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A Appendix: ML Models and Observational Datasets

This appendix provides a detailed overview of the machine learning (ML) models benchmarked within
the OceanBench framework, including their architectural designs, training protocols, and forecasting
strategies. These models span a range of neural approaches tailored for global ocean prediction
and are evaluated across the three benchmarking tracks defined in this study: models-to-analysis,
models-to-reanalysis, and models-to-observation. In addition to describing the models, this appendix
introduces the datasets used for the models-to-observations track, which assesses model forecast skill
directly against independent, near-real-time ocean observations. This observation-based validation,
grounded in the IV-TT Class-4 framework (14; 25; 9), provides an operationally relevant benchmark
by leveraging high-quality drifters measurements.

A.1 GLONET, A Neural Global Ocean Forecasting System

GLONET (2) is a data-driven, global ocean forecasting model targeting short-range (10-day) predic-
tions of key ocean state variables, including 3D temperature and salinity, sea surface height (SSH), and
surface currents. It operates at a horizontal resolution of 1/4° with 21 vertical levels, and is trained
on GLORYS12 reanalyses interpolated to the target grid. The architecture follows a hybrid neural
operator design that fuses multiple modeling paradigms. Large-scale patterns (e.g., gyres, equatorial
currents) are captured using Fourier Neural Operators (FNOs), while CNNs enhance representation of
finer-scale dynamics. A hierarchical transformer backbone models long-range spatial dependencies,
particularly important for resolving land—sea boundaries and coastal complexities. The model follows
an encoder-decoder structure that integrates multi-scale spatial and temporal features into a coherent
latent representation. GLONET employs an autoregressive forecasting strategy over 10 days, where
predictions are recursively used as inputs for subsequent steps. It does not perform online data
assimilation; instead, it leverages the observational constraints already embedded in the GLORYS12
reanalyses used during training. For initialization, GLONET uses daily near-real-time analyses
from GLO12. The system produces daily 10-day forecasts as daily mean fields, and outputs are
experimentally distributed via the European Digital Twin Ocean (EDITO) platform. In OceanBench,
GLONET represents the flagship Al-based model benchmarked against the physics-based GLO12
system, providing insight into the performance of deep learning approaches in operational forecasting
contexts.

A.2 XiHe: A Global Ocean Eddy-Resolving Forecasting System

XiHe (27) is a data-driven global ocean forecasting model designed to capture mesoscale and large-
scale dynamics with high spatial resolution. It operates at 1/12° horizontal resolution with 23 vertical
levels and is trained on 25 years of daily GLORYS12 reanalyses, enriched with near-surface wind
fields from ERAS and high-resolution SST from OSTIA. At its core, XiHe employs a hierarchical
transformer architecture tailored for ocean forecasting. Custom ocean-specific self-attention blocks
capture both local and global spatial dependencies, enabling the model to represent regional variability
and inter-basin teleconnections. A land—ocean mask is applied to restrict learning to oceanic regions,
improving spatial focus and reducing boundary artifacts. XiHe adopts a modular, temporally stratified
design: 20 independent transformer-based models are trained separately for each forecast day (1 to
10) and vertical region (upper or lower ocean). This setup avoids the error accumulation common
in autoregressive strategies and allows each model to specialize in lead-time— and depth-specific
dynamics.

A.3 WenHai: Forecasting the Eddying Ocean with a Deep Neural Network

WenHai (6) is a global eddy-resolving ocean forecasting model based on deep learning, designed to
predict upper ocean dynamics at 1/12° resolution across 23 vertical levels. Trained on 25 years of
daily GLORYS12 reanalyses and ERAS atmospheric forcings, WenHai focuses on mesoscale features
such as eddies and sharp thermohaline gradients. Rather than predicting ocean state variables directly,
WenHai forecasts their daily tendencies changes in temperature, salinity, sea surface height (SSH),
and surface currents, which are applied recursively to update the ocean state over a 10-day forecast
horizon. This tendency-based, autoregressive formulation emphasizes learning temporal dynamics.
The model architecture is built on the Swin Transformer, leveraging localized self-attention to capture
long-range spatial dependencies. Physical priors are embedded via bulk formulae for surface fluxes of
momentum, heat, and freshwater. A volume-weighted loss prioritizes upper-ocean accuracy, aligning
model training with regions of strong mesoscale variability and better observational coverage
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A.4 IV-TT Class-4 Observation Dataset

The Class-4 framework, developed by the Intercomparison and Validation Task Team (IV-TT),
defines a standardized and operationally relevant protocol for assessing ocean forecasting systems
within the observation space (14; 25; 9). By directly comparing model outputs to near-real-time,
independent observations at coincident spatial and temporal locations, this approach enables an
unbiased evaluation of forecast skill across multiple variables and lead times, ranging from day O
(best analysis) to 10-day forecasts.

