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Abstract. We present OceanTACO, a harmonised global collection of sea surface state datasets designed to
support reproducible Earth system research. The collection integrates satellite altimetry, sea surface temperature,
salinity, surface winds, reanalysis fields, and Argo in situ observations within a unified cloud-optimised spec-
ification based on Transparent Access to Cloud-optimised datasets (TACO). It includes Level-3 observations,
Level-4 gap-filled products, and reanalysis outputs while preserving native spatial and temporal resolution. The
core dataset spans 29 March 2023 to 1 August 2025, covering the Surface Water and Ocean Topography (SWOT)
mission, with an extended record from 1 January 2015 until 29 March 2023 for non-SWOT sources.

Datasets are harmonised through standardised metadata, spatial referencing, and temporal indexing, enabling
consistent spatiotemporal queries across sensors and processing levels. The contribution is not a new regrid-
ding or compression method, but a sample-invariant, provenance-preserving organisation that allows the same
data-access routines to be applied across regions, sensors, and studies. This supports Earth system analysis work-
flows such as validation against in situ observations, comparisons between observation and mapped products,
observation system experiments, and multivariate sensor analyses.

Example applications demonstrate cross-product collocation with Argo, analysis of sea surface height variabil-
ity during extreme events, and relationships between surface variables relevant for data-driven reconstruction.
OceanTACO improves accessibility to coordinated multi-source analyses while preserving data provenance and
native observation characteristics, and can be extended with new missions without restructuring the dataset. The
core and extended dataset are available at https://doi.org/10.57967/hf/8171 (Lehmann and Aybar, 2026a) and
https://doi.org/10.57967/hf/8172 (Lehmann and Aybar, 2026b) respectively.
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1 Introduction

Ocean dynamics play a central role in regulating Earth’s cli-
mate system, influencing air–sea fluxes, energy transport,
and large-scale circulation patterns (Morrow et al., 2019).
Mesoscale eddies (50–300 km) and smaller-scale processes
contain a large fraction of the ocean’s kinetic energy and
strongly impact heat, carbon, and nutrient transport (Klein
et al., 2019). Quantifying these dynamics requires accurate
and temporally consistent observations of sea surface height
(SSH) and related surface variables.

Satellite radar altimetry has provided continuous, high ac-
curacy global SSH observations since 1992 (Le Traon et al.,
2025). Because altimeters sample the ocean along sparse
ground tracks, spatially complete maps are generated us-
ing interpolation and data assimilation systems such as DU-
ACS (Taburet et al., 2019). While these products provide
essential large-scale coverage, their effective resolution is
limited by sampling constraints and smoothing inherent to
mapping procedures (Ballarotta et al., 2019). Complemen-
tary datasets, including sea surface temperature (SST), sea
surface salinity (SSS), surface winds, wide-swath altimetry
from SWOT, and in situ Argo profiles, provide essential an-
cillary information about ocean surface variability but are
distributed across independent archives and formats.

Recent advances in data-driven reconstruction and hybrid
data assimilation approaches have demonstrated the scien-
tific value of integrating multi-sensor observations. These
approaches range from statistical interpolation to machine
learning methods (Martin et al., 2023; Le Guillou et al.,
2025; Archambault et al., 2023) and require harmonised,
well-documented, and reproducible access to heterogeneous
datasets. However, assembling such collections remains
technically demanding and time-consuming. Researchers
must retrieve data from multiple platforms, reconcile spa-
tial grids and temporal coverage, handle heterogeneous meta-
data, and define consistent preprocessing pipelines across
products distributed in independent archives and formats.
As a result, multi-sensor studies often rely on substantial
custom preprocessing, undocumented collocation decisions,
and varying data handling routines (Johnson et al., 2023;
Aouni et al., 2025). This methodological variability limits
comparability across studies and complicates efforts to re-
produce or extend published analyses. Recent assessments
across the geosciences emphasise that data availability alone
does not ensure reproducible research and that structured
data organisation, transparent provenance, and interopera-
ble access mechanisms are equally critical (Algarabel et al.,
2023; Coca-Castro et al., 2025).

To address this gap, we introduce OceanTACO, a globally
consistent collection of sea surface state datasets spanning
satellite observations, reanalysis products, and in situ mea-
surements (Fig. 1). OceanTACO harmonises Argo profiles,
L3 observational data, L4 gap-filled products, and reanaly-
sis outputs within a unified specification based on the TACO

framework (Aybar et al., 2025). Its contribution does not lie
in the individual preprocessing steps, which are standard,
but in providing a sample-invariant, provenance-preserving
structure that makes heterogeneous ocean products queryable
through a common access pattern. By combining SWOT-
era L3 observations, L4 mapped products, reanalysis fields,
and Argo profiles within one structure, OceanTACO re-
duces product-specific preprocessing and supports repro-
ducible multi-source research across oceanography, data as-
similation, statistical analysis, and emerging machine learn-
ing applications. Figure 1 illustrates a temporal snapshot of
the various data included in OceanTACO.

OceanTACO makes the following contributions:

1. A uniformly organised global collection that brings to-
gether SWOT-era L3 observations, L4 mapped prod-
ucts, reanalysis fields, and Argo profiles within a single
multi-source sea surface state dataset.

2. A sample-invariant and provenance-preserving data
specification that enables the same query and loading
workflow across heterogeneous ocean products without
product-specific restructuring.

3. A reproducible and extensible access pattern for multi-
sensor ocean analyses, including validation, cross-
processing-level comparison, observation system exper-
iments, and data-driven reconstruction studies.

1.1 Existing dataset frameworks

Johnson et al. (2023) introduced the OceanBench framework,
which provides standardised preprocessing and evaluation
procedures for sea surface height (SSH) interpolation tasks.
OceanBench aggregates curated datasets derived from high-
resolution NATL60 simulations together with simulated and
real nadir altimetry observations, and includes benchmark-
ing pipelines for method comparison. The framework has
contributed substantially to improving reproducibility in re-
gional SSH reconstruction studies, particularly in the Gulf
Stream region. Extending this effort, Aouni et al. (2025) pro-
vide a more comprehensive benchmark for evaluating global
data-driven ocean forecasting across sea surface height, tem-
perature, salinity, and currents. The framework introduces
curated datasets from GLORYS12, GLO12, and ECMWF
Integrated Forecasting System (IFS) into three standardised
evaluation tracks to ensure physical consistency and repro-
ducibility in deep learning-based ocean modelling (Aouni
et al., 2025).

While these frameworks represent important steps toward
standardised analyses-ready data collections and benchmark-
ing, they are primarily designed for predefined challenge
configurations or focus on specific geographic regions. In
contrast, OceanTACO is conceived as a global, multi-source
data collection that harmonises observational, reanalysis, and
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Figure 1. Overview of the OceanTACO dataset illustrated for a single snapshot. Centre: Global sea surface temperature from the GLORYS
reanalysis (Robinson projection); coloured boxes indicate the three focus regions. Top: Gulf Stream region (70–40° W, 30–45° N) showing
the gridded L4 DUACS SSH anomaly, L3 conventional along-track altimetry, and L3 SWOT wide-swath observations on a shared colour
scale (m), demonstrating the progressive increase in spatial resolution. Bottom left: South Pacific region (130–100° W, 40–20° S) comparing
L4 and L3 sea surface salinity (10−3) with co-located Argo float profiles. Bottom right: Kuroshio Current region (130–160° E, 25–45° N)
showing L4 and L3 sea surface temperature (°C). All panels are retrieved via a single spatiotemporal query to the OceanTACO catalogue,
illustrating the dataset’s ability to collocate heterogeneous observation types within a common regional tiling and storage framework.
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auxiliary surface variables within a unified and queryable
specification. Rather than prescribing fixed evaluation tracks,
OceanTACO provides flexible spatiotemporal and sensor-
level subsetting capabilities, enabling researchers to config-
ure region-specific studies, cross-mission validation experi-
ments, and forecasting setups within a consistent data frame-
work. To our knowledge, no existing framework harmonises
SWOT-era L3 observations, L4 gridded products, reanalysis
fields, and in situ profiles from diverse ocean missions within
a single, uniformly organised specification that preserves per-
product provenance while supporting the same query work-
flow across all modalities.

1.2 Multi-source coordination

When multi-sensor ocean analyses are combined from in-
dependently distributed archives, each dataset introduces its
own unique processing requirements. These choices must
be resolved at the preprocessing stage and, when undocu-
mented, introduce sources of variation between studies. Be-
cause such decisions are rarely reported in full in published
methods sections, nominally comparable analyses may dif-
fer in ways that are not apparent from the description alone
(Johnson et al., 2023; Aouni et al., 2025). The resulting
methodological variability limits the comparability of results
across studies and complicates efforts to reproduce or extend
existing analyses.

Format-level standards such as Zarr and NetCDF4/HDF5
eliminate heterogeneity in binary encoding but do not pre-
scribe how variables, coordinates, or metadata are organised
within a file or across a collection. Catalogue standards such
as STAC address the related but distinct problem of discov-
ery: they specify where data can be found, not how differ-
ent products are internally organised or how they relate to
one another across sensors and processing levels. As a result,
multi-source preprocessing workflows remain data product-
specific even when all constituent files conform to a common
format or are discoverable through a shared catalogue.

