras et al. [2022] with the log-uniform distribution used in Brenowitz et al. [2025]. We
additionally condition our diffusion prior on time of day, and day of year through additional sinusoidal em-
beddings [Brenowitz et al., 2025] to provide context on the diurnal and seasonal cycle both of which impact

submesoscale surface ocean dynamics.
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During model development we found that training a single diffusion backbone over the full range of
noise levels, o, led to unsatisfactory performance, underlining the challenge of training a single model to
jointly handle a wide range of dynamics from mesoscales down to submesoscales. We thus instead pursued a
‘mixture of experts’ approach, where separate models were trained for low and high noise levels respectively,
allowing each to focus on a distinct scale range, since noise levels in diffusion models are loosely equivalent
to spatial scales with higher noise levels corresponding to larger scales. This strategy is similar to that
employed to prevent overfitting at large scales in Brenowitz et al. [2025] except here we train separate
models from scratch on the different noise ranges rather than training a single model and picking different
checkpoints for different noise ranges. The small and large o experts are trained with overlapping o ranges,
and at inference we switch which model is called at a prescribed handover o at the center of the overlap
range. During training, we also conditioned the model on patch-averaged surface wind stress, surface heat
flux, and surface freshwater flux, however at inference we found these fluxes to be largely ignored by the

model and all results presented in the main text used placeholder values of zero for these fluxes for simplicity

of implementation.
Hyperparameter Value
Omin 103
Omaz 200
Resolution levels for self attention 32,16
Resolution levels for temporal attention 64,32, 16
Number of channels in first UNet block 128
Channel multipliers per resolution 1,2,2,3,4
UNet blocks per resolution level 3
Learning rate 10~4
Batch size 48
Training resources 3 days on 8 A100 GPUs for each of the 2 experts
Small o expert noise range [1073,1]
Large o expert noise range [10~1, 200]
Handover o between experts 0.5

Table C.1: Training and architecture hyperparameters
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C1.2 Score-based data assimilation hyperparameters

At inference, we use the score-based data assimilation (SDA) framework [Rozet and Louppe, 2023a] to
guide the generation of the diffusion prior with sparse observations. Since the SDA algorithm was developed
for the variance-preserving stochastic differential equation (VPSDE) sampler, as opposed to the probability
flow sampler used in EDM [Karras et al., 2022], we translate our EDM diffusion prior to the VPSDE
formulation using the formula derived in the appendix of Manshausen et al. [2025]. Table C.2 details the
values used in this study for the SDA hyperparameters which are described in Rozet and Louppe [2023a].
These values were arrived at through explorations carried out on simulated observations from the training
partition of the LL.C4320 data. We found the fidelity of reconstructions to improve as I' was reduced, but
with increasing instances of numerical instability below the value used here, and even with this value there
were a small minority of ensemble members that went numerically unstable at inference and we prune before
the analyses presented in the main text since they are easily identifiable by their pixelated, un-physical
predictions. We found applying Langevin Monte Carlo corrector steps only at low noise levels beneath
t = 0.5 helped to stabilize sampling while retaining the benefits of corrector steps; with no corrector steps

the generated states tended to smooth out variance at submesoscales.

Hyperparameter Value
r 0.05
i 10~*
Number of steps 196
Number of corrector steps above ¢ = 0.5 0
Number of corrector steps below ¢t = 0.5 5

T 0.2

Table C.2: SDA inference hyperparameters

C1.3 Coarse-graining computation of kinetic energy cascade using FlowSieve

We use FlowSieve, a parallelized coarse-graining and spectral energy flux computation code [Storer and
Aluie, 2023], to compute the strength and direction of the kinetic energy cascade which is quantified through
the spectral energy flux, II;. The mathematical underpinnings of this framework and its comparison to

traditional Fourier methods for estimating the spectral energy flux are outlined in Aluie et al. [2018] and the
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sensitivity of the cascade to strain and divergence are further explored in Srinivasan et al. [2023]. We re-
grid all data onto a regular local Cartesian grid with 1 km resolution before all coarse-graining calculations
using the ENU projection. For coarse gridded products, high-frequency interpolation artifacts appear after
regridding to 1 km which we remove before spectral flux computations by applying a Gaussian low-pass

filter with 3-pixel filter width.

C1.4 Details of the satellite data products used in this study

We use real satellite observations from the year 2024 in this study, and in the observing system simulation
experiment take the sampling masks from this year of observations and apply it to the simulation.

