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Abstract.

Understanding and predicting regional and coastal ocean dynamics requires the effective combination of numerical models
and observations that resolve key processes at suitable time and space scales. Fine-scale oceanic features and the ocean’s com-
plex subsurface structure remain a significant source of uncertainty in coastal and regional models due to lack of observations
at necessary scales. Recently available observation platforms provide an unprecedented view of the ocean’s fine-scale structure
both at the surface (the Surface Water and Ocean Topography satellite mission, SWOT) and below the surface (using data
from the Fishing Vessel Observation Network, FVON). Here we use advanced data assimilation to demonstrate the impact
of these novel observation types on dynamic ocean state estimates in an eddy-dominated western boundary current region,
the East Australian Current. First we show that these newly available observations benefit from an updated data assimilation
configuration. Using this improved configuration, we show that the inclusion of SWOT data improves model representation of
both the ocean surface across scales and of subsurface temperature (as observed by FVON). Assimilating FVON data, which
drastically increases subsurface information in the coastal and shelf region, significantly improves subsurface temperature rep-
resentation. Using novel observations from SWOT and FVON in a realistic ocean model, we show enhanced representation of

ocean structure, particularly below the surface, essential for improved ocean forecasts and projections.

Keywords: East Australian Current (EAC), Four-Dimensional Variational (4D-Var) Data Assimilation, mesoscale, subme-
soscale, prediction, Western Boundary Current, ROMS, subsurface, SWOT, Fishing Vessels as Ships of Opportunity (Fish-
SOOQOP), Fishing Vessel Observation Network (FVON), Observing System Experiments, OSEs

Key Points:

1. An updated data-assimilation configuration achieves improved fit to assimilated surface and subsurface observations and

to independent in situ observations.
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2. Inclusion of SWOT data improves model representation of sea surface height across scales, subsurface temperature in

the coastal and shelf regions, and surface velocities.

3. Assimilation of FVON data significantly improves subsurface temperature representation in coastal and shelf regions.

1 Introduction

Accurate estimates of the past, present and future ocean states are crucial to effectively manage our ocean environment. Ocean
state estimates require the combination of numerical models and ocean observations through data assimilation; observations
are typically sparse in time and space or surface intensified (as viewed from satellites) and models allow us to place these
observations in dynamical context (e.g. Moore et al., 2019). Ocean prediction at regional and coastal scales requires the effec-
tive combination of numerical models and observations that resolve key dynamical processes at suitable time and space scales
(Jacobs et al., 2021; Edwards et al., 2024). A key knowledge gap exists around the representation of fine-scale flows (including
submesoscales) in ocean models, due to the rapidly evolving flow and lack of observations at necessary scales. Likewise, the
ocean’s subsurface structure is often complex and remains typically undersampled making model estimates below the surface
uncertain (Gwyther et al., 2022, 2023a, b). Data assimilation is particularly challenging in regions of complex circulation, such
as eddy-rich oceanic regions and shelf seas, where the circulation contains a broad range of time and space scales (e.g. Walstad
and McGillicuddy, 2000; Edwards et al., 2015, 2024).

The goal of any data assimilation scheme is to combine observations and a numerical model such that the result is a better
estimate of the ocean circulation than either alone (e.g. Martin et al., 2024). Key to effective combination of the model and
observations are prior assumptions around the uncertainty associated with each. Advanced data assimilation methods (e.g.
4-Dimensional Variational data assimilation (4D-Var) and the Ensemble Kalman Filter (EnKF), Moore et al., 2020) make
use of the time-variable dynamics of the model, allowing the observations to be assimilated over a time interval given the
temporal evolution of the circulation. In 4D-Var (Moore et al., 2004) the model and observations are combined by minimising
an objective cost function that measures normalised deviations of the modelled ocean state from the observations as well as
from the modelled background state. The observation term of the cost function is given by the squared difference between
the observations and the model, weighted by the inverse of the observation uncertainty covariance to prevent ‘over-fitting’ the
solution to uncertain observations. The model background term is given by the squared model increment, weighted by the
inverse of the background uncertainty covariance matrix, which carries the statistical information of the model prior and is key
to accurately projecting the information contained by the observations onto the model state estimate. A key challenge associated
with assimilation of temporally and spatially sparse observations in dynamically active regions relates to the specification of
the background uncertainty covariances (Moore et al., 2019).

Effectively observing coastal and regional waters is particularly challenging given the scales of oceanic variability. Methods
to assess the value of observations on model state estimates and analyses can inform observing strategies and advances in data
assimilation approaches can optimize their value (Edwards et al., 2024). Studies in the East Australian Current (EAC) region

using advanced data assimilation (4D-Var) provide a broad understanding of observation impact in this dynamic WBC region
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(Kerry et al., 2018; Siripatana et al., 2020; Gwyther et al., 2022, 2023a; Kerry et al., 2025). They show that observations taken
in regions with greater natural variability contribute most to constraining the model estimates, and subsurface observations
have a high impact relative to the number of observations. Significantly, sampling the downstream eddy-rich region provides
constraint to the upstream circulation, whereas observing the coherent jet upstream provides less value to estimates of the
downstream eddy field. Kerry et al. (2020) highlight the challenges associated with predictability of fine-scale flows such as
cyclonic eddies inshore of the EAC that are rapidly decorrelated from the initial state, noting that submesoscale predictability
presents additional challenges to that of the more slowly-evolving mesoscale flows. Below the surface, complex structures
require constraint from observations such as gliders (Siripatana et al., 2020), while in the absence of subsurface constraint
structure below the surface can be degraded (Gwyther et al., 2022, 2023b, a). Likewise, assimilation of subsurface observations
(e.g. data from gliders) requires assimilation in combination with surface observations to suppress unrealistic features and
improve the impact of the subsurface observations (Pasmans et al., 2019). Assimilation of high-frequency in situ mooring
observations improved representation of fine-scale variability in the California Current system as measured by independent
glider and mooring observations, with the impacts dependent on the specific flow scenarios (Archer et al., 2022).

Recently available observation platforms provide an unprecedented view of the ocean’s fine-scale structure both at the
surface with the Surface Water and Ocean Topography satellite mission (SWOT) and below the surface with the Fishing Vessel
Observation Network (FVON, known as Fishing Vessels as Ships of Opportunity Program - FishSOOP in Australia). The
SWOT mission provides the first-ever synchronous 2D maps of sea surface height (SSH) at ~2 km resolution, albeit at low
temporal resolution (21-day repeat passes, Chelton, 2024; Morrow et al., 2019). FVON / FishSOOP has provided a step-change
in the availability of subsurface temperature data (since 2022), providing high-resolution observations from sensors mounted
on fishing equipment in coastal, shelf and open-ocean regions (Vranken et al., 2023; Jakoboski et al., 2024; Lago et al., 2025b).

Combining these newly available observations with a high-resolution model provides a unique opportunity to develop ocean
state estimates that represent finer scale oceanic features. Initial attempts to assimilate SWOT data in a realistic submesoscale
permitting model revealed the positive impact on both mesoscale and submesoscale representation (Kerry et al., 2026a). This
study showed that assimilating SWOT data improves representation and prediction of the larger-scale mesoscale motions,
consistent with results from Observing System Simulation Experiments (OSSEs) by Bonaduce et al. (2018); D’ Addezio et al.
(2019); Tchonang et al. (2021); Liu et al. (2024). Kerry et al. (2026a) also found that assimilation of SWOT data improves
representation (but not prediction) of the fine-scale dynamics. Using OSSEs, Kerry et al. (2024a) demonstrated the value of
assimilating FVON data on model representation of subsurface temperature, and show that the successful assimilation of these
high-resolution subsurface observations requires careful configuration of the data assimilation system to optimize the way in
which the observations inform the numerical model estimates. The potential value of FVON observations in informing complex
subsurface structure in the EAC was highlighted in Lago et al. (2025b), and their positive impact on coastal forecasts around NZ
was demonstrated by Azevedo Correia de Souza and de Godoi Rezende Costa (2026). Here we build on Kerry et al. (2026a) and
Kerry et al. (2024a) to combine SWOT and FVON observations with a regional model of a dynamic western boundary current

(WBC), the EAC, using comprehensively-used 4D-Var data assimilation infrastructure (Kerry et al., 2016, 2018, 2024b, 2025).
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The EAC system exhibits dynamic eddying circulation that varies across a range of time and space scales, making it chal-
lenging to observe, model and predict. This dynamic region serves as an excellent platform for testing a data assimilating
ocean model’s capacity to capture fine-scale dynamics and complex subsurface structure. This study focuses on assessing the
impact of SWOT and FVON data on predicting the surface and subsurface ocean circulation in the EAC region. We focus on
a 1-year period (Aug 2023-Jul 2024) due to the concurrent availability of SWOT and FVON data as well as a unique set of
independent observations (Figure 1, Section 2.3). These include high spatial resolution subsurface observations from a research
cruise, glider observations, and drogued surface drifters providing high resolution surface velocity data. Combining a regional
model of the EAC (Section 2.2) with observations using 4D-Var data assimilation (Section 2.4), we present a total of 6 data-
assimilating numerical model experiments (Section 2.5, Table 1). The experiments vary in their data assimilation configuration
and in the observations that they ingest: assimilating traditionally available data streams (satellite-derived Sea Surface Height
and Sea Surface Temperature, and temperature and salinity from Argo profiling floats) alone or in concert with SWOT and/or
FVON data.

