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ABSTRACT. This interdisciplinary work demonstrates the viability of coupling ocean models with in situ robotic sampling in a

dynamic coastal region as a means to increase model skill and prediction. Model-driven exploration closes the sample-assimilate-

predict-direct loop within a virtuous cycle to refine prediction for a range of applications in a region characterized by harsh conditions,

high variability, and diverse physical forcings, including bathymetry and coastal topography. By exploring the feasibility of coupling

high-resolution autonomous underwater vehicle (AUV) sampling and data assimilation with a geostatistical model in a continuous loop,

we aim to provide a new approach to understanding coastal dynamics and processes, while using modest computational resources. The

novelty of this effort is threefold: the demonstration of coupling models with AUV sampling, the importance of targeted sampling, and

the impact of loop closure toward model prediction.

INTRODUCTION

The marine areas extending from the coastline to the continen-
tal slope and encompassing the continental shelf, known collec-
tively as the coastal ocean, constitute one of the most dynamic
and complex regions of the ocean. These areas are characterized
by high variability and intricate topographies and coastline geom-
etries. They are forced by a wide range of physical and biogeo-
chemical processes that occur across diverse spatial and temporal
scales. They are among the most productive and economically sig-
nificant areas of the world ocean, benefiting from terrestrial inputs
via river discharges and nutrient renewal driven by upwelling pro-
cesses. As a result, and in part, coastal areas concentrate a great
proportion of human activities, including leisure, fisheries, off-
shore aquaculture, and renewable energy exploitation. The coastal
ocean mediates interactions between deep-ocean processes and
coastal environments, influencing how large-scale phenomena—
such as climate-driven changes or extreme weather events—affect
the coastal population. It also governs, for example, how anthro-
pogenic influences originating on land are redistributed and affect
marine ecosystems (Greene and Delaney, 2025).

Interactions among physical, chemical, and biological processes
in the coastal ocean can amplify or mitigate the impacts of extreme
events, including storms, flooding, and pollution. Furthermore,
the coastal ocean serves as a key interface where large-scale oce-
anic and atmospheric changes manifest their consequences for
coastal ecosystems. Accurately forecasting the state of the coastal
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ocean is therefore essential not only for safeguarding environmen-
tal and economic interests but also for enhancing resilience to cli-
mate variability, natural hazards, and anthropogenic stressors.

Ocean models have become essential tools for predicting ocean
state, and they underpin a wide range of societal applications,
from climate forecasting to pollution monitoring and resource
management. However, these models are inherently imperfect
representations of complex reality. Data assimilation techniques,
where observational data are integrated to update models, play a
critical role in correcting or adjusting model errors and improv-
ing their forecasting capabilities. Yet, the success of data assimi-
lation depends heavily on the availability, quality, and relevance
of observations.

Satellite remote sensing provides extensive spatial coverage but
is generally limited to surface observations and constrained by
atmospheric conditions. In situ observations from ships, moor-
ings, or drifting platforms, although spatially sparse and logisti-
cally demanding, complement satellite data by providing higher
spatial or temporal resolution and access to subsurface processes,
adding a critical three-dimensional component to the observ-
ing system. Recent technological advances have enabled the use
of autonomous underwater vehicles (AUVs) and other robotic
platforms, offering flexible, mobile, and increasingly autonomous
means of sampling ocean properties with high spatiotemporal res-
olution and low logistic footprints (Das et al., 2012, 2015; Graham
et al., 2012; Fossum et al. 2018).



However, even with these new tools, efficiently collecting data
for modeling at optimal spatial and temporal scales remains a
complex challenge. AUV are constrained not only by endurance
and communication bandwidth but also by speed (typically on
the order of 1-2 ms™), which is comparable to ambient current
velocities and thus limits synopticity. This limitation is even more
pronounced for gliders, as they operate at lower effective speeds.
Operational risks that further restrict deployment include vessel
traffic, fishing activity, strong currents, and complex bathymetry.
In addition, the ocean itself remains highly dynamic, with key pro-
cesses often evolving faster than traditional ship-based sampling
strategies can capture. This opens the door to adaptive sampling
strategies, where observation efforts are guided by model outputs
and uncertainty estimates to maximize the relevance of collected
data. Adaptive sampling (Zhang and Sukhatme, 2007; Singh et al,,
2009; Fossum et al., 2019a) represents a fundamental shift: instead
of executing pre-planned missions, autonomous vehicles dynam-
ically prioritize areas for observation. Our approach combines
model predictions with adaptive sampling using propelled AUVs.
Lermusiaux (2007), Ford et al. (2022), and Wihsgott et al. (2026)
explore such a concept, with Lermusiaux in simulation only. While
Ford et al. (2022) focus a single glider on chlorophyll as a driver,
and Wihsgott et al. (2026) multiple gliders on chlorophyll, tem-
perature, and oxygen, we target temperature exclusively. The nov-
elty of our work is in demonstrating the applicability of controlling
the AUV’s trajectory using onboard computation and articulating
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the importance of the larger sample-assimilate-predict-direct loop.
Our setup is also simpler as we employ the Copernicus Marine
Service (CMEMS) Nucleus for European Modelling of the Ocean
(NEMO) numerical model, which is used to initiate the stochas-
tic model, the primary model we use in our work. This is supple-
mented with practical ways to reduce operational costs using small
boat operations and multiple in-house designed AUVs with our
mature technology suite for command/control.

Model forecasts identify where spatial uncertainty is highest or
where new observations are expected to have the greatest impact in
reducing forecast errors. Vehicles are then directed to sample these
areas, and their data are in turn assimilated back into the models,
as a virtuous cycle. Data assimilation from these high uncertainty
regions is then incorporated into the model so that new predic-
tions benefit from improved in situ data. Such an approach prom-
ises to significantly enhance the skill of ocean forecasts, especially
in the complex coastal environment where processes occur over a
wide range of scales.