The sparse, high-resolution SST observations are taken from the SEVIRI instrument onboard the Me-
teosat Second Generation (MSG) satellites. These satellites are on a geostationary orbit, providing contin-
uous in time observations, albeit with coverage of only a limited geographical domain. We use the Level
3 collated product produced by OSI SAF which aggregates the observations onto a 0.05° grid with hourly
resolution, applies numerous atmospheric corrections, applies a cloud mask, and provides quality flags for
each data point. Since our diffusion prior is trained to produce 12-hourly means, we composite the SEVIRI
observations within a 12-hour window, discarding measurements not flagged "good" or "very good" and
discarding grid points with fewer than 3 observations within the 12-hour window. We note that the cloud
masking algorithm used in the production of this dataset appears to sometimes artificially mask out some
oceanographic features like mesoscale eddies and submesoscale fronts which could in future be alleviated
by using lower-level data products as was done in Lenain et al. [2025], though we prefer here to retain the
atmospheric and sensor corrections made at Level 3.

The sparse, high-resolution SSH observations are taken from both conventional nadir altimeters and
SWOT. The nadir altimeter data is taken from the CMEMS Level 3 product where numerous tidal and
atmospheric corrections have been made as well as calibration between the different altimeter missions. For
SWOT, we take wide-swath observations from the AVISO Level 3 2.5 km Expert product (v2.0) where tidal
corrections, inter-calibration with conventional altimeters, atmospheric corrections, orbit roll correction,
and quality flagging have all been implemented. Note, we use here the ‘unfiltered’ SSH anomaly variable,

preferring not to rely upon the experimental convolutional neural network denoising method implemented in
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the product which could obscure real signals of submesoscale dynamics. We use the 2.5 km product rather
than the 250 m product since the grid resolution of LL.C4320, and hence our diffusion prior, is considerably
larger at 1.5-2 km and this mitigates potential contamination from surface waves.

In addition, we leverage coarse gridded satellite products for SSH, SST, and SSS both as a large-scale
constraint in the assimilation and to provide a comparison to GenLLL.C4320 state estimates. For SSH, we use
the NeurOST product which is produced by synthesizing along-track nadir altimeter observations with grid-
ded SST from the NASA MUR product using a neural network trained on past observations. The grid resolu-
tion is 1/10°, though the effective resolution is 90-120 km in wavelength in the region considered here. We
also use surface geostrophic currents from the NeurOST product which have been validated against surface
drifters [Martin et al., 2024], though we coarse-grain these with a 100 km Gaussian filter before assimilation
to ensure we only assimilate geostrophic currents at larger scales where geostrophy is valid and where the
NeurOST estimates will be most reliable. For SST, we use the REMSS MW OI gridded product which uses
optimal interpolation to merge measurements from a number of missions equipped with microwave SST
sensors into a 1/4° product. While microwave observations are lower resolution than infrared, they can
penetrate clouds, meaning this product appears to have a temporally consistent effective spatial resolution
which is important for this study since we assimilate the product as a large-scale constraint. For SSS, we
use the CMEMS Multi Observation Global Ocean Sea Surface Salinity and Sea Surface Density Level 4
product which uses a multivariate optimal interpolation algorithm combining satellite and in situ salinity
observations with additional constraints from satellite SST to produce a 1/8° product. When assimilating
these coarse gridded satellite products in the generative data assimilation process we first coarse-grain the
state estimate using prescribed coarse-graining scales chosen to approximate the effective resolution of the

above products. These scales are detailed in Table C.3.

Hyperparameter Value

SSH 30 km
SST 15 km
SSS 30 km
u/v 100 km

Otime for all variables 2.5 days

Table C.3: Coarse-graining scales (Gaussian filter width, o) applied to each variable before assimilating
coarse gridded satellite products.
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C2 Validity of estimating the submesoscale Kkinetic energy cascade in small