First we present a strategy for optimization of the data assimilation configuration through adjustments to prior observation
and model background uncertainty estimates (Section 2.6). We assess model performance using average statistics over the
1-year period that compare the model solutions with assimilated surface and subsurface observations and independent in
situ observations (Section 3). We demonstrate that the updated configuration achieves an improved fit to assimilated and
independent observations (Section 4). We then use the updated configuration to assess the impact of observations collected by
SWOT and in situ observations collected through FVON, in addition to the traditionally assimilated data streams. We show
that inclusion of SWOT data improves model representation of sea surface height across scales, subsurface temperature in
the coastal and shelf regions, and surface velocities (Section 5). Assimilation of FVON data significantly improves subsurface

temperature representation in coastal and shelf regions (Section 6).
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Figure 1. (a) Mean Kinetic Energy from DUACS, with mean Eddy Kinetic Energy contours, showing the circulation in the EAC system
and the model domain (black box). (b) Location of assimilated Argo profile observations colour-coded by date. (c) Example of SWOT
SSH coverage for a 6-day period (6-12 Oct 2023). (d) Location of assimilated FVON / FishSOOP observations. (e) Location of drifters,
Moana sensors aboard the RV Investigator and glider observations used for independent verification. (f) Number of DUACS SSH and daily
SST observations (after processing), (g) number of in situ observations (after processing), and (h) number of SWOT observations (after

processing) per day.

2 Hydrodynamic Model and Data Assimilation System Configuration

The methodology described here expands on that used in Kerry et al. (2026a). This paper presents an updated data assimila-
tion configuration and number of new experiments to elucidate the impact of SWOT and FVON observations, alone and in

combination. While much of the model and data assimilation methodology described below was previously published in the
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Supporting Information of Kerry et al. (2026a), it is necessary to repeat and build on this information for the purpose of this

article.
2.1 Study Region

The EAC is the WBC of the South Pacific subtropical gyre (Figure 1a), advecting warm water along the southeastern coast
of Australia (Oke et al., 2019). The position of the EAC jet and its associated eddies are responsible for the significant ocean
variability experienced off southeastern Australia (Cetina Heredia et al., 2014; Sloyan et al., 2016; Kerry and Roughan, 2020)
and the non-uniform warming trends (Malan et al., 2021). Along the extent of the EAC system, eddies can directly influence
shelf circulation (Roughan et al., 2011; Schaeffer et al., 2014; Schaeffer and Roughan, 2015; Malan et al., 2023). When
the current jet separates from the coast, large warm-core eddies are shed with cold-core eddies between them. These eddies
propagate and evolve (Pilo et al., 2015a, b) and often exhibit complex vertical structure including tilting and stacking (Oke and
Griffin, 2011; Macdonald et al., 2013; Roughan et al., 2017; Pilo et al., 2018; Rykova and Oke, 2022).

2.2 The Regional Ocean Modeling System Configuration

We use the Regional Ocean Modeling System (ROMS version 4.2) to simulate the ocean circulation off the southeastern coast
of Australia between August 2023 - July 2024 as part of the South East Australian Coastal Ocean Forecast System (SEA-
COFS, Roughan and Kerry, 2023)). ROMS is a widely used free-surface, hydrostatic, terrain-following, primitive equation
ocean model and is described by Haidvogel et al. (2000); Shchepetkin and McWilliams (2005). The model configuration used
in this study has been used for a decade of research in the EAC System and is described in detail in Kerry et al. (2016, 2020);
Roughan and Kerry (2023); Kerry et al. (2026a).

The study domain covers the latitudinal extent of the EAC system including the five core dynamical regimes from where
the current jet is most coherent, the EAC separation region, the EAC retroflection, the region of high eddy activity associated
with the EAC eastern extension, and the EAC southern extension (Oke et al., 2019, , Figure 1a). The model has a varying
cross-shore horizontal resolution, increasing from 2.5 km over the continental shelf to 6 km offshore, and a 5 km horizontal
resolution in the along-shore direction. Higher resolution over the shelf allows the steep topography to be maintained while
minimizing pressure gradient errors that emerge in terrain-following coordinate schemes (Haney, 1991; Mellor et al., 1994).
In the vertical, we use 30 s-layers with the vertical stretching scheme of De Souza et al. (2015) applied.

Initial conditions and boundary forcing are derived from the Bureau of Meteorology (BOM) OceanMAPS forecast (Brass-
ington et al., 2023), similarly to earlier configurations (Kerry et al., 2026a). The model is forced at the surface with realistic
atmospheric forcing derived from BOM’s ACCESS-R atmospheric forecast.

A longterm free-running configuration accurately represents the mean dynamical features of the EAC and its variability, both
at the surface and at depth (Kerry and Roughan, 2020; Li et al., 2021, 2022). Specifically, these studies show that the model
accurately represents the mesoscale eddy related variability in SSH, the latitudinal distribution of EAC separation, the seasonal
cycle in sea surface temperature (SST), the ocean’s general subsurface structure based on data from Argo profiling floats, EAC

transport and the temperature depth structure across the EAC.
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2.3 Observations

Here we combine the EAC-ROMS hydrodynamic model with observations (Section 2.3) using 4D-Var data assimilation (Sec-
tion 2.4) over a 1-year period (August 2023 - July 2024). The assimilated observations include a combination of the obser-
vations described in Sections 2.3.1-2.3.5 (refer to Table 1). Model experiments are compared to all observations, including
observations that are independent to all experiments (Section 2.3.6). The number of processed observations per day is shown

in Figure 1f,g,h.
2.3.1 Nadir altimeter derived Sea Surface Height

Along-track satellite altimetry data are merged to produce a global, daily, gridded (1/4° x 1/4°) mean sea level anomaly (SLA)
product, computed with respect to a seven-year mean, using the Data Unification and Altimeter Combination System (DUACS).
We use the level 4 gridded Near Real Time (NRT) product CMS (2024) which is produced for operations, delivered every day
and uses a non-centered processing time-window with a 6-day delay (as future data is not available). We add the AVISO
SLA data to the dynamic Sea Surface Height (SSH) mean from a longterm free running model such that the sea level data is
consistent with the ROMS model configuration (a standard procedure shown to be effective in numerous studies, e.g., Moore
et al., 2011a; Matthews et al., 2012a; De Souza et al., 2015; Kerry et al., 2016; Wilkin et al., 2022). As the DUACS gridded

product poorly resolves continental shelf processes, we exclude SSH observations over water depths less than 1000 m.
2.3.2 Satellite-derived Sea Surface Temperature

Four different satellite-derived Sea Surface Temperature (SST) products are used for this study (VIIRS, VIIRS2, NAVO and
AMSR?2). For assimilation, we average all SST data to a grid of ~ 15 km resolution (approximately 3 model grid cells by 3
model grid cells) and to daily intervals, and assimilate the data at midnight every day. This data thinning approach is employed
such that the number of SST observations is of similar order of magnitude to the number of SSH observations (Figure 1f),
ensuring that SST does not overly dominate the cost function (e.g. Kerry et al., 2016). SST data is removed inside the 300 m

bathymetry contour.
2.3.3 Argo floats (Temperature and Salinity Profiles)

Argo (free-drifting profiling) floats measure pressure, temperature and salinity of the upper 2000 m of the global ocean (www.
argo.ucsd.edu, Figure 1b). The Argo data points are averaged to the model grid (in the horizontal and vertical) and a 5-minute
time-step. Following Wilkin et al. (2022), we repeat the profiles every 2 hours within a two-day time interval (at actual time
+1 day).

2.3.4 Surface Water and Ocean Topography Sea Surface Height observations

The SWOT mission uses both a nadir altimeter and a Ka-band Radar Interferometer (KaRIN) to measure ocean surface topog-

raphy. SWOT measurements are at a nominal resolution of 2 km over a 130 km wide swath with near-global spatial coverage
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every 21 days. Here we use the noiseless SSH anomaly (SSHA) from the Level 3 v102 expert data (AVISO/DUACS, 2024;
Tréboutte et al., 2023; Dibarboure et al., 2025). As with the gridded DUACS data (Section 2.3.1), we add the SWOT SLA
data to the dynamic SSH mean from a longterm free running model for assimilation. Six-day windows allow for several swath
passes to be assimilated in each window (e.g. Figure 1c). Unlike DUACS SSH observations, SWOT data is not excluded over

shallow water depths.
2.3.5 Fishing Vessels as Ships of Opportunity (FishSOOP) subsurface temperature observations

Australia’s Fishing Vessel Observation Network (FVON, known as FishSOOP in Australia) is a collaborative project between
research and industry, initially co-funded by the Fisheries Research and Development Corporation (FRDC) and Australia’s
Integrated Marine Observing System (IMOS), to install temperature sensors on commercial fishing vessels around Australia
(Lago et al., 2025b). FishSOOP is a founding partner of the International Fishing Vessel Observation Network (FVON). Low-
cost research-quality temperature sensors (Zebratech Moana TD 200 m, 1000 m, or 2000 m sensors) are installed on the fishing
equipment and collect data during routine fishing operations. The collaborative data collection has provided a step-change in
the availability of in-situ temperature observations, primarily on and near the continental shelf (Figure 1c, Figure 6). Data are
processed using IMOS standards and quality control flags applied as per Lago et al. (2025a). The FVON observations will be
hereafter referred to as FishSOOP in this paper.