Our work has three significant results. First, it demonstrates
the importance of coupling ocean models with high-resolution
AUV sampling. Second, it highlights the importance of targeted
adaptive sampling based on model uncertainty. Third, it demon-
strates the importance of assimilation in predicting and closing
the sample-assimilate-predict-direct loop (Figure 1). Additionally,
sampling resolution with AUVs vastly outweighs that of the data
obtained from traditional ship-based approaches. Using multiple
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FIGURE 1. The work described here
was conducted within the framework
of FRESNEL (Field expeRiment for
modEling, aSsimilatioN and adaptivE
sampling. It demonstrates the value of
integrating ocean models with adap-
tive robotic vehicles in the coastal
ocean to increase model skill and pre-
diction within a tight control loop.
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AUVs sampling simultaneously, as we do here, also makes a dent
in spatial as well as temporal coverage of dynamic environments
at relatively moderate costs. Finally, AUVs can provide near-real-
time data, allowing for their rapid re-tasking and potential place-
ment in evolving spatially separated regions.

This manuscript is organized as follows. We first introduce the
problem we are tackling, providing a motivation for the sample-
assimilate-predict-direct loop. Next, we provide the environmen-
tal context and the challenge of modeling and operating robotic
vehicles in a dynamic coastal region. Our Methods section then
highlights the details of the forecasting, assimilation, sampling,
and operational strategies that lie at the core of this paper. We next
highlight the results of our experiment, followed by a discussion
and analysis of these results. We wrap up with conclusions and
propose future work.

STUDY AREA
In this study, we address the challenge of loop closure by imple-
menting and evaluating a complete data cycle, from model pre-
diction, to uncertainty generation, to adaptive sampling, to data
assimilation. The work was conducted within the framework of
FRESNEL (Field expeRiments for modEling, aSsimilatioN and
adaptivE sampLing), specifically designed to explore and test
model-driven robotic exploration strategies.

The study was conducted off central Portugal, focusing on the
region influenced by the Nazaré Canyon (39.2°-39.9°N; Figure 2)

during fall 2024. While the experiment considered the measurable
impact of model-driven robotic sampling on the biogeochemistry
of the canyon region, this manuscript focuses on the implications
of closing the sample-assimilate-predict-direct loop closure.

Implementing such a closed-loop system in a dynamic coastal
environment presents substantial challenges. These include the
need for spatial high-resolution numerical models capable of
rapidly generating uncertainty predictions, robust algorithms for
exploration under a range of constraints, reliable communica-
tion links for mission updates, and assimilation frameworks that
integrate heterogeneous real-time data streams. Furthermore,
marine operations face logistical risks and communication
limitations, such as intermittent connectivity, unpredictable
weather, and vessel traffic, that further constrain the execution of
robotic missions.

The Nazaré area features pronounced topographic contrasts:
the transition from the wide Estremadura Plateau to the narrower
northern shelf, the long and narrow Nazaré submarine canyon that
incises the shelf and extends more than 200 km offshore, and the
Berlengas archipelago, a UNESCO Biosphere Reserve with high
ecological value. These features contribute to enhanced biological
productivity and biodiversity and strongly modulate physical and
biogeochemical processes in the region.

Freshwater inputs from major rivers, such as the Tagus, have
only a limited direct impact on the area. In contrast, smaller rivers
and the Obidos lagoon, located south of Nazaré, can episodically

/

FIGURE 2. (a) Map of Portugal’s west coast with the study area highlighted with a red rectangle. (b) The bathymetry of the FRESNEL study area includes the
Nazaré Canyon-Berlengas area and its environment. The white bands indicate commercial shipping lanes. The two buoys drawn on the map are part of a
coastal observing system. The Nazaré Canyon is a significant feature of this area and a driver for the biogeophysics of the domain (Tyler et al., 2009), along

with other prominent features.
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deliver low-salinity, nutrient-rich plumes to the shelf. Circulation
is driven by seasonal wind forcing linked with the Azores High,
with persistent upwelling-favorable northerly winds in summer
and frequent downwelling episodes in winter under southerly
winds. The interplay between canyon topography, shelf circulation,
and atmospheric forcing generates complex mesoscale dynamics,
intensified tidal currents, and internal wave activity that promote
strong vertical mixing and cross-shelf exchanges (Quaresma et al.,
2007; 1. Martins et al., 2010).

The combination of sharp bathymetric gradients, variable forc-
ing, and rich physical-biogeochemical interactions makes the
Nazaré Canyon region an ideal natural laboratory for testing sam-
pling strategies and evaluating how model-based uncertainty pro-
jections can guide sampling and assimilation to improve ocean
model predictive skill.

METHODS

Our methodology is based on implementing a closed-loop data

cycle to improve predictions from a coastal ocean model via

robotic adaptive sampling and data assimilation. The approach
consists of three fundamental steps, executed iteratively daily:

1. MODEL FORECAST AND UNCERTAINTY PROJECTION. An
ocean model provides a daily step forecast Ok + 1, x, y)ofa
target oceanic variable 6, along with an associated uncertainty
field 04(k + 1, x, y), where k represents the current day and (x, y)
denote the geographical coordinates. These outputs are orga-
nized into discrete spatial maps, M;(x, y) and M, (x, ), repre-
senting the predicted state and its uncertainty, respectively, over
a predefined grid covering the study area.

2. TARGETED SAMPLING. We define areas of larger uncertainty
predictions as areas of higher “reward” to bias where the AUVs
sample. Using the uncertainty map M,,(x, y) as input, the tar-
geted sampling algorithm determines the set of trajectories for
N AUV for the next operational cycle, typically the following
day. The goal is to maximize the accumulated uncertainty sam-
pled along the vehicle trajectories.

3. DATA COLLECTION AND ASSIMILATION. Throughout the
operational cycle, each AUV collects measurements of the tar-
get variable 0 along its assigned path. After mission comple-
tion, the collected measurements are assimilated into the model
using an appropriate data assimilation scheme. This updated
model state serves as the new initial condition for the next fore-
casting cycle, closing the loop.