spatio-temporal windows

Since our diffusion prior is restricted to generating a relatively restricted domain of 256x256 LL.C4320
grid points (~ 400 km) and relies upon good observational coverage both from SWOT SSH and SEVIRI
SST, in the main text we diagnose the strength and seasonality of the kinetic energy cascade by applying
the coarse-graining framework [Aluie et al., 2018; Storer and Aluie, 2023] within a set of well-observed
windows and averaging over many such windows to get seasonal composite of the cascade in our larger study
regions (the Return Current and the Ring Path). This limited sampling introduces an extra potential source
of noise and error in the cascade estimates which we assess here. We compute the seasonal composites
of the cascade from the LLC4320 ground truth from the full underlying fields on all time-steps in our
study regions (which are ~ 1000 km in size) and compare the result to that estimated from the small well-
observed windows used in the main text (Figure C.1). This comparison shows that in both regions the
computation on the full domain results in the same qualitative conclusions about the cascade below 100
km, with the estimations in good agreement across the scale range considered in this study. The noise and
bias from our limited sampling becomes more pronounced at larger scales approaching 100 km, which is
reflected in a corresponding broadening of the bootstrapped confidence intervals. The increased uncertainty
at larger scales stems from excluding a border region with width that of the coarse-graining filter scale
before computing the domain-averaged spectral flux to avoid contamination from edge effects. The close
correspondence between the small patch and full domain computations increases confidence that the results
presented in the main text are not influenced of sampling artifacts and provide a robust estimate of the kinetic

energy cascade below 100 km.
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Figure C.1: Comparison of the kinetic energy cascade for the LLC4320 ground truth inferred from the
small well-observed windows used in the main text compared to computation on the full fields for the study
region showing the validity of estimating KE cascade in small, well-observed patches.
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Figure C.2: Same as Figure 4.4 but assimilating the total, unfiltered LLC4320 SSH observations.

C3 Additional evaluations of GenLL.C4320 surface state estimation

C3.1 Testing the effect of super-inertial SSH observation contamination on GenLL1.C4320

state estimates

real world SWOT SSH observations will contain a degree of signal contamination from sub-inertial internal
gravity waves whereas our diffusion prior was trained to generate and assimilate SSH with sub-inertial in-
ternal tides filtered as a pre-processing step. To assess the potential effect of assimilating SSH observations
with the super-inertial SSH signals contaminating the SSH we repeat the evaluation shown in Figure 4.4 us-
ing simulated satellite observations from LLLC4320 but this time assimilate the unfiltered, total SSH, taking
a randomized hourly time-step from within the prior’s 12-hour step to reflect that SWOT observes instanta-
neous SSH rather than a 12-hour average (Figure C.2). The target variable for surface currents remains the
sub-inertial filtered data, so that we can assess the bias introduced in the prediction by super-inertial signals
in the SSH observations. The GenLLLC4320 state estimation metrics remain largely unchanged from those
presented in the main text, with a minor degradation in vorticity CRPS the only apparent sign of degraded
state estimation due to super-inertial SSH contamination. Looking at the reconstructed kinetic energy spec-
tra, there is no clear sign of enhanced variance at smaller scales that might be expected if the reconstructions

were being strongly affected by the super-inertial SSH signals. While the effect of real world super-inertial
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SSH contamination on GenLL.C4320 state estimates remains an open question, and there is a clear need for
novel methods to filter these signals from SWOT observations, the relatively minor state estimation degra-
dation here increases confidence in the robustness of our observational constraints on the submesoscale

cascade.
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Chapter 5

Conclusions

5.1 Summary

This thesis has sought to provide observational constraints on kinetic energy transfers between scales in the
ocean mediated by (sub)mesoscale eddy turbulence. In pursuit of this scientific goal, we have developed
novel deep learning methods for surface ocean state estimation from sparse satellite observations that have

significantly improved our ability to estimate surface ocean currents from space.

In Chapter 1, we developed a deep learning method for mapping SSH at high resolution from sparse,
along-track satellite altimetry and satellite SST observations. We demonstrated that neural networks can
learn to synergize SSH and SST observations to fill in the large gaps in SSH observations while retain-
ing small-scale signal content smoothed out by conventional objective analysis approaches. Crucially, the
smaller scales in SSH that were previously smoothed out contain rich information about mesoscale eddy
dynamics, with quantities such as geostrophic vorticity and strain being severely under-estimated in conven-
tional gridded SSH products. By developing a method that can be trained exclusively on real-world satellite
observations, we ensured that our deep learning SSH reconstructions are fully observation-driven and can

thus be used to provide independent observational validation of ocean model simulations.