2.3.6 Independent Observations used for system assessment

A suite of additional observations were also available over the data rich simulation period. These data are independent obser-
vations against which we assess the performance of the model experiments.

A 3-week research cruise aboard Australia’s Marine National Facility, the RV Investigator, was completed in Oct. 2023. The
cruise provides detailed 3-dimensional observations of oceanic eddies and fronts in the EAC (Azaneu et al., 2026), delivering a
unique opportunity to comprehensively validate our subsurface ocean state estimates. Here we make use of data from additional
Moana temperature sensors that were deployed on equipment during the research cruise (Figure 1e,h).

Temperature and salinity data from ocean gliders, operated through IMOS, was available in Aug. 2023, Oct. 2023 and May-
June 2024 (Figure le,g). Gliders are intended to routinely measure across the continental shelf along the inside edge of the
EAC (e.g as per Schaeffer et al., 2015), with some missions extending off the shelf before recovery.

Twenty-six Surface Velocity Program drifters (SVPs) from the Global Drifter Program (GDP; Elipot et al., 2016) entered
the model domain between August 2023 and July 2024 (Figure le), including 19 deployed during the 2023 research voyage
(Matisons et al., 2026). SVP drifters are satellite-tracked buoys drogued at 15 m depth that measure surface current velocities,
which are interpolated to six-hourly intervals in the GDP dataset. Drifter quality control follows the method described in Elipot
et al. (2016). Surface velocities are low-pass filtered using a second-order Butterworth filter with a 25 hour cut-off to remove

tidal and inertial oscillations (as in Tranchant et al., 2025).
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2.4 Data Assimilation Methodology

A description of the classic state estimation problem and how it is applied in 4D-Var is outlined in Kerry et al. (2024b). A
detailed description of the ROMS 4D-Var formulation and implementation is described by Moore et al. (2011c, a, b), and it
has been used successfully in many applications (e.g. Di Lorenzo et al., 2007; Powell et al., 2008; Powell and Moore, 2008;
Broquet et al., 2009; Matthews et al., 2012b; Zavala-Garay et al., 2012; Janekovic et al., 2013; Souza et al., 2014; Kerry et al.,
2016; Gwyther et al., 2022; Wilkin et al., 2022).

4D-Var uses variational calculus to solve for increments in model initial conditions, boundary conditions, and forcing such
that the differences between the observations and the new model trajectory (described by a cost function) is miminized — in
a least-squares sense — over a specific assimilation window. The goal is for the model to represent all of the observations in
time and space using the physics of the model, and accounting for the uncertainties in the observations and background model
state, producing a description of the ocean state that is dynamically balanced and a complete solution of the nonlinear model
equations. As such, key components of a 4D-Var system are prior estimates of the background (prior model) uncertainties (P)
and the observation uncertainties (R), which are important scaling factors in the cost function. The formulation of the cost
function and the background error covariance matrix is described in detail in Kerry et al. (2016, 2024b).

The background uncertainty covariance matrix should represent the expected uncertainties in the model and is estimated
here by factorization (Weaver and Courtier, 2001). In classic 4D-Var (used here) the background uncertainty covariance ma-
trix is based on information about the dominant dynamical balances of the system, as well as the average statistics of errors
in the forecast system (Lorenc, 2003). The covariances are assumed to be static with isotropic horizontal and vertical length
scales (refer to Kerry et al., 2026a); flow-dependence is introduced through the tangent-linear and adjoint models. In prac-
tice, formulation of the background uncertainty covariance matrix requires prior estimates of the uncertainty associated with
the background model (standard deviations of the model fields taken from a long-term model simulation) and estimates of
the characteristic horizontal and vertical decorrelation length scales. The observation uncertainties should represent both the
instrument error and errors of representativeness, which account for unresolved processes and scales in the model (Oke and
Sakov, 2008).

The specific prescribed prior observation and background uncertainties for the model experiments used in this study are
described in Section 2.6.1, 2.6.2 and Table 1. To attempt to optimize the system, an iterative approach was used in the specifi-
cation of the prior choices of observation uncertainties (R) and the standard deviations and length scales used to compute (P).

This approach is presented in Section 2.6.
2.5 Model Experiments

We use the EAC-ROMS data assimilating model configuration used in Kerry et al. (2026a) and previously described in Kerry
etal. (2016, 2018, 2020). As with Kerry et al. (2026a), the model was configured over Aug 2023 - Jul 2024 and used an updated
ROMS 4D-Var algorithm (the Restricted B-preconditioned Lanczos). Here we describe 6 4D-Var experiments (refer to Table
1), 3 of which were introduced in Kerry et al. (2026a); HotStart, TRAD and TRAD+SWOT. In all experiments, we adjust the
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model initial conditions only (boundary and surface forcing are not included in the control vector) such that the new model
solution (the analysis) better represents the observations over the assimilation interval. The analysis then provides the initial
conditions for the subsequent forecast (model background estimate).

The TRAD experiment assimilates the ‘traditionally available’ observations; gridded SSH derived from along-track Nadir
satellite altimetry data (Section 2.3.1), satellite-derived SST (Section 2.3.2) and temperature and salinity profiles from Argo
floats (Section 2.3.3). The TRAD+SWOT experiment assimilates these ‘traditionally available’ observations in concert with
the SWOT observations (Section 2.3.4). TRAD and TRAD+SWOT are identical to the experiments presented in Kerry et al.
(2026a). As detailed in Kerry et al. (2026a) and Sections 2.6.1 and 2.6.2 below, the prior observation uncertainties applied
to the DUACS SSH observations are inflated for TRAD+SWOT compared to TRAD, and the horizontal decorrelation length
scales for SSH, u and v are reduced (Table 2.5.1). TRADshortTS and TRAD+SWOTsh assimilate the same observations as
TRAD and TRAD+SWOT respectively, but have different (optimized) prior specified observation and background uncertainty
estimates. This was achieved through an informed iterative process described in detail in Section 2.6. TRAD+FishSOOP and
TRAD+SWOT+FishSOOP use the optimized prior uncertainties as in TRADshortTS and TRAD+SWOTsh, but also include
the FishSOOP high resolution sub-surface temperature data.

The experiments are summarized in Table 1, which shows the observations that are assimilated in each experiment and the
prior choices of observation uncertainties, horizontal and vertical decorrelation length scales and standard deviations (used
in the calculation of the background error covariance matrix, Section ??). These are the tunable prior choices for the classic
4D-Var data-assimilation configuration in ROMS. We also compare the 4D-Var systems to a ‘Hot Start’ model run: here the
ROMS free running model is initialized with OceanMaps every 6 days and no data assimilation is performed on the nested
ROMS grid. The ‘Free Run’ (not included in Table 1) is initialized with OceanMaps at the initial time and integrated over the
1-year period without data assimilation. Comparisons to the Free Run (e.g. Table 3) are useful as a baseline to show the value

of data assimilation.
2.5.1 Assimilation Configuration

In this study, we use a 6-day window so that the tangent linear assumption remains reasonably valid at this model resolution,
and allowing a reasonable coverage of SWOT data for most 6-day periods. Previous work in the EAC (Kerry et al., 2016) and
the Philippine Sea/Kuroshio region (for a ROMS model of similar resolution, Kerry and Powell, 2022) showed that the tangent
linear assumption remains reasonably valid for realistic perturbations over 5-7 days in these dynamic regions. We find that 14

inner loops and a single outer loop give an acceptable reduction in the cost function (rather than a true minimum).
2.6 Prior Uncertainty Estimates: Consistency and Optimization

The validity of the prior assumptions of the background and observation uncertainties (Section 2.6.1 and 2.6.2) is important in
determining the optimality of the analysis. Our goal is to generate a new time-varying ocean state estimate that is a complete
solution of the ocean model equations and better fits the observations, taking into account the uncertainties of both the model

background state (the initial estimate, or the forecast) and the observations. If the observation uncertainty is too large compared
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Table 1. Model experiment details. For the observation platforms we show whether the observation platform is assimilated or not and the

prescribed prior observation uncertainties. Standard deviations and decorrelation length scales refer to those used in the formulation of P
(refer to, Kerry et al., 2024b).