The TACO specification addresses this by enforcing a uni-
form internal organisation at the sample level: every entry in
the catalogue replicates an identical subfolder and file-type
layout, regardless of which sensors it contains or at which
processing level they were acquired (Aybar et al., 2025). Be-
cause the internal structure is invariant across products, data
access procedures developed for one sample apply without
modification to any other sample in the collection.

The naming of the specification reflects two complemen-
tary design principles. Transparent refers to data access be-
ing explicit and auditable: data are referenced through ex-
plicit file paths, so every retrieval operation can be traced,
replicated, or independently verified. Cloud-optimised refers
to the storage layout: NetCDF4/HDF5 files with internal
chunking support partial, byte-range reads from remote ob-
ject storage, so that the same access procedure operates iden-
tically on locally held data or on data hosted in cloud object

stores, without requiring full-file retrieval before analysis can
begin.

Together, these properties mean that analysis workflows
developed for one region or sensor transfer to other regions
and sensors without modification to the access procedure,
improving reproducibility or extensions by other research
groups.

2 Dataset description

2.1 Data sources

OceanTACO integrates ten data sources spanning satellite al-
timetry, sea surface temperature, sea surface salinity, surface
winds, ocean reanalysis, and in situ Argo profiles (Table 1).
The table consolidates the horizontal resolution, stored tem-
poral cadence, vertical coverage, and coverage across the
Core and Extended releases for each source in one place.

2.1.1 Reanalysis data

The Global Ocean Reanalysis and Simulation (GLORYS12)
data product provides a global ocean reanalysis at 1/12° hor-
izontal resolution and is available from 1993 to present, cov-
ering the full satellite altimetry era (Lellouche et al., 2021).
GLORYS12 assimilates satellite and in situ observations into
the NEMO ocean ice model using a hybrid Kalman filter
combined with a three-dimensional variational (3D-Var) bias
correction scheme (Lellouche et al., 2021).

At its native resolution, GLORYS12 resolves large-scale
and mesoscale circulation features but does not fully cap-
ture submesoscale variability. Reanalysis products may ex-
hibit regional discrepancies relative to direct satellite obser-
vations, particularly in dynamically active mesoscale regions
(Martin et al., 2025). Nevertheless, they provide physically
consistent, dynamically balanced fields that are valuable for
multi-sensor analyses and data-driven studies (Martin et al.,
2025).

Although GLORYS12 provides three-dimensional fields
with depth, OceanTACO includes a subset of surface vari-
ables to maintain consistency with the other sea surface
datasets in the collection. Specifically, we include sea sur-
face height, sea surface temperature, sea surface salinity, and
surface currents at 15 m depth, following Martin et al. (2025).
This selection facilitates joint analyses of surface state vari-
ability while preserving the physical coherence of the reanal-
ysis product.

2.1.2 Level 4 data

L4 products provide spatially and temporally complete sur-
face fields derived through data assimilation and optimal in-
terpolation of satellite and in situ observations. In contrast
to L3 observations, which retain native sampling character-
istics, L4 products represent gap-filled, gridded estimates of
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Table 1. Overview of the primary data sources used in OceanTACO. The core dataset spans 29 March 2023 to 1 August 2025, while the
extended dataset covers 1 January 2015 to 29 March 2023 preceding the SWOT mission. A full description of all variables can be found in
Table A1. Key variables here are shown with simplified aliases for readability. The Temporal column lists the cadence stored in OceanTACO
(L4 wind is resampled from native hourly to daily). Depth is surface unless noted: GLORYS is a surface subset with currents at 15 m, and
Argo retains full 0–2000 m profiles.

Data Source Level Resolution
(horizontal/depth)∗

Temporal Key Variables Availability

GLORYS-12 Reanalysis 1/12° (≈ 9.3 km);
surface, currents 15 m

Daily SSH, Temperature,
Salinity, U current, V
current

Core + Extended

DUACS SSH Product L4 0.125° (≈ 13.9 km) Daily SLA, SLA error, U
geostrophic anomaly,
U geostrophic error,
V geostrophic
anomaly

Core + Extended

OSTIA SST (Met Office) L4 0.05° (≈ 5.6 km) Daily SST, SST analysis
error, Sea-ice
fraction, Surface
mask

Core + Extended

Multi Observation SSS L4 0.125° (≈ 13.9 km) Daily SSS, Surface density,
SSS error, Surface
density error, Sea-ice
fraction

Core + Extended

Global Ocean Daily Wind L4 0.25° (≈ 27.8 km) Daily (from
hourly)

U10 wind, V10 wind,
U10 wind SD, V10
wind SD, U10 wind
min

Core + Extended

Altimetry Along-Track L3 ∼ 0.06°× 0.09° Daily SLA (filtered), SLA
uncertainty, MDT,
MDT uncertainty,
ADT

Core + Extended

SWOT L3 ∼ 0.02°× 0.03° Daily SSHA (filtered),
SSHA uncertainty,
SSHA (unfiltered),
SSHA uncertainty
(unfiltered), MDT

Core only

L3 SST L3 0.10° (≈ 11.1 km) Daily SST time offset, SST,
SST (bias corrected),
SST uncertainty bias,
SST uncertainty SD

Core + Extended

L3 Salinity (SMOS) L3 ∼ 0.23°× 0.26° Daily SSS, SSS (rain
corrected), SSS
uncertainty, SSS
uncertainty (rain
corrected), Swath
cross-track distance

Core + Extended

Argo In situ 0–2000 m Per profile
(∼ 10 d)

Temperature, SSS,
Pressure, Float cycle
number, Profile
direction

Core + Extended

∗ Horizontal kilometer resolutions are approximate values estimated at the equator.
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ocean surface variables. OceanTACO includes L4 datasets
for sea surface height (SSH), sea surface temperature (SST),
sea surface salinity (SSS), and surface winds. All L4 prod-
ucts were obtained from the Copernicus Marine Service us-
ing the Copernicus Marine Toolbox (Mercator Ocean/Coper-
nicus Marine Service, 2025).

Sea surface height (SSH)

We include the DUACS L4 gridded sea level product (Tabu-
ret et al., 2019; Copernicus Marine Service, 2025c), pro-
vided at 0.125°× 0.125° resolution. DUACS merges multi-
mission L3 along-track altimetry observations using opti-
mal interpolation. Its full mission heritage includes Sentinel-
3A/B, Sentinel-6A, Jason-3, SARAL/AltiKa, CryoSat-2,
OSTM/Jason-2, Jason-1, TOPEX/Poseidon, Envisat, GFO,
ERS-1/2, and Haiyang-2A/B, although not all of these mis-
sions contribute throughout the OceanTACO period. Within
OceanTACO, we include the gridded sea level anomaly
(SLA) and associated standard variables provided in the
product.

Sea surface temperature (SST)

Sea surface temperature is dynamically linked to sea surface
height in many regions, particularly in western boundary cur-
rents such as the Gulf Stream (Martin et al., 2023; Le Guillou
et al., 2025). To provide a spatially complete SST field, we
include the OSTIA L4 SST product (Met Office, 2025). This
dataset provides global daily mean SST on a 0.05°× 0.05°
grid. It merges observations from multiple infrared and mi-
crowave satellite sensors (AVHRR, ATSR, SLSTR, AMSR-
E, AMSR2; Embury et al., 2024) using the OSTIA optimal
interpolation system.

Sea surface salinity (SSS)

Sea surface salinity contributes to regional sea level vari-
ability through halosteric effects (Llovel and Lee, 2015).
We include the Copernicus Marine multi-observation L4
salinity product (Copernicus Marine Service, 2025e), pro-
vided at 0.125°× 0.125° resolution. This dataset combines
measurements from NASA’s Soil Moisture Active Passive
(SMAP) mission and ESA’s Soil Moisture and Ocean Salin-
ity (SMOS) mission, together with satellite SST and in situ
salinity observations. The fields are generated using a mul-
tivariate optimal interpolation framework (Droghei et al.,
2016; Buongiorno Nardelli et al., 2016; Droghei et al., 2018)
to produce gap-free global maps.

Surface winds

Surface wind stress influences short-term variability in upper
ocean dynamics (Li et al., 2022). We incorporate the Global
Ocean Hourly Sea Surface Wind L4 product (Copernicus
Marine Service, 2025g), provided at 0.25°×0.25° resolution.

The dataset is based on the ECMWF ERA5 reanalysis and is
bias-corrected using scatterometer observations from multi-
ple satellite platforms. For consistency with the daily tem-
poral resolution adopted in OceanTACO, hourly wind fields
are aggregated to daily means, while also computing daily
minimum, maximum, and standard deviation values.

2.1.3 Level 3 data

In contrast to reanalysis and L4 products, L3 datasets retain
the native sampling characteristics of satellite and in situ ob-
servations without gap filling or large-scale interpolation. As
such, they provide observation-based constraints that are es-
sential for evaluating gridded products, assessing sampling
effects, and supporting data assimilation studies.

Along-track altimetry

We include multi-mission L3 sea surface height (SSH) along-
track altimetry data from the Copernicus Marine Service
(Copernicus Marine Service, 2025d, a). These datasets pro-
vide geophysical corrections and cross-calibrated measure-
ments at an effective spatial sampling of approximately 7km
along track.

