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Abstract. Ocean prediction relies on the integration between models and satellite and in situ observations
through data assimilation techniques. Nowadays, satellites offer high-resolution observations of essential ocean
variables at the surface, widely adopted in combination with precise but sparse in situ measurements that, from
the surface to the deep ocean, can constrain large-scale variability in models. Moreover, observations are a valu-
able source of information for validating and assessing model products, for improving them, and for developing
the next generation of machine learning algorithms aimed at enhancing the accuracy and scope of ocean fore-
casts. The authors discuss the role of observations in operational ocean forecasting systems, describing the state
of the art of satellite and in situ observing networks and defining the paths for addressing multi-scale monitoring
and forecasting.

1 Introduction: the role of observations in ocean
prediction

Ocean prediction relies on the integration between models
and satellite and in situ observations through data assimi-
lation techniques (Bell et al., 2015). Data assimilation pro-
vides a 4D dynamical interpolation of observations by con-
sidering the complementarities between the different types
of observations. High-spatial-resolution (e.g. from 10 km at
global scale to 1 km or less at regional and coastal scales) and
high-temporal-resolution (e.g. daily) ocean fields consistent
with observations and model dynamics are thus derived and
can be used to initialise ocean forecast models. The devel-
opment of machine learning techniques such as deep neu-
ral networks offer different and complementary pathways for
ocean prediction. Machine learning techniques analyse and
learn from patterns in past data or ocean reanalyses to make
ocean predictions from current data. Several studies have al-
ready shown the potential of machine-learning-based ocean
forecast systems (e.g. Chen et al., 2023).

Whatever the techniques used to produce them, the qual-
ity of ocean analyses and forecasts observations at global

and regional/coastal scales is directly dependent on the avail-
ability of high-quality in situ and satellite observations with
a sufficient space and time resolution. These dependencies
vary according to ocean dynamics. Data assimilation is, for
example, mandatory and quite effective for constraining the
mesoscale variability at global and regional scales. At coastal
scales, it is more challenging to constrain ocean dynamics
where small-scale, high-frequency and non-linear processes
play an important role.

Observations are also essential to validate ocean analysis
and prediction models (e.g. Gutknecht et al., 2019), to im-
prove ocean models (required for assessment of model per-
formances, for ocean prediction and for digital twins) (e.g.
Wang et al., 2021), and for training machine learning algo-
rithms.

For both data assimilation and validation aspects, data
must be carefully validated, and information on data errors
must be documented. Higher-quality reprocessed data sets
are required for reanalyses.

The monitoring of the impact of observations should be
part of any ocean prediction activity. This is done through
Observing System Evaluations (OSEs) and Observing Sys-
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tem Simulation Experiments (OSSEs) (Fujii et al., 2019;
Gasparin et al., 2019). OSEs allow the impact of an exist-
ing observing system to be assessed (by withholding ob-
servations). OSSEs help in the design of new observing
systems, evaluate their different configurations and perform
preparatory data assimilation work. Other complementary
approaches for quantifying the impact of observations on
ocean analysis and forecast systems also exist (Fujii et al.,
2019; Drake et al., 2023).

In the following sections we briefly review the role of
the different ocean observing systems in ocean prediction at
global, regional and coastal scales. Sections 2 and 3 deal, re-
spectively, with satellite and in situ observations.

2 Satellite observations

Satellite observations have a major role in and impact on
ocean prediction (Le Traon, 2018). Satellites can provide
real-time and global observations of key ocean variables at
high space and time resolution: sea level and geostrophic cur-
rents, sea surface temperature, ocean colour, sea ice, surface
wave, and surface winds (Fig. 1). The spatial resolution de-
pends on the nature of the sensor and ranges from a few hun-
dreds of metres (e.g. infrared and ocean colour sensors) to
tens of kilometres (e.g. microwave sensors). The time reso-
lution or revisit time ranges from 1 h or less for geostationary
satellites up to a few days or longer for polar-orbiting satel-
lites.