In Chapter 2, we built upon the promise of the method proposed in Chapter 1 by developing a global
gridded SSH data product, NeurOST [OSTST, 2024], and applied this dataset to provide observational

constraints on the strength and seasonality of the mesoscale kinetic energy cascade. By refining and scaling
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our deep learning method for global training and inference, we developed, to our knowledge, the first deep
learning-driven global satellite oceanography dataset. When validated against independent satellite altimetry
observations, surface drifters, and in an observing system simulation experiment, NeurOST significantly
outperforms the previous operational state-of-the-art global SSH product in terms of both accuracy and
resolution. Beyond quantitative improvements in SSH mapping metrics, NeurOST revealed gualitatively
different eddy dynamics to that inferred from conventional SSH products, with stronger non-linear eddy
interactions and enhanced seasonality at small scales. Crucially for the scientific objectives of this thesis,
we found that the improved resolution of NeurOST led to a significant re-estimation of the strength of the
mesoscale kinetic energy cascade, finding that the artificial smoothing of SSH in prior data products led to a
significant under-estimation of the strength of the upscale kinetic energy cascade. By resolving for the first
time in gridded altimetry the smaller end of the mesoscale range, we found direct observational evidence
of the widely-hypothesized seasonal upscale cascade of kinetic energy, with energy progressively cascading
to larger scales as spring progresses. The resolution limits of prior SSH data products prevented us from
observing the scale range at which this seasonal cascade operates. Finally, while NeurOST confirms the
existence of a seasonal upscale cascade in the mesoscale range which peaks in springtime, the dataset is still

of insufficient resolution to test whether this energy ultimately originates at submesoscales in wintertime.

In Chapter 3, we developed a deep learning method for multi-variate surface ocean state estimation
from satellite observations using generative data assimilation. In contrast to the method from Chapters 1
& 2, this method leverages high-resolution ocean simulations to learn a ‘prior’ for what physically-realistic
surface ocean states should look like which can then be utilized in a Bayesian state estimation framework
to generate physically-plausible surface ocean states that are consistent with available, sparse observations.
In practice, this is achieved by guiding an unconditional diffusion model, which was trained on simulation
data, using sparse observations to perform diffusion posterior sampling. While this approach removes the
methodological independence from ocean models, the simulation-informed prior allows us to target scales
and applications that would not be possible with the approach from Chapters 1 & 2. Specifically, by learning
a joint prior over multiple surface ocean variables (SSH, SST, SSS, and surface currents) generative data
assimilation can effectively synergize information between variables and we demonstrate this allows to

improve the resolution of SSS estimates from SST observations, and infer ageostrophic surface currents by
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synergizing SSH and SST observations. Crucially for our scientific objective of inferring kinetic energy
cascades, this generative approach ensures the reconstructed states retain physically plausible fine-scale
information which regression approaches like that in Chapters 1 & 2 smooth out, leading to un-physical

spectral roll-off at small scales.

Finally, in Chapter 4 we refine the generative data assimilation method proposed in Chapter 3 and
apply it to obtain observational constraints on the strength and seasonality of the submesoscale kinetic
energy cascade. While NeurOST revealed a strong seasonal upscale cascade at mesoscales across a range
of regions, questions remain about whether the ultimate source of this energy lies at smaller submesoscales
in wintertime or is generated at mesoscales through seasonally modulated mesoscale baroclinic instability
[Qiu et al., 2014]. To tackle this problem, we trained a diffusion prior on a submesoscale-permitting ocean
simulation and used generative data assimilation to obtain high-resolution surface ocean state estimates
from satellite observations. By applying this framework to real observations, we obtained first-of-their-
kind observation-constrained surface ocean state estimates that resolve scales well below those resolved
in NeurOST. By probing the submesoscale cascade in different regions we find a strong seasonal upscale
cascade at submesoscales extending down to O(10 km) to be a recurring feature of surface ocean dynamics
between regions. Below 10 km, the cascade reverses sign due to strong downscale spectral fluxes localized
at strong surface buoyancy fronts. The significance of this seasonal cascade of energy from submesoscales
in driving larger mesoscale variability varies between regions, with the seasonality of the cascade most
pronounced away from strong background currents which can modulate mesoscale variability and drive
year round submesoscale dynamics. While similar conclusions have been drawn from ocean simulations, by
assimilating real-world satellite observations our study lends crucial observational support to the view that
submesoscale ocean dynamics can feed back to larger scales and play an active role in the ocean’s broader

internal variability.
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5.2 Discussion & Outlook