Where available, we prioritise the reprocessed (multi-year)
product tailored for data assimilation applications (Coperni-
cus Marine Service, 2025a), which ensures improved cross-
mission consistency relative to near-real-time products. For
periods not covered by the reprocessed archive, near-real-
time products (Copernicus Marine Service, 2025d) are incor-
porated to maintain temporal continuity. The temporal cov-
erage of each contributing mission across both products is
listed in Table A2 in the Appendix.

Mission identifiers are preserved within OceanTACO, en-
abling filtering by individual satellite platforms. This facil-
itates cross-mission consistency studies and controlled vali-
dation experiments based on sensor-level subsetting.

Wide-swath altimetry (SWOT)

The Surface Water and Ocean Topography (SWOT) mission
(Fu et al., 2024) represents a major advancement in satellite
altimetry by providing two-dimensional wide-swath sea sur-
face height observations at an approximate resolution of 2km
(Morrow et al., 2019). Using the Ka-band Radar Interfer-
ometer (KaRIn), SWOT measures sea surface height across
a ∼ 120km swath by estimating phase differences between
two spatially separated antennas. This configuration resolves
fine-scale ocean variability beyond the reach of conventional
nadir altimeters. We include the L3 SWOT Low Rate SSH
product distributed by AVISO (AVISO/DUACS, 2024).

L3 sea surface temperature and salinity

To complement the gridded L4 surface products, Ocean-
TACO incorporates observation-based L3 SST and SSS
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datasets. The L3 SST product (Copernicus Marine Service,
2025f) provides intercalibrated measurements from multi-
ple polar orbiting and geostationary satellites. The L3 SSS
dataset (Copernicus Marine Service, 2025b; Boutin et al.,
2018) is derived primarily from SMOS observations and in-
cludes quality-controlled retrievals prior to spatial interpola-
tion.

Together, these L3 datasets preserve the native sampling
structure and measurement characteristics of the underlying
observing systems. Including them lets researchers distin-
guish observation-driven variability from mapping-induced
smoothing.

In situ data

To complement satellite-based surface observations, Ocean-
TACO includes in situ measurements from the Argo pro-
gramme. Argo is a global array of autonomous profil-
ing floats that measure temperature, salinity, and pressure
throughout the upper 2000 m of the ocean (Wong et al.,
2020). Since its establishment in the early 2000s, the pro-
gram has collected more than two million high-quality pro-
files, substantially improving observational coverage of the
subsurface ocean, which cannot be directly observed from
space (Wong et al., 2020). Argo data are accessed and pro-
cessed using the argopy Python library version 1.4 (Maze
and Balem, 2020). We use the research-quality data access
mode, which automatically applies quality control filters and
excludes profiles that do not meet delayed-mode or real-time
quality standards. Within OceanTACO, temperature, salinity,
and pressure profiles are retained in their original vertical res-
olution and linked to the corresponding temporal and spatial
indices of the dataset. The inclusion of Argo observations
provides an independent in situ reference for evaluating sur-
face products and enables analyses that connect surface vari-
ability with subsurface structure.

2.2 Temporal and spatial coverage

OceanTACO is released in two contiguous temporal seg-
ments. The core dataset spans 29 March 2023 to 1 Au-
gust 2025, covering the currently available SWOT period,
including the calibration phase. We additionally provide an
extended pre-SWOT segment spanning 1 January 2015 to
29 March 2023 for all non-SWOT sources. The 2015 start
follows the salinity record. The multi-observation salinity
product included here combines SMAP, SMOS, satellite
SST, and in situ salinity through multivariate optimal inter-
polation, and reaches this configuration in 2015 when SMAP
becomes available. From 2015 the sensor constellation un-
derlying the collection stays constant, with the L3 SSH mis-
sions and, from 2023, SWOT adding sampling without re-
moving any modality. Several constituent products extend
further back in time, and earlier years can be appended
for backward-compatible sources through the same folder-

mode organisation and public processing pipeline without
restructuring the dataset. Spatially, OceanTACO provides
global coverage between 90° S and 90° N in a WGS 84
(EPSG:4326) projection, with variable-specific native spa-
tial resolutions ranging from approximately 2 km (SWOT) to
0.25° (surface winds). While the WGS 84 projection is not
area-preserving, and will lead to significant distortions to-
wards the poles, it is the native projection of both GLORYS
and L4 data and was therefore used as the basis for regrid-
ding of altimetry track and SWOT data. The extended and
core datasets share the boundary date of 29 March 2023, al-
lowing seamless concatenation.

The complete core dataset comprises 857 daily temporal
indices, subdivided into eight regional tiles per day. The ex-
tended dataset comprises 3010 daily temporal indices. The
total storage volume is approximately 311 GB for the core
period and 581 GB for the extended period in compressed
form, accounting for all stored variables across modalities;
Table A3 reports the storage for the primary variable of each
modality as a representative indicator of compression perfor-
mance. OceanTACO is publicly accessible through Hugging
Face for direct cloud access.

2.3 Processing methods

Because OceanTACO integrates heterogeneous data prod-
ucts with differing spatial resolutions, sampling geometries,
and file formats, we implemented a standardised processing
workflow to harmonise the collection while preserving native
observation characteristics.

The processing pipeline consists of three primary steps:

1. Regional tiling. Global daily data files are partitioned
into eight equally sized geographic regions in their na-
tive WGS 84 projection to facilitate efficient storage and
selective retrieval as depicted in Fig. 3.

2. Observation binning. L3 along-track altimetry and
wide-swath SWOT observations are projected onto reg-
ular grids at their native spatial resolutions using bin-
ning procedures.

3. Numerical compression. Dense gridded fields are en-
coded using scaled int16 representations combined
with lossless zlib compression to reduce storage
volume while preserving information. The sparse L3
along-track and SWOT products are instead retained
at full float32 precision: they reside on irregular,
largely empty track grids where int16 packing yields
little gain, and they bundle heterogeneous computed
quantities (per-cell inter-track dispersion, observation
counts, and track identifiers) whose differing dynamic
ranges are not reliably captured by a single fixed scale
factor.

Gridded L4 and reanalysis products retain their native
grids, L3 nadir and SWOT observations are conservatively
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Figure 2. TACO architecture showing the three-phase data access workflow for the OceanTACO folder container. The CONNECT phase
retrieves the Parquet metadata files and STAC-compliant JSON collection descriptor from the dataset root, then lazily loads the Parquet
tables into DuckDB for evaluation. The QUERY phase filters these tables by geographic extent, observation period, or data source via SQL,
materializing results as in-memory DataFrames. The FETCH phase retrieves individual data files on demand through GDAL VSI, which
issues HTTP range requests to read only the requested portions of remote files without downloading the complete dataset.

binned rather than interpolated, and Argo profiles retain their
original sampling coordinates and timestamps. Each prod-
uct is ingested at its published, quality-controlled process-
ing level, and OceanTACO performs no additional filtering
or outlier removal; the data therefore retain the quality of
their authoritative source, and application-specific quality de-
cisions are left to the user.

2.3.1 Regional processing

We process the global data into eight separate regions per
day, as shown in Fig. 3. Through the streaming and query
possibilities, users can download or interact with a specific
region if requested. This reduces memory requirements for
regional studies, and also improves data access speeds for
smaller patches, since only a regional file has to be opened to
extract a geospatial patch. A bounding-box query can overlap
up to four regions, for example where region corners meet;
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Figure 3. The eight spatial regions provided in OceanTACO for
region-specific data access. Each region is stored as an indepen-
dent subset of all data sources, enabling efficient spatially targeted
queries without loading the global dataset.

it is served transparently across all of them, so the regional
tiling does not limit the user in any way.

2.3.2 Regridding

Along-track altimetry L3

L3 along-track sea surface height (SSH) observations from
multiple satellite missions are mapped onto a regular 7 km
grid using a conservative binning approach. Grid cell bound-
aries are placed at the midpoints between adjacent cell cen-
tres, and each observation is assigned to the cell whose
boundaries contain its geographic coordinates.

For each contributing satellite track k, the per-cell arith-
metic mean z̄k = 1

nk

∑nk
i=1zi is computed, where zi denotes

a sea level anomaly observation (in metres) falling in the
cell from track k, and nk is the number of such observations.
Across theK tracks that contribute to a cell, the observation-
weighted mean is

z̄=

∑
knk z̄k∑
knk

. (1)

Where two or more tracks overlap a cell (K ≥ 2), we quantify
the disagreement between the independent crossing passes
by the observation-weighted standard deviation of the per-
track means,

σtrack =

√∑
knk (z̄k − z̄)2∑

knk
. (2)

This inter-track dispersion is stored only for multi-track
(crossover) cells and is left undefined elsewhere. Because the
7 km grid spacing is comparable to the 1 Hz along-track sam-
pling, each pass typically contributes a single observation
per cell, so σtrack isolates the consistency between missions
at crossovers rather than within-track noise, providing a di-
rect diagnostic of inter-mission calibration differences. Cells

containing no observations are masked as missing. No spa-
tial smoothing, interpolation, or gap filling is applied beyond
this cell-based aggregation.