Adopted in OceanBench, this framework complements analysis- and reanalysis-based evaluations by
anchoring performance assessment in real observations, thereby supporting both scientific bench-
marking and operational utility. The observational period considered spans the year 2024, with all
datasets produced in near-real-time mode, thus aligning with the Class-4 philosophy of independence,
timeliness, and applicability to operational oceanography.

The following observation datasets are employed for Class-4 validation:

* Surface currents: Validated against Lagrangian drifter velocities from
INSITU_GLO_PHY_UVASSIM_DISCRETE_NRT_013_054 (DSMOI), which provides
quality-controlled, near-real-time measurements from the global drifter array.

* Temperature and salinity vertical profiles: Sourced from the Argo program via
INSITU_GLO_PHYBGCWAV_DISCRETE_MYNRT_013_030 (11), which offers multi-depth,
multi-parameter observations from autonomous profiling floats.

* Sea level anomalies (SLA): Evaluated using gridded satellite altimetry from
SEALEVEL_GLO_PHY_L3_NRT_008_044 (12), a Level 3 near-real-time product merging
multiple satellite tracks.

» Sea surface temperature (SST): Assessed using in-situ measurements from the FNMOC
GODAE SFCOBS dataset ( DSFNMOC), distributed via the GODAE Monterey Server and
compiled from ships, moored and drifting buoys, and Coastal-Marine Automated Network
(CMAN) stations.

B Appendix B: Derived Physical Diagnostics

This appendix outlines the methodology used to compute key derived quantities for process-oriented
evaluation of ocean forecasts. These diagnostics, Mixed Layer Depth (MLD), geostrophic currents,
and Lagrangian trajectories serve as physically meaningful benchmarks for assessing the internal
consistency and dynamical realism of model outputs. While not directly optimized during training,
these variables are inferred from predicted state fields (e.g., temperature, salinity, sea surface height,
velocity) and thus provide a stringent test of whether neural forecasting systems capture the underlying
physical processes of the ocean. The following subsections detail the mathematical formulations and
computational procedures used to derive each diagnostic.

B.0.1 Mixed Layer Depth (MLD)

MLD is a key indicator of ocean vertical mixing and stratification. Accurately predicting MLD is
essential for simulating air-sea interactions, heat exchange, and biological productivity. MLD is
derived from forecasted temperature and salinity profilesm and is commonly defined based on a
density threshold criterion, such that the mixed layer is the depth at which the density difference from
the surface equals a specified threshold. The MLD can be approximated as:

MLD = min{z | p, — po > Ap} 3)

where p, represents the density at depth z, pg is the density at the surface, and Ap is a threshold
value typically set to a small increment (e.g., 0.03 kg/m?) to capture the mixed layer’s depth relative
to surface conditions.

B.0.2 Geostrophic Currents

Derived from sea surface height, geostrophic currents provide a diagnostic of large-scale ocean circula-
tion. Accurate prediction of these currents is critical for understanding ocean transport and dynamics.
Geostrophic currents are derived from forecasted SSH under the geostrophic approximation:

v(9,0,t) = gf 'V (e, N t) 4

20



A PREPRINT - MAY 23, 2025

where g is the acceleration of gravity, f presents the Coriolis coefficient, and 1(¢, A, t) is the sea
surface height (SSH), which serves as a noncanonical Hamiltonian for surface velocity. L stands
for a 90° anticlockwise rotation of the gradient vector, producing a perpendicular flow direction as
dictated by geostrophic balance.

B.0.3 Lagrangian Trajectory

Lagrangian drift analysis offers insight into a model’s ability to capture the advection of ocean
particles over time, which is critical for applications involving transport processes such as pollutant
dispersion, larval connectivity, and passive tracer dynamics. By simulating the motion of synthetic
particles advected by model-predicted velocity fields, we assess whether the flow structures are
coherent and physically realistic. Let’s consider the ocean currents field:

v(x,t), x€R? e [to,t/] (%)

and its associated ordinary differential equation:

k=vixt), xR, teltot] ©

where v the U and V components of ocean currents, defined on a possibly time-dependent spatial
domain U(t) € R? x [to, ty].