5.2.1 NeurOST: Broader Implications, Future Applications, & Refinements

Perhaps the most important contribution of this thesis was the development of a new global gridded SSH and
surface geostrophic currents dataset, NeurOST [OSTST, 2024]. At the time of writing, this dataset spans
from 2010 through to late 2024, providing a rich dataset for exploring mesoscale eddy dynamics throughout
the global ocean. While in Chapter 2 we applied NeurOST to constrain the mesoscale kinetic energy cascade,
the dataset opens a broader range of questions about mesoscale eddy dynamics across the global ocean.
Since the dataset was published through NASA PO.DAAC, it has begun to be applied in a diverse range of
downstream physical oceanography studies on topics including deep submesoscale fronts [Siegelman et al.,
2025], internal tides [Zaron et al., 2026], and eddy detection [Perez-Corona et al., 2026]. One striking feature
of eddy dynamics in NeurOST compared to the widely-used DUACS product found, but perhaps under-
emphasized, in Martin et al. [2024] was that throughout the subtropics the ubiquitous westward propagation
of eddies observed in DUACS appears to be an artifact of the objective analysis method, with NeurOST
instead revealing a complex web of non-linearly interacting eddies below the resolution limit of DUACS.
Since the westward propagation apparent in DUACS was widely attributed to the beta drift effect [Chelton
et al., 2011] and has been hypothesized to play a key role in the broader ocean energy cycle [Zhai et al.,
2010], future studies re-visiting these findings using the NeurOST maps would be beneficial. Finally, a
growing literature has sought to identify the impacts of mesoscale eddies on biogeochemistry by co-locating
in situ observations with satellite-tracked eddies derived from DUACS SSH maps [Huang and Xu, 2018;
Frenger et al., 2018; Zhang et al., 2019; Cornec et al., 2021; Keppler et al., 2024]. Since we have found
striking differences between the mapped mesoscale eddy fields in NeurOST and DUACS, especially in
the subtropics and western boundary currents, we believe NeurOST could be of significant value to future
studies of the impact of eddies on biogeochemistry, indeed preliminary co-locations of satellite chlorophyll
measurements with NeurOST surface currents suggest a much cleaner delineation of the boundaries of

coherent eddies trapping plankton in the Gulf Stream than from DUACS [Lang, 2026].

A number of future extensions and refinements to NeurOST can be envisaged and work is under way

to explore some of these avenues. First, while NeurOST presently only extends back to 2010, satellite al-
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timetry observations from at least two concurrent nadir altimeters are available back to 1993, so extending
NeurOST backwards in time to cover the full altimetry era would be useful for studies of long-term changes
in ocean eddy dynamics [Martinez-Moreno et al., 2021]. NeurOST was trained on observations starting
in 2010 due to the high density of concurrent altimeter missions, so care should be taken to check that
the method generalizes to prior years which may exhibit dynamical regimes unseen in the training data or
whether it must be re-trained on a wider range of years. To establish robust constraints on long-term trends
and inter-annual variability of the mesoscale eddy field it would be beneficial to also produce a version of
NeurOST that uses only a two-satellite altimeter constellation since this removes any spurious signals from
the improvements in the observing system over time [Barcel6-Llull et al., 2024]. While limiting the input
to two satellites would lead to a degradation in resolution, Martin et al. [2024] found that NeurOST with a
two-satellite input constellation could still map smaller scale signals than DUACS achieves using six. Fi-
nally, the launch of SWOT presents exciting new opportunities for increasing the resolution of NeurOST by
incorporating high-resolution, wide swath observations in the SSH mapping. Preliminary experiments found
that incorporating SWOT in the NeurOST input with no re-training led, counter-intuitively, to a degradation
in SSH mapping, emphasizing the need for further training to learn to process the wide swath inputs which
differ significantly from along-track altimetry. The growing number of years of available SWOT observa-
tions, concurrent with a large constellation of nadir altimeters, should make adapting NeurOST in future to

process SWOT relatively straightforward.