To further preserve sampling information and data prove-
nance, auxiliary metadata layers are retained for each grid
cell: (i) the total number of contributing observations n,
(ii) the number of contributing tracks, (iii) a primary track
identifier, (iv) an overlap mask indicating multi-track inter-
sections, and (v) the observation-mean geographic position
within each cell. This structure enables per-mission separa-
tion and assessment of sampling density.

Wide-swath altimetry (SWOT) L3

The L3 SWOT product is regridded onto a 2 km regional grid
that maintains the native resolution of the KaRIn instrument,
using the same conservative binning procedure described
above for along-track altimetry. No spatial smoothing is ap-
plied; cells without observations remain masked. The swath
geometry is projected with identical cell-boundary conven-
tions, and the observation-weighted mean, inter-track disper-
sion (σtrack, defined as above for multi-pass cells), and auxil-
iary metadata layers (primary pass identifiers, overlap indica-
tors, observation counts, and mean observation positions) are
retained to support analyses of crossover regions and tem-
poral sampling offsets. Redistribution of native SWOT L3
files in their original form is restricted under the AVISO+
data licence (Issue 19, February 2024); however, that li-
cence explicitly permits the creation and redistribution of
Derivative Works for any purpose. Confirmed by the AVISO
team, OceanTACO’s regridding constitutes such a Derivative
Work: the irreversible coordinate transformation and spatial
binning remove the original swath/pixel structure, so the na-
tive AVISO+ files cannot be reconstructed from this dataset.
Full licensing details, including the specific AVISO+ clauses
relied upon, are provided in the dataset card accompanying
the Hugging Face repository.

2.3.3 Compression

OceanTACO applies scaled int16 encoding combined with
zlib compression to reduce storage requirements while pre-
serving numerical fidelity. To quantify the impact of this
transformation, we evaluate reconstruction errors relative to
the original float32 source fields prior to encoding. For each
variable and data source, we decode the stored representa-
tion and compute the absolute difference with respect to the
original floating point data. We report the 99th-percentile er-
ror (P99), root-mean-square error (RMSE), and mean bias
over the full spatial domain and representative time period,
which can be found in Table A4 in the Appendix. Fig. 4
demonstrates that the encoding introduces negligible recon-
struction error relative to the original float32 represen-
tation. Because the absolute error is bounded by the int16
quantisation step, we additionally report the error normalised
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by the local field variability (Fig. 4b), which confirms that
the relative error remains small even in low-variability re-
gions, where it is largest. The overall compression factor re-
sults from two components: (i) the deterministic packing ra-
tio from float32 to int16, and (ii) the zlib deflation ratio,
which depends on spatial sparsity and field smoothness. Fig-
ure A1 shows an example compression analysis for a fully
gridded L4 product.

To distinguish archive design from codec benchmarking,
we separate the deployed OceanTACO representation from
a controlled compression comparison. The released archive
uses scaled int16 encoding with zlib for the dense grid-
ded fields and retains the sparse L3 along-track and SWOT
products at full float32 precision, because this preserves a
simple, transparent, and directly readable representation that
remains consistent with the TACO access model. By con-
trast, the storage factors reported in Table A3 describe the
released OceanTACO product and therefore include product-
specific restructuring effects in addition to numerical encod-
ing; for example, the large reduction for L4 wind partly re-
flects consolidation of native hourly input fields into daily
OceanTACO variables, while the high L3 along-track and
SWOT factors partly reflect the consolidation of many in-
dividual native track files into a single regridded product
rather than numerical compression alone. We additionally
carried out a ClimateBenchPress-style benchmark on the five
gridded products using a broader set of safeguarded and
error-bounded codecs, including SZ3, SPERR, ZFP, EBCC,
and bitround-based variants. Under matched strict bounds,
these methods achieved higher compression ratios than the
deployed OceanTACO representation (Table A5). For L4
SST, the benchmark configuration was chosen to respect the
native int16 quantization of the source product, so sub-
quantization error bounds were not used.

2.4 TACO dataset access and interaction

Building reproducible workflows from independently
archived ocean datasets demands substantial custom pre-
processing. The SpatioTemporal Asset Catalog (STAC)
standard is widely used for geospatial dataset discovery and
cataloguing; however, it addresses data discovery rather than
the internal organisation of samples. As a result, each dataset
still requires product-specific loading code and inspection
before common data access routines can be written. This is
especially challenging when combining heterogeneous data
types, including satellite altimetry, sea surface temperature,
salinity, winds, and in situ profiles, each of which originates
from distinct archives and formats.

OceanTACO implements the TACO (Transparent Access
to Cloud-optimised) specification (Aybar et al., 2025) to re-
solve this. TACO is fully compliant with STAC, and any
TACO dataset can be mapped to a valid STAC catalog with-
out information loss. Additionally, TACO directly follows
the FAIR principles proposed by Wilkinson et al. (2016). The

contribution of OceanTACO is therefore not a new catalog
standard, but the application of a sample-invariant TACO or-
ganisation to a heterogeneous ocean collection spanning L3
observations, L4 products, reanalysis fields, and Argo pro-
files. Beyond cataloging, TACO enforces consistent internal
organisation across all samples within a dataset. For exam-
ple, if one sample contains folders GLORYS/, SWOT/, and
ARGO/ with specific file types, every other sample replicates
this exact structure. TACO references data through GDAL
Virtual File System (VSI) paths rather than HTTP URLs. VSI
provides a unified file access abstraction, so the same read-
ing code operates transparently on local filesystems, cloud
object stores such as S3 or GCS, and compressed archives,
with only the path prefix varying between backends. Conse-
quently, a data loading pipeline developed for a local copy
of OceanTACO functions without modification when the
dataset is hosted remotely, and partial reads of large files
are managed natively by the GDAL driver, eliminating the
need for full downloads. TACO supports two storage modes:
ZIP mode, which packages the dataset as a single archive for
static distribution, and folder mode, which stores data as a
directory tree on disk or cloud object storage. OceanTACO
utilises folder mode, which allows the dataset to be extended
with new satellite passes, reprocessed products, or additional
variables by simply writing files into the directory tree and
appending rows to the metadata catalog, without modifying
existing components.

Access is structured in three phases (Fig. 2). The CON-
NECT phase loads Parquet metadata into DuckDB for lazy
evaluation and presents the catalog as relational tables.
The QUERY phase filters these tables by geographic ex-
tent, observation period, or data source, and materializes re-
sults as DataFrames. The FETCH phase retrieves individ-
ual files on demand through GDAL VSI handlers, which
read from local paths or cloud object storage. Both the
core (https://doi.org/10.57967/hf/8171, Lehmann and Ay-
bar, 2026a) and extended (https://doi.org/10.57967/hf/8172,
Lehmann and Aybar, 2026b) dataset are available on Hug-
ging Face.

3 Multi-source earth system use cases with
OceanTACO

OceanTACO is designed to support reproducible analysis
workflows that combine heterogeneous ocean observations,
gridded products, and in situ measurements within a con-
sistent spatiotemporal framework. The following subsections
illustrate several representative workflow categories enabled
by the dataset. The examples are organised into four broad
categories that frequently arise in Earth system research: (i)
validation using independent observations, (ii) comparisons
across data processing levels, (iii) observation system exper-
iments evaluating the contribution of individual sensors, and
(iv) data-driven reconstruction workflows that integrate mul-
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Figure 4. Encoding quality of the int16+zlib compression scheme applied to the L4 SSH sea level anomaly (SLA) over the South
Atlantic on 2 April 2023, representative of the compression quality across all gridded products. (a) Top row, left to right: original float32
SLA field (m), int16-decoded field (m), and their absolute difference (m); bottom row: error distribution across all valid ocean pixels
(log-scaled counts) and a scatter of compressed versus original values about the identity line. The visible reconstruction-error floor is set by
the int16 representation. (b) The same error normalised by the local field variability, |orig− comp|/σlocal, with σlocal computed over a
9× 9 pixel window. Although the absolute error is bounded by the int16 step, the relative error is largest in low-variability regions, while
remaining small relative to the natural field variability overall.
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tiple surface variables. In addition, we include a short case
study demonstrating how OceanTACO can facilitate rapid
analysis of extreme ocean events. These examples illustrate
reproducible usage patterns rather than provide a compre-
hensive scientific evaluation of the underlying datasets. Ex-
ample workflows and tutorials can be accessed and recre-
ated in Jupyter notebooks (Perez and Granger, 2015) on the
dataset documentation page (https://oceantaco.readthedocs.
io/en/latest/index.html, last access: 24 August 2026).

3.1 Data validation workflows

Systematic validation of gridded products against indepen-
dent observations is essential for quantifying structural bi-
ases, effective resolution, and regional uncertainty character-
istics. Such analyses require reproducible collocation proce-
dures, consistent temporal matching, and transparent spatial
aggregation strategies.

Because all OceanTACO components share a common
temporal index and regional tiling scheme, data retrieval op-
erations are reproducible across studies. L3 observations, L4
products, reanalysis fields, and Argo profiles can be queried
under identical spatial and temporal constraints, reducing
ambiguity in matching procedures and methodological vari-
ability between studies.