Lagrangian trajectories are defined as:

¢
x(tr,t0,X0) = Xo —|—/ ! v(x(r),T)dT 7

to

To quantitatively evaluate the fidelity of Lagrangian trajectories, we compute the Euclidean distance
between model-predicted and reference (GLORYS12) particle positions at each time step. It is
expressed in kilometers and averaged over all particles:

N

1
Lagrangian drift deviation(t) = N Z x{ (t) — xI(t) 8)

K2

This metric provides a time-resolved diagnostic of trajectory divergence, helping identify whether
modeled flow fields maintain coherent transport pathways. Small Lagrangian errors suggest a
physically plausible flow structure, which is particularly important for data-driven models not
constrained by conservation laws.

C Appendix C: Benchmark Track Results and Model Intercomparison

This appendix presents a consolidated analysis of model performance across the two core benchmark-
ing tracks defined in OceanBench: models-to-analysis and observations-to-analysis. It brings together
a comprehensive intercomparison of forecasting approaches, examining their behavior across spatial
and temporal scales through a range of qualitative and quantitative diagnostics. The goal is to provide
deeper insight into the strengths and limitations of each model in capturing ocean dynamics, fostering
a more nuanced understanding of their generalization ability under realistic forecasting scenarios.

C.1 Models-to-Observations Track

The models-to-observations track provides a direct evaluation of forecast skill against independent
in situ and satellite observations. Among the assessed variables, surface ocean currents, evaluated
at a reference depth of 15 meters, exhibit notable skill differentials between modeling approaches.
ML-based models demonstrate superior performance in this regime, with GLONET in particular
achieving consistently lower errors relative to both traditional physics-based and other ML-based
models. This improved performance likely stems from the capacity of ML models to capture advective
structures and mesoscale variability present in historical training data.

The skill observed in surface velocity fields is mirrored to some extent in sea level anomaly (SLA)
forecasts, which are used to derive geostrophic surface currents. Certain ML models also achieve
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Figure 3: Models to observations track.

competitive performance in SLA prediction, indicating an emerging ability to learn coherent surface
dynamics from data alone, though the degree of success varies across architectures.

Forecast skill in temperature and salinity fields reveals distinct depth-dependent behavior. For
temperature, ML performance tends to improve with depth, particularly at intermediate levels (e.g.,
100-300 m), where thermocline structure is both stable and predictable. This suggests that data-
driven models can internalize persistent stratification patterns when supported by sufficient historical
context. In contrast, salinity forecasts tend to degrade with increasing depth, likely reflecting the more
heterogeneous and patchy nature of salinity fields, which pose greater challenges for interpolation
and learning. While regional breakdowns of performance are not available in the present analysis, it is
reasonable to hypothesize that ML-based models gains are more pronounced in regions characterized
by high mesoscale activity and dense observation coverage. Further spatial disaggregation would be
required to confirm such patterns.

C.2 Models-to-Analysis Track

The models-to-analysis track evaluates model forecasts against the GLO12 analysis. Unsurprisingly,
all models underperform relative to the GLO12 baseline in this track, as the reference analysis is itself
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Figure 4: Models to analysis track.

generated from the GLO12 forecast model. Specifically, the GLO12 analysis is produced through a
weekly data assimilation cycle applied to GLO12 forecasts, meaning it inherits both the dynamical
structure and biases of the underlying numerical model. This setup creates a structural advantage for
GLO12-consistent models, and correspondingly poses a higher bar for systems that diverge in design.
This structural bias is clearly reflected in the results: Wenhai, which incorporates physically inspired
components such as bulk formulae for surface forcing, exhibits error evolution patterns that closely
mirror those of GLO12, particularly for surface currents.

Such similarity suggests that shared physical assumptions lead to convergent dynamical behavior
under this evaluation framework. In contrast, more flexible data-driven models tend to display differ-
ent error trajectories, with some demonstrating improved accuracy at longer lead times, potentially
due to a reduced coupling with the reference model’s assimilation dynamics. For scalar variables
such as temperature and salinity, however, no clear systematic trends emerge across models. This
may reflect the more complex vertical structure and reduced observational constraint at depth, which
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weaken the influence of both physical priors and learned data patterns in shaping model skill under
this benchmark.