. TRAD+ TRAD+ TRAD+SWOT
Model experiment: Hot Start TRAD TRADshortTS TRAD+SWOTsh
SWOT FISHSOOP +FISHSOOP
Window length 6 days 6 days 6 days 6 days 6 days 6 days 6days
. . Ocean Previous Previous Previous Previous Previous Previous
Initial conditions
Maps analysis analysis analysis analysis analysis analysis
Assimilated
observations
DUACS SSH
X v (6cm) v (8cm) v (6cm) v (6¢cm) v” (6cm) v (6cm)
(prior uncertainty)
SWOT SSH
X X v (2-4cm) X X v (3-4cm) v (3-4 cm)
(prior uncertainty)
Midnight SST
& X v (0.4°C) v (0.4°C) Vv (0.4°C) v (0.4°C) v (0.4°C) v (0.4°C)
(prior uncertainty)
Argo temperature v’ v’ v’ v’ v’ v’
(prior uncertainty) (0.05-0.4°C)  (0.05-0.4°C) (0.05-0.4°C) (0.05-0.4°C) (0.05-0.4°C) (0.05-0.4°C)
Argo salinity v’ v’ v’ v’ v’ v’
(prior uncertainty) (0.005-0.04)  (0.005-0.04) (0.005-0.04) (0.005-0.04) (0.005-0.04) (0.005-0.04)
v’ v’
(QC1 and QC2, (QC1 and QC2,
FishSOOP temperature
X X X X 0.05-0.4°C) X 0.05-0.4°C)
(prior uncertainty)
(QCs3, (QC3,
0.1-0.8°C) (0.1-0.8°C)
Horizontal 40km (SSH) 100km (SSH) 100km (SSH) 40km (SSH) 40km (SSH)
decorrelation scale N/A 100km 50km (u,v) 100km (u,v) 100km (u,v) 40km (u,v) 40km (u,v)
(km) 100km (T,S) 40km (T,S) 40km (T,S) 40km (T,S) 40km (T,S)
Vertical
decorrelation scale N/A 30m 30m 30m 30m 30m 30m
(m)
6-da 6-da 6-da; 6-da
Standard 6-day 6-day Y Y Y Y
N/A tripled tripled tripled tripled
deviations doubled doubled
(doubled temp.) (doubled temp.)  (doubled temp.)  (doubled temp.)
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to the background the analysis will ignore the observation. If the observation uncertainty is too small, the analysis will over-fit
to the observation and may develop an unphysical response. A measure of the consistency of the assimilation system given the
prior uncertainty assumptions can be made using a set of diagnostics based on the innovation statistics, presented in Desroziers
et al. (2005). These diagnostics are based on the observation minus background, observation minus analysis, and analysis
minus background differences and provide a check of the consistency of the prior choices of the background and observation
uncertainty covariances. The level of agreement between the a priori specified uncertainties (B and R), and the errors diagnosed
a posteriori following the methods introduced by Desroziers et al. (2005) (hereafter referred to as the diagnostic errors) provides
a measure of the appropriateness of the estimates of B and R.

Our prior observation uncertainty estimates were based on instrument accuracy and previous experience (for representation
error), and our initial background uncertainty hypotheses related to mesoscale variability of the free-running model (as in Kerry
etal., 2016). Then an iterative approach was used to adjust prior choices of both the observation and background uncertainties to
improve the optimality of the analyses. For the ratios of diagnostic errors and prior observation and background uncertainties, a
value of unity represents optimal consistency between the prior uncertainty choices and the diagnostic errors. Where the ratios
of diagnostic errors to prior uncertainties are > 1, prior specified uncertainty is less than optimal (over-fitting), and ratios <1
represent under-fitting. As seen in Table 2, the ratios for TRAD and TRAD+SWOT suggest there is some overfitting, while
the adjustments made for the other 4 experiments achieve ratios closer to 1. Overall, updating the configurations such that
they are closer to optimal (as described in Sections 2.6.1 and 2.6.2) translates to improved fit to assimilated and independent

observations (Section 4).
2.6.1 Prior Observation Uncertainties

The prescribed observation uncertainties for the experiments presented in this study are given in Table 1. The DUACS delayed-
time global SLA product error for the region is estimated at 2 cm (CMS, 2024). We prescribe an observation uncertainty of
6-8 cm to account for imbalances between this statistical field and a dynamically-balanced SSH field required by the model,
and the higher spatial-scale processes resolved by the model compared to the gridded product.

For TRAD+SWOT (Kerry et al., 2026a), where SWOT is assimilated in concert with the conventional-altimeter-derived
gridded DUACS product, the DUACS uncertainties were inflated from 6 cm to 8 cm. The reasoning was to allow the DUACS
SSH to provide constraint when and where SWOT was not available, but to allow a tighter fit to the fine-scales resolved by
SWOT when the SWOT observations were available. However, error diagnostics to check consistency of the prior observation
and background uncertainty choices found that 6 cm was more appropriate for the DUACS observation uncertainty across all
experiments (even with the inclusion of SWOT, Table 2).

The SWOT data (Level 3 v102 expert noiseless SSHA used here, AVISO/DUACS, 2024; Tréboutte et al., 2023; Dibarboure
et al., 2025) has various corrections applied including removing tidal signals. The total SSH signal of processes that are
observed by SWOT and that may not be effectively removed from the data (such as non-stationary internal tides) must be
accounted for in the specified uncertainty. We prescribe observation uncertainties for SWOT of 2-4 cm for TRAD+SWOT
(Kerry et al., 2026a), scaled linearly from 2 cm at the centre to 4 cm at the outer edge of the swath. For TRAD+SWOT both
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the diagnosed observation and background errors are about two times bigger than the prior uncertainties, indicating overfitting
(Table 2, Figure 2: top panels). We find that increasing the observation uncertainties slightly to 3-4 cm across the swath, and
adjusting the background uncertainties (Table 2.5.1 and Section 2.6.2) resulted in across-swath ratios very close to unity for
TRAD+SWOTsh (Figure 2) and TRAD+SWOT+FishSOOP (not shown).

For SST, the prescribed observation uncertainty is chosen to be the maximum of the variance of all observations that fall
within an ~ 15 km cell within the daily period (Section 2.3.2), and the specified product error which is 0.4 °C. The Argo data
points are averaged to the model grid (in the horizontal and vertical) and a 5S-minute time-step (Section 2.3.3). Uncertainty pro-
files are defined to specify the nominal minimal uncertainties for subsurface temperature and salinity (method and error profile
shape presented in Kerry et al., 2016). The profiles provide greater uncertainties in the depth ranges of greatest variability,
where representation errors are likely to be the largest. For temperature, the profiles have a value of 0.4 °C from the surface to
~250 m depth (the region of greatest variability). Below 1000 m the value is set to 0.05 °C. The observation error variance is
specified as the maximum of this nominal minimum error variance and the variance of the observations from the same model
cell.

For the FishSOOP data, the nominal minimum uncertainty profiles are dependent on the prescribed quality control flags
(Lago et al., 2025a). Quality control flags are applied to the FishSOOP data in line with IMOS protocol, with additional QC
flags applied to the data location (to account for uncertainty of the location of the fishing equipment relative to the vessel, from
which the location information is sourced). The flags refer to uncertainty on location <5 km (QC==1), 5-50km (QC==2), and
uncertainty on location of >50km (QC==3). The latter is most common on long-line fishing vessels where the equipment can
be a considerable distance from the vessel which records the position. For observations with quality control flags equal to 1 or
2, the same nominal minimum uncertainty profiles as Argo are used. For FishSOOP observations with quality control flags of 3,
the nominal minimum uncertainty profiles are doubled to account for location uncertainty. As with Argo, FishSOOP data points
are averaged to the model grid (in the horizontal and vertical) and a 5-minute time-step (Section 2.3.5), and the observation
error variance is specified as the maximum of the nominal minimum error variance and the variance of the observations from

the same model cell and time-step.
2.6.2 Prior Model Background Uncertainties

The model standard deviations and the horizontal and vertical decorrelation length scales used to formulate the background
error covariance matrix are given in Table 1. The choice of length scales used for TRAD was comprehensively justified in Kerry
et al. (2016) based on the goal of representing the mesoscale eddy field. In Kerry et al. (2026a), horizontal length scales for
SSH and velocities were reduced when assimilating SWOT data (TRAD+SWOT) due to the resolution of finer-scale features
by SWOT. To assess the sensitivity of the choice of horizontal length scales, Kerry et al. (2026a) performed an experiment with
SWOT data that used the same length scales as TRAD, and showed that the shorter length scales used in TRAD+SWOT gave
an improved fit to SWOT SSH observations across all scales and all sections, supporting the choice of reduced length scales.
Shorter length scales for temperature and salinity were also applied for TRADshortTS, TRAD+FISHSOOP, TRAD+SWOQOTsh
and TRAD+SWOT+FishSOOP. This approach was taken because of the new availability of FishSOOP data which can measure
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across fine-scale features, in constrast to previous experiments that assimilated only surface observations and in situ profiles
from Argo floats. The choice of shorter decorrelation length scales for the background error covariance matrix was also based
on results from Kerry et al. (2024a) that showed that shorter length scales prevent overfitting to localised observations and
improve model-observation agreement away from the fishing vessel mounted observations.

Sensitivity analysis was performed on the vertical length scales (10 m, 30 m, 50 m and 100 m). A vertical decorrelation length
scale of 30 m was found to be optimal to represent the complex vertical structure in the observed profiles while preventing
unrealistic vertical structure in the profile adjustments.