3.1.1 Example workflow: in situ validation of gridded
SST products

As a representative application, L4 SST products and re-
analysis fields are collocated with Argo profiles over a one-
year period. For each Argo profile, we select the shallow-
est valid measurement within the upper 5 m to approxi-
mate near-surface conditions. Satellite and gridded fields are
retrieved using same-day temporal matching and nearest-
neighbor spatial selection at their native grid resolution. For
each matchup, the bias is defined as

bi =Mi −Oi, (3)

whereMi andOi denote the gridded product and Argo value,
respectively. Spatially aggregated bias fields are computed on
a 2°× 2° grid, masking cells with fewer than three observa-
tions. Seasonal and latitudinal variability is examined using
monthly latitude-band averages:

b(φ, t)=
1
nφ,t

∑
i∈(φ,t)

bi, (4)

where φ denotes latitude, t time, and nφ,t is the number
of matches in latitude band φ at time t . Latitude-dependent
mean bias and temporal variability are calculated as

µb(φ)=
1
T

T∑
t=1

b(φ, t),

σ (φ)=

√√√√ 1
T − 1

T∑
t=1

(
b(φ, t)−µb(φ)

)2
, (5)

where T is the total number of monthly time steps.
Figure 5 shows the spatial bias of L4 SST fields

against matched Argo observations, with latitude-band mean
bias and temporal variability. Across 333 842 near-surface
matchups, the gridded L4 SST product exhibits a small con-
sistent cool bias of −0.082 K, an RMSE of 0.374 K, and a
correlation of 0.999 with the Argo reference; the GLORYS
reanalysis shows comparable agreement (bias +0.038 K,
RMSE 0.457 K, r = 0.999). The bias is spatially structured,
with markedly elevated variability in the Gulf Stream region,
where the standard deviation of the L4 SST bias rises to
1.03 K (and 1.48 K for GLORYS), reflecting the difficulty
of resolving sharp frontal gradients in mapped products.

3.2 Analyses across processing levels

OceanTACO preserves the native sampling geometry and
spatial resolution of each product, enabling controlled com-
parisons across processing levels without introducing addi-
tional harmonisation artifacts. Such comparisons are partic-
ularly useful when evaluating differences between L3 obser-
vations, which retain native measurement characteristics, and
L4 mapped or assimilated products, which introduce spatial
smoothing and model-based constraints.

As a representative workflow, OceanTACO enables com-
putation of wavenumber power spectral density (PSD) diag-
nostics across processing levels. A robust cross-level com-
parison requires that the spectra be evaluated over identical
spatial sampling; otherwise differences in ground-track ge-
ometry, coverage, and segment length introduce artifacts that
are easily mistaken for resolution differences. OceanTACO
makes this matching straightforward: for dynamically active
regions such as the Gulf Stream (80–40° W, 25–45° N) or
the Kuroshio Current (130–160° E, 25–45° N), users com-
pute the L3 SWOT spectrum from its native 2 km observa-
tions and bilinearly sample the L4 DUACS mapped field at
the identical SWOT track positions, so both spectra share the
same along-track segments. Figure 6 illustrates this matched
comparison produced using OceanTACO from 1 March to
29 May 2025. The comparison is intended as an illustrative
diagnostic rather than a comprehensive spectral analysis.

Because the two products are sampled along common
track segments, their spectra coincide at large scales (& 100–
150 km), where both resolve the dominant geostrophic sig-
nal, and diverge only toward shorter wavelengths. There,
the optimal-interpolation mapping underlying the L4 product
suppresses mesoscale and submesoscale variance, whereas
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Figure 5. Spatial bias of the Met Office OSTIA Level-4 SST product against co-located Argo in situ observations, computed as the mean
difference (OSTIA minus Argo) on a 2°× 2° grid over the period 1 April 2023 to 30 March 2024. Units are °C; the colour scale uses a
diverging palette normalised to the 95th percentile of absolute bias to highlight spatial structure while limiting the influence of outliers.

the denoised L3 SWOT observations retain substantially
more energy down to a few tens of kilometers, before the
spectrum flattens near the effective-resolution limit of the
L3 product. The separation over roughly 30 to 150 km iso-
lates the genuine effective-resolution difference between an
L3 observation product and an L4 mapped product, rather
than a sampling artifact. Independent analyses similarly in-
dicate that SWOT observations resolve ocean variability at
spatial scales on the order of tens of kilometers, a substantial
improvement over the effective resolution of mapped altime-
try products (Krishna and Sreejith, 2025; Wang et al., 2025;
Ballarotta et al., 2019).

This example illustrates how OceanTACO enables re-
producible cross-product comparisons under identical spa-
tiotemporal constraints. Such workflows are increasingly rel-

evant in the SWOT era for evaluating scale-dependent vari-
ance and interpreting differences between observation-level
measurements and mapped products, and apply equally to
other eddy-rich regions such as the Antarctic Circumpolar
Current in the Southern Ocean.

Beyond comparisons across processing levels, many stud-
ies seek to quantify the contribution of individual observing
systems to reconstructed ocean fields.

3.3 Observation system experiments and mission
impact studies

The introduction of new observing systems, such as the Sur-
face Water and Ocean Topography (SWOT) mission, enables
new assessments of their incremental contribution relative to
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Figure 6. Wavenumber power spectral density (PSD) of sea surface height for the Gulf Stream (a) and Kuroshio Current (b) regions. To
ensure a fair comparison, both products are evaluated along the same SWOT ground-track segments: the L3 SWOT spectrum is computed
from its native 2 km observations, and the L4 DUACS mapped field is bilinearly sampled at the identical track positions. Spectra are accu-
mulated over daily passes from 1 March to 29 May 2025. The curves coincide at large scales (∼ 100–150 km) and diverge toward shorter
wavelengths: the L4 spectrum rolls off steeply as the optimal-interpolation mapping suppresses small-scale variance, whereas the denoised
L3 SWOT spectrum retains substantially more energy down to a few tens of kilometers before flattening near the effective-resolution limit
of the L3 product.

established nadir altimetry and assimilated products. Early
SWOT analyses emphasise its capability to resolve fine-scale
ocean variability and improve characterization of mesoscale
and submesoscale dynamics relative to nadir altimetry, while
also highlighting the need for careful cross-comparison with
existing mapping systems and climate data records (Bal-
larotta et al., 2025; Fouchet et al., 2025; Archer et al., 2025).

Observation system experiments (OSEs) and mission im-
pact studies are therefore essential for studying how new sen-
sors improve resolved spatial scales, dynamical consistency
and downstream reconstruction performance. These studies
typically require selective inclusion or exclusion of specific
sensors, consistent regional subsetting, and reproducible def-
inition of validation datasets across multiple processing lev-
els.

OceanTACO preserves mission identifiers and full prod-
uct provenance within a unified indexing framework. Re-
searchers can configure controlled experiments that isolate
nadir-only configurations, incorporate wide-swath SWOT
observations, or evaluate L4 fields with and without specific
observational inputs. The per-mission temporal coverage that
determines which sensors are available for a given experi-
ment is documented in Table A2, and the matched SWOT-
versus-mapped spectral comparison in Sect. 3.2 (Fig. 6) al-
ready illustrates the kind of resolved-scale diagnostic that
such configurations support. Because these configurations
are defined through explicit spatiotemporal queries rather
than bespoke preprocessing pipelines, mission impact assess-
ments can be reproduced consistently across regions and time
periods. Because the eight-region partition is a storage-and-
retrieval optimisation rather than an analysis unit, experi-

ments are defined on arbitrary user-specified bounding boxes
at each product’s native resolution, so subregional and fine-
scale phenomena remain fully accessible.

3.4 Extreme events: case study of Hurricane Milton

In addition to structured workflow categories such as vali-
dation or observation system experiments, OceanTACO can
facilitate rapid exploratory analyses of individual oceano-
graphic events. The common temporal index means multi-
sensor data of any event can be retrieved with a single spa-
tiotemporal query. As an illustrative example, we examine
sea surface height variability during Hurricane Milton, a ma-
jor hurricane that occurred in the Gulf of Mexico during Oc-
tober 2024.

Satellite altimetry has been widely used to investigate ex-
treme sea-level events, including storm surges, by measuring
sea surface height (SSH) anomalies along satellite ground
tracks. Previous studies have used along-track altimetry to
detect and analyse storm surges across large ocean regions (Ji
et al., 2019; Li et al., 2018). However, the narrow sampling
geometry of traditional nadir altimeters limits their ability
to resolve the full spatial structure of these events (Abdalla
et al., 2021). The wide-swath measurements from the SWOT
mission provide two-dimensional SSH fields at high spatial
resolution, enabling more detailed observation of the spatial
variability associated with extreme sea-level signals (Srini-
vasan and Tsontos, 2023).

Vega-Gimenez et al. (2025) used SWOT observations to
examine SSH anomalies during Hurricane Milton, one of
the strongest and most destructive hurricanes recorded in
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the Gulf of Mexico, which subsequently tracked across cen-
tral Florida into the Atlantic Ocean (Smith, 2025). Figure 7
shows snapshots of L3 Altimetry and SWOT data, as well as
L4 wind data along the hurricane track. On 9 October 2024,
SWOT directly overpassed the hurricane eye, allowing Vega-
Gimenez et al. (2025) to analyse the spatial structure of the
observed anomaly. Figure 8 presents a cross-product com-
parison and correlations between SWOT and conventional
altimetry with the L4 DUACS product. For each L3 observa-
tion within the domain, the collocated L4 DUACS value was
obtained by bilinear interpolation of the gridded field onto
the along-track measurement position, and Pearson correla-
tion coefficients and root-mean-square errors were computed
over all valid collocation pairs.