In summary, the models-to-analysis track is best interpreted as a measure of structural consistency with
the GLO12 system, rather than as an unbiased indicator of real-world forecast skill. It complements
the observation-based track by revealing how different model classes align or diverge from an
established operational baseline, and underscores the importance of using multiple benchmarks to
robustly assess forecast performance across frameworks.
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Figure 5: Time series of RMSE evolution throughout 2024 for all models in the Models-to-Analysis
track.

C.2.1 Temporal Structure of Forecast Errors

To complement the overall skill metrics reported in the Models-to-Analysis Track, we analyze the
temporal evolution of model performance over the full calendar year of 2024 as shown in Figure 5.
This evaluation provides a time-resolved perspective on how forecast accuracy evolves in relation
to both seasonal and sub-seasonal variability, using daily 7-day RMSE scores stratified by variable
type. Compared to the Reanalysis Track, models appear more tightly clustered in performance, both
at large scales (seasonal modulations) and at higher frequencies, where alignment with the weekly
forecast cycle of the GLO12 analysis becomes apparent.

Geostrophic Currents and Dynamical Fields. For geostrophic surface currents, the spread in
error among models is markedly reduced compared to the Reanalysis Track. This convergence may
reflect the structural imprint of the GLO12 forecast system on the analysis product, which effectively
narrows the range of permissible dynamical behaviors. While short-term error fluctuations are still
observed, likely tied to the 7-day assimilation cycle, the relative ranking of models remains consistent
with the Reanalysis evaluation.

Temperature and Salinity. Seasonal modulation in tracer forecast errors is also diminished relative
to the Reanalysis Track. Whereas clear annual cycles were previously observed, particularly strong
in machine learning models, temperature and salinity RMSEs now exhibit weaker amplitude and
reduced variability across models. Notably, the GLO12 baseline displays little to no seasonal pattern,
likely due to its assimilation-driven correction toward climatological states. This damping effect
appears to propagate into the analysis, thereby reducing the sensitivity of evaluation metrics to
seasonal forcing signals. As a result, the Models-to-Analysis Track offers a more constrained and
homogenized assessment of model fidelity, shaped in part by the characteristics of the reference itself.
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D Spatial Structure and Scale-Resolved Evaluation

Sea Surface Height
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Figure 6: A set of results for world map for the forecasted variables. The following physical variables
are as follows: a) Sea Surface Height, b) Seawater Potential Temperature, c¢) Zonal Current, d)
Meridional Current, e) Salinity All of these are for lead time 1 for the date 2024-01-03.
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Beyond aggregate scores and temporal trends, spatial diagnostics provide essential insight into the
qualitative behavior of ocean forecasting models. This section presents a series of spatially explicit
analyses that complement the benchmark metrics by offering a visual and scale-aware assessment of
model fidelity. These diagnostics not only reveal how errors manifest across different oceanographic
regimes but also highlight the structural differences in model output, particularly in terms of resolved
spatial scales and noise characteristics.

25



A PREPRINT - MAY 23, 2025

D.1 Visual comparison of model outputs.

Qualitative analysis of the model outputs reveals a high degree of similarity in the spatial distribution
and dynamical structure across all evaluated systems (see Figure 6). Core ocean state variables
including sea level anomaly, surface temperature, salinity, and surface currents, exhibit coherent
mesoscale features and basin-scale gradients that are well captured by all models, despite differences
in resolution or architectural design. This convergence suggests a shared ability to reconstruct the
dominant patterns of ocean variability present in the reanalysis datasets used during training or
evaluation. Notably, planetary-scale wave structures are clearly visible in the surface velocity fields
of some of the models, closely resembling those observed in the reference systems. These large-scale
features, which are often indicative of baroclinic and barotropic wave dynamics, are generally more
difficult to capture in data-driven models but appear to be well preserved across the ensemble. Their
presence points to a broader capacity among models to internalize low-frequency, dynamically
consistent patterns, even in the absence of explicit physical constraints or assimilation cycles. Such
visual coherence provides a qualitative complement to quantitative metrics and reinforces the notion
that evaluated models reproduce not only the mean state but also the spatial structure of ocean
circulation.

GLONE WENHAI

Figure 7: A set of results for world map for diagnostic variables. The following physical variables are
as follows: a) Geostrophic Zonal Velocity, b) Geostrophic Meridional Velocity, and c) Mixed Layer
Depth All of these are for lead time 1 on the date 2025-01-02.

When examining derived diagnostic variables such as geostrophic surface currents and mixed layer
depth (MLD), the model outputs reveal varying degrees of structural coherence and persistence
of artifacts (see Figure 7). In general, most models demonstrate a consistent alignment between
forecasted dynamical fields and their diagnostics, suggesting a reasonable preservation of physical
dependencies across variables. However, notable differences emerge based on model architecture
and forecasting strategy. Xihe, employing non-autoregressive forecasting strategy, tend to exhibit
reduced spatial coherence and increased noise, particularly evident in fragmented geostrophic current
patterns and highly irregular MLD fields. Wenhai also shows some edge-related noise in meridional
geostrophic velocities near the northern and southern boundaries, but produces MLD fields that are
well-structured and closely aligned with the reference GLO12. These patterns underscore the varying
sensitivity of diagnostic outputs to architectural design, and highlight the value of visual diagnostics
in assessing the internal physical consistency of model forecasts.

Spatial distribution of errors. To better understand the regional distribution of forecast skill and
the origin of discrepancies, we present spatial maps of root mean square error (RMSE) relative to
the GLORYS12 reference (see Figures 8—12). These maps reveal a striking degree of consistency in
the geographical structure of forecast errors across models, particularly for sea surface height and
salinity. Elevated errors are systematically found in western boundary current systems, equatorial
regions, and zones of intense mesoscale activity, areas that are difficult to forecast due to their high
dynamical variability and sensitivity to initial and boundary conditions.

While these broad spatial patterns are largely shared, noticeable inter-model differences are observed
in the velocity components and temperature fields. For zonal and meridional currents, the RMSE
distributions vary in both magnitude and slightly in localization, reflecting differences in how models
represent and propagate dynamical features. Similarly, temperature fields exhibit some variability in
error structure, likely tied to each model’s handling of thermal gradients and stratification processes.
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Figure 8: Error Maps of Root Mean Squared Error as a function of lead time for Sea Surface Height.
Each model is compared with the GLORYS12 Reanalysis on 2024-01-03 with a lead time of 1, 5,
and 10 respectively. We showcase the following variables: a) GLO12, b) GLONET, c) WenHai, d)
XiHe. 2024-01-03, 2024-01-05,

These variable-dependent differences suggest that, although models contend with common physical
and observational constraints, their ability to represent ocean dynamics and thermodynamics diverges
in meaningful ways. Overall, the spatial diagnostics reinforce the robustness of the benchmarking
framework while highlighting the importance of evaluating model skill across individual physical
variables.

D.2 Power Spectral Density (PSD) Analysis

To quantitatively assess the models’ ability to reproduce ocean variability across spatial scales, we
analyze the power spectral density (PSD) of predicted oceanographic fields. PSD offers a robust
scale-resolved diagnostic that complements RMSE and visual inspection by identifying noise artifacts,
structural inconsistencies, and dynamical fidelity in model outputs.

Given a two-dimensional spatial field f(z,y) defined on a regular grid, we compute its isotropic
PSD as follows. First, we remove the spatial mean to eliminate the zero-frequency component:
f(z,y) = f(z,y) — f. We then apply a two-dimensional discrete Fourier transform (2D-DFT) to
obtain the spectral coefficients:

R kor |k
flhoiky) = > > flay)exp (—2m'< i ﬁ)) ©)
z=0 y=0 z Y

where k; and k,, are the zonal and meridional wavenumbers, respectively. The two-dimensional PSD
is given by the squared magnitude of the Fourier coefficients:

PSD(ky, ky) = | f (K, ky) |2 (10)

To obtain a one-dimensional isotropic spectrum, we perform radial averaging in spectral space by
binning values according to the radial wavenumber k =  /k2 + k2. This results in PSD(k), a

spectrum that describes the distribution of variance across spatial scales, enabling direct comparison
of model performance in resolving fine to coarse features.
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Figure 9: Error Maps of Root Mean Squared Error as a function of lead time for Temperature. Each
model is compared with the GLORYS12 Reanalysis on 2024-01-03 with a lead time of 1, 5, and 10
respectively. We showcase the following variables: a) GLO12, b) GLONET, c) WenHai, d) XiHe.
2024-01-03, 2024-01-05,