The standard deviations were initially computed as the square root of the mean 6-day variances from a long (6.5 year, 2012-
2019) free-running simulation. Guided by a posteriori analysis of the initial simulations (following Desroziers et al., 2005,
refer to Section 2.6), the standard deviations were doubled for TRAD and TRAD+SWOT to provide more consistent back-
ground error estimates. For TRADshortTS, TRAD+FishSOOP, TRAD+SWOTsh and TRAD+SWOT+FishSOOP, the standard
deviations for temperature were doubled (as in TRAD and TRAD+SWOT) and standard deviations for all other variables were

tripled, effectively relaxing the fit to the model background.

Table 2. Ratio of diagnostic errors and prior uncertainties for observations and mode background as per Desroziers’ equations (Desroziers
et al., 2005). Values are given for the model domain and averaged over the one-year period. The ratio for observations is outside of brackets
and the ratio for model background is in brackets. For the ratios of diagnostic errors and prior uncertainties, a value of unity represents
optimal consistency between the prior uncertainty choices and the diagnostic errors. Where the ratios of diagnostic errors to prior observa-
tion (background) uncertainties are >1, prior specified observation (background) uncertainty is less than optimal (over-fitting). Ratios <1

represent under-fitting.

. TRAD+ TRAD+ TRAD+SWOT
Model experiment: TRAD TRADshortTS TRAD+SWOQOTsh
SWOT FISHSOOP +FISHSOOP
DUACS SSH 1.54 (1.17)  0.93 (1.27) 0.94 (0.69) 1.08 (0.73) 0.83 (0.69) 0.92 (0.74)
SWOT SSH N/A (N/A)  1.70 (1.94)) N/A (N/A) N/A (N/A) 1.01 (1.00) 1.1 (1.06)
Midnight SST 1.23(091) 1.22(0.96) 0.59 (0.55) 0.62 (0.57) 0.61 (0.54) 0.63 (0.54)
Argo
1.24 (1.39)  1.25(1.39) 0.81 (1.13) 0.93 (1.17) 0.86 (1.11) 0.89 (1.10)
Subsurface Temp.
Argo
1.26 (1.79)  1.41 (1.80) 0.93 (1.11) 1.00 (1.16) 1.02 (1.08) 1.13 (1.03)
Subsurface Salinity
FishSOOP
N/A (N/A)  N/A (N/A) N/A (N/A) 1.05 (0.76) N/A (N/A) 1.13 (0.73)
Subsurface Temp. QC1+2
FishSOOP
N/A (NJA)  N/A (N/A) N/A (N/A) 0.43 (0.45) N/A (N/A) 0.44 (0.50)
Subsurface Temp. QC3
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Figure 2. Diagnostic errors and prior observation and background uncertainties for SWOT observations as per Descroziers’ equations
(Desroziers et al., 2005) as a function of cross-track distance (a,b) and ratios (c,d) for experiments that include SWOT data. Diagnostic
errors and prior observation and background uncertainties for in-situ observations as a function of depth for Argo temperature (e,f), Argo

salinity (g,h) and FishSOOP observations with QC values 1 and 2 (i).

15



360

365

370

375

380

385

https://doi.org/10.5194/egusphere-2026-2467
Preprint. Discussion started: 21 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

3 Analysis Performance Results

We begin by assessing the overall performance of the 4D-Var experiments relative to observations. The model analyses are
compared to the observations that become available over the assimilation window to quantitatively assess the performance of
the model over time. Note that the observations presented in the comparisons are not all assimilated in all experiments (refer
to Table 1 and Table 3). Comparing analyses against assimilated observations provides objective assessment of the analysis fit,
while comparison to independent observations provides a measure of the system performance away from assimilated data.

A 1-year free-running simulation (Free Run) is presented as a baseline to illustrate the benefit of data assimilation (Table
3). This run is initialized from OceanMAPS on 1 August 2023 and runs freely with no data assimilation over the entire year.
The Hot Start experiment is initialised from OceanMAPS every 6-days; data assimilation is performed on the parent model
but no data assimilation is performed on the regional ROMS domain. The Hot Start provides a non-assimilating experiment
with spin-up of the near-global model on the higher-resolution regional domain over 6-days, and provides a benchmark for
the 6 assimilating experiments. For the assimilating experiments, observations are assimilated using 4D-Var over a 6-day time
window, with the analysis providing initial conditions for the subsequent 6-day forecast. For the Hot Start and the 6 assimilating
experiments, 61 successive 6-day windows make up the 1-year model experiment period.

To assess model skill, we extract the model values at the observation times and locations for all assimilated and independent
observations. The domain- and year-averaged model-observation differences (Mean Absolute Difference, MAD) are presented
in Table 3. Table 4 summarizes the MAD results from Table 3 in terms of percentage improvement to display the impacts of
the updated data assimilation configuration, the updated data assimilation configuration with SWOT data, and the impacts of
FishSOOP, SWOT and FishSOOP and SWOT together. The far right column (TRAD+SWOT+FishSOOP compared to TRAD)
shows the total improvement achieved through the updated data assimilation configuration, and the inclusion of SWOT and
FishSOOP data, in addition to the ‘traditionally available’ observations.

Spatial plots of model skill at the surface are presented for three chosen experiments (TRADshortTS, TRAD+SWOTsh and
TRAD+SWOT+FishSOOP), for all observations over the 1-year period binned into 0.5 cells (Figure 3a-c). For subsurface
observations, observations and the corresponding model values over the 1-year period are binned with depth and we present
profiles of the mean, bias, and MAD between the models and the observations, and the number of observations in each depth
bin (Figure 3d,e for Argo and Figure 4 for the FishSOOP and all independent subsurface observations). At Argo float times
and locations we also compute the mixed layer depth (MLD), and Table 3 displays the Coefficient of Determination (R?) value
associated with the linear fit between modelled and observed MLD, and the MAD. We compute the MLD as the surface duct
depth, computed here as the depth at which the sound speed reduces by 0.5 ms~! below the upper-ocean-maximum sound
speed.

For SSH observations, the model-observation differences are presented as wave-number spectra to illustrate model fit across
scales (Figure 5). Spatial representation of the model-observation differences and the coverage of subsurface temperature

observations from Argo and the FishSOOP program are shown in Figure 6, separated into depth ranges representing the upper
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ocean including the mixed layer (upper 50 m), the thermocline region (50-400 m) and a region of 100 m above the ocean
bottom.

Drogued surface drifters provided current velocity measurements across the model domain over the 1-year period (Figure
le, Section 2.3.6). As the drifters are drogued at 15 m depth they effectively measure the current velocity integrated over the
upper 15 m, so we make comparisons against model velocities integrated over the upper 15 m (upper 3-4 model layers). A
simple correction to remove Stokes drift from the drifter velocities is applied, where Stokes drift is estimated as 1% of the
wind speed (following Tamtare et al., 2022). Drifter observations representing velocities integrated over the upper 15 m are
compared to the modeled velocities at the drifters’ corresponding times and locations in Figure 7.

The results are discussed below in the context of the impact of the optimized data assimilation configuration (Section 4), the
impact of assimilating SWOT data (Section 5) and the impact of assimilating FishSOOP data (Section 6). Like most studies
that assess the performance of a data assimilative system, we present average statistics describing model-observation differ-
ences against assimilated and independent observations (in this case over a 1-year period). However, we note that independent
observations from gliders and a research cruise observe specific flow structures without widespread spatial and temporal cov-
erage, so spatially and temporally averaged statistics comparing these observations to the different model experiments are not
a conclusive way to compare experiments. In Kerry et al. (2026c) we exploit these independent observations to present several

specific flow scenarios to elucidate the impact of SWOT and FishSOOP observations in revealing complex fine-scale structures.
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Figure 3. (a-c) Mean Absolute Difference (MAD) for SST (a), DUACS SSH (b) and SWOT SSH (c) for the 3 data-assimilating experiments
labelled. Domain-wide MAD is shown in top left corners. (d) Mean temperature observed by Argo floats and mean modelled temperature
extracted at all Argo observation locations and times, temperature bias, and MAD between model and observed temperature at all Argo
observation locations and times averaged over the assimilation cyclgg and number of observations per depth bin. (¢) Same as (d) but for

salinity observed by Argo floats.
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Table 3. Fit of all model experiments to assimilated and independent observations. Each cell contains the year-averaged MAD, and whether

the observation platform is assimilated (v") or not (x). For Mixed Layer Depth (MLD) at Argo float times and locations, R2/MAD are