While the previous examples focus on observational anal-
ysis and product intercomparison, an increasing number of
Earth system studies rely on data-driven models that learn
relationships between multiple surface variables. These ap-
proaches require consistent collocation of heterogeneous
datasets across space and time, which can be technically
challenging when data originate from independent archives.
OceanTACO directly supports such workflows by providing
aligned multi-variable samples across observations, gridded
products, and reanalysis fields.

3.5 Data-driven and machine learning reconstruction
workflows

Reconstruction of spatially complete ocean surface fields
from sparse and irregular observations is a core challenge
in Earth system science. For sea surface height (SSH), oper-
ational optimal interpolation approaches provide global cov-
erage but may not capture mesoscale variability and reduce
effective resolution below that of the observational inputs
(Taburet et al., 2019; Ballarotta et al., 2019). In response,
a range of learning-based methods has been developed to
improve spatiotemporal reconstruction skill: supervised net-
works that fuse multiple satellite variables into improved
gridded SSH (Martin et al., 2023; Archambault et al., 2024),
end-to-end learned variational assimilation schemes for nadir
and wide-swath altimetry (Beauchamp et al., 2023), dynam-
ically constrained joint reconstruction of SSH and tempera-
ture from multi-sensor observations (Le Guillou et al., 2025),
generative assimilation of multi-modal satellite observations
(Martin et al., 2025), and unsupervised spatio-temporal inter-
polation of altimetry maps (Archambault et al., 2023).

Similar developments have emerged for other ocean sur-
face variables. Deep learning approaches have demonstrated
improved gap filling and super-resolution for sea surface
temperature (Fanelli et al., 2024; Zou et al., 2023; Zhao
et al., 2025), while analogous strategies have been pro-
posed for sea surface salinity (Liang et al., 2025). These ap-
proaches increasingly rely on multi-variable learning, where
relationships between ocean surface variables provide addi-
tional constraints for reconstruction and forecasting. How-

ever, building such datasets requires coordinated access to
heterogeneous observations and gridded products that must
be consistently collocated in space and time.

OceanTACO directly supports such analyses by enabling
consistent retrieval of L3 observations (e.g., nadir altime-
try, SWOT, SST, and SSS), L4 gridded products, reanal-
ysis fields, and in situ measurements under identical spa-
tial and temporal constraints. As an illustrative example,
Fig. 9 shows the spatial correlation between L4 SSH and
both SST and SSS in two dynamically distinct regions: the
Gulf Stream and the North Indian Ocean. The analysis, per-
formed for September 2023, highlights strong spatial vari-
ability and region-dependent relationships between surface
variables. Such nonlinear and spatially heterogeneous cou-
pling suggests that data-driven approaches are well suited to
exploiting correlated information in reconstruction tasks.

Beyond exploratory analysis, OceanTACO also sup-
ports the generation of machine learning–ready training
and evaluation datasets. Based on the same spatiotem-
poral queries used in the correlation analysis, the ac-
companying documentation (https://oceantaco.readthedocs.
io/en/latest/tutorials/ml_dataset.html, last access: 24 August
2026) demonstrates how OceanTACO can be used to re-
trieve aligned multi-variable samples and construct PyTorch
(Paszke et al., 2019) dataloaders for model training. Be-
cause input-target configurations are defined through the spa-
tiotemporal queries used throughout the collection, training
and evaluation schemes of data-driven reconstruction exper-
iments become more reproducible.

4 Code and data availability

The complete code to generate the dataset and all in-
cluded figures can be found at https://github.com/nilsleh/
oceanTACO (last access: 24 August 2026). Additionally,
we provided a documentation page at https://oceantaco.
readthedocs.io/en/latest/index.html (last access: 24 Au-
gust 2026), with installation instructions, dataset de-
scriptions and tutorial notebooks for mentioned work-
flows. The core dataset is hosted on Hugging Face with
DOI https://doi.org/10.57967/hf/8171 (Lehmann and Aybar,
2026a) and released under CC-BY-4.0 License with com-
plete license information in the dataset card. The extended
dataset version is also available on Hugging Face under
the same license with DOI https://doi.org/10.57967/hf/8172
(Lehmann and Aybar, 2026b).

5 Conclusions

We have presented OceanTACO, a harmonised global col-
lection of sea surface state datasets structured under the
TACO specification. The dataset integrates L3 observations,
L4 gridded products, reanalysis fields, and in situ Argo pro-
files within a unified spatiotemporal indexing and storage
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Figure 7. SSH anomaly snapshots during Hurricane Milton (Gulf of Mexico, 100–75° W, 15–32° N) for four dates between 5–10 Octo-
ber 2024. Columns show the gridded L4 Wind product with wind direction components and maximum daily wind speed, L3 conventional
along-track altimetry (7 km), and L3 SWOT wide-swath observations (2 km). The dashed line and cross marker indicate the IBTrACS (Knapp
et al., 2010) best-track hurricane path and the daily eye position, respectively. Example code that produces this figure is available in this note-
book (https://oceantaco.readthedocs.io/en/latest/tutorials/plot_hurricane_milton.html, last access: 24 August 2026).

framework while preserving native sampling characteristics
and full data provenance.

OceanTACO addresses a persistent challenge in Earth sys-
tem research: the technical fragmentation of multi-sensor
ocean datasets across independent archives, formats, and pre-
processing conventions. Its contribution is not a new regrid-
ding or compression algorithm, but a harmonised, sample-
invariant organisation that makes multi-product analyses de-

terministic without product-specific restructuring. This sup-
ports validation studies, scale-dependent diagnostics, obser-
vation system experiments, and multivariate surface state in-
vestigations across dynamically diverse ocean regions.

The core dataset spans the SWOT calibration and science
phase from 29 March 2023 until 1 August 2025. For longer
analyses we additionally provide an extended pre-SWOT
segment beginning on 1 January 2015, the year SMAP joins
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Figure 8. Cross-product SSH comparison over the Gulf of Mexico on 9 October 2024, when SWOT passed directly over the Hurricane
Milton eye. Left: L4 DUACS field (semi-transparent background) with L3 along-track and L3 SWOT observations overlaid; the cross marks
the hurricane eye position. Right: Collocated scatter of L3 observations (m) against the bilinearly interpolated L4 DUACS value (m) at each
valid measurement location; Pearson R and RMSE are computed over all collocation pairs.

Figure 9. Pixel-wise Pearson correlation between Level 4 SSH anomaly (SLA; m) and sea surface temperature (SST, °C; columns 1 and 3)
and sea surface salinity (SSS, PSU; columns 2 and 4) over the Gulf Stream (top row) and North Indian Ocean (bottom row), computed from
daily L4 DUACS, OSTIA, and CMEMS SSS fields over all 30 d of September 2023. Correlation maps use a diverging colour scale centred at
zero. SST and SSS grids were interpolated to the SSH grid prior to computing per-pixel correlations. Scatter panels show the full distribution
of daily SLA–SST and SLA–SSS pairs at all valid pixels, displayed as log-scaled density plots.

the optimal interpolation behind the multi-observation salin-
ity product and from which the sensor constellation underly-
ing the collection stays constant. The record remains back-
ward extensible through the same folder-mode organisation
and processing pipeline, so additional time periods, repro-
cessed products, and future satellite missions can be incor-
porated without restructuring existing components. By com-

bining harmonised data organisation with cloud-native ac-
cess mechanisms, OceanTACO provides a structured analyti-
cal foundation for reproducible ocean surface research within
the broader Earth system context.
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Appendix A

A1 Data variables

Table A1. OceanTACO full variable dictionary across Core and Extended releases. Time coverage is 1 January 2015 to 1 August 2025
(Extended: 1 January 2015 to 29 March 2023; Core: 29 March 2023 to 1 August 2025). Only the Core dataset includes L3-SWOT data. All
datasets are time-stamped. Time is stored as coordinate metadata and is not listed as a data variable. The Temporal column lists the cadence
stored in OceanTACO (L4 wind is resampled from native hourly to daily); the Depth column indicates vertical coverage (GLORYS is a
surface subset with currents at 15 m; Argo retains full 0–2000 m profiles; all other sources are surface). Units follow NetCDF/CF metadata
as stored in the files.