While previous efforts have concentrated on a form of embed-
ded and automated decision-making for AUV-based adaptive
sampling (McGann et al., 2008; Ryan et al., 2010; Garcia-Olaya
et al., 2012; Rajan and Py, 2012), the trajectories in this work are
generated offline, with adaptation focused on deployment based
on M, (x, y). Here, loop closure refers to the sample-assimilate-
predict-direct process.

MODEL FORECAST, UNCERTAINTY PROJECTION,
AND DATA ASSIMILATION

Sampling strategies rely on timely information about the spatial
variability of ocean properties. Conventional numerical ocean cir-
culation models, based on the fluid dynamics, such as CMEMS
NEMO (EU Copernicus Marine Service [CMEMS] Information
Marine Data Store [MDS], 2024a), Regional Ocean Modeling
System (ROMS; Shchepetkin and McWilliams, 2005), and Hybrid
Coordinate Ocean Model (HYCOM; Wallcraft et al., 2009), for
example, are widely used by the scientific community for opera-
tional forecasting and research. These models provide physically
consistent simulations of ocean state variables (e.g., tempera-
ture, salinity, currents) and underpin applications ranging from
climate prediction to coastal management. However, numeri-
cal ocean models are computationally intensive, and their run-
time makes them impractical for use with high spatial resolution
and in near-real-time mission planning (Agarwal et al., 2021).
While assimilation-prediction cycles such as the one we propose
could, in principle, be implemented within such models, it would
require either substantially larger computational resources or
longer execution times.

As a practical alternative, we use geostatistical simulation
(i.e., direct sequential simulation; Soares, 2001) as a computation-
ally efficient surrogate for short-term spatial predictions of ocean
variables together with estimates of spatial uncertainty (Deutsch
and Journel, 1992). This approach captures the essential spatio-
temporal variability of local ocean dynamics, based on a prior
numerical ocean model solution, at a fraction of the computa-
tional cost of numerical models, while remaining flexible enough
to rapidly assimilate new in situ observations (Duarte et al., 2025).
However, with these types of surrogate models, we are not explic-
itly considering the full physics of the system, and the quality of
the predictions directly depends on the accuracy of the numeri-
cal model and the prediction time length. If the numerical model
is unable to capture the true nature of the system, the geostatistical
predictions will likely be inaccurate.

Our methodology relies on ensembles of geostatistical reali-
zations, each representing a state of an ocean variable field con-
ditioned a priori by the deterministic CMEMS NEMO model
(Madec et al, 1997, 2015; EU Copernicus Marine Service
[CMEMS] Information Marine Data Store [MDS], 2024a) using
the Iberian Biscay Irish domain. In doing so we use a variogram
model describing the temporal dependency between days over a
14-day period. Realizations are generated via stochastic sequen-
tial simulation: the grid is visited along a random path and, at each
node, the local Kriging mean and variance are computed from
the covariance/variogram model and the available conditioning
data, from which a value is drawn from the corresponding con-
ditional distribution. By computing the pointwise standard devia-
tion across the ensemble, we obtain spatial uncertainty maps that
highlight regions where predictions are more variable and there-
fore potentially a target for robotic sampling. These maps then,
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serve as the basis for identifying areas where new measurements
are expected to maximize the reduction of forecast error.

Beyond uncertainty prediction, the statistical approach incor-
porates AUV data through sequential assimilation, refining fore-
casts for subsequent cycles. Data collected on a given day is used
to update the ocean variable forecast for the following day by com-
bining prior predictions with new measurements. The geostatis-
tical simulation grid, in this case, includes two temporal layers:
the first contains the AUV measurements at their spatial loca-
tions, and the second corresponds to the new prediction step.
With AUV sampling denser than the model horizontal grid reso-
lution (approximately 0.0035°, corresponding to about 300-400 m
at the study latitude), measurements within the same grid cell are
averaged as a form of arithmetic upscaling (Duarte et al., 2025).
To incorporate spatial and temporal variability, we apply sequen-
tial simulation with local means (Soares, 2001),' where each simu-
lated value is drawn from its conditional distribution, accounting
for both prior simulated values and local mean models. Doing so
enables consistent updating of the variable field while integrating
both AUV observations and a priori information. The ensemble of
realizations thus provides an updated ocean forecast and a quanti-
tative measure of uncertainty.

The spatial and temporal continuity of the variable field is
simultaneously characterized by variogram models fitted to long-
term numerical ocean model data from CMEMS NEMO. For each
depth layer of the numerical model where the AUV navigation is
defined, geostatistical simulations are performed independently
using a moving temporal window of the previous 14 days as con-
ditioning data. This window length was selected through com-
parison with the numerical model’s short-term evolution under
similar seasonal conditions, striking a balance between forecast
stability and computational cost. Spatial propagation occurs only
horizontally within each depth level, while vertical consistency is
implicitly maintained through the depth-specific variogram struc-
tures derived from the 3D numerical model (see Figure 3 of Duarte
et al., 2025). This provides both a forecast of the ocean variables
being simulated and a quantitative assessment of the prediction
uncertainty. By updating the forecasts with new in situ measure-
ments through sequential assimilation, the method progressively
refines the variable field while maintaining consistency with prior
model dynamics. The resulting forecast and uncertainty maps then
form the input for the targeted sampling algorithm, guiding the
allocation of AUV trajectories toward regions of greatest expected
information gain. Duarte et al. (2025) provide a complete descrip-
tion of the methodology and implementation.

THE SAMPLING ALGORITHM

Our adaptive sampling problem involves the design of vehicle tra-
jectories that maximize information gain (Eidsvik et al., 2015;
Fossum et al., 2018) extracted from the uncertainty map provided

by the model, while satisfying operational AUV constraints. Each
day, the model provides both a forecast field and its associated
uncertainty distribution, which together define the reward land-
scape for the trajectory planner. The task is to generate, for each
vehicle, a tour that accumulates the highest possible uncertainty
values. The tour is traveled at a prescribed AUV speed while the
duration is bounded above by the assimilation period. The start-
ing and ending points are selected to simplify logistics for launch
and recovery.