shown.
TRAD+ TRAD TRAD+ TRAD+ TRAD+SWOT
Model exp.: Free Run  Hot Start TRAD
SWOT shortTS ~ FishSOOP  SWOTsh +FishSOOP
DUACS
15.8 (x) 9.3 (x) 92.1(v) 12() 56K 6.3 (V") 45 W) 5.0 ()
SSH (cm)
T
SWO 154 (x) 9.6 (x) 10.1 (x) 4.8 (x) 7.0 (x) 7.6 (x) 3.1 (v) 34 (V)
SSH (cm)
Midnight 0.94 0.53 0.58 0.59 0.35 0.37 0.36 0.37
SST (°C) (x) (x) ~) ~) ~) ~) ~) ~)
Argo temp. 1.20 0.71 0.55 0.57 0.38 0.36 0.37 0.38
(upper 1000 m) (x) (x) ~) ~) ~) ~) ~) ~)
Argo salinity 0.11 0.072 0.050 0.060 0.032 0.033 0.039 0.039
(upper 1000 m) (x) (x) ~) ~) ~) ~) ~) ~)
0.25/28.7 0.49/25.4 0.51/19.2 0.35/23.0 0.59/15.8 0.61/16.3  0.60/16.5 0.62/16.6
Argo MLD (m)
(x) (x) ~) ~) ~) ~) ~) ~)
FishSOOP temp.  1.26(x) 0.93(x) 1.05(x) 1.03(x) 0.92(x) 0.51(v") 0.88(x) 0.54(v")
Moana temp.
1.38(x) 1.10(x) 0.89(x) 0.94(x) 0.73(x) 0.80(x) 0.79(x) 0.87(x)
- Cruise
Glider temp. 1.37(x) 1.19(x) 1.67(x) 1.58(x) 1.40(x) 1.41(x) 1.67(x) 1.27(x)
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Table 4. Percentage improvement (%) based on the MADs from Table 3. The MAD is the domain- and year-averaged MAD between the

observations (platforms in left colum) and the model experiment (sampled at observation times and locations). The percentage improvement

in MAD between Exp; vs Exp; is ((MAD; — MAD,)/MAD) x 100. A positive number refers to improvement in the fit to that observation

platform, while a negative number refers to a degradation in the fit. The model experiments compared are given in the top row, with explana-

tion of what the comparison shows. For example, comparing TRADshortTS and TRAD shows the impact of the updated DA configuration

(given assimilation of ‘traditionally available’ observations). Comparing TRAD+SWOTsh and TRADshortTS shows the impact of SWOT

data (given the updated DA configuration). The last column shows the total improvement achieved through the updated DA configuration

and the inclusion of SWOT and FishSOOP data (in addition to the ‘traditionally available’ observations). DA = data assimilation. We show

whether the observation platform is assimilated in both experiments (v"), in neither experiment (x), or in the first experiment but not the

second (~).
Updated DA FishSOOP and Total
Updated DA FishSOOP SWOT
config. SWOT impact improvement
config impact impact
Impact: with SWOT (TRAD+SWOT+  (TRAD+SWOT+
(TRADshortTS (TRAD+FishSOOP  (TRAD+SWOTsh
(TRAD+SWOTsh FishSOOP FishSOOP
vs TRAD) vs TRADshortTS)  vs TRADshortTS)
vs TRAD+SWOT) vs TRADshortTS) vs TRAD)
DUACS
385 (V) 375 (V) -125 (V) 19.6 (V") 10.7 (") 45.1 (V")
SSH (cm)
SWOT
30.7 (x) 35.5(v") -8.6 (%) 55.7 (~) 514 (~) 66.3 (~)
SSH (cm)
Midnight
e 39.7 (v) 39.0 (v) 57 () 29() 57 362 (V)
SST (°C)
Argo temp.
g P 30.9 (v) 355 () 53 () 2.6 (V) 0.0 (v) 30.9 (v)
(upper 1000 m)
Argo salinit
rgo salinity 36.0 (v) 35.0(v) 3.1 219 (V) 219 (v") 22.0(v)
(upper 1000 m)
Argo MLD (m) 17.7 28.3 -3.2 -44 -5.1 13.5
FishSOOP temp. 12.4 (x) 14.6 (x) 44.6 (~) 4.3 (x) 41.3 (~) 48.6 (~)
Moana temp.
18.0 (x) 16.0 (x) -9.6 (x) -8.2 (%) -19.2 (x) 2.3 (%)
- Cruise
Glider temp. 16.2 (x) -5.7 (%) -0.7 (x) -19.3 (x) 9.3 (x) 24.0 (x)
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Figure 4. a) Mean FishSOOP temperature observations and mean modelled temperature extracted at all FishSOOP observation locations and

times, temperature bias, MAD between model and observed temperature at all FishSOOP observation locations and times averaged over the

assimilation cycles, and number of observations per depth bin. (b) Same as (a) for Glider observations on the continental shelf (water depths

<1000 m). (c) Same as (a) for Glider observations offshore of the continental shelf (water depths >1000 m). (d) Same as (a) for Moana

Cruise observations. Note that the vertical axis limits vary between rows.
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Figure 5. (a-d) Skill in ‘SWOT-space’. Mean of the n wavenumber spectra on absolute difference between SWOT SSH observations and
modeled values for meridional mid-domain section, meridional coastal section, and two zonal sections (sections shown in Figure 1c). For
the assimilating experiments, solid lines refer to the analyses and dot-dashed lines refer to the forecasts. (e-h) are equivalent to (a-d) but
with different y-axis limits to reveal error differences at the fine-scales.(i-1) Skill in ‘DUACS-space’. Mean of the daily wavenumber spectra
on absolute difference between DUACS SSH observations and modeled values for the same four sections. The mean SSH error spectra are
presented in a variance-preserving form (Emery and Thompson, 2001). Ensemble and band averaging (2 ensembles and 2 bands) are applied
to increase the statistical significance of each spectra. The x-axis limits are 250 km - 12 km; DUACS data only resolves wavelengths >

54 km. Note the x-axes are log scale; log(1/250 km)=-5.5, log(1/12 km)=-2.5.
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4 Impact of Optimized Data Assimilation Configuration

All of the data assimilating experiments and the Hot Start (where forecasts are intialized every 6-days from a data-assimilating
parent domain) provide improvement compared to the Free Run across all assimilated and independent observations (Table 3).
The exception is the (isolated) glider observations (discussed below). The TRAD experiment showed marginal to no improve-
ment compared to the Hot Start at the surface; however, assimilation of ‘traditionally available’ observations on the higher
resolution domain provided improvements in representation at Argo float locations (Table 3). Compared to the Free Run (Hot
Start), TRAD showed improvements of 54% (23%) for Argo temperature, 55% (31%) for Argo salinity, and 33% (24%) for
the mixed layer depth at Argo float locations. TRAD+SWOT provided improvement in SSH representation compared to the
Hot Start (23% for DUACS and 50% for SWOT), with similar model-observation differences to TRAD for SST and Argo
observations.

Further improvement was achieved with updated prior observation and model background uncertainty estimates (in TRAD-
shortTS, TRAD+FishSOOP, TRAD+SWOTsh and TRAD+SWOT+FishSOOP). These changes to the data assimilation con-
figuration (presented in Section 2.6, Table 1, Table 2, Figure 2) translate to considerable improvement in the model fit to both
assimilated surface and subsurface observations and to independent in situ observations (Table 3, Table 4). Assimilating the

same observations as TRAD, TRADshortTS shows improvements (compared to TRAD) for DUACS SSH, SWOT SSH, SST,
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Argo temperature, Argo salinity and Argo MLD of 39%, 31%, 40%, 31%, 36% and 18% respectively. In situ subsurface tem-
perature observations from FishSOOP, the Moana sensors used on the research cruise and the Gliders are all independent to
both TRAD and TRADshortTS, and the latter gives improvements of 12%, 18% and 16% respectively.

The depth structure of the model-observation differences for Argo observations (Figure 3d-e) show improvement in the
upper ocean from the Free Run and Hot Start with TRAD and TRAD+SWOT, and further improvement for the optimized
configurations (TRADshortTS, TRAD+FishSOOP, TRAD+SWOTshort and TRAD+SWOT+FishSOOP). The FishSOOPob-
servations cover the coastal and near-shelf region and are wide-spread in space and time over the 1-year simulation (Figure
1d,g), providing independent observations for TRAD, TRAD+SWOT, TRADshortTS and TRAD+SWOTsh. Compared against
FishSOOP observations, the optimized configuration of TRADshortTS gives improvement of 12% (compared to TRAD), and
TRAD+SWOTsh gives 15% improvement compared to TRAD+SWOT (Table 3, Table 4, Figure 4a).

Most glider observations are confined to a region over the continental shelf (water depths <1000 m) between 32-34°S,
although one mission extended off the shelf from 34-38°S from 31-Oct-2023 to 17-Nov-2023 (Figure le,g). We separate the
model-glider comparisons into on- and off-shelf (Figure 4b-c). TRAD and TRAD+SWOT exhibit a warm bias and higher
model-observation differences for shelf observations, compared to all other experiments. These results suggest that shorter
decorrelation length scales associated with the background uncertainty covariance matrix are beneficial in representing inde-
pendent shelf observations, consistent with results of Kerry et al. (2024a). Because the off-shelf glider observations represent
a single track (that runs approximately north-south from 34-38°S from 31-Oct-2023 to 17-Nov-2023) it is difficult to ascer-
tain overall model performance due to complexities of subsurface structure; detailed comparison is presented in Kerry et al.
(2026¢). In situ temperature observations taken by Moana sensors aboard the RV investigator research cruise measured several
fronts and cross sections through eddies over 3 weeks in Oct-2023 (Figure le,g). These observations specifically targeted fronts
and eddies: TRADshortTS shows an improvement of 18% compared to TRAD, and TRAD+SWOTsh an improvement of 16%
compared to TRAD+SWOT (Table 3, Table 4, Figure 4d).

Using SWOT and DUACS observations, we are able to show the improved model representation of SSH across scales
(Figure 5), particularly for TRADshortTS compared to TRAD, and TRAD+SWOTsh compared to TRAD+SWOT. Comparison
of TRAD and TRAD+SWOT (as presented in Kerry et al., 2026a) show that while TRAD+SWOT provides considerably
improved analysis skill when compared to SWOT data, forecast skill for TRAD+SWOT is comparable to the TRAD experiment
for scales <100 km for the meridional coastal and two zonal sections, and exhibits higher forecast errors compared to TRAD
for the meridional mid-domain section at scales <100 km. This reveals that assimilating SWOT provides little additional skill
(compared to TRAD) in predicting where the fine-scale features will occur during the subsequent SWOT passes. The results
with the optimized data assimilation configuration (comparing TRADshortTS and TRAD+SWOTsh) are consistent with this,
albeit with considerably better analysis and forecast skill across scales (Figure 5a-h). In ‘SWOT-space’, TRAD+SWOTsh
provides improved analysis and forecast skill compared to TRADshortTS for the large scales (>100 km) but similar forecast
skill for the fine-scales (<100 km).

The DUACS observations provide mesoscale-resolving (>54 km) gridded daily fields through mapping of the altimeter data,
and the effective temporal resolution is 10-30 days (Pujol et al., 2016). As such, error analysis in ‘DUACS-space’ refers to
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representation of the large-scale slowly-evolving mesoscale SSH field. Prior to system optimization, TRAD+SWOT provided
improved analysis and forecast skill against DUACS observations compared to TRAD, except across the eddy-dominated 34°S
section where forecast skill was similar. With updated specification of the prior observation and background uncertainties, the
model that assimilates SWOT (TRAD+SWOQOTsh) provides a more subtle improvement in analysis and forecast skill for the
resolved scales (>54 km), compared to the one that does not include SWOT (TRADshortTS, Figure 5i-1). This highlights the
importance of an optimised system in improving forecast skill, with system optimization (TRADshortTS compared to TRAD)
giving greater improvement in forecast skill than inclusion of SWOT data in the sub-optimal system (TRAD+SWOT compared
to TRAD).

5 TImpact of assimilating SWOT sea surface height observations

Assimilation of SWOT data considerably improves the fit to SWOT observations (as expected) and also improves the fit
to the DUACS SSH data by 21% (for TRAD+SWOT compared to TRAD) and by 20% (for TRAD+SWOTsh compared to
TRADshortTS, Table 3, Table 4). Figure 3 reveals higher errors (MAD) in the eddy-domianted region for SST and DUACS
SSH. Reduction in DUACS SSH errors with assimilation of SWOT is predominantly around the EAC separation region (Fig-
ure 3b, TRAD+SWOTsh compared to TRADshortTS). Consistent with Kerry et al. (2026a), assimilation of SWOT data (in
TRAD+SWOTsh) improves analysis skill across-scales (compared to TRADshortTS, Figure 5) and improves forecast skill
for scales >100 km. Even with the updated system configuration (TRAD+SWOTsh and TRADshortTS, compared to subop-
timal TRAD+SWOT and TRAD), the forecast skill of the fine-scale rapidly-evolving SSH features resolved by SWOT is not
improved with the assimilation of SWOT. That is, forecast skill in ‘SWOT-space’ remains comparable in TRAD+SWOTsh
and TRADshortTS (Figure Se-h, blue and green dashed lines). In contrast, for the slowly-evolving mesoscale field, system
optimization provides considerable benefits to analysis and forecast skill (Figure 5i-1). The benefit of system optimization
in terms of forecast skill for the mesoscale (in ‘DUACS-space’) outweighs the benefit of assimilating SWOT observations
(TRADshortTS provides better forecasts of the large-scale SSH field than TRAD+SWOT).

Assimilating SWOT data introduces additional fine-scale variability that better matches observed variability, and improves
the subsurface representation of fronts, introducing sharper relativity vorticity gradients that better represent observed gradients
(as shown by Kerry et al., 2026a). Here we assess the impact of assimilating SWOT on subsurface temperature representation
using FishSOOP observations that provide high resolution data in the coastal and shelf regions. The FishSOOP observations
are independent to TRADshortTS and TRAD+SWOTsh and, over the 1-year period, provide widespread coverage in space
and time (Figure 1d,g, Figure 6d-f) making them representative independent observations for objective model assessment. The
improvement in subsurface temperature representation as measured by FishSOOP observations for TRAD+SWOTsh compared
to TRADshortTS is 13%, 8%, and 15% for observations in the upper 50 m, 50-400 m depth range, and observations 100 m
above the bottom, respectively (Figure 6d-f). The upper 50 m and 50-400 m depth ranges are chosen to represent the mixed layer
and thermocline regions, respectively. The depth range of 100 m above the bottom was chosen to highlight the improvements

to near bottom temperature, noting that some overlap may exist between the depth ranges for water depths <500 m.
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The distribution of current speeds across all drifter observations and the corresponding model values (Figure 7d) shows that
the TRAD+SWOTsh model provides the best match to the observed distribution. TRADshortTS also provides a close match,
490 while the Hot Start model distribution is skewed towards lower current speeds. Higher current speeds are associated with
sharper sea surface height gradients when assimilation is performed on the high-resolution grid (TRADshortTS) and further
with the inclusion of SWOT data (TRAD+SWOTsh). Plots of model speed against drifter speed (Figure 7a-c) show an improved
fit for the model that assimilates SWOT. The Mean Absolute Differences for model and observed velocities are similar for the
three model experiments presented, but the Coefficient of Determination (R?) is greater from Hot Start to TRADshortTS
495 to TRAD+SWOTsh. The R? value represents the proportion of variance in the observed velocities that is explained by the
modelled velocities. The TRADshortTS model predicts an additional 5% of the total variance compared to the Hot Start model
(computed across all current speeds), and the TRAD+SWOTsh model predicts an additional 12% (compared to Hot Start) and
an additional 7% compared to TRADshortTS.

6 Impact of assimilating FVON / FishSOOP subsurface temperature observations

500 FishSOOP provides a step-change in subsurface temperature data availability in the coastal and shelf region off southeastern
Australia (Figure 6d-f) compared to Argo (Figure 6a-c). The FishSOOP observations are assimilated in two different experi-
ments, firstly in concert with the traditional observations (DUACS SSH, SST and Argo - TRAD+FishSOOP) and secondly with
the traditional observations and SWOT SSH (TRAD+SWOT+FishSOOP). Both TRAD+FishSOOP and TRAD+SWOT+FishSOOP
use the optimized data assimilation configuration as discussed in Section 2.6. When compared with FishSOOP observations,

505 TRAD+FishSOOP and TRAD+SWOT+FishSOOP exhibit very little bias and considerable reduction in MAD compared to the
other experiments (Figure 4a). The overall improvement in MAD for TRAD+FishSOOP compared to TRADshortTS is 45%
and for TRAD+SWOT+FishSOOP compared to TRAD+SWOTsh is 39% (Table 3, Table 4). Across three chosen depth ranges,
Figure 6d-f shows that assimilation of FishSOOP data provides considerably improved representation of subsurface tempera-
ture in coastal and shelf regions (TRAD+SWOT+FishSOOP compared to TRADshortTS and TRAD+SWOTsh). The overall

510 improvement in subsurface temperature representation as measured by FishSOOP observations for TRAD+SWOT+FishSOOP
compared to TRADshortTS (and TRAD+SWQOTsh) is 47% (38%) for the upper 50 m depth range, 47% (43%) for the 50-400 m
depth range and 47% (37%) for the observations 100 m above the bottom.

There is some degradation in the fit to surface observations with the inclusion of FishSOOP data (Table 3, Table 4), which
is common when the system must fit to more data streams (e.g. Siripatana et al., 2020). However, the spatial structure of the

515 surface errors (Figure 3) is similar for TRAD+SWOTsh and TRAD+SWOT+FishSOOP. Over-fitting to FishSOOP observations
could result in changes to the spatial structure of errors (e.g. Kerry et al., 2024a), which is not the case here. Ratios of diagnostic
errors and prior observation and background uncertainties for TRAD+FishSOOP and TRAD+SWOT+FishSOOP are very
close to unity (for FishSOOP observations with QC values of 1 and 2, Table 2) indicating a near optimal fit. For FishSOOP
observations with high location uncertainty (QC values of 3) the ratios indicate underfitting; however the inflated observation

520 uncertainty estimates are justified by the high location uncertainty and the sharp spatial gradients that exist in the region.
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While the FishSOOP data over the 1-year period provide good coverage of the coastal and shelf region off southeastern
Australia, the independent observations (glider and Moana sensor data) are more isolated in time and space and therefore
less representative of overall performance. As such, comparisons of the model experiments with glider and Moana sensor
observations from the cruise do not provide conclusive results regarding the impact of FishSOOP data (Figure 4b-d). In Kerry
et al. (2026¢) we explore specific case studies to elucidate differences across the model experiments. We show that assimilation
of FishSOOP observations provides sustained positive impact on subsurface temperature representation over time, even at
times when FishSOOP data is not available.

Because the temperature sensors are attached to fishing equipment, the structure of the data (i.e. how the sensor moves
through the water column in time and space) depends on the specific equipment (e.g. Jakoboski et al., 2024, their Fig. 5). By
using the time-dependent 4D-Var data assimilation scheme, observations can be assimilated at the times and locations that they
are taken, with the data assimilation scheme taking into account the time-dependent flow over the assimilation window. This
allows the observations to provide added value, compared to a time-independent scheme (such as 3DVar, ENOI) in which more
spatial and temporal averaging of the observations would be required before combining them with the model. For example,
when fishing equipment crosses sharp fronts (which they often do when fishers target temperature fronts as foraging regions in
the ocean) the high spatial and temporal variability can be ingested into the data assimilating model. In Kerry et al. (2026c) we
present a scenario where FishSOOP data observes a sharp temperature front and improves model representation of the complex
subsurface structure.

As FishSOOP data location information comes from the vessel rather than the temperature sensor itself, for fishing activity
such as long-line fishing where the equipment can be a considerable distance from the vessel, uncertainty on the location of the
temperature sensors can be high (>50 km). The exception is when the equipment is known to be close to the vessel on deploy-
ment (the descending profile) and recovery (the ascending profile). As mentioned in Section 2.6.1, for FishSOOP observations
with high location uncertainty (QC=3), prior observation uncertainty estimates were inflated such that the observations are not
fit as tightly. Future FishSOOP data products should aim to separate the descending and ascending profiles where positional
accuracy is high, and subsequently apply different quality control flags, to allow more value to be drawn from the observations

taken close to the long-line vessels.

7 Conclusions

The combination of observations of coastal, shelf and marginal seas with regional ocean models to produce data-constrained,
four-dimensional oceanographic fields supports a wide range of socioeconomic needs (e.g. Edwards et al., 2024). The obser-
vations are necessarily sparse in space and/or time due to practical limitations, relative to the scales of variability of the ocean
dynamics one is aiming to resolve. Data from new observation platforms, such as SWOT and FVON / FishSOOP studied here,
present new opportunities in terms of resolving and representing (in model state estimates) finer-scale features and complex
subsurface structure. Appropriate hydrodynamic models and data assimilation systems are required in order to exploit such

observations.
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Here we used a submesoscale-permitting regional model of a highly dynamic WBC region and 4D-Var data assimilation to
assess the value of SWOT and FVON / FishSOOP observations on model state estimates. Using a well-tested modelling and
data assimilation configuration of the EAC system, we present an optimization strategy for the data assimilation configuration
and demonstrate the positive impact of both SWOT and FishSOOP observations on surface and subsurface ocean state esti-
mates. The updated configuration gives improvements in the fit of the analyses to the observations of 30-40% for assimilated
observations and 12-15% for independent FishSOOP observations (Table 4). Assimilation of high density FishSOOP data sig-
nificantly improves subsurface temperature representation in coastal and shelf regions (by 41-45%, Table 4). The assimilation
of SWOT data improves the fit by 20% for DUACS SSH and 56% for SWOT SSH. The total improvement achieved through
the updated data assimilation configuration and the inclusion of SWOT and FishSOOP data (in addition to the ‘traditionally
available’ observations) is 36-66% for surface observations, 31% and 22% for Argo temperature and salinity in the upper
1000 m, and 49% for FishSOOP observations (Table 4, right column).

We show that inclusion of SWOT data improves model representation of sea surface height across scales, and also improves
representation of independently observed subsurface temperature in the coastal and shelf regions, and surface velocities. As-
similating SWOT data in our model configurations improves representation of sea surface height at mesoscales and finer spatial
scales (in the analyses), and system optimization provides considerable improvements to analysis skill as compared to SWOT
observations across scales. However, the forecast skill of the fine-scale rapidly-evolving SSH features resolved by SWOT is
not improved with the assimilation of SWOT,; this is the case for the original configurations (as in Kerry et al., 2026a) and the
updated (improved) system configurations. In contrast, for the slowly-evolving mesoscale field, system optimization provides
considerable benefits to both analysis and forecast skill. In terms of forecast skill for the large-scale SSH field, the benefit of
system optimization outweighs the benefit of assimilating SWOT observations.

SWOT observations were shown to impact state estimates below the surface. In Kerry et al. (2026a) the impact of assimilat-
ing SWOT data was shown to be projected to depth, introducing sharper vorticity gradients that better matched (independently)
observed gradients. Here we show that SWOT observations improve the fit to high-resolution subsurface temperature observa-
tions as observed by (independent) FVON / FishSOOP observations across all depth ranges (by 8-15%). Assimilation of FVON
/ FishSOOP data provides significant further improvement (37-47% total improvement), highlighting the value of collecting
these subsurface observations in collaboration with the fishing community in previously under-observed coastal and shelf re-
gions. Future work aims to assimilate the data collected by fishing vessels into real-time forecasts (SEA-COFS) that can be
used by the fishermen; such a win-win relationship was demonstrated by Hirose et al. (2024) in Japan.

Our results show that the impact of observations is dependent on the data assimilation system configuration. Indeed, the
effective combination of observations and models requires an effective data assimilation system that allows the new model
estimate (the analysis) to represent the observations by placing them in dynamical context. The difference in data assimilation
techniques lies in the way by which the information contained in the observations is projected into model space to produce
the new state estimate. This is controlled by the background error covariance matrix which carries the statistical information

of the model prior and determines the spatial and temporal structure of the adjustments. Further, for a given data assimilation
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methodology, the optimality of model estimates and forecasts is strongly dependent on prior assumptions of the background
and observation uncertainties (Moore et al., 2019).

In classic 4D-Var used here, the model background covariances are assumed to be static with isotropic horizontal and vertical
length scales and the tangent-linear and adjoint models introduce flow-dependence via the time evolution of the background.
The standard deviations provide a measure of the expected uncertainty in the model background, and the horizontal and
vertical decorrelation length scales provide an estimate of the spatial extent that information from the observations should
impact the model state. As such, configuring a classic 4D-Var system requires assumptions around observation uncertainties,
and the standard deviations and length scales used to compute the background error covariance matrix. Here we have shown
that adjustments to the prior assumptions of observation and background uncertainties, and the assumed decorrelation length
scales, can significantly impact (improve) model skill as compared to both assimilated and independent observations.

The considerable improvement in model skill highlights the importance of system optimization, and also motivates future
work into further improving data assimilation schemes. Specifically, it is likely that for highly variable flows with sharp spatial
gradients, flow-dependent covariances are beneficial over horizontally isotropic and temporally invariant covariances as they
can describe error correlation patterns that stretch out along fronts for example. Flow-dependent covariances can be achieved
through the merging of 4D-Var and ensemble methods; this hybrid approach has been noted as the most immediate development
being borrowed from Numerical Weather Prediction for ocean data assimilation (Moore et al., 2019). Such ensemble-variational
methods have shown improvements in forecast skill in atmospheric applications, particularly in dynamically active systems
(e.g. Raynaud et al., 2011; Lorenc and Jardak, 2018).

In terms of observation uncertainty estimates, further work is required to address optimal error specification for SWOT data
assimilation, including the consideration of correlated errors (Gille et al., 2025) and quantification of processes that may be
captured by the observations but unresolved in the model (e.g. Tréboutte et al., 2023; Dibarboure et al., 2025). A challenge with
FVON / FishSOOP observation error estimates relates to uncertainty of the location of the sensor, which can be high if fishing
equipment is deployed away from the vessel. Location uncertainty can result in high observation uncertainty, particularly in
highly variable regions with sharp oceanic fronts. This will need to be addressed by the FVON community in order to improve
the value of the fishing vessel based observations in regions where longlining activity is high and observations are sparse (e.g.
the Central Western Pacific).

Overall, we have presented a data assimilation system that is carefully configured and draws value from novel SWOT and
FVON / FishSOOP observations to improve model state estimates of the EAC System across spatial scales and below the
surface. The results motivate the sustained collection of novel observations and their integration into regional ocean models
to provide advances in prediction. Our work also demonstrates the benefit of tight collaboration between observational data

collection (e.g FishSOOP) and ocean data assimilation (e.g. SEA-COFS) for continued improvement of both fields of research.

Data availability.
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The experimental settings used for this study, including model forcing and configuration files, and a frozen version of the
ROMS code used, are published to Kerry et al. (2026b), https://doi.org/10.5281/zenodo.20077064.

The SWOT data is provided by AVISO/DUACS (2024). DUACS SSH data is provided by E.U. Copernicus Marine Service
CMS (2024). SST, Argo, FishSOOP and glider data sourced from from Australia’s Integrated Marine Observing System
(https://imos.org.au/data). Data from the CSIRO Marine National Facility Voyage IN2023_V06 is sourced from here:
https://www.marine.csiro.au/data/trawler/survey_details.cfm?survey=IN2023_V06. Drifter data was sourced from here:
https://osmc.noaa.gov/erddap/tabledap/OSMC_flattened.html

The Regional Ocean Modelling System (ROMS) is an open-source modelling framework available for download at

https://www.myroms.org. This study uses version 4.2.
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