Data Source Level Resolution Temporal Depth Variables (with definition) Reference

GLORYS-12 Reanalysis 1/12°
(≈ 9.3 km)

Daily Surface;
currents
15 m

zos – Sea surface height. (m)
thetao – Temperature. (°C)
so – Salinity. (PSS-78)
uo – Eastward velocity. (m s−1)
vo – Northward velocity. (m s−1)

(Lellouche
et al., 2021)

DUACS SSH Product L4 0.125°
(≈ 13.9 km)

Daily Surface sla – Sea level anomaly. (m)
err_sla – Formal mapping error. (m)
ugosa – Geostrophic velocity anomalies: zonal component.
(m s−1)
err_ugosa – Formal mapping error on zonal geostrophic
velocity anomalies. (m s−1)
vgosa – Geostrophic velocity anomalies: meridional
component. (m s−1)
err_vgosa – Formal mapping error on meridional
geostrophic velocity anomalies. (m s−1)
adt – Absolute Dynamic Topography. (m)
ugos – Absolute geostrophic velocity: zonal component.
(m s−1)
vgos – Absolute geostrophic velocity: meridional
component. (m s−1)
flag_ice – Ice Flag for a 15 % criterion of ice
concentration.
tpa_correction – TOPEX-A instrumental drift
correction derived from altimetry and tide gauges global
comparisons (WCRP Sea Level Budget Group, 2018). (m)

(Taburet
et al., 2019)

OSTIA SST (Met
Office)

L4 0.05°
(≈ 5.6 km)

Daily Surface analysed_sst – Daily analysed sea surface temperature.
(°C)
analysis_error – Estimated standard deviation of
analysed sea surface temperature error. (K)
sea_ice_fraction – Sea-ice area fraction. (%)
mask – Land-sea-ice-lake classification mask.

(Met Office,
2025)

Multi Observation SSS L4 0.125°
(≈ 13.9 km)

Daily Surface sos – Sea surface salinity. (PSS-78)
dos – Sea surface density. (kg m−3)
sos_error – Sea surface salinity error. (PSS-78)
dos_error – Sea surface density error. (kg m−3)
sea_ice_fraction – Sea-ice area fraction. (%)

(Copernicus
Marine
Service,
2025e)

Global Ocean Daily
Wind

L4 0.25°
(≈ 27.8 km)

Daily
(from
hourly)

Surface eastward_wind – Daily mean of the stress-equivalent
eastward wind component at 10 m. (m s−1)
northward_wind – Daily mean of the stress-equivalent
northward wind component at 10 m. (m s−1)
eastward_wind_std – Daily standard deviation of the
stress-equivalent eastward wind component at 10 m. (m s−1)
northward_wind_std – Daily standard deviation of the
stress-equivalent northward wind component at 10 m.
(m s−1)
eastward_wind_min – Daily minimum of the
stress-equivalent eastward wind component at 10 m. (m s−1)
northward_wind_min – Daily minimum of the
stress-equivalent northward wind component at 10 m.
(m s−1)
eastward_wind_max – Daily maximum of the
stress-equivalent eastward wind component at 10 m. (m s−1)
northward_wind_max – Daily maximum of the
stress-equivalent northward wind component at 10 m. (m s−1)

(Copernicus
Marine
Service,
2025g)
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Table A1. Continued.

Data Source Level Resolution Temporal Depth Variables (with definition) Reference

Altimetry
Along-Track

L3 ∼ 0.06°×
0.09°

Daily Surface sla_filtered – Sea Level Anomaly (filtered). (m)
sla_filtered_intertrack_std – Inter-track dispersion of
SLA (filtered): standard deviation of per-track means, crossover
cells only. (m)
mdt – Mean Dynamic Topography. (m)
mdt_intertrack_std – Inter-track dispersion of MDT,
crossover cells only. (m)
adt – Absolute Dynamic Topography. (m)
adt_intertrack_std – Inter-track dispersion of ADT,
crossover cells only. (m)
obs_mean_lon – Mean longitude of observations per grid cell.
(°E)
obs_mean_lat – Mean latitude of observations per grid cell.
(°N)
n_obs – Number of observations per grid cell.
n_tracks – Number of contributing tracks per grid cell.
primary_track – Index of the first contributing track per grid
cell.
is_overlap – Flag indicating that multiple tracks contributed to
the grid cell.
track_ids – Per-track source file identifier.
track_times – Per-track representative acquisition timestamp.
track_platforms – Per-track satellite platform name.

(Copernicus
Marine
Service,
2025a)

SWOT L3 ∼ 0.02°×
0.03°

Daily Surface ssha_filtered – Sea Surface Height Anomaly (filtered). (m)
ssha_filtered_intertrack_std – Inter-track dispersion
of SSHA (filtered): standard deviation of per-pass means,
crossover cells only. (m)
ssha_unfiltered – Sea Surface Height Anomaly (unfiltered).
(m)
ssha_unfiltered_intertrack_std – Inter-track
dispersion of SSHA (unfiltered), crossover cells only. (m)
mdt – Mean Dynamic Topography. (m)
mdt_intertrack_std – Inter-track dispersion of MDT,
crossover cells only. (m)
adt_filtered – Absolute Dynamic Topography (filtered). (m)
adt_filtered_intertrack_std – Inter-track dispersion of
ADT (filtered), crossover cells only. (m)
adt_unfiltered – Absolute Dynamic Topography
(unfiltered). (m)
adt_unfiltered_intertrack_std – Inter-track
dispersion of ADT (unfiltered), crossover cells only. (m)
obs_mean_lon – Mean longitude of observations per grid cell.
(°E)
obs_mean_lat – Mean latitude of observations per grid cell.
(°N)
n_obs – Number of observations per grid cell.
n_tracks – Number of contributing passes per grid cell.
primary_track – Index of the first contributing track per grid
cell.
is_overlap – Flag indicating that multiple tracks contributed to
the grid cell.
track_ids – Per-track source file identifier.
track_times – Per-track representative acquisition timestamp.

(AVISO/DUACS,
2024)

L3 SST L3 0.10°
(≈ 11.1 km)

Daily Surface sst_dtime – Time difference from reference time. (seconds)
sea_surface_temperature – Sea surface temperature. (°C)
adjusted_sea_surface_temperature – Bias-adjusted
sea surface temperature. (°C)
sses_bias – Sensor-specific error statistic bias estimate. (K)
sses_standard_deviation – Sensor-specific error statistic
standard deviation. (K)
quality_level – Per-pixel quality level.
sources_of_sst – Source sensor identifier for sea surface
temperature.
bias_to_reference_sst – Bias to the reference sea surface
temperature used for cross-calibration. (K)

(Copernicus
Marine
Service,
2025f)
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Table A1. Continued.

Data Source Level Resolution Temporal Depth Variables (with definition) Reference

L3 Salinity (SMOS) L3 ∼ 0.23°×
0.26°

Daily Surface Sea_Surface_Salinity – Practical sea surface salinity.
(PSS-78)
Sea_Surface_Salinity_Rain_Corrected –
Practical sea surface salinity corrected from rain
instantaneous freshening effect (bulk salinity in rainy
conditions). (PSS-78)
Sea_Surface_Salinity_Error – Random
uncertainty on sea surface salinity. (PSS-78)
Sea_Surface_Salinity_Rain_Corrected_Error
– Random uncertainty on sea surface salinity corrected from
rain effect. (PSS-78)
X_Swath – Distance of the grid point to the center of the
swath. (km)
Mean_Acq_Time – Dwell line mean acquisition time.
(nanoseconds)
Sea_Surface_Salinity_QC – Quality flag for sea
surface salinity.

(Copernicus
Marine
Service,
2025b)

Argo In situ – Per
profile
(∼ 10 d)

0–2000 m CYCLE_NUMBER – Float cycle number.
DIRECTION – Direction of the station profiles.
PLATFORM_NUMBER – Float unique identifier.
PRES – Sea Pressure. (dbar)
PRES_ERROR – ERROR IN Sea Pressure. (dbar)
PSAL – PRACTICAL SALINITY. (PSS-78)
PSAL_ERROR – ERROR IN PRACTICAL SALINITY.
(PSS-78)
TEMP – SEA TEMPERATURE IN SITU ITS-90 SCALE.
(°C)
TEMP_ERROR – ERROR IN SEA TEMPERATURE IN
SITU ITS-90 SCALE. (°C)

(Wong et al.,
2020)
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A2 L3 SSH mission temporal coverage

Table A2. Comparison of mission temporal coverage between reprocessed (MY_008_062) and near-real-time (NRT_008_044) sea level
products.

Mission MY_008_062 (Reprocessed) NRT_008_044 (Near-Real-Time)

TOPEX/Poseidon 13 Oct 1992–24 Apr 2002
TOPEX/Poseidon (new orbit) 10 Sep 2002–3 Oct 2005
ERS-1 23 Oct 1992–15 May 1995
ERS-1 (geodetic phase) 10 Apr 1994–21 Mar 1995
ERS-2 15 May 1995–14 May 2002
Envisat 17 May 2002–18 Oct 2010
Envisat (new orbit) 26 Oct 2010–8 Apr 2012
GFO 7 Jan 2000–7 Sep 2008
Jason-1 24 Apr 2002–19 Oct 2008
Jason-1 (new orbit) 10 Feb 2009–3 Mar 2012
Jason-1 (geodetic orbit) 7 May 2012–1 Jun 2013
Jason-2 19 Oct 2008–26 May 2016
Jason-2 (interleaved orbit) 17 Oct 2016–17 May 2017
Jason-2 (long-repeat orbit) 11 Jul 2017–14 Sep 2017
Jason-3 26 May 2016–29 Dec 2021
Jason-3 (interleaved) 25 Apr 2022–19 Nov 2024 3 May 2022–8 Jan 2025
Jason-3 (long-repeat orbit) 19 Jun 2025–24 Oct 2025
Saral/AltiKa 14 Mar 2013–31 Mar 2015 25 Oct 2023–24 Oct 2025
Saral/AltiKa (geodetic orbit) 31 Mar 2015–1 May 2025
CryoSat-2 16 Jul 2010–31 Jul 2020 25 Oct 2023–24 Oct 2025
CryoSat-2 (new orbit) 1 Aug 2020–1 May 2025
Sentinel-3A 28 Jun 2016–1 May 2025 25 Oct 2023–24 Oct 2025
Sentinel-3B 27 Nov 2018–1 May 2025 25 Oct 2023–24 Oct 2025
Sentinel-6A (SAR) 29 Dec 2021–1 May 2025 25 Oct 2023–24 Oct 2025
HaiYang-2A 12 Apr 2014–15 Mar 2016
HaiYang-2A (geodetic orbit) 31 Mar 2016–9 Jun 2020
HaiYang-2B 20 Dec 2019–1 May 2025 22 Oct 2023–21 Oct 2025
HaiYang-2B (5 Hz) 7 Jul 2024–21 Oct 2025
SWOT nadir CalVal 16 Jan 2023–9 Jul 2023
SWOT nadir 21 Jul 2023–1 May 2025 9 Nov 2023–24 Oct 2025
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A3 Disk space compression

For all processed region files we choose one of the pri-
mary variables stored as int16 with zlib compression
(level 4) applied via the NetCDF4/HDF5 layer. To quan-
tify the resulting storage savings we compared, for each data
source, (i) the uncompressed baseline size against (ii) the
actual on-disk compressed size, measured directly from the
HDF5 chunk storage via h5py’s get_storage_size().
For gridded L4 products and GLORYS, the uncompressed
baseline is the size of the raw source files read at their na-
tive floating-point precision (dtype.itemsize× number
of elements); for the along-track swath products L3 SWOT
and L3 SSH, whose raw files are individual track files, we
choose a conservative float32 estimate (4 bytes per ele-
ment). Sizes were accumulated over all eight ocean regions
and the core dataset period, then averaged per day. Sizes are
reported for the primary variable of each modality; modal-
ities with multiple stored variables (e.g., GLORYS: SSH,
SST, SSS, uo, vo; L4 Wind: eastward and northward compo-
nents plus standard deviations) have correspondingly larger
per-day footprints in the full dataset.

Table A3. Per-modality storage footprint of the OceanTACO dataset. For each data source the table lists the primary variable stored, the
average daily uncompressed size, the average daily on-disk size after numerical encoding (scaled int16 for the dense gridded fields, full
float32 for the sparse L3 along-track and SWOT products) and lossless zlib compression, and the resulting compression ratio. Sizes are
averaged over the full dataset period across all eight ocean regions. The TOTAL row sums compressed sizes for the listed primary variables
only; the full dataset footprint (all variables per modality) is approximately 311 GB for the combined core and 581 GB for the extended
periods.

Modality Primary variable Uncompressed Compressed Ratio
(MB d−1) (MB d−1)

GLORYS zos 70.5 6.9 10.3×
L4 SSH sla 35.8 3.1 11.6×
L4 SST analysed_sst 60.4 7.0 8.6×
L4 SSS sos 33.0 7.8 4.2×
L4 Windb eastward_wind 306.9 5.1 60.3×
L3 SST adjusted_sea_surface_temperature 23.0 1.9 12.3×
L3 SWOTa,b ssha_filtered 546.7 20.3 26.9×
L3 SSHa,b sla_filtered 46.4 1.4 33.1×
L3 SSS SMOS Asc Sea_Surface_Salinity 1.6 0.8 2.0×
L3 SSS SMOS Desc Sea_Surface_Salinity 1.6 0.8 2.0×
Argo TEMP 0.0 0.0 1.0×

TOTAL (primary vars.) 1125.9 55.1 20.4×

a Uncompressed size estimated as float32 (4 bytes per element) because raw L3 SWOT and L3 SSH source files contain overlapping swath segments that
are not directly comparable to the gridded region files. All other modalities use the actual raw-file size at native floating-point precision
(dtype.itemsize × number of elements). b The ratio includes product restructuring in addition to numerical encoding: temporal aggregation from
native hourly to daily fields for L4 Wind, and consolidation of many individual native track files into a single regridded product for L3 SWOT and L3 SSH.

Across all ten data sources the OceanTACO format
achieves an overall compression ratio of 20.4×. Individ-
ual ratios range from 2.0× for the sparse L3 SSS SMOS
ascending/descending passes to 60.3× for L4 Wind, which
contains large homogeneous low-wind regions that com-
press extremely well. Gridded L4 SSH, L4 SST, and GLO-
RYS records yield ratios of 8.6–11.6×, while the along-track
SWOT and L3 SSH products achieve 26.9× and 33.1×, re-
spectively, owing to the prevalence of fill values outside the
narrow swath. The full per-source breakdown is given in Ta-
ble A3.
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Table A4. Compression-loss statistics for the int16+zlib encoded data sources. Errors are computed against a pre-encoding regional
reference produced by the same formatting pipeline; for the swath-based L3 SSS product, source swaths are conservatively binned to the
target grid (no smoothing) and compared on overlapping valid cells only. The sparse L3 along-track and L3 SWOT products are retained at
full float32 precision, and the L3 SST product is delivered natively as scaled int16 (step 0.001 °C) and preserved without additional
re-encoding; these products therefore incur no lossy-encoding error beyond their source representation and are not listed here. Values report
mean±SD across all dates and ocean regions. RMSE/field SD denotes the compression RMSE divided by the spatial standard deviation of
the reference field, indicating the compression error relative to the natural variability of each variable.

Modality Variable Unit RMSE (mean±SD) Bias (mean±SD) P99 Error (mean±SD) RMSE/field SD (mean±SD)

GLORYS SSH m 1.44e− 04± 8.1e− 08 3.80e− 08± 2.5e− 07 2.47e− 04± 5.6e− 08 2.56e− 04± 9.7e− 05
SST °C 2.89e− 04± 2.7e− 07 3.25e− 07± 6.2e− 07 4.95e− 04± 5.7e− 07 2.46e− 05± 1.7e− 06
SSS PSS-78 2.89e− 04± 1.7e− 07 −2.74e− 06± 5.1e− 07 4.94e− 04± 2.4e− 07 1.99e− 04± 9.7e− 05
uo m s−1 2.89e− 04± 2.1e− 07 −7.33e− 08± 6.6e− 07 4.94e− 04± 7.4e− 07 0.0019± 0.0003
vo m s−1 2.89e− 04± 1.7e− 07 3.32e− 08± 4.2e− 07 4.94e− 04± 7.4e− 07 0.0022± 0.0004

L4 SSH SLA m 1.41e− 04± 1.3e− 07 −7.94e− 09± 3.2e− 07 2.00e− 04± 9.8e− 18 0.0016± 0.0002
L4 SST SST °C 9.45e− 06± 5.3e− 07 1.20e− 06± 1.8e− 06 1.59e− 05± 0.0e+ 00 7.96e− 07± 2.6e− 08
L4 SSS SSS PSS-78 5.77e− 04± 4.6e− 07 −9.86e− 08± 1.0e− 06 9.90e− 04± 2.0e− 07 4.50e− 04± 2.5e− 04
L4 Wind Wind m s−1 0.0029± 0.0000 4.73e− 07± 3.8e− 06 0.0050± 0.0000 5.95e− 04± 1.5e− 04
L3 SSS SMOS Asc SSS PSS-78 7.07e− 04± 2.7e− 06 6.97e− 07± 5.7e− 06 0.0010± 0.0000 3.05e− 04± 1.1e− 04
L3 SSS SMOS Desc SSS PSS-78 7.08e− 04± 2.7e− 06 2.53e− 06± 5.8e− 06 0.0010± 0.0000 3.14e− 04± 1.1e− 04

Table A5. Benchmark comparison of the deployed OceanTACO encoding against the best passing codec from a ClimateBenchPress-style
strict-bound evaluation for the five gridded products. Compression ratios are reported as raw bytes divided by encoded bytes. This benchmark
is distinct from Table A3, which describes the released OceanTACO archive and may also reflect product restructuring effects such as
temporal aggregation. For L4 SST, the benchmark configuration respects the native int16 quantization of the source product.

Dataset OceanTACO ratio Best passing codec Best ratio Notes

GLORYS SSH 4.86 safeguarded-sz3 12.75
L4 SSH 5.16 safeguarded-sz3 16.11
L4 SST 7.00 safeguarded-sz3 17.27 Source product already natively int16-quantized
L4 SSS 4.08 safeguarded-sz3 6.86
L4 Wind 3.19 safeguarded-sperr 6.51 OceanTACO slightly exceeds the strict error bound;

released-product storage analysis also reflects hourly-
to-daily consolidation

Figure A1. Compression ratios achieved by the OceanTACO processing pipeline for each of the ten data sources. Each bar shows the ratio
of the uncompressed source-file size to the on-disk size of the corresponding processed region files (int16+zlib). The ratio for L3 SWOT
and L3 SSH is computed relative to a float32 element-count estimate rather than the raw swath files (see Table A3).
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