5.2.2 Generative Data Assimilation

The generative data assimilation method explored in Chapters 3 & 4 shows great promise for ocean state
estimation, and generative modeling is an exciting frontier in the application of deep learning to ocean
dynamics. The ability to generate physically realistic states and the flexibility to guide this generation to
achieve a range of objectives post-training make such approaches a compelling alternative to the end-to-
end regression framework used in Chapters 1 & 2 and explored widely in the literature. Another appealing
property of generative methods is their ability to quantify uncertainty by generating an ensemble of states.
While the results of Chapters 3 & 4 are encouraging, some limitations of generative data assimilation

should be borne in mind for future applications, especially for increasingly ambitious ocean state estimation

229



tasks like 3D reconstructions. First, by training the prior on an ocean model simulation the method will
likely build in biases stemming from poorly-resolved or parameterized ocean physics in the simulation
training data. For applications to the submesoscale range, where observational validation of models has been
lacking, this is a key limitation to bear in mind when interpreting the results. Methods to train generative
priors from sparse observations alone have been proposed [Rozet et al., 2024], and could be especially
valuable for submesoscale oceanography where satellite observations now have significantly finer resolution
than global simulations. Notwithstanding these limitations, simulation-trained generative data assimilation
methods will likely drive significant advances in ocean state estimation as training data from high-resolution
simulations provide a significantly improved prior compared to the low-resolution ocean models used in
physics-based data assimilation frameworks. While in this thesis we trained the diffusion prior on output
from global simulations like LL.C4320, a promising avenue in future would be to instead train on a library of
regional simulations run at resolutions beyond those possible in global runs, allowing to learn a prior which
fully resolves submesoscale processes. Applications of diffusion models to high-resolution atmospheric
modeling suggest the locality of small-scale dynamics means surprisingly small datasets can be used during
training [Brenowitz et al., 2025] and the advent of GPU-accelerated ocean modeling should make generating

such training datasets straightforward in future [Wagner et al., 2025; Klion et al., 2025].

5.2.3 Ocean Scale Interactions

The main scientific finding of this thesis has been to confirm that the strongly seasonal upscale cascade at
(sub)mesoscales observed in high-resolution ocean models appears to be present in the real-world ocean.
While this result was foreshadowed by extensive explorations of high-resolution ocean model simulations,
the myriad ways in which models cannot represent the full complexity of real-world ocean dynamics make
observational constraints on these processes crucial. It is worth emphasizing that the findings from Chapter
2, confirming the existence of a strongly seasonal upscale cascade at mesoscales throughout the subtropics,
are grounded entirely in real-world satellite observations, with no reference to an ocean simulation during
training. The findings from Chapter 4, that there is a strong submesoscale upscale cascade peaking in
wintertime across a range of regions, should be viewed with more circumspection, as the generative data

assimilation method uses a prior that was trained on LLLC4320. Nonetheless, the observation guidance
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used in generative data assimilation should prevent the generation of states that are completely at odds
with observations and the cascade strength was found to increase significantly with real-world observations
compared to synthetic observations from the simulation. Chapter 4 thus suggests that satellite observations
support the existence of the seasonal upscale submesoscale cascade in the real-world ocean.

Despite the progress made in this thesis toward observational constraints on (sub)mesoscale ocean scale
interactions, there remain numerous open questions. Firstly, while the results of Chapter 4, in addition to a
number of prior studies [Balwada et al., 2022; Naveira Garabato et al., 2022; Qiu et al., 2022; Qiu and Chen,
2025; Chai et al., 2026], point to a strongly seasonal upscale submesoscale kinetic energy cascade, a com-
plex picture emerges with competing upscale and downscale cascades which vary in their relative strengths
between regions and seasons. There is thus a need for granular, global monitoring of submesoscale energy
cascades to build a more complete picture of the oceanic submesoscale’s upscale impacts and the extent to
which they need to be represented in coarse ocean models. Submesoscale-resolving satellite missions like
SWOT will be crucial to this effort. Interactions between balanced (sub)mesoscale eddies and unbalanced
waves could represent an important energy pathway between the mesoscale and submesoscale [Barkan et al.,
2017; Rocha et al., 2018], but constraining this from satellites alone is made challenging by the long orbital
repeat time of SWOT and the lack of direct observations of surface currents. Finally, a more granular view
of the spatiotemporal variability of the submesoscale cascade and its interactions with mesoscales would
allow to evaluate the extent to which explicitly resolving submesoscales in global ocean model simulations

impacts larger-scale variability.

5.2.4 Final Thoughts

By developing deep learning methods for ocean state estimation and leveraging submesoscale-resolving
satellite missions, this thesis has sought to better constrain the dynamical interactions between submesoscale
and mesoscale ocean turbulence. The convergence of high-resolution simulations, novel satellite observa-
tions, and maturing deep learning methodologies now makes routine global monitoring of submesoscale
surface ocean currents a realistic prospect and with it, a more mechanistic and predictive understanding of

how energy moves between scales across the global ocean.
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