Although the underlying numerical CMEMS NEMO model is
fully three-dimensional and the statistical solution also provides
predictions across multiple depth layers, in this work, the sam-
pling algorithm operates on a two-dimensional (2D) horizontal
field derived from the uncertainty structure of the statistical solu-
tion. This field is obtained by averaging the horizontal depth slices
of uncertainty between the surface and 40 m depth, a depth inter-
val chosen to represent the upper mixed layer in the Nazaré study
region. Within this layer, turbulent mixing typically maintains rel-
atively weak vertical gradients, and most of the temperature vari-
ability relevant for mission planning is concentrated near the sur-
face and the upper thermocline. Averaging across this depth range,
therefore, yields a stable and physically meaningful representation
of the uncertainty field.

While the trajectory planning itself is carried out in two dimen-
sions, the yo-yo motion executed by the AUVs along each tran-
sect naturally restores vertical sampling capability, compensat-
ing for the 2D approximation and enabling the acquisition of high
vertical resolution profiles at all visited locations. This strategy
also aligns with the dominant physical and biogeochemical pro-
cesses occurring within the mixed layer, where air-sea interac-
tions, nutrient entrainment, and local thermal structure exert pri-
mary control on short-term dynamics (Behrenfeld and Boss, 2014;
Mahadevan, 2016).

The tour is formulated as a graph theoretic problem. The spa-
tial uncertainty map is first pre-processed to remove obstacles and
smoothed to highlight large-scale features. Candidate waypoints
are then identified from the map and used to build a weighted
graph, where nodes carry a reward proportional to their uncer-
tainty value and edges represent travel costs. The trajectory plan-
ning task is posed as a multi-vehicle, multi-depot tour routing
problem where routes must balance the rewards obtained from
visiting nodes with associated costs of traveling between them
(Vidal et al., 2013; Toth and Vigo, 2014). By solving this graph tra-
versal problem, the algorithm returns a set of near-optimal trajec-
tories that prioritize regions of greatest uncertainty while enforc-
ing an effective travel budget (endurance) and an obstacle-masked
admissible area (safety) (Bernacchi et al., 2025). This is illustrated
by the boundaries in the uncertainty field shown in the zoomed
area of Figure 4b.

' Defined by Kriging estimates and variances, which are conditioned to existing direct measurements and a spatial covariance matrix (Cressie, 1993).
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OPERATIONS AND DATA COLLECTION

The in situ data collection process involved three upper water-
column light autonomous underwater vehicles (LAUVs; XP2,
XP3, and XP5)? that performed targeted sampling missions with
durations of up to 60 hours over the Nazaré Canyon region, with
all vehicles sampling the upper 100 m of the water column. These
vehicles were designed and developed in-house at the University
of Porto (Sousa et al., 2012) and are equipped with a range of sen-
sors, including a CTD (Figure 3a), along with Wi-Fi and Iridium
satellite communications. The CTDs mounted on the AUV were
cross calibrated to ensure consistency. In addition to the hardware
involved, we used an extensive suite of mature mission planning
and command/control tools whose discussion is outside the scope
of this paper and can be found in Dias et al. (2005), R. Martins and
Sousa (2010), and Pinto et al. (2013).

The experiment had a small human and support vessel foot-
print, demonstrating significant cost reduction in comparison to
traditional ship-based methods while measuring at higher spatial
and temporal resolution. Operations were conducted continuously
by pairs of operators working six-hour shifts based in Porto as well
as locally in Nazaré—small boat use was limited to the launch and
recovery of AUVs, which operated unattended.

Challenging meteorological and ocean conditions constrained
the number of consecutive iterations of the sample-assimilate-
predict-direct loop to a three-day sequence of experiments
(October 29-31, 2024; Figure 3b). Also for simplicity and clar-
ity, we focused on a single variable: temperature measurements.
As a consequence, this work is univariate in showing the impact of
assimilated model-driven exploration. We believe that the experi-
mental results presented in this paper are general enough to apply
to other critical physical oceanographic variables, which would
be modeled similarly. Therefore, the analysis presented here ulti-
mately aims to quantify the impact of assimilating AUV-acquired
temperature data on the predictive performance of the statistical
model and to assess the operational feasibility of the data cycle
approach in a coastal setting.

Each experimental day followed a structured cycle that involved
(1) the generation of a statistical model forecast and its associ-
ated uncertainty field using the prior CMEMS NEMO model data
available up to the previous day (Sotillo et al., 2021), (2) the exe-
cution of the target sampling algorithm to plan the next day mis-
sion, (3) in situ data collection by AUV following the algorithmi-
cally determined tours, (4) and, finally, assimilation of data from
the tour into the model.

A MULTI-SCENARIO FRAMEWORK

Given the logistical and weather-related challenges encountered, a
number of scenarios contribute to the final solution set. The sce-
narios are labeled A through D (and their corresponding assimi-
lation variants) in Table 1, which provides a compact, color-coded

overview of all configurations (used in Figure 6), including statis-
tical forecast dates, prior CMEMS NEMO fields, and the specific
AUV datasets assimilated at each stage.

On October 29, 2024, the statistical model produced the initial
forecast solution (A), which was used to plan the mission executed
by XP2 (Figure 3b). The resulting data were assimilated offline to
produce an updated statistical model solution (B1) for October 30.

cMs Pred}:tlon
Oct 29

Data ° Trajectory | Trajectory | Trajectory
Assimilation | Assimilation Generation | Generation | Generation

XP2 /
AUV Data

Acquisition

XP3,XP5
AUV Data
Acquisition

XP2,XP3,XP5
TEeoo AUV Data
Acquisition

FIGURE 3. (a) Multiple light autonomous underwater vehicles (LAUVs), such
as the one in this photo, were used in FRESNEL. This low-cost platform
designed at the University of Porto has proven to be robust, is easily inte-
grated with a number of oceanographic sensors, and comes with sizable
open source command/control software. See the supplemental video for
LAUV XP5 recovery at sea. (b) Three-day sequence (October 29-31, 2024)
of the sample-assimilate-predict-direct loop in the FRESNEL experiment.
Each cycle integrated statistical model predictions using the EU Copernicus
Marine Service Information (CMEMS) Copernicus Marine Service Nucleus for
European Modelling of the Ocean (NEMO) model as a prior, targeted sam-
pling, AUV data acquisition, and subsequent assimilation for the following
day’s prediction.

2 We will refer to these specific vehicles across the three-day period based on the diversity and specificity of their operating environments and measurements.
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Although operational real-time assimilation was initially planned,
logistical constraints prevented its implementation; consequently,
all assimilations were performed offline after AUV mission com-
pletion. The targeted sampling algorithm, therefore, relied on sta-
tistical forecasts without assimilation (B), using pre-existing data
as input for daily mission planning. This limitation is not expected
to have significantly affected the experimental outcomes, as the
operational area was compact and the predicted variability field
remained consistent between consecutive days.’

For October 31, multiple assimilation configurations were tested
to quantify how the information collected on previous days could
influence short-term predictive skill. Measurements from XP3 and
XP5 on October 30 were assimilated offline to generate scenar-
ios C1-C4, complementing the non-assimilated reference case C.
These cases progressively integrate different subsets of AUV obser-
vations, ranging from XP2-only data (C1) to the full multi-vehicle
dataset from October 29 to 30 (C4).

A parallel set of scenarios (D and D1-D4) was generated to
evaluate the sensitivity of the statistical model to the choice of
prior CMEMS NEMO fields. The D-series uses CMEMS NEMO
data available only up to October 29, thus representing a less favor-
able initial state, and applies the same assimilation configurations
as in the C-series. This dual-series approach enables a controlled
comparison of how data assimilation interacts with differences in
model initialization. Model performance was evaluated by com-
paring predicted and observed temperature data along the AUV
trajectories using root mean square error (RMSE) as the perfor-
mance metric for October 31.

FRESNEL is part of a larger concept for multi-domain sensing,
observation, and exploration that couples ocean models, autono-
mous robotics, artificial intelligence, and machine learning with a
small satellite constellation. Our end goal is to democratize ocean

TABLE 1. Summary of scenarios and assimilation configurations. The
color codes are referred to in Figure 6 to disambiguate root mean square
error plots.

CMEMS NEMO
FORECAST PRIOR DATA ASSIMILATED AUV
SCENARIO DATE UP TO DATASETS

A 29 Oct 28 Oct None (baseline)
B 30 Oct 29 Oct None (baseline)

30 Oct 29 Oct XP2 (29 Oct)
C 310ct 30 Oct None (baseline)
Cc1 310ct 30 Oct XP2 (29 Oct)

310ct 30 Oct XP2 (29 Oct), XP5 (30 Oct)
C3 310ct 30 Oct XP5 (30 Oct)
c4 310ct 30 Oct XP2, XP3, XP5 (29-30 Oct)
D 310ct 29 Oct None (baseline)
D1 310ct 29 Oct XP2 (29 Oct)

310ct 29 Oct XP2 (29 Oct), XP5 (30 Oct)
D3 310ct 29 Oct XP5 (30 Oct)
D4 310Oct 29 Oct XP2, XP3, XP5 (29-30 Oct)

model prediction using low-cost operations integrated with open-
source software to enable spatio-temporal data assimilation from
mobile or immobile robots across space, aerial, surface, and under-
water domains (Rajan et al., 2021).

EXPERIMENTAL RESULTS

Figure 4a summarizes environmental conditions observed during
the three-day experimental window considered in this study. The
background fields correspond to the Level 3 sea surface tempera-
ture (SST) product (EU Copernicus Marine Service (CMEMS)
Information Marine Data Store (MDS), 2024b). The operational
area covers approximately 100 km? south of Nazaré Canyon. While
all missions focused on temperature variability predicted by the
model, on October 31, XP2 was deployed for a cross-shore tran-
sect of approximately 13 km to sample an internal wave hotspot;
in this study, it serves as an independent ground-truth dataset.
These observations are used as a reference for evaluating the fore-
cast cases C1-C4 and D1-D4. See online supplementary material
for more information regarding AUV paths.

During the experimentation, the coastal ocean was influenced
by a late-season upwelling-relaxation cycle. At the beginning of the
sequence (October 29), the SST field revealed the characteristic
signature of coastal upwelling, with colder water masses extending
offshore due to wind-driven Ekman transport that brings subsur-
face, nutrient-rich waters to the surface. In the following days, the
weakening of upwelling-favorable winds led to a relaxation phase,
during which warmer offshore waters gradually advanced toward
the coast. This transition is reflected in the SST maps by an over-
all warming trend in the nearshore region, particularly evident on
November 1 (Figure 4a).

It is important to note that the SST imagery is partially affected
by cloud coverage, which limits the availability and accuracy of
satellite-derived temperature data. Despite these limitations, the
SST patterns clearly capture the dominant mesoscale features and
coastal processes driving the observed variability during the exper-
iment. The pronounced temperature gradients associated with the
upwelling front generated well-defined spatial and temporal vari-
ability, making the impact of targeted in situ observations on pre-
dictive model skill visible.

Figure 4b shows the vertical temperature distribution mea-
sured by the AUVs between October 29 and 31. The panels illus-
trate the temporal and vertical structure of the coastal water col-
umn throughout the three-day period, and they highlight the
complexity of logistics in multi-vehicle operations, where schedul-
ing, resources, and environmental constraints together determine
the actual temporal coverage of the vehicles.

XP2 operated on October 29 and 31, XP5 on October 29, 30, and
31, and XP3 on October 30 and 31. The temperature fields reveal a
thermocline and a progressive warming of the surface layer down
to approximately 40 m depth, with temperatures ranging from

3 In future implementations, on-board or near-real-time assimilation would need to be considered to fully exploit the framework’s adaptive potential.
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~14°C in deeper layers to ~18°C near the surface, reaching their
maximum on the afternoon of October 30 during XP5’s mission.

In Figure 5, four scatter plots compare the measurements
acquired in situ on October 31 against the corresponding geo-
statistical predictions derived under each scenario. They focus on
the most contrasted scenarios: the baseline cases without assim-
ilation (C and D) and those incorporating the full set of AUV
observations from previous days (C4 and D4). The observations
include all available data collected by the missions on that day
(see Figure 4a,b). Colors indicate the depth layers associated with
the vertical discretization used in the CMEMS NEMO model,
which defines the vertical structure of the statistical model. This
comparison illustrates the statistical model’s ability to reproduce
the observed temperatures at each measurement point accurately,
contrasting the non-assimilated cases (C and D) with the partially
and fully assimilated (C1-C4 and D1-D4).

a Oct 29

Oct 30

In the baseline scenarios without assimilation (C and D), the
plots exhibit a wide spread of points around the reference line,
indicating substantial discrepancies between the model predic-
tions and the observed AUV measurements. These deviations are
particularly evident in XP3 and XP5 data, where temperatures
around 20-30 m depth tend to be overestimated by almost 1°C
(Figure 6b,c). This dispersion reflects the model’s limited abil-
ity to accurately reproduce the vertical thermal structure when
it relies solely on CMEMS NEMO data without incorporating
in situ information.

In contrast, the fully assimilated scenarios (C4 and D4) show a
much tighter clustering of points around the reference, especially
within the studied upper layers, where the previous AUV missions
provide dense and temporally relevant observations. This reduc-
tion in spread suggests a clear improvement in predictive accu-
racy, indicating that the assimilation of targeted measurements
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effectively constrains the thermal structure and captures ongoing
physical transitions in the water column. See the online supple-
mentary material for a detailed comparison of SST fields across the
CMEMS NEMO model products from C to C4 and from D to D4.

Figure 6 presents the RMSE between the statistical model fore-
casts and the in situ temperature observations collected by the
AUVs. These figures cover all experimental configurations exam-
ined in this study. Figure 6a corresponds to the initial phase of
the experiments on October 29 and 30. Scenario A represents the
baseline statistical forecast based on CMEMS NEMO data. B and
B1 scenarios correspond to forecasts for October 30 without and
with the assimilation of in situ observations during the previous
day (see Table 1). RMSE values in scenario A range from approx-
imately 0.48°C near the surface to 1.33°C at 40 m, with a mean
RMSE of about 0.74°C. The errors increase with depth, indicating
reduced model skill in reproducing the subsurface thermal struc-
ture. The non-assimilated B scenario remains similar to A in the
upper layers but diverges below 20 m. Assimilation in scenario Bl
consistently improves predictions across the water column com-
pared to the non-assimilated B scenario with RMSE values between
0.31°Cand 0.55°C and an average of 0.39°C representing an overall

reduction of nearly 50% relative to B. This improvement is most
pronounced in the 5-20 m layers, coinciding with the strongest
vertical temperature gradients and the region most densely sam-
pled by the AUVs.

The results for October 31, summarized in Figure 6, correspond
to the phase of the experiment in which multiple assimilation sce-
narios were tested. The C-series used CMEMS NEMO data up
to October 30, whereas the D-series uses CMEMS NEMO up to
October 29, representing a less favorable statistical initial state. In
both cases, the assimilation scenarios (C1-C4 and D1-D4) corre-
spond to the incorporation of AUV data collected during previous
days (see Table 1).

A consistent reduction in statistical forecast error is observed
across most vehicles and assimilation stages. In the C-series, the
average RMSE across all AUVs decreases from approximately
0.40°C in C to 0.31°C in C4, while in the D-series, the mean
RMSE drops from 0.55°C in D to 0.40°C in D4 (see Table 1).
These improvements correspond to an average error reduction of
25%-30%, demonstrating that the assimilation of targeted obser-
vations can compensate for differences in the initial state and
improve predictive accuracy.

FIGURE 5. Comparison between in
situ AUV temperature (°C) observa-
tions (October 31) and model tem-
perature (°C) scenarios C, C4, D, and
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For XP3 and XP5, which performed targeted sampling in the
same area where previous assimilation data were collected, RMSE
values show a consistent reduction. In contrast, XP2, which on
October 31 performed a cross-shore transect outside the main tar-
get region, exhibits a weaker response to assimilation. The impli-
cations of this behavior and its relevance for evaluating the predic-
tive robustness of the framework are examined in the next section.
Vertically, RMSE profiles show similar behavior in both experi-
ment sets: errors tend to increase gradually below 25-30 m, where
model uncertainty and unresolved variability are higher. However,
this gradient weakens considerably in the fully assimilated cases
(C4 and D4), particularly in the upper 30 m, where the assimila-
tion of prior AUV data significantly improves the representation of
the temperature structure and short-term thermal evolution prob-
ably associated with the upwelling-relaxation transition.

DISCUSSION

Assessing the impact of targeted AUV observations on short-term
ocean forecasts requires evaluating both model-data agreement
and how assimilation effects vary across regions and dynamical
oceanographic regimes. Although assimilation generally improves
model skill, vehicle-specific results highlight differences linked to
sampling patterns and regional dynamics.

Figure 6b,c presents the RMSE predictions compared with
in situ data under the different assimilation scenarios (C, C4, D,
and D4) for October 31. The results are shown as a function of
depth and vehicle, allowing a direct comparison with and without
data assimilation. For XP3 and XP5, a clear and consistent trend
is observed: the assimilation scenarios (C4 and D4) improve the
model prediction skill, with RMSE decreasing across all depths,
indicating that the assimilation procedure effectively constrains

[°C]
0.5

[°Cl]
0.5

[°Cl]
0.5

[°C]
0.5

1 1 0 1 0 1

the local dynamics represented in the statistical model. Although
small differences are present between C4 and D4, they are not
statistically significant and confirm that assimilation results are
robust with respect to initial configuration differences.

The situation for XP2 was different, however. The assimilation
scenarios (C4 and D4) lead to higher prediction errors compared
with the non-assimilation runs (C and D). This counterintuitive
result reflects a spatial mismatch: on October 31, XP2 operated
north of Nazaré Canyon, while assimilated data from the previ-
ous days (October 29 and 30) were collected south of it. Nazaré
Canyon marks a transition zone between distinct oceanographic
regimes, where circulation patterns are strongly influenced by the
canyon’s complex topography and the interaction between shelf
and slope processes. Inside the canyon, residual currents are gen-
erally aligned along the canyon axis as a result of strong topograph-
ical forcing, and this alignment extends well above the canyon
edges (~150 m depth), implying substantial disturbance of the pre-
dominant north-south circulation parallel to the general trend of
the shelf and slope (Relvas et al., 2007; Tyler et al., 2009; Guerreiro
et al., 2014). This topographic forcing not only alters circulation
but also serves as a conduit for transporting organic matter and
sediment from the shelf to the deep sea. The divergence in physi-
cal regimes at the canyon likely supports distinct biological assem-
blages, or “hotspots” of productivity that would be misrepresented
by a model that fails to capture these subgrid dynamics (de Stigter
et al., 2007; Cunha et al., 2011).

CMEMS NEMO fields (Figure 7) provide a broader context,
comparing temperature distributions in northern and southern
regions of the study area during the days preceding and during the
experiment. Before October 26, although mean temperatures differ
between the two regions, their variability is consistent, indicating
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FIGURE 6. (a) Root mean square error (RMSE) in °C
between model forecasts and in situ AUV tempera-
ture observations for October 29-30. Scenario A cor-
responds to the baseline statistical forecast gener-
ated based on CMEMS NEMO data up to October 29.
Scenarios B and B1 represent forecasts for October
30 without and with, respectively, the assimilation
of AUV observations collected by light autonomous
underwater vehicle (LAUV) XP2. (b) RMSE, between
the statistical model forecasts and in situ AUV tem-
perature measurements for October 31, for scenarios
C and C1-C4. These forecasts were initialized using
Copernicus Marine Service Nucleus for European
Modelling of the Ocean (CMEMS NEMO) data avail-
able up to October 30, and the assimilation steps pro-
gressively incorporate AUV observations collected on
previous days. Results are shown for each vehicle and
for the combined dataset (“All LAUVS”). (c) Same as (b),
but for scenarios D and D1-D4, in which forecasts for
October 31 were initialized using CMEMS NEMO data
available only up to October 29. Assimilation config-
urations D1-D4 mirror those of the C-series but start
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that the system was evolving coherently across the canyon, with
systematically colder waters (by about 1°C) in the northern region.
After October 26, the temperature evolution in the two regions
diverges, with the CMEMS NEMO model showing relatively
warmer conditions in the north compared to the south. This diver-
gence coincides with the onset of the upwelling-relaxation tran-
sition and highlights a shift toward slightly distinct dynamical
regimes on either side of the canyon. This transition can explain
why assimilation of southern data, collected under a single dynam-
ical regime, fails to improve and, in fact, degrades forecasts. An
alternative explanation for the divergence of the results, which may
also act in combination with previously explained factors, concerns
the choice of covariance length scales. In our configuration, the
estimated variogram range is approximately 70 km in the horizon-
tal, with a temporal correlation scale of about one season. The var-
iogram parameters are estimated using data from the entire domain
of interest, which can be interpreted as capturing an “average”
space-time behavior. As a consequence, this single, domain-wide
covariance model cannot represent local heterogeneity, such as dif-
ferences between the southern and northern sectors of the Nazaré
Canyon region. Therefore, local over- and/or under-estimation
of the variogram range may lead to overly broad or overly local-
ized background corrections, which can in turn increase the RMSE
in the assimilative experiments (C4 and D4) relative to the corre-
sponding baseline runs (C and D) without assimilation.

This spatial mismatch underscores the need for trajectory-
planning strategies that maximize class separation between dis-
tinct dynamical regimes, as proposed by Fossum et al. (2019b)
using hierarchical clustering methods. Such approaches, based
on criteria including variance reduction, mutual information,
or entropy, could help identify routes that better discriminate
between competing oceanographic states and mitigate situations
where assimilation may propagate misleading information if rely-
ing solely on uncertainty fields.
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Another highlight of this experiment was in showing the vari-
ability within the model grid, which provided additional insight
into the subgrid-scale structure of the observed field. Figure 8
depicts the interquartile distance (IQD) of measurements recorded
by the AUVs within the three-dimensional discretization of the
statistical model. Each grid cell represents the maximum spatial
resolution available in the model, while the IQD quantifies the
local variability of in situ measurements acquired as the vehicles
navigated through each cell.

This figure illustrates how robotic platforms can capture sig-
nificant variability at scales smaller than the model resolution,
revealing the existence of fine-scale gradients, in some locations
greater than 1°C, as processes that are also unresolved by the
model. Although the statistical model provides smoothed, grid-
averaged predictions of ocean properties, AUV measurements
highlight fluctuations that occur within individual cells, indicat-
ing the presence of subgrid-scale dynamics. Unresolved variabil-
ity is a known source of error in data assimilation systems; numer-
ical forecasts and statistical surrogates inevitably smooth or filter
variability below grid scale, so observations that resolve submeso-
scale or turbulent features will often disagree locally with grid-
averaged model fields (Oke and Sakov, 2008; Janji¢ et al., 2018).
These considerations underscore that high-resolution observa-
tions from AUVs should not be interpreted solely through coarse
model fields. Instead, subgrid variability itself provides valuable
information about local forecast uncertainty and should be explic-
itly accounted for when assimilating observations into coarser-
resolution predictive systems.

Across all missions, the AUVs sampled each grid cell with
median values ranging from 9 to 14 measurements per cell and
mean values between 19 and 26. These statistics indicate a rela-
tively uniform and dense sampling pattern, sufficient to charac-
terize the local variability of the water column at the subgrid level.
The maximum number of samples per grid cell reached several

FIGURE 7. Temperature distributions
from CMEMS NEMO for the north-
ern and southern regions of the study
area between October 18 and 31.
The division between regions fol-
lows the line boundary shown in the
inset map, top right. Only grid points
shallower than 200 m were retained
to avoid including the canyon inter-
face. Boxplots show the spatial distri-
T W bution of CMEMS NEMO temperature
within each region, capturing both the
median and the spread of variability.
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thousand available to communicate and geolocate, though these
values are biased by vehicle behavior near the surface.

Despite these localized biases, the overall sampling density
achieved by the AUVs provides a detailed depiction of fine-scale
ocean variability. The IQD distributions reveal higher variabil-
ity near the thermocline (30-40 m), where vertical gradients are
strongest, while in some instances increased variability could also
appear near the surface, potentially corresponding to small-scale
frontal zones or localized mixing events. Because AUVs sample
continuously along their trajectories, they resolve spatial and tem-
poral scales that often fall between CTD stations in traditional
ship-based surveys, thereby capturing subgrid processes that
remain unresolved in numerical models.

This subgrid variability is not observational noise; it provides
valuable insight into local uncertainty and environmental hetero-
geneity. For example, quantifying this variability is essential for bio-
logical oceanography, as many marine organisms—from zooplank-
ton to fish larvae—aggregate in micro-fronts or thermal patches
that are often smaller than model resolution. Understanding this
“noise” helps distinguish biological aggregations from physical
turbulence (Visser and Stips, 2002). Incorporating both the vari-
ability (such as IQD) and the spatial sampling density into data
assimilation frameworks enhances the model’s ability to repre-
sent uncertainty at the subgrid scale and improve the realism of
short-term forecasts.

This field study provides invaluable lessons in operational pro-
cedures, refinement of adaptive sampling and algorithms, and risk
minimization for operating in an area with dense ship traffic and
fishing nets. Our AUVs were occasionally affected by strong ver-
tical currents that may have resulted from the impact of internal
waves that are common in the area and that were observed with
the help of remote-sensing imagery during the experiment.

Finally, the results achieved with this deployment provided
additional insights and the motivation to further advance the state
of the art in refining the sample-assimilate-predict-direct cycle
with the goal of improving the skill of oceanographic models.
Furthermore, dense grids of sampled oceanographic data have the
potential to fuel developments that target existing gaps in model-
ing skill when different levels of spatial and temporal resolution are
considered (Balaji et al. 2022).

CONCLUSIONS

This effort demonstrates the usefulness of overall integration to
close the sample-assimilate-predict-direct cycle to improve ocean-
ographic model skill by leveraging observations from robotic plat-
forms. Figure 6 shows clear indications of an increase in predictive
skill when high-resolution data from AUVs are assimilated in a geo-
statistical model. By choosing such a modeling approach, this effort
offers a window into the rapid process of assimilating and predict-
ing, the primary goal of FRESNEL, and doing so with minimal oper-
ational support. The accuracy of the predictions of the geostatistical

10
E-20-
c
80
230-
// Z
40 . = =
50 <
95 T " 396
94 T 7085
~ /’ O
i 9.3 ~ 395 o(\c§‘
a’”ug 9.2 - 39.45 V

IQD [°C)
1 FIGURE 8. Trajectory of LAUV XP5, during
0.9 the October 30 mission in the Nazaré Canyon
region. The color shading represents the inter-
0.8 quartile range (IQD) of temperature values
recorded within each model grid cell, illustrating
0.7 the horizontal resolution of the statistical model.
Results are shown for three representative
106 depth layers: near-surface, 20 m, and 40 m, cap-
. turing distinct vertical regimes. Higher IQD val-
ues indicate regions of higher thermal variabil-
0.4 ity within the model grid. Close-up view of the
20 m layer reveals fine-scale fluctuations occur-
0.3 ring inside single grid elements, illustrating that
39.65 the AUVs are capturing subgrid-scale structure

02 that the model does not resolve.
0.1

June 2026 | Ocmnujmp/i)/ 45



model increased after several cycles, while overall prediction errors
decreased as noted. These results provide a foundation for contin-
uous ocean prediction when obtaining high-resolution in situ data
as conceptualized in the METEOR (A Mobile (Portable) ocEan
roboTic ObsErvatORy) framework (Rajan et al., 2021).

A confluence of external factors reduced the observation period
from the planned three weeks to three days, primarily due to
weather, platform availability, and personnel constraints. Future
work will extend the observation period to validate and expand
upon these promising results.

Other challenges that remain to be addressed include near-
real-time assimilation and continuous model prediction, espe-
cially to capture dynamic coastal events. While we are still lacking
the desired statistical significance of a long series of consecutive
cycles, our future work will target optimization of the parameters
used for deeper integration of the algorithms used in the cycle.
For instance, we hope to investigate the selection of representa-
tive depths for the application of the sampling algorithm used to
find the horizontal projection of the AUV paths (Bernacchi et al.,
2025). Another potential outcome to be investigated is the use of
higher-resolution numerical models and longer prediction hori-
zons, considering computational trade-offs. In doing so, we would
also like to demonstrate the viability of portable low (computa-
tional) cost models running in the cloud, which can be initial-
ized for any region rapidly to demonstrate the loop-closure we set
out to validate.

Along these lines, an additional research direction involves
encapsulating a model surrogate embedded within the control
system of one or more AUVs to capture coastal dynamism at fine
scales (Frolov et al., 2009; Fossum et al., 2019b), while comple-
menting an increase in the assessment of shore-based model skill.

SUPPLEMENTARY MATERIALS
The supplementary materials are available online at https://doi.org/10.5670/
0ceanog.2026.e209.
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