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SUMMARY (ENGLISH)

This thesis aims to investigate the potential benefit of the simultaneous exploitation
of heterogeneous and multi-sensor observations for the sea-surface state characterization.
The significance of this work can be viewed in the perspectives of the availability of large
oceanic data sets and the recent surge of interest in data-based AI methods for geoscientific
applications.

Our contributions articulate in two complete case studies. The first investigation tar-
gets quantitative and qualitative improvement of sea-surface wind speed estimation using
underwater passive acoustic data. A first axis of improvement is tied to model design
choices. We show that an end-to-end neural network-based architecture that parame-
terizes a variational data assimilation scheme of the type weak-constrained 4DVar out-
performs classic regressive predictors and purely neural network-based inversion models.
The second axis addresses the task performance imputable to a multi-modal dataset, in
which underwater acoustics is jointly used with sea-surface wind speed reanalyses (data
assimilation hind-casting products). The inclusion of this second modality represents a
supplementary information source for the wind speed reconstruction.

The second case study deepens the multi-modal approach including spatio-temporally
heterogeneous data. The target variable is the sea-surface wind speed considered on a
large spatial extent. The model chosen for this analysis is the same as for the first case
study, i.e. a neural network-based parametrization of the weak-constrained 4DVar. Our
analyses aim to assess the impact of each input source on the overall high-resolution wind
fields reconstruction performance. We use simulated data in order to avoid any availability
and compatibility issues in the input data. The heterogeneous input sources are obtained
by the original data in order to have spatial high-resolution and low-resolution fields and
local point-wise time series. These pseudo-observations aim to emulate satellite imagery,
numerical weather prediction products and in-situ observations. The results are promising
on both the scientific and operational aspects. We prove the model capability to flexibly
incorporate the complementary information conveyed by the heterogeneous data and we
show how this framework can be used to optimize the oceanic observation networks.
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RÉSUMÉ (FRANÇAIS)

Cette thèse vise à étudier les avantages potentiels de l’exploitation simultanée d’obser-
vations hétérogènes et multicapteurs pour la caractérisation de l’état de la surface de la
mer. L’importance de ce travail peut être considérée dans la perspective de la disponibilité
de grands ensembles de données océaniques et de l’intérêt récent pour les méthodes d’IA
basées sur les données pour les applications géoscientifiques.

Nos contributions s’articulent autour de deux études de cas complètes. La première
étude vise à améliorer quantitativement et qualitativement l’estimation de la vitesse
du vent à la surface de la mer à l’aide de données acoustiques passives sous-marines.
Un premier axe d’amélioration est lié aux choix de conception du modèle. Nous mon-
trons qu’une architecture de-bout-en-bout basée sur un réseau neuronal qui paramètre un
schéma d’assimilation variationnelle de données du type weak-constrained 4DVar est plus
performante que les prédicteurs régressifs classiques et les modèles d’inversion purement
basés sur un réseau neuronal. Le deuxième axe concerne les performances imputables à
un ensemble de données multimodales, dans lequel l’acoustique sous-marine est utilisée
conjointement avec des réanalyses de la vitesse du vent à la surface de la mer (produits
d’assimilation de données à posteriori). L’inclusion de cette deuxième modalité représente
une source d’information supplémentaire pour la reconstruction de la vitesse du vent.

La deuxième étude de cas approfondit l’approche multimodale en incluant des données
spatio-temporelles hétérogènes. La variable cible est la vitesse du vent à la surface de la
mer, considérée sur une large étendue spatiale. Le modèle choisi pour cette analyse est
le même que pour la première étude de cas, c’est-à-dire une paramétrisation basée sur
un réseau neuronal du weak-constrained 4DVar. Nos analyses visent à évaluer l’impact
de chaque source d’entrée sur la performance globale de la reconstruction des champs de
vent à haute résolution. Nous utilisons des données simulées pour éviter tout problème
de disponibilité et de compatibilité des données d’entrée. Les sources d’entrée hétérogènes
sont obtenues à partir des données originales afin d’avoir des champs spatiaux à haute
et basse résolution et des séries temporelles locales ponctuelles. Ces pseudo-observations
visent à imiter l’imagerie satellitaire, les produits de prévision météorologique numérique
et les observations in situ. Les résultats sont prometteurs tant sur le plan scientifique
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Résumé (Français)

qu’opérationnel. Nous prouvons la capacité du modèle à incorporer de manière flexible les
informations complémentaires véhiculées par les données hétérogènes et nous montrons
comment ce cadre peut être utilisé pour optimiser les réseaux d’observation océaniques.
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GENERAL INTRODUCTION

Context and motivation

The ocean is a vast complex dynamical system that occupies the majority of the Earth’s
surface. As it is a main infrastructure for human activities such as commerce, fishing
and energy production, its exploitation prompted a surge in interest and concern due to
increasing pressure exerted on the marine ecosystems [1]. Much of the work devoted to
ocean and sea research has involved scientific and governmental interventions [2] gathering
the efforts of diverse communities to better study, characterize and describe the oceanic
medium. On the strictly scientific side, the disciplinary fields contributing in sea and
ocean studies include mathematical physics, biology, climatology, signal processing and,
more recently, artificial intelligence (AI) and big data science. The disciplinary field of this
thesis work is AI, in particular deep learning, for oceanic data processing. The objective
is the characterization of the sea-surface state. This interest is encouraged by the large
availability of multi-source and multi-sensor data. The availability of these observations
is tied to the increasing number of maritime data collection infrastructures deployed
worldwide [3]–[5]. In the wake of recent developments and advances in machine learning
applied to geosciences [6]–[8], the motivation is to leverage such novel and promising
techniques to fully exploit potential synergies in the information carried out by different
data sources.

Aim and objectives

Given this context, the fundamental scientific questions that this thesis aims to ap-
proach are the following. We ask in which measure an hybrid approach aiming to join
data-driven and physics-informed modelling is competitive with respect to classical meth-
ods based only on mathematical physical models or purely data-driven statistical methods.
In a complementary way, we may further ask in which measure spatio-temporally hetero-
geneous and multi-sensor input data allow to improve the model performance. These
general objectives in the framework of the practical thesis work can be restated as fol-
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Chapter 0 – General introduction

lows. The first application aims to evaluate in which measure a learning-based approach
can improve the reconstruction performance of sea-surface wind speed using underwater
acoustics. A further analysis concerns the performance improvement as a function of a
multi-source dataset which is composed on underwater acoustics and synthetic model-
derived wind speed. A second application concerns the exploitation of multi-scale and
multi-dimensional information about sea-surface wind speed to reconstruct high-resolution
time series of spatial wind speed fields. This second application aims to demonstrate the
potential of an explicit treatment of spatio-temporally diverse data sources.

Structure of the manuscript

This manuscript is organized as follows. Chapter 1 gives the physical context and pro-
vides a general background on the most common observation and measurement techniques
for wind speed at sea surface. Alongside with observations, numerical weather prediction
and AI-based methods are presented and discussed. Chapter 2 introduces the method-
ological aspects that are approached in the development of the thesis work. In particular,
the chapter is focused on data assimilation and deep learning concepts. The conclusive
section is devoted to the introduction of the 4DVarNet framework, which is based on the
previously mentioned concepts. Chapters 3 and 4 present the contributions of this thesis.
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Background and methodology
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Chapter 1

BACKGROUND

1.1 Introduction

The oceans, the atmosphere and their interactions play a central role on life on Earth.
They are responsible for global temperature regulation and heat distribution [9], carbon
balance equilibrium between water and the atmosphere [10] and are the primary driving
forces in the hydrological cycle [11], affecting climate and meteorological phenomena at
all the spatio-temporal scales. Sea-air interactions influence ocean circulation and climate
processes. This work concentrates on the strict interface area. The processes taking place
at this compartment are manifold, schematically represented in Figure 1.1. Among the
others, the wind speed dynamics is targeted and taken as main process of interest. Wind
speed is a relevant phenomenon for a wide range of scientific and operational applications.
To cite a few: natural resources exploitation, weather extreme events forecast and climate
projections, marine environment and ecosystems monitoring.