Global-scale analysis. At the global scale and short lead time (day 1), the PSDs reveal consistent
spectral patterns that distinguish the forecasting systems (see Figure 13). Wenhai stands out across
most variables by exhibiting elevated spectral plateaus at high wavenumbers, indicative of pervasive
high-frequency noise and a lack of effective small-scale filtering. This characteristic suggests that
Wenbhai’s outputs are generally noisier and less dynamically coherent at fine scales, even at early
lead times. In contrast, Xihe shows more variable behavior: while its spectral decay in scalar fields
such as temperature and salinity is more moderate, its forecasts of vector quantities, specifically
zonal and meridional velocities exhibit pronounced short-wavelength artifacts. These directional
inconsistencies point to a model architecture that struggles to resolve or stabilize fine-scale dynamical
structures, particularly in the representation of currents. Together, these global PSD diagnostics
underscore the importance of physical constraints in mitigating high-wavenumber noise, even at the
outset of the forecast horizon.

Regional-scale analysis. The computed PSDs over the gulf stream region (Figure 14) reveal
important differences across systems and lead times. For sea surface height (SSH), GLO12 and
models architecturally aligned with it exhibit the expected monotonic spectral decay, consistent
with geophysical fluid dynamics. In contrast, both Xihe and Wenhai display oscillatory behavior
at short wavelengths, suggestive of unresolved dynamics or spurious high-frequency noise. These
discrepancies are further amplified at longer lead times (e.g., days 5 and 10), where the reduction
in fine-scale energy becomes more pronounced. While such decay is a natural consequence of
forecast uncertainty, the extent of energy loss and spectral distortion is particularly notable in certain
ML-based systems.

Similar spectral anomalies are observed in the temperature field, where Xihe shows both a reduced
overall spectral power and pronounced short-scale oscillations, indicating a degradation in multi-scale
thermal fidelity. The decline in spectral energy with lead time is consistent across systems but
disproportionately affects models with weaker physical priors.

These trends extend to the zonal and meridional velocity components, where Xihe continues to exhibit
the lowest spectral energy and elevated high-frequency artifacts. The salinity spectra follow a similar
pattern, reinforcing the finding that some architectures are more prone to high-wavenumber noise and
less capable of preserving physical structure over time.
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Figure 10: Error Maps of Root Mean Squared Error as a function of lead time for the Zonal Velocity.
Each model is compared with the GLORYS12 Reanalysis on 2024-01-03 with a lead time of 1, 5,
and 10 respectively. We showcase the following variables: a) GLO12, b) GLONET, c) WenHai, d)
XiHe. 2024-01-03, 2024-01-05,

Overall, the PSD analysis provides a rigorous and interpretable framework for evaluating the scale-
resolving skill of forecasting systems. It highlights the robustness of physically grounded models in
maintaining spectral coherence and exposes the challenges that certain ML-based alternatives face,
particularly at extended lead times in preserving energy across scales.
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Figure 11: Error Maps of Root Mean Squared Error as a function of lead time for the Meridional
Velocity. Each model is compared with the GLORYS12 Reanalysis on 2024-01-03 with a lead time of
1, 5, and 10 respectively. We showcase the following variables: a) GLO12, b) GLONET, c¢) WenHai,
d) XiHe. 2024-01-03, 2024-01-05,
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Figure 12: Error Maps of Root Mean Squared Error as a function of lead time for Sea Surface Salinity.
Each model is compared with the GLORYS12 Reanalysis on 2024-01-03 with a lead time of 1, 5,
and 10 respectively. We showcase the following variables: a) GLO12, b) GLONET, c) WenHai, d)
XiHe. 2024-01-03, 2024-01-05,
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Figure 13: A set of results for the power spectrum for the zonal direction averaged over the latitude
and time(2024) for the whole globe. The following physical variables are as follows: a) Sea Surface
Height, b) Seawater Potential Temperature, c) Zonal Current, d) Meridional Current, e) Salinity. This
figure only shows a lead time of 1.
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Figure 14: A set of results for the power spectrum for the zonal direction averaged over the latitude
and time(2024) over the Gulf Stream. The following physical variables are as follows: a) Sea Surface
Height, b) Seawater Potential Temperature, ¢) Zonal Current, d) Meridional Current, e) Salinity.
Rows 1, 2, and 3 are the lead times of 1 day, 5 days, and 10 days respectively.
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