Ocean modelling and data assimilation systems have a
high dependency on the status of the altimeter constella-
tion (Le Traon et al., 2017). Satellite altimeters provide all-
weather observations of sea level, which is an integral of the
ocean interior and provides a strong constraint on ocean state
estimation at the mesoscale. At least four altimeters are re-
quired, and a precise knowledge of the mean dynamic topog-
raphy (MDT) is also a strong requirement for assimilation
into operational ocean forecasting systems (Le Traon et al.,
2017; Hamon et al., 2019).

Sea surface temperature (SST) is a key variable for all
ocean prediction systems. SST data can be used to correct
for errors in forcing fields (heat fluxes, wind) and to constrain
the mesoscale variability of the upper ocean. High-resolution
SST data from a combination of infrared (polar-orbiting and
geostationary) (e.g. S3 SLSTR, VIIRS, GOES, MTG) and
microwave sensors (e.g. AMSR-2) are thus essential to con-
strain ocean prediction systems.

Satellite sea ice concentration and, more recently, sea ice
thickness data (SMOS and Cryosat) are routinely assimilated
in sea ice models. The assimilation of sea ice drift remains
challenging due to the short memory of sea ice drift and sea
ice models deficiencies (Sakov et al., 2012). Numerous im-
pact studies have been carried out for sea ice data assimila-
tion, in particular for sea ice thickness products from Cryosat

but also for thin ice thickness from SMOS and both satellites
together (Xie et al., 2018).

Sea surface salinity (SSS) observations (SMOS, Aquarius,
SMAP) from space (Reul et al., 2020) provide valuable infor-
mation (Martin et al., 2019; Tranchant et al., 2019) for ocean
prediction. Satellite SSS data assimilation can now constrain
the model forecasts without introducing incoherent informa-
tion compared to the other assimilated observations.

Satellite significant wave height observations are routinely
assimilated in global and regional wave models, and their
impact is very well demonstrated. Wave spectra provided
by Sentinel-1 SAR instruments and, more recently, with the
more precise CFOSAT SWIM instrument can, in addition,
significantly improve the quality of wave forecasts (Aouf et
al., 2021; Hauser et al., 2023).

Ocean colour missions (e.g. S3 OLCI, VIIRS) provide
essential “green ocean” observations for a wide range of
applications (e.g. water quality, eutrophication, harmful al-
gal blooms). Higher-resolution and specialised ocean colour
products (e.g. case-II water algorithms) are particularly
needed for coastal areas. Ocean-colour data are being used to
assess the performance of model simulations of chlorophyll-
a (Chl-a) fields (Gutknecht et al., 2019) and to improve sim-
ulations through data assimilation (Ford et al., 2018; Fennel
et al., 2019). However, the assimilation of ocean colour data
is arguably less widespread than that of physical variables.
The potential for ocean colour data to improve biogeochem-
ical (BGC) models remains significant, though many chal-
lenges persist (e.g. error characterisation, observation opera-
tors such as bio-optical models and the integration of ocean
colour data with in situ measurements like BGC Argo).

While wind observations from multiple scatterometers are
essential for improving the forcing fields required for ocean
prediction, the primary pathway for utilising scatterometer
data is through assimilation in numerical weather prediction
(NWP) systems. However, NWP data assimilation systems
do not incorporate all the information available from scat-
terometers, particularly at smaller spatial scales (Belmonte
Rivas and Stoffelen, 2019). Therefore, using these observa-
tions to directly constrain ocean models may be more bene-
ficial.

3 In situ observations

In situ observing systems play a fundamental role to pro-
vide measurements of the ocean water column and to com-
plement satellite observations. The combination of high-
resolution satellite data with sparse and precise in situ ob-
servations of the ocean interior is the only means to pro-
vide a high-resolution 3D description and forecast of the
ocean state. In situ temperature and salinity data are cru-
cial to constrain large-scale variability in models (Gasparin
et al., 2023). In situ observations of high-frequency and high-
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Figure 1. The unique contribution of satellite oceanography for ocean prediction.

resolution ocean processes in the coastal zone are also essen-
tial to validate coastal ocean prediction systems.

Ocean prediction uses surface observations, vertical pro-
files and time series coming from different types of instru-
ments (e.g. floats, drifters, moorings, marine mammals, glid-
ers, tide gauges, research vessels, ships of opportunity, Ferry-
Boxes, saildrones, high-frequency (HF) radars) and different
parameters (temperature, salinity, currents, sea level, wave,
chlorophyll, oxygen, nutrients, pH, fugacity of CO2) (Fig. 2).

Some available observations, such as from surface drifters,
thermosalinographs (TSGs), and acoustic Doppler current
profilers (ADCPs), are not always assimilated. However,
non-assimilated observations are essential for the indepen-
dent validation of analyses and forecasts, as well as for eval-
uating model and system improvements.

The global Argo array (Roemmich et al., 2019) plays a
fundamental role in ocean prediction (Le Traon, 2013). Im-
pact studies have confirmed and quantified the major im-
pact of Argo on ocean analysis and forecasting systems (e.g.
Turpin et al., 2016). The evolution of Argo into OneArgo,
which includes deep and BGC components, already shows
very promising results to improve ocean prediction systems
(Gasparin et al., 2020; Cossarini et al., 2019; Wang et al.,
2021; Mignot et al., 2023).

The most important other source of global observations
is the surface drifter network, which provides data on sur-
face currents; sea surface temperature; and, for some drifters,
sea surface salinity. Additionally, met-ocean and deep-ocean
mooring arrays (temperature, salinity, velocity, and biogeo-
chemical parameters) (OceanSITES, including the TAO/PI-
RATA/TRITON tropical arrays) provide essential data to val-
idate and constrain models. These are complemented by the

Voluntary Observing Ship (VOS) network, which provides
SST and SSS data as well as surface carbon measurements.

There is a growing need to increase in situ data cov-
erage in shelf and coastal areas. Other data sources, such
as HF radars, ferryboxes, gliders, tide gauges and coastal
monitoring stations, are regularly used to validate and con-
strain ocean prediction models. Uncrewed surface vehicles
(USVs), like saildrones, are also being used with increas-
ing frequency. The assimilation of HF radar data in regional
coastal models is an area of active development (Hernandez-
Lasheras et al., 2021; Drake et al., 2023), and the assimi-
lation of glider observations with sufficiently dense spatial
and temporal sampling at regional and coastal scales has also
proven highly effective (Pasmans et al., 2019; Levin et al.,
2021; Drake et al., 2023). The development of low-cost tech-
nologies and citizen science can also support expanding cov-
erage, particularly in coastal areas.

4 Most important near-future challenges

Ensuring the continuity of existing ocean observing systems
is a necessary, but not sufficient, requirement for ocean pre-
diction. Higher spatial and temporal resolution is required
to match the increasing model resolution and improve the
ability of ocean prediction systems to monitor and forecast
smaller scales, including in coastal areas. In this regard, the
development of operational swath altimetry (e.g. Morrow et
al., 2019; Benkiran et al., 2022), following the outstanding
results of the SWOT mission (Fu et al., 2024), is one of
the most critical requirements for the evolution of the satel-
lite observing system. For in situ observations, critical gaps
remain in coastal areas, shelf seas and polar regions. On a
global scale, the lack of biogeochemical observations limits
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Figure 2. In situ networks from the Global Ocean Observing System (GOOS).

our ability to monitor and forecast the “green ocean”, making
the development of OneArgo a high priority. Data standardis-
ation, quality assurance and quality control are also essential
to ensure that ocean prediction systems make the best possi-
ble use of observations.
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