Despite its paramount importance, sea-surface wind characterization is made difficult
by the turbulent nature of geophysical fluid flows and the large spatial extent of the sea-air
interface. Atmospheric phenomena behave differently at different spatio-temporal scales.
Climate scale wind speed patterns are characterized by spatial dimensions of more that
5000 km with several-years duration. Weather phenomena (taking place at the mesoscale)
develop on spatial dimensions of few to 1000 km and in rapid (sub-daily) time windows.
The turbulence makes fluid flow fields three-dimensional, chaotic and multi-scale. These
features make the prediction and description of flow fields extremely difficult. Moreover,
the inter-scales spatio-temporal dependence make any simplification a potential source of
inaccuracy. The interested reader may refer to the textbooks by Wallace and Hobbs [12]
and Vallis [13] for a broader and more detailed overview on atmospheric dynamics. Tur-
bulence is extensively treated by Batchelor [14] and Holmes et al. [15].

Due to the complexity of this physical system and its primary importance for the
scientific and operational purposes mentioned above, a large set of observation sources
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Graphic removed to respect copyright

Figure 1.1 – A schematic illustration of the physical processes taking place at the sea-
air interface. Image source: Woods Hole Oceanographic Institution https://www2.whoi.
edu/site/casimas/.

and modelling techniques have been employed over the years. The most relevant sources
and techniques in the context of this thesis are (i) numerical weather prediction (NWP)
models, (ii) direct (in-situ) and indirect (remote) observations, (iii) sea-surface variables
reanalyses (obtained with data assimilation schemes) and (iv) AI-based methods. These
sources of information will be detailed in the following sections. Despite the abundance
of sources of information, these can describe the spatio-temporal variability of the wind
speed realization on one given instant. These sources of information are inter-dependent
and target different compartments of the Earth system at different spatio-temporal re-
alization scales. Mathematical modelling lays upon scientific understanding of natural
phenomena and is expressed in mathematical formalism [16]. See [17] for a complete text-
book dedicated to the subject. In-situ and remote observations [18]–[20] provide “physical”
measurements of some environmental variable. Such data are valuable per se in weather
and climate research but are also essential to validate the outputs of mathematical mod-
els numerical integration [21]. Conversely, well established models may provide reference
(synthetic) data to evaluate the profitability of new data sources by means of observa-
tions system simulation experiments [22]. Data and models interact at many levels [23].
An higher level of this fusion is represented by data assimilation schemes [24]. In data
assimilation, the numerical integration of the model is combined with the information
coming from massive amounts of real observations. This data-model interaction allows to
obtain the best estimate of the system state. In addition, recent years have seen a surging
interest in AI data-driven modelling to approach the challenges posed by the oceans char-
acterization [25], [26]. Unlike data assimilation, the most widespread AI-based methods
do not need, by their design, a prior physical knowledge to operate but they are primarily
and foremostly dependent on large volumes of data.

4
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1.1. Introduction

Method Sensor / Model Spartial coverage Spatial resolu-
tion

Temporal reso-
lution

Typical RMSE

In-situ WindSonic2D
anemometer [27]

None Local Sub-hourly 0.2 m s−1

Reanalyses ECMWF
ERA5 [28]

Global ∼ 31 km Hourly 1.5 – 2 m s−1

SAR Sentinel-1A [29] ∼ 600 km 0.02 km Daily 1.6 m s−1

Table 1.1 – Summary table of the spatio-temporal scales targeted by three selected ob-
servation techniques.

The rest of this chapter is structured as follows. Section 1.2 discusses the observations
techniques available for monitoring wind speed at sea surface. The sensors and platforms
most relevant for the scope of this thesis are presented. Section 1.3 gives an overview of the
methods based on NWP modelling and data assimilation schemes. Section 1.4 closes the
chapter giving an overview of AI methods that stand as complementary to the traditional
methods outlined in the other sections referred to above. Section 1.5 defines formally the
terms used in this thesis to reference the observations scales and natures diversity.

Take-home message This introductory section aimed to present the complexity of
the ocean/atmosphere description tasks. Due to the heterogeneous spatio-temporal scales
involved and the physical conceptual difficulty, no such thing as a universally suited, simple
and all-comprehensive model is available and is not going to be so in the foreseeable future.
To remediate this, the necessity of exploring and understanding the oceanic environments
is addressed by a set of methods and techniques that involve both observations, modelling
and interaction between them. Table 1.1 gives an introductory overview of the wind speed
measurement or reconstruction performance expected for three selected methods. These
methods and techniques will be discussed in further detail in the following sections. As
a methodological note, the root mean squared error is widely used in the operational
practice as well as in scientific research. This score provides an average value of the
quadratic error between an estimation and the true value of a given variable. The root
mean squared error is expressed in physical dimensions. In the case of wind speed, it is
expressed in meter per second (m s−1). Figure 1.2 provides a graphical visualization of
Table 1.1. This visualization helps to see the different spatio-temporal scales targeted by
the methods chosen.
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Figure 1.2 – Graphical representation of the spatial coverage and resolution as a function
of temporal resolution for the selected observation and measurement techniques stated
in Table 1.1. Note that in-situ techniques are represented graphically by rectangles for
visual convenience but their coverage in space is point-wise w.r.t. the position of the
sensor. The same remark applies for the spatial resolution. A local sensor can not have a
spatial resolution since it can not provide spatial observations.

1.2 Observation techniques

As mentioned above, observations are divided into direct (local, in-situ) and remote.
In the following, an overview of both is provided, with a particular focus on the techniques
and methods commonly used to estimate the wind speed at sea surface.

1.2.1 In-situ observations

All the observation techniques that involve a direct contact between the instrument
and the phenomenon to measure are called in-situ methods. The main advantages of in-
situ data are the extensive temporal coverage and high-rate temporal sampling frequency,
allowing the analysts to have a sound description of the phenomenon temporal evolution.
However, such measures should be understood and interpreted in the sense of point-wise
description since one sensor measurement does not have any spatial coverage. In this sense,
in-situ data provide a fine-scale measure of the observed process. This feature represents a
main limitation of in-situ techniques. We may further emphasize that in-situ observations
do not provide any meaningful information about wind speed spatial variability, unless
a dense and regular buoys network is deployed. This operation, however, would imply
prohibitive efforts in terms of both economical costs and personnel safety. In this section,
a self-contained presentation of the main sensors measurement platforms for wind speed
is provided. Figure 1.3 gives a graphical overview of the most common in-situ observation
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Graphic removed to respect copyright

Figure 1.3 – Main in-situ observation methods and techniques. Source: Ocean
Explainers by Copernicus Marine Service / Mercator Ocean International
https://marine.copernicus.eu/explainers/operational-oceanography/
monitoring-forecasting/in-situ

techniques, not only for wind speed.
Direct measures of wind are mainly made with anemometers. In general, an anemo-

meter is an instrument that gives a measure of wind speed (some models can measure
direction as well), based on different physical processes. Cup anemometers [30] are
the simplest version and they put in relationship wind speed with the mechanical ac-
tion of wind with the movement of three and four cups installed on a fixed pivot. Wind
speed moves these cups and the angular velocity of the cups is used to compute the wind
intensity. Hot-wire anemometers [31] allow to evaluate the wind speed intensity by
the cooling rate of an hot wire. This hot wire is maintained at constant temperature.
The energy required to do so can give information about the wind speed. Ultra-sonic
anemometers use two transducers to measure the back-and-forth travel time of an ul-
trasonic pulse. This can be put in relationship with wind speed. The advantage of this
sensor, other than the accuracy, is the capability to measure wind speed direction, unlike
cup and hot-wire anemometers.

These sensors can find place on different observation infrastructures and platforms.
One common such installation is the moored buoy [32]–[34]. Moored buoys are fixed
stations that may be equipped with multiple sensors to measure temperature, pressure
and wind speed, among others. They provide reliable, high-quality measurements and rep-
resent a cost-effective method [35]. Although, the measurements of moored buoys relate
to the phenomenon realization on the strict geographical proximity of the platform. More-
over, due to the effort to install them, they are typically deployed in the strict proximity of
coastlines [36]. Another solution is the installation and deployment of wind speed-related
sensors on research vessels [37], [38]. This alternative allows to extend the portion of
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Chapter 1 – Background

surface explored at limited deployment cost. Still, the limited coverage problem persists.
A similar solution is represented by drifters [39], [40], that is, floating weather buoys.
These platforms are free to drift with the ocean currents.

To conclude this brief introduction to in-situ sensors for wind speed measurement, an-
other point of interest in the scope of this work is represented by underwater acoustics
measurements [41]. The discipline of acoustic meteorology aims to infer the above-surface
atmospheric state from the underwater soundscape. The work of Nystuen [42] is a first
example of this research area. Underwater noise is measured with fixed hydrophones [41],
[43], floating profilers [44], [45] or bio-logged mammals [46]. These instruments collect
underwater noise that can be related to different geophysical phenomena such as wind
speed and rainfall.

1.2.2 Remote sensing

Remote sensing is the process of relating one given physical variable on a given area
and the Earth surface-reflected radiation. This process is done with air or space-borne
carried sensors. Unlike in-situ techniques, remote sensing methods capture spatially wide
observations of the Earth surface. Applications involving sea-surface wind speed benefit
from the simultaneous spatial variability captured by remotely sensed fields [47]. Remote
sensing is distinguished in passive [48] and active [49] methods. Passive sensors receive and
interpret electro-magnetic radiation naturally backscattered by the Earth surface. Active
sensors emit the radiation themselves, so they can capture and interpret the backscattered
information. The geophysical parameters observed by remote sensors are manifold. The
measurement of wind speed at sea surface can be accomplished with scatterometers [50]
and Synthetic Aperture Radar (SAR) [51]. SAR imagery can deliver surface wind
observations with a spatial resolution of 0.5 to 1 km. SAR sensors estimate sea-surface
wind speed by treating the normalized radar cross section (NRCS). NRCS, called σ0,
is a non-linear function of the emitted pulse frequency, the polarization and the wind
speed and direction [29]. Several inversion algorithms exist for this inversion [52]. These
inversions are based on a chosen geophysical model function (GMF, [53]) that relates the
raw signal σ0 and the wind speed and directions. SAR data need NWP or in-situ data to
be properly calibrated. The interested reader is referred to [54] for a complete review on
SAR-based sea-surface wind speed measurement and to [29] for a complete explanation
of SAR imaging.
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Graphic removed to respect copyright

Figure 1.4 – An example of Sentinel-1 SAR product. Data source: French access to Sentinel
product service https://peps.cnes.fr/rocket/#/home.

To give a practical example, C-band 1 SAR sensors are mounted on Sentinel-1 satellites
launched by the European Space Agency. These satellites provide 1×1 km resolution ocean
wind products of extent 170×80 km. The Sentinel-1 A and B satellites have been launched
in 2014 and 2016 respectively and have an expected lifetime of seven years. The reader is
referred to [55] and [56] for a detailed overview of the Sentinel missions.

For the purpose of wind speed monitoring, remotely acquired information represents
a valuable source of information. However, the main limitation of satellite observations
resides in the poor revisit period of the satellite sensor on a given region. Due to the
rapidly evolving surface wind speed patterns, a revisit period of 12 hours or more (as
usual for SAR imagery) prevents a time-continuous description of the phenomenon.

1.3 Mathematical modelling and data reanalysis

In the following subsections, the products provided by mathematical atmospheric mod-
els and data assimilation systems are discussed. This presentation is kept essential for the
purpose of introducing some examples of both products, which are directly touched by
these thesis’ contributions.

1.3.1 NWP models

A NWP model conceptualizes a given physical law. In geoscientific applications, these
laws involve momentum, mass, energy conservation balances and thermodynamic state
relations. Due to the mathematical complexity of these models, a direct analytical solution

1. C-band refers to the sensor-emitted pulse frequency. The C-band is associated to a 5.3 GHz fre-
quency.
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Graphic removed to respect copyright

Figure 1.5 – Surface wind speed forecast by the WRF model. Image Source: https:
//www.mmm.ucar.edu/models/wrf

is practically not possible. The alternative is represented by numerical simulations [57].
The simulation scheme depends on the spatio-temporal scales involved by the processes
addressed, e.g. Earth rotation and inertial forces become relevant at large and small spatial
scales respectively. We list here some relevant examples of NWP models.

The WRF (Weather Research and Forecasting model [58]) is an example of mesoscale
model, developed by the National Ocean and Atmospheric Administration (NOAA) and
National Center for Atmospheric Research (NCAR). WRF is an atmospheric model but
can be coupled with ocean models. It has regional coverage and has grid spacing ranging
from meters to kilometers, depending on the configuration. Its applications involve short-
range weather forecast and climate research. Figure 1.5 shows an example of the WRF
wind speed forecast. The IFS (Integrated Forecasting System [59]) and GFS (Global
Forecast System [60]) models, on the other hand, are global weather prediction models
and, as such, they have larger horizontal grid spacings, from several to tens of kilometers.
They are developed, respectively, by the European Center of Medium-Range Weather
Forecast (ECMWF) and by NOAA. They are used for weather and climate prediction
at short and medium term. The coverage of such models is larger than the mesoscale
dimension but they are mainly used for continental forecast services on Europe and North
America.

1.3.2 Data assimilation

Data assimilation refers to a set of methods that aim to estimate the atmospheric or
ocean state [61]–[63]. The main use of data assimilation schemes is to combine informa-
tion from a NWP model integration and real observations to find the optimal model state
and/or parameters. Among the most important parameters, the initial and boundary con-
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Graphic removed to respect copyright

Figure 1.6 – ERA-5 and CERRA products. Image source: Climate Reanalyses by
Copernicus Climate Change Service, accessible at https://climate.copernicus.eu/
climate-reanalysis.

ditions play a crucial role to initialize the NWP model forecast. At the time that new
observations are available, the data assimilation scheme produces an analysis, that is the
optimal estimation of the system state given the model forecast and the observations. In
this way, the forecast and analysis steps are repeated sequentially to estimate and update
the system state and parameters. The same process can be performed on assimilation
time windows before current time. This hind-casting procedure provides re-analyzed his-
torical data. Reanalyses benefit from quality improvement, such as resolution and grid
homogeneity. For its capability of forecasting and hind-casting, data assimilation systems
are implemented by several operational weather services centers. Notable examples are
the aforementioned ECMWF for Europe and the National Centers of Environmental Pre-
diction (NCEP) in the United States of America. Notable example of reanalyses are the
ERA-5 dataset by ECMWF [64] and NCEP/NCAR dataset by the agencies referred to
in the name itself [65].

For the sake of introducing the contributions of our work, a brief overview of ERA-
5, the fifth generation of ECMWF reanalyses databases, is provided. ERA-5 reanalyses
are available from 1940 onwards. They have spatial grid spacing of 0.25◦ × 0.25◦ and
temporal resolution of 1 hour. This database comprehends a large list of atmospheric
variables, such as the horizontal components of wind speed at 10 m level, temperature
at 2 m, convective precipitation, geopotential and many others. The ERA-5 reanalyses
are obtained by integrating the IFS model referred to above, in particular its Cy41r2
version [66]. These forecast are integrated in a 4DVar assimilation scheme. Chapter 2 will
provide an explanation about 4DVar. The reader may refer to [64] for a complete review
on the ERA-5 reanalyses database. Despite being state-of-the-art methods for wind speed
forecasting and reconstruction, reanalyzed wind speed fields suffer some limitations. The
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ECMWF reanalyses users feedback often points out that the spatial resolution of the
products may not suffice to resolve the smaller scales. Indeed, the 30 km resolution of
ERA-5 may neglect smaller scales phenomena. One other limitation concerns model errors.
These errors imply notably timing and/or intensity errors [67].

To conclude this section, it is worth recalling that ERA-5 products have global cover-
age. As such, their capability of performing accurate description of smaller-scale phenom-
ena may be inadequate. Regional reanalyses (RRA), for example the Copernicus RRA
for Europe (CERRA, [68]), address this issue. ERA-5 is used as forcing and boundary
conditions for higher resolution grids with horizontal spacing of 5.5 km. These reanalyses
are obtained by integrating regional-scale numerical models, as the IFS is more suited for
larger-scales forecasts. Figure 1.6 provides a visualization of ERA-5 and CERRA products.

1.4 AI and statistical modelling

Recently, the application of AI (in particular deep learning) has been largely con-
sidered as a methodological tool complementary to the state-of-the-art methods in geo-
sciences [69], [70]. This kind of synergy has been prompted by the increasing affordability
of computational resources, advances in the machine and deep learning field and the
availability of bigger volumes of geophysical data bases [7]. Machine Learning models
provide flexible representation of high-dimensional dynamical systems and computational
efficiency. This makes it well suited for simulation and inverse problems [7], long-term fore-
cast [6], remote sensing applications [71] and geophysical fields super-resolution [72]. The
particular application to remote sensing is itself an active research field [73] due to the
promising cross-fertilization of computer vision and computational imaging techniques,
deep learning modelling and the availability of remotely sensed data. One other interest-
ing intersection point regards the deep learning-assisted satellite products compression.
Recent work proposed the use of neural networks [74] to perform multi-rate compression
of remotely sensed products. The authors of [75] use a learnable probabilistic framework
to reduce the time and memory complexity of the same task. Generally, deep learning
represents an attracting methodology to approach the solution of inverse problems [76].
Geoscientific and geophysical applications often have to face such problems. The relevant
deep learning concepts will be introduced in depth in Section 2.3.

The data assimilation techniques are considered the state-of-the-art in geoscientific
modelling. For the reasons mentioned above, AI-based methods present themselves as
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complementary techniques. In some cases, deep learning-based models are used as auxil-
iary modules of data assimilation schemes, for example to improve the resolution of the
system state [77] or to characterize errors dynamics [78], [79]. In other cases, data assimi-
lation schemes are embedded in an end-to-end trainable architecture [80]. This means that
the inversion is performed by an end-to-end trainable model [7]. The complementarity be-
tween deep learning and data assimilation stems from the effectiveness of flexibility and
efficiency of deep learning and the physical and theoretical back-end of data assimilation.
To complete this discussion, data assimilation can be viewed as an algorithm to solve a
geophysical inverse problem. Deep learning can be seen as a programming framework. A
data assimilation scheme could be designed and implemented numerically with the pro-
gramming frameworks used for deep learning. In this way, the data assimilation scheme
would benefit from the automatic differentiation capabilities of deep learning tools [81].
Both data assimilation and deep learning as strategies to tackle inverse problems in geo-
physical applications will be introduced in detail in the following chapter.

Deep learning on its own has also rapidly outperformed state-of-the-art results is some
specific applications. Some notable examples are provided in the following. Inpainting and
interpolation are techniques that allow to fill spatially occluded data. Image inpaint-
ing [82] refers to the technique of restoring deteriorated images. Remote sensing products
may suffer of field occlusions due to meteorologic conditions or other causes. Deep learning-
based approaches have been proposed to address this problem [83]–[85]. Interpolation
refers to the technique aiming to find intermediate values of a given field from discrete
and sparse observations [86]. The flexibility of deep learning-based modelling allows to
perform trainable interpolation for geophysical fields [87]–[89]. For the scope of this thesis,
the multi-modal approach is particularly relevant. Multi-modal machine learning [90]
aims to jointly learn from multi-modal data sources. Different sources of data convey com-
plementary information about the domain. Multi-modal deep learning approaches have
been proposed to treat the heterogeneity of geophysical observations [91]–[93]. Other in-
teresting recent developments are physics-informed machine learning [94], [95] and
theory-guided data science [96]. These approaches endow machine learning and data
science models with physical constraints and informs such models with theoretical physi-
cal knowledge, otherwise not encoded in data-driven modelling. The model is trained to
simulate the system behavior accounting for such constraints. The applications of these
methods include learning partial differential equations [97] and weather systems forecast-
ing [98].
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1.5 Glossary of data-related terms

Through this work, we refer extensively to observations and sources of information that
have diverse nature and spatio-temporal sampling patterns. The introductory sections
presented in this chapter made explicit reference to the spatio-temporal variety and the
deployment of different sensors to capture many features of one given natural phenomena,
with particular reference to wind speed at the sea surface. This section closes the chapter
providing the definitions of the data variety that will be referenced in the chapters devoted
to the contributions.

• Heterogeneity. With heterogeneity we mean the different spatio-temporal res-
olutions and coverage that characterize two or more sources of information. For
example, a dataset that involves both satellite images and reanalyses (for example
of sea-surface wind speed) is inherently heterogeneous inasmuch the spatial resolu-
tion of a satellite (for example SAR) product may be one order of magnitude finer
than that of the reanalysis product (cfr. Sections 1.2.2 and 1.3.2).

• Multi-modality. The concept of multi-modality has a more relevant impact at
the level of model design and implementation. A multi-modal dataset contains
diverse information that one given model should be capable to ingest and process
simultaneously. For example, a multi-modal dataset may be composed of satellite
images and in-situ time series. These two sources of information benefit of a large
body of independent processing techniques. We may refer to [99] and to [100] for
complete accounts on time series analysis and computational image processing,
respectively. Multi-modality may also refer to the different nature of the variables
involved, for example in the case where time series of rainfall and pressure are
analysed.

• Multi-sensor. A multi-sensor dataset is composed of different observation chan-
nels that are captured necessarily with different sensors. For example recall the
measurement instruments introduced in Section 1.2.1 in relation with the wind
speed measurement. In this sense, one given variable may be measured with differ-
ent kinds of instruments for the different measurement properties of each instru-
ment.

We may emphasise that these definitions are not mutually exclusive, in fact they
often overlap. A multi-sensor dataset is very likely a multi-modal and heterogeneous
dataset since different sensors may capture different features of the phenomenon at dif-
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ferent spatio-temporal scales. By contrast, a multi-modal dataset may not necessarily be
heterogeneous, since this dataset may be composed of wind speed, pressure and tem-
perature reanalyses products defined on the same spatial grid with the same temporal
resolution and coverage.

To anticipate briefly and to apply these definitions to the case studies presented in
the contributions chapters, we may characterize the dataset used as follows. In the case
study presented in Chapter 3, we use a dataset composed of underwater acoustic data
and wind speed reanalyses. The objective is to retrieve sea-surface wind speed. In this
case, the wind speed reanalyses are referred to 1◦ × 1◦ grid cells. For the purpose of
our analyses, we consider grid value as representative of the local neighborhood of the
observation infrastructure hosting hydrophone that collects acoustic data. In this case, the
dataset is multi-modal and multi-sensor but not heterogeneous. The data have different
natures (underwater acoustics and reanalysed wind speed) but both are local in space and
have been chosen in such a way to have the same temporal coverage. In the second case
study, presented in Chapter 4, we use model data (cfr. Section 1.3.1) to simulate satellite
images, reanalyses and local in-situ time series. This dataset is heterogeneous (due to the
different spatio-temporal resolutions of each simulated modality) and multi-modal (due
to the different nature of these pseudo-observations). The use of model data does not
allow to define such dataset multi-sensor. This would be the case if real data are used,
like remotely sensed spatial fields and point-wise time series.
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Chapter 2

METHODOLOGY

2.1 Inverse problems in geophysics

In geophysics, one often encountered problem is the estimation of a set of parameters
or one system’s state given a set of observable quantities [101], [102]. Focusing on a given
physical system, let us denote model the formal representation of the system behavior,
subjected to physical laws. Let the parameters be a set of quantities that characterize
the model. The system state is the complete description of the system configuration
at any instant of a given realization that involves the system. Given a complete model
characterization (parameters comprehended), the system states trajectory can be fully
described, retrieved and predicted. Mathematical modelling is concerned with the formu-
lation of the governing equations of one given physical system. These equations describe
the past, present and future of this system. For example, a simple system could be a
point particle P , the system’s state is the position x of the point at any time t, that is
x(t). The model is the equation of motion that describes the dynamical behavior of P ,
ẋ(t) = f(x, t;m). The mass of the point, m is the parameter that fully characterizes the
model.

Given a model, any information that can be obtained about the system state is pro-
vided by an observation operator, H, that maps the state space X (where system
states reside) to the observations space Y . The observation operation can be stated as
(omitting the temporal dependence not to lose generality)

y = H(x) (2.1)

In the case of the motion of the point P , one could directly observe the object up to some
observation noise, such that y(t) = x(t)+ϵ(t), where ϵ is a noise process. This observation
process relates with the “sampling” operation: a continuous signal is converted to a discrete
signal. Given the knowledge of the model and the observation operator, this is a simple
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Figure 2.1 – Schematization of the forward and inverse problem realizations for the dy-
namical system proposed by Lorenz [104].

process that can deliver information about the system states at any instant. This is a
forward problem, since the action of the observation model H samples the system state
and returns its observable version.

The inverse problem is the inversion of the forward problem. It accounts for finding
the system state given its observations. The model reconstruction from the observations
aims to retrieve the system state x or the model parameters. In the simple example of the
point particle, there is a straightforward relationship between states and observations.
The information about the system state x, the particle point position, can be directly
converted to a time series of coordinates of the point, with the addition of measurement
noise. In real world applications this is never the case. A direct inversion would require
an exact theory and infinite and noise-free observations [103], but the cases in which it is
possible are rare. Major limitations stem from the (necessarily) simplistic modellization
of the problem domain (e.g. solid Earth, atmospheric or ocean media physical models
unavoidably contain conceptual errors). Furthermore, the model to be reconstructed is
a function of infinite-dimensional space variables and the observations are necessarily
finite-dimensional. This makes the inversion an ill-posed problem.

This work is particularly concerned with geosciences, and in particular the wind speed
dynamics at the sea surface. Notable examples of inversions for this case, treated in the
Chapters 3 and 4 of this thesis, are the following. Our first study case exploits underwa-
ter passive acoustic data collected with hydrophones, which relate with the above-surface
state. The inverse problem is to quantify the wind speed intensity shearing at the sea-air
interface from the underwater ambient noise. Our second study case consists in recon-
structing high-resolution time series of spatial wind speed fields at the sea surface from
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(i) the interpolation of sparse high-resolution large-extent observations, (ii) the super-
resolution of NWP products. In these cases, the inversion aims to retrieve the original
high-resolution state from its partial observations.

The remainder of this chapter introduces the inversion methods that have been chosen
for the works presented in this thesis. Section 2.2 presents data assimilation. Section 2.3
gives an overview on deep learning and Section 2.4 introduces the 4DVarNet framework.

2.2 Variational data assimilation

2.2.1 Preliminary statements

Data assimilation is the instance in the field of geosciences of dynamical systems state
estimation and system parameters estimation. The objective is to estimate the state of
the geophysical system using the knowledge of both real observations and the physical
model describing the phenomena. The problem of estimating the state of a large and
complex dynamical system, such as the atmosphere or the ocean, starting from a finite
base of observations falls under the set of inverse problems described above. The process
involves the extraction and fusion of information coming from different sources at a given
time. The natural formalism for data assimilation is often that of discrete evolutionary
equations 1 of the system state and the state-observable relations. The standard starting
point is the state-space formulation at a discrete time t, as follows 2

 xt = Mt(xt−1) + ηt

yt = Ht(xt) + ϵt

(2.2)

The symbols are the following. x ∈ X and y ∈ Y are the system’s state and the observa-
tions respectively. The state space and observations spaces X ⊂ Rm and Y ⊂ Rd typically
have different dimensions as d < m. This means that the observations have a much smaller
dimensionality than the true state. The operator Mt is a non-linear dynamical operator
considered at time t, that maps one system state into its next realization. The operator
Ht is the possibly non-linear observation model that maps the state space to the obser-
vations space, delivering observable information about the state x. The processes ηt and

1. The more general continuous formulation may equally be used as formal starting point, although
it must necessarily be discretized for the proper application.

2. A complete statement would include the model parameters explicitly in this formulation. Since
parameter estimation is beyond the scope of this introductory presentation, its dependence is omitted.
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ϵt are respectively the model errors and the observation errors. The former represent the
cumulative numerical errors, in the model parameterization as well as effects of unresolved
scales, while the latter is an observation error and is imputable to measurement noise and
representativeness error due to the measurement instrument itself [61].

Given the fundamental random nature of the states and observation processes, a sta-
tistical framework is often chosen to frame the data assimilation problem into. The focus
shifts on the probability distributions of the states and observations, especially the pos-
terior distribution on the system’s state conditioned by the observations, p(x|y). The
posterior above can be stated by the Bayes theorem as follows

p(x|y) = p(y|x) p(x)
p(y) = p(y|x) p(x)∫

p(x,y) p(x) dx (2.3)

Call p(y|x) the likelihood, that is the probability of having observed the data y due to
the value attained by the state x. Call p(x) the prior, which carries information about
the realization of the state. The density p(x,y) is the joint distribution and its explicit
evaluation, alongside with the normalization constant of the last side of Equation (2.3),
is seldom analytically and computationally tractable.

In data assimilation, it is important to lay solid assumptions about the errors. The
common assumption is to consider i.i.d. processes. The equations of the state-space for-
mulation (2.2) can be restated in terms of probability densities, in light of these remarks,
as  p(xt|xt−1) = pη[xt − Mt (xt−1)]

p(yt|xt) = pϵ[yt − Ht(xt)]
(2.4)

Enforcing temporally independent errors, then the probability distributions for the errors
processes can be factorized in products of probabilities. One additional common assump-
tion is that the states process is a first order process, i.e. p(xi|x0:i−1) = p(xi|xi−1). These
assumptions allow to state Equation (2.3) as

p(x0:T |y0:T ) = C−1 p(x0)
T∏

t=1
pϵ[yt − Ht(xt)] pη[xt − Mt (xt−1)] (2.5)

where C is the normalization constant and p(x0) is the prior on the initial state.
This framework may be adapted in both sequential (and ensemble) and variational

data assimilation schemes. Thanks to the probabilistic formulation, it is possible to de-
tail and make more specific assumptions about the errors distributions. With no loss of
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generality, the bayesian framework detailed above allows to treat three cases, depending
on the temporal horizon of the state estimation. The first case is prediction, where the
objective is to predict a future state, related to a time step where no observation is avail-
able yet. This accounts to the estimate of the function p(xT +s|y0:T ); with s > T . This
is a prediction ahead-in-time and must necessarily leverage the prior information of the
observation up to the time step T .

The other case, referred to as filtering, assumes that both the observation yt and
a prior estimate of the state xt are available at time t. The prior estimate xt may be
produced by the model forecast given the knowledge of the observation yt−1. The one-
step-ahead prediction (for example with a prediction step, as mentioned above) from xt−1

gives a version of xt (forecast step), which, thanks to filtering, can be further corrected
(analysis step). This is equivalent to finding p(xt|y0:t). The sequential actualization of
alternate forecast-analysis steps is common in geophysics [61], since the information from
new observations are steadily implemented for a new forecast as they are available.

The third use case of the general bayesian formulation is smoothing, that is re-
analysing a sequence of states x0:T , given the observations y0:T have been observed yet.
Stated otherwise, smoothing aim to estimate the distribution p(x0:T |y0:T ) that allows
to reanalyse the model states obtained up to the time step 3 T . The ERA-5 products
mentioned in Section 1.3.2 are an example of this process.

These three cases, as they are stated, remain general. To actualize them in prac-
tical applications, some further assumptions are needed, since the probability density
function (2.5) is not explicitly tractable. High-dimensionality, non-gaussianity and non-
linearity prevent a more explicit characterization. An assumption, that simplifies to prob-
lem to the point of having closed-form equations an optimal exact solutions for the filtering
and smoothing cases, is that the model dynamics and observation operators are linear.
The state-space formulation (2.2) begets

 xt = Mt xt−1 + ηt ηt ∼ N (0,Qt)
yt = Ht xt + ϵt ϵt ∼ N (0,Rt)

(2.6)

with N denoting the normal distribution. From this point, the estimator for system’s state
x as required by the filtering and smoothing cases, can be found as least squares estimation
[105]. This allows to formulate closed-form equations for the forecast and analysis steps for

3. The time T can, in this case, be anterior to the present time. Re-analysis is typically done on
historical data.
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Figure 2.2 – Illustration of the 4DVar scheme.

the filtering problem and closed-form recursive equations for the smoothing case. These
two instantiations are called Kalman filter and Kalman smoother respectively [62],
[106].

2.2.2 Variational schemes

The starting point for the variational formulation is the probabilistic statement (2.5)
[107]. The Gaussian errors assumption is retained. The objective could be phrased as
follows: find the system’s states in such a way to maximise the posterior on the states
in the trajectory x0:T given the time series of observations y0:T . This is called maximum-
a-posteriori estimation (MAP) [61]. Typically, the probabilities are transformed in the
log-space to avoid numerical underflow. By taking the logarithm of Equation (2.5), and
calling this objective function J(x0:T ,y0:T ) = − log p(x0:T |y0:T ), the expression becomes

J(x0:T ,y0:T ) = 1
2

T∑
t=0

∥yt −Ht(xt)∥2
R−1

t
+ 1

2

T∑
t=0

∥xt −Mt(xt−1)∥2
Q−1

t
+ 1

2∥x0 −xb
0∥2

B−1 (2.7)

The quantity xb
0 is referred to as the “background” state. It represents some prior in-

formation about the system state at the initial time. The quantities Rt, Qt and B are
the covariance matrices associated with the observation, model and background errors
respectively. The subscript t refers to the time step where such quantities (but the back-
ground term) are evaluated. The maximization of the posterior probability on the state
is equivalent to the minimization of the objective function J(x,y), called variational
cost. This problem is called weak-constrained 4DVar. 4DVar refers to the four di-
mensional character of the data assimilation scheme, because it considers both the three
spatial coordinates and the fourth temporal dimension. The term “weak-constraint” refers
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to the fact that in the variational cost the data-model misfit is accounted for at any time
step, thus not making the assumption that the model error is zero at any time step. On
the opposite, the strong-constrained 4DVar only imposes the proximity condition on
observations. Its variational cost has the simpler form

J(x0:T ,y0:T ) = 1
2

T∑
t=0

∥yt − Ht(M0:t(x0))∥2
R−1

t
+ 1

2∥x0 − xb
0∥2

B−1 (2.8)

Note that in the instances of the 4DVar scheme, the totality of the time steps of the
assimilation window, t = 0, . . . , T is explicitly referenced. This means that the assimilation
of observation is intended to be performed at each of such time steps. One other version
of this variation approach, the 3DVar, neglects the temporal order and considers the
assimilation to be performed at one time step, at the end of the assimilation window. The
expression of the 3DVar [108] variational cost is expressed by the form

J(x0) = 1
2 ∥x0 − xb

0∥2
B−1 + 1

2 ∥y − H(x)∥2
R−1 (2.9)

The 3DVar is obviously computationally cheaper than the 4DVar counterparts. The ap-
plication of variational data assimilation is mainly directed to the estimation of the best
initial condition for the initialization of a model run, assimilating all the observations over
a given time window and optimizing for the initial model state. We invite the reader to
connect the application of these schemes to the general inversion problem. In this case,
the forward process is stated by the general state-space model (2.2). These variational
data assimilation schemes aim to invert the problem and return the desired sequence of
system states.

The optimization of the objective function of variational data assimilation schemes is
necessarily performed with iterative methods. The gradient descent algorithm and its vari-
ations are commonly used optimization methods. The evaluation of the variational cost
gradient, on its right, is not straightforward since it involves a large number of computa-
tions, at least as many as the computational grid points. In this sense, the finite-difference
gradient evaluation is impracticable since it would require N evaluations, N being the size
of the control variable x. This dimension may involve the number of assimilation steps,
resulting in a larger dimension than that of the state vector itself. The solution (currently
implemented by meteorological services centers, such as the aforementioned ECMWF) is
to lean on the adjoint method. In its simplest form, the adjoint method aims to put in
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Graphic removed to respect copyright

Figure 2.3 – Visualization of the backward-in-time adjoint dynamics. (Top) The state
sequence is evaluated in a feed-forward way. The state on each time step is used for the
cost function computation. (Bottom) Given the final state computed as above, the adjoint
sensitivity method allows to propagate backward the information. Image source: [109].

direct relationship the first-order perturbation of the variational cost with the perturba-
tion of the initial system state x0. This process involves two steps. The first step computes
the sequence of the system states on the chosen assimilation window {xt; 0 ≤ t ≤ T}. The
second step uses the information of the last state xT to evaluate a sequence of auxiliary
(adjoint) vectors in a backward-in-time recursion. This step aims to write the gradient of
the variational cost as

δJ(x0:T ,y0:T ) ≃ λ⊤
0 δx0 (2.10)

The vector λ0 is the adjoint vector evaluated at time step t = 0 and is dependent on the
adjoint vector of the time step t = 1 by the relation

λt = M⊤
t λt+1 + H⊤

t R−1
t (Ht(xt) − yt) ; 0 ≤ t < T (2.11)

The symbols Ht and Mt denote the Jacobians of the dynamical and observation op-
erators, respectively. This approach allows to compute the variational cost gradient by
storing the sequences of T states and adjoint vectors. This method is less expensive in
terms of computational resources and makes it possible to implement variational data
assimilation schemes for operational purposes. A broader and more detailed treatment of
the subject is provided by Talagrand [110] and Bannister [111].

Intriguingly, this forward-backward mechanism for the gradient computation resembles
the gradient back-propagation algorithm that is the base for deep neural network training.
To anticipate the contents of the next section, a neural network can be seen as a cascade of
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computations that provide the activation state of the output layer. In the continuous limit,
this cascade reduces to a dynamical operator, as exposed by Chen et al [109]. In this case,
the adjoint method coincides with the back-propagation algorithm. The adjoint method,
as applied in Variational Data Assimilation, evaluates analytically the derivative of the
variational cost and in a second moment discretizes the dynamical operator to implement
the gradient computation. In back-propagation, the network output is evaluated as a
discrete cascade of computations and in a second step the gradients are evaluated thanks to
automatic differentiation. Figure 2.3 depicts schematically forward-backward mechanism
of the adjoint sensitivity method discussed in [109]. The next section details deep learning
and the back-propagation mechanism.

2.3 Deep learning

2.3.1 Preliminary definitions

Deep learning is a sub-field of machine learning, which is itself a sub-field of Artificial
Intelligence. The goal is to automatically (machine) extract knowledge from a dataset
to find the best model (learning) to describe the data. The fundamental components of
most machine learning models are: (i) a parametric function f , (ii) a dataset composed of
inputs y and outputs x for the function f , (iii) an algorithm A to optimize the function
parameters and (iv) a performance metric L to evaluate the model performance. The
performance is the capacity of the function f to relate the inputs and outputs of the
dataset. The interested reader is referred to the textbooks by Mitchell [112], Hastie et al.
[113] and Hart et al. [114] for comprehensive and hype-free treatment of the subject.

The simplest example of machine learning is linear regression. The dataset is composed
of input-output pairs {(yi, xi)}N

i=0, with y ∈ Rd, d ≥ 1 and x ∈ R. The class of function
considered is that of linear functions

F = {fθ : y 7→ θT [y, 1]; θ ∈ Rd+1} (2.12)

The objective is to find the optimal slope and intercept values θ. A good choice for the
cost function to minimize is the mean squared error between ground-truth labels and
model predictions, i.e. L(x, f(y; θ)) = ∑

i ∥xi − f(yi; θ)∥2. The algorithm A is the gradi-
ent descent, which solves the problem of minimizing the function L, giving the optimal
parameters θ̂. The parameters optimization is performed by the gradient descent updates

25



Chapter 2 – Methodology

expressed as follows
θ(k+1) = θ(k) − α∇θ(k) L(x, f(y; θ(k))) (2.13)

The gradient of the objective function is evaluated with respect to the model parameters.
The quantity α, called learning rate, is a small positive real value. Linear regression is
the linear case of regression problems, that is the task to determine the numerical value
of one system’s response to a given input.

In recent years machine learning gained attention thanks to advances in deep learn-
ing [115]. Deep learning modelling achieved impressive results in computer vision [116],
[117] and natural language processing [118], [119]. Deep learning is based on deep artificial
neural networks [120]. The interested reader may refer to the comprehensive review by
Schmidhuber [121] for an historical overview on the subject. The reader is also invited to
consult the textbook by Rumelhart et al. [122] and Goodfellow et al. [123] for a complete
treatment of deep learning concepts and methodologies. Feed-forward neural networks are
universal function approximators [124], [125]. As such, they can be used to parameterize
more complex functions that the simple linear case discussed above. A neural network is
a cascade of non-linear functions. With no loss of generality, let the following expression
represent the functional form of one such building blocks, called layer

h = σ (Wy + b) (2.14)

In this expression W and b are the weights and biases parameters respectively. The
transformation σ is a non-linear activation function. The vectors y and h represent an
input and its projection onto the hidden layer (the next after input layer). The non-
linearity gives neural network a larger representational capability than a linear function.
This makes the data input-output relationship arbitrarily complex. A stack of multiple
neural layers allows to increase this complexity level by building a progressive hierarchy
of features [126]–[128]. Recent work [129] showed that the representative power of deep
neural networks benefits from the application of second-order features maps processing.
This means that the deeper features maps operations do not only involve the computation
of piece-wise averages but also covariances.

One fundamental aspect of neural networks design is the computation of the loss func-
tion gradients with respect to the model parameters (easily millions in standard network
models [130]). The output of a neural network is the result of a cascade of tensor com-
putations. For this reason, the gradients of the cost function with respect to the model
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parameters can be evaluated using the chain-rule. This principle applied to neural net-
works is called back-propagation [131]. Let the computational cascade be expressed as
follows (the output may be a vector)

x̂ = fL(· ; θL) ◦ fL−1(· ; θL−1) ◦ · · · ◦ f1(· ; θ1)(y) (2.15)

where x̂ is the output of the network and f represents the operation stated in Equa-
tion (2.14). The parameters of this function are expressed as θ = {W, b}. Each parameter
is accountable for its contribution to the overall loss L(y, x̂; {θl ; 0 ≤ l ≤ L}). The
derivative of this loss with respect to the parameter θl is expressed as

∂L
∂θl

= ∂L
∂x̂

· (fL)′ · (fL−1)′ · ... · ∂fl

∂θl

(2.16)

The full chain of computations is stored during the forward pass, forming a computa-
tional graph. The derivatives of the scalar cost function with respect to each parameter
are evaluated with the backward pass, that implements the chain-rule as expressed in
Equation (2.16). The reader is invited to recall the forward and backward evaluations in
the adjoint method, evoked in Section 2.2.2, and the consideration exposed therein about
the equality of the adjoint method and back-propagation for a network replaced by a con-
tinuous dynamical operator [109]. The implications of this method are profound and go
beyond deep learning itself. This capability can be exploited to perform automatic differ-
entiation [132], [133]. As mentioned at the end of Section 2.2.2, this gives the possibility
to evaluate derivatives in a fast an efficient way, which can be used in many computational
and numeric applications [134], [135].

In this introduction, the underlying assumption is that of labelled dataset. Each da-
tum yi is associated to a numerical or categorical descriptor xi. In real world applications,
however, data collected may be not labelled. We can distinguish supervised and unsu-
pervised learning algorithms [136]. In the case of supervised learning algorithms (such as
regression [137] and classification [138]) the objective is to find input-output correspon-
dences patterns in the dataset and make decisions accordingly. Unsupervised learning
algorithms [139] treat data with no labels associated. Examples of these tasks are data re-
construction [140], de-noising [141] and clustering [142]. In this class of methods, patterns
and knowledge are extracted from the data domain with no need for supervision.

A notable example of unsupervised learning is generative deep learning [143], [144],
in which the objective for the model is to learn the underlying probability distribution
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Figure 2.4 – Schematic illustration of the computational flow in a feed-forward neural
network.

of the dataset. This gives to the model the capability generating new data samples re-
sembling the input distribution. The early deep generative modelling state-of-the-art was
represented by Variational Auto-encoders [145] (VAE) and Generative Adversarial Net-
works [146] (GAN). More recently, generative learning has been drastically improved by
deep diffusion models [147]. These latter gave impressing results in image processing and
generation [148].

2.3.2 Deep network layers

Equation (2.14) expressed in a general way one single building block on the com-
putations cascade in a deep neural network. There exist several instances of such layers
implementations. In the following, the main neural network layers are listed and discussed.

Fully connected layers

The simplest layer is the fully-connected (or dense) layer. This operation is a simple
matrix-vector product. The weights W are collected in a tabular matrix having dimensions
n×m, where m and n are the input and output dimensions respectively. The bias vector
has dimension n. The output of a dense layer is a weighted sum of the input compared with
the bias (or activation threshold). The basic computation is expressed by the following
equation

hl = σ (Wl hl−1 + bl) ; 1 ≤ l ≤ L and h0 = y (2.17)

The signal y is propagated in the L network layers, hl is the activity of the hidden layer
l. The non-linearity σ makes the network layers a composition of non-linear functions.

Fully-connected networks suffer of some limitations. Such models are not able to cap-
ture translation and rotations in the input data. This represents a non-negligible deficiency
in image processing. In addition, fully-connected layers constraint the network to absorb
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input elements of fixed size. For real data (images or time series) this may not always
apply.

Convolutional layers

Convolutional layers [149] are well suited to respond to fully-connected layers limi-
tations. In convolutional neural networks (CNN), the matrix-vector multiplication is re-
stricted to a local subset of the whole input item. This operation accounts for the spatial
or sequential coherence in the input data. The weights matrices are replaced by 1D or 2D
filters (or kernels), respectively for time series or images. A filter is a group of weights
that is locally convolved with the input. This operation is performed on the complete
input elements by sliding the filter along the input dimensions. This operation is crucial
for learning local features in data. In addition, this weight sharing technique allows to
significantly reduce the number of the network parameters.

In common types of data the information is conveyed on multiple channels. In the
RGB color model, the number of channels is C = 3, for red, green and blue colors. Likewise,
temporal signals may have different channels, giving multi-variate time series. The number
of channels is a supplementary dimension added to the data shape. Convolutional layers
can shrink or expand the data number of channels to target the different information
sources. A common choice in 2D convolutional networks is to increase the number of
channels with the depth of the network to capture the whole set of features extracted in
deep layers [150].

For sequential data, such as multivariate time series, 1D convolutional (Conv1d) layers
are often used [151]. The computation of 1D convolutions may be stated as follows. The
symbols to denote input and output signals is the same as in the previous equations,
except that in this case the dimensions for an input y are T × Cin and for the output h
are T × Cout, T is the sequence length 4

hc = σ

Cin∑
k=0

Wck ∗ yk + bc

 ; 0 ≤ c ≤ Cout (2.18)

Here W is the convolutional filter of dimensions Cin ×Cout × sk, with sk the dimension of
the filter. The operation denoted with the symbol ∗ is the cross-correlation 5 between the

4. In real cases, the input and output sequences lengths may differ, depending on the filters sliding
behaviors.

5. Unlike in signal processing, in deep learning the terms cross-correlation and convolution operations
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Figure 2.5 – Graphical description of most notable neural network layers. Panel (a): Fully
connected layer. Panel (b): 1D convolutional layer. Panel (c): 2D convolutional layer.

k-th filter Wk and the k-th component (in the channels dimension) of the input tensor,
in formulae

(f ∗ g)(t) =
sk∑

τ=−sk

f(t) g(t+ τ) (2.19)

In the case of spatial inputs (as images), the basic computation has the same form as
for Equation (2.18) but the dimensions of input, output and filter are different. Let H and
W be the image heigth and width, respectively. The input y has dimensions Cin ×H×W ,
the output h has dimensions 6 Cout ×H ×W . The filter has dimensions Cin × Cout × sk;

are synonyms, so the terms can be used interchangeably.
6. As before, also in this case the dimensions H, W of the input may differ from those of the input.

For the sake of a light notation, this is omitted.
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and sk = [sk,1, sk,2]. The cross-correlation operation in this case is

(f ∗ g)(i, j) =
sk,1∑

k1=−sk,1

sk,2∑
k2=−sk,2

f(i, j) g(i+ k1, j + k2) (2.20)

This defines the computation in a 2D convolutional (Conv2d) layer. The layers just dis-
cussed form the basis for the most widespread modern deep learning models. Figure 2.5
depicts schematically the functioning principles of fully-connected and convolutional 1-
and 2D layers.

Convolution operations in neural networks are characterized by some layer-specific
parameters. One is the aforementioned kernel size, that controls the size of the filter
to convolve the signal. The bigger the filter, the larger the features that such filter can
capture. Padding controls the filter behavior as it approaches the signal borders. Un-
padded convolutions have the filter not to exceed the border pixels and this implies that
the output has smaller shape than the input. A common strategy is to add a buffer of
zeros at the border of the signal in such a way for the filter to be able to finish its hori-
zontal and vertical sliding. In this way, the output can retain its original shape. Stride
controls the filter displacement value. This can be used to drastically reduce the output
size, if necessary. The interested reader may refer to [152] for a technical and graphical ex-
planation of the padding and striding mechanisms and to Wu [153], Stanković [154] and
Dumoulin [155] for comprehensive and complete introductions to convolutional neural
networks and convolutional arithmetic.

2.3.3 Common neural architectures

This section provides an essential list of the most widely used models for research and
industrial applications.

Auto-encoders

In a vast number of applications, the objective is to reconstruct the data in their
original aspect rather than making a decision or associating a numerical value to them.
Auto-encoders [156], [157] are well suited for this task. An auto-encoder propagates the
input signal through a cascade of dimensionality-reducing layers so to obtain a compact
representation of the original data (the encoder). This can be seen as a non-linear version
of the Principal Components Analysis algorithm [158]. The activations of the latent space
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are then expanded with a cascade of neural layers ending with a layer which has the
same dimension of the input (the decoder). This is an example of unsupervised learning,
as input data do not need a label. Data are labels themselves because the original input
element is used to compare the reconstruction with and then to evaluate the cost function.
Auto-encoders can implement any of the computational layers discussed above, depending
on the input data. One common choice for the loss function is the mean squared error,
since the objective is to reconstruct data as best as possible. A schematic illustration of
an auto-encoder is reported in Panel (a) of Figure 2.6.

U-Nets

U-Nets were initially conceived for semantic medical image segmentation, i.e. assigning
a categorical value to each pixel and not to the global image. The objective is to associate
contextual and spatial information. The authors of the original U-Net research [159] de-
signed a network architecture in which each down-sampling operation in the encoder is
directly connected with the respective up-sampling operation in the decoder. This allows
to effectively join context and spatial information so to localize an object in its actual
position in the image. This workflow can be visualized in Panel (b) of Figure 2.6. The
encoding branch processed the original input down-sampling the signal and producing
a lower-dimensional representation of the data. The decoding branch up-scales such fea-
tures map by improving the spatial resolution of the encoded data and, thanks to direct
pathways between down- and up-scaling operations, the classes contextual information
is combined with the spatial specification, i.e. where each object is placed in the image
scene. U-Nets layers are typically 2D convolutional for standard convolutions, and the
down-sampling steps are performed by max-pooling operations.

LSTMs

Deep learning applications involve time series processing. Problems as Natural Lan-
guage Processing require more sophisticated models than simple 1D convolutional layers
to successfully handle time series, especially to address long-term recurrence. Recurrent
neural networks have been conceived for this problems [162]. A Recurrent Neural Network
can be visualized as the recursion of a trainable module on the elements of a sequence, as
schematically depicted in Panel (c) Figure 2.6. Each element of the time series is passed
through the network which treats and retains useful information. The objective is to use
a time series to make prediction of future unseen elements or classify temporal sequences.
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Figure 2.6 – Models discussed in the text. Panel (a): Auto-encoder. In this picture the auto-
encoder has fully connected layers but the same scheme applies for convolutional layers.
Panel(b): U-Net. Panel (c): Recurrent neural network. Panel (d): LSTM cell. Graphic
by the author, inspired by [160]. Panel (e): Functional spaces nesting strategies. Graphic
by the author, inspired by [161]. Panel (f): Residual block. The layers are typically 2D
convolutional.

33



Chapter 2 – Methodology

However, the simplicity of these recurrent models raises the problem of long-term interde-
pendence of the sequence elements (non-recent information). Long-Short Term Memory
(LSMT) networks [163], [164] have been designed with the aim of making the network
capable of retaining contextual information through long and complex textual sequences.
A single LSTM cell is composed of four interacting network layers: input, forget, cell and
output gates. These operations are characterized by different sets of parameters. The dif-
ference between plain RNNs and LSTMs is that in these latter, the interaction between
the mentioned multiplicative gates filters the relevant information to update the LSTM
internal state (input gate), what is the information that the internal state can delete
(forget gate) and what is the relevant information that the cell can propagate to the next
sequence elements (output gate). Panel (d) of Figure 2.6 gives a visual intuition of this me-
chanics. For completeness, we may mention that newer models, namely Transformer-like
architectures [165], replaced recurrent architectures as the state-of-the-art for sequential
data processing. The appeal of Transformers stems from the attention mechanism that
they implement [166]. This mechanism allows the model to process sequential data in a
parallel way, while recurrent models processing is essentially sequential.

Residual networks

In Residual Networks [167] the computational cascade expressed in Equation (2.15)
implements identity shortcuts between the layers transformations. Assume that the hidden
activity hl−1 is fed to the layer fl. The computation performed is the following

hl = hl−1 + fl(hl−1) (2.21)

Thanks to the manually added identity shortcut, fl is trained to learn the residual hl−hl−1.
The authors of the original paper [167] show experimentally that deeper networks expe-
rience a performance loss. They argue that this is due to the difficulty for the network to
learn the identity mapping. This phenomenon can be intuitively stated as follows. The
copy of hl−1 onto its transformation fl(hl−1) prevents the layer fl to completely overwrite
the information of hl−1, by explicitly enforcing the identity mapping. Stated otherwise,
the residual connection allows the network to build a nested sequence of function spaces
where the propagated signal resides [161]. This prevents the network layers to “forget”
the previous layer information. Panel (e) of Figure 2.6 gives a visual intuition of this phe-
nomenon. Panel (f) describes the residual connection behavior. Intriguingly, the residual
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skip connection expressed in Equation (2.21) has an interesting resemblance with ordi-
nary differential equations numerical integration schemes. Previous work put in relation-
ship residual networks with dynamical systems identification and forecasting [168], [169]
continuous flow diffeomorphisms [170] and neural ordinary differential equations [109],
[171].

2.3.4 Deep learning for inverse problems

The statement evoked in Equation (2.1) expresses a possibly non-linear relationship
between an observable space and a model space which can be partially observed. The pre-
vious section introduced the basics of deep learning modelling and its appealing points.
Among these points of interest we mentioned the capability of representing complicated
input-output maps. Recent work was devoted to the direct application of deep learn-
ing modelling to the solution of some inverse problems in medical imaging [172] and
computer tomography [173], computational photography [174] and geophysics (cfr. Sec-
tion 1.4). In geophysical applications one often encounters inverse problems that share
the conceptual structure of many computer vision applications. For example, the recent
work by Gastineau et al. [175] proposed to use generative deep learning models to per-
form pansharpening, that is the augmentation of the spatial resolution of low-resolution
multi-spectral images using the spatial resolution of panchromatic images.

Generally speaking, the inversion can be sought in a general way as a maximum-a-
posteriori estimator, namely

x̂ = arg max
x

[− ln p(y|x) − ln p(x)] (2.22)

which, under the assumption of Gaussian distributions, simplifies to

x̂ = arg min
x

[1
2∥y − H(x)∥2 + R(x)

]
(2.23)

where the term R(x) is a regularization term to enforce prior domain knowledge. The au-
thors of [76] argue that some strategies exists to leverage deep learning for such problems.
On the one hand, one may parameterize the regularization term and perform the rest of
the inversion in an analytical way. A more general strategy to solve the problem is to
parameterize the global optimization task with a trainable neural network-based model
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f . The general expression reads
x̂ = f(y; θ) (2.24)

This method provides a direct learning-based inversion to relate the data y to the desired
output x in an end-to-end way. In any case, the domain engineering tied to the represen-
tation of R can be delegated to the neural model used. Note that the inversion stated in
Equation (2.24) is possible to implement if the dataset is composed of consistent input-
output pairs, which can not always be the case [76]. Direct inversion learning must take
into account the data qualitative characteristics that may influence the training dynamics.

The authors of [176] argue that the pixel-wise reconstruction loss (often implemented
by a Mean Squared Error) could be coupled with a perceptual loss to enforce visual
resemblance. A pixel-wise errors enforces the data spatial structure. Perceptual losses, on
the other hand, evaluate the distance between high-level data descriptors. This allows to
learn computer vision tasks, such as super-resolution and style transfer, that require deep
understanding of the data semantic and stylistic information [177]. The pixel-perceptual
losses coupling strategy can be pursued by training a second network ψ on a discriminatory
task for original data and the neural-inverted ones. This accounts for training the inversion
network with the following loss

L(x̂,u) = 1
N

N∑
i=1

∥x̂i − ui∥2 + 1
N

N∑
i=1

∥ψ(x̂i) − ψ(ui)∥2 (2.25)

where u represents the ground truth available and ψ projects its inputs into features maps
that encode meaningful representations, for example the image style [178].

This paragraph aimed to give a brief overview on the use of deep learning modelling
for inverse problems. While this represents a viable strategy, the inversion benefits from
deep learning modelling if a sufficient amount of input-output example pairs are available
and if the forward model tends to be complicated. We refer the reader to the work of
Ongie et al. [76], Lucas et al. [176] and Scarlett et al. [179] for complete and exhaustive
accounts on deep learning in inverse problems.

2.4 The 4DVarNet scheme

This section describes in depth the 4DVarNet model, which has been selected to per-
form the analyses presented in the subsequent chapters. Section 2.4.1 outlines the model
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and its features. Section 2.4.2 provides the key definitions and states formally the model
backbone. Section 2.4.3 instantiates the model in the class of problems treated in this
work, namely geophysical applications. Section 2.4.4 provides some remarks about the
links between the 4DVarNet and the 4DVar scheme and the deep learning modelling
practice. Section 2.4.5 discusses the practical implementation details. This last section
aims to provide the interested reader with some practical ideas to implement the scheme
on real case studies.

2.4.1 Motivation

The 4DVarNet scheme relies on variational data assimilation and deep learning con-
cepts [180], [181]. In particular, it aims to leverage the computational efficiency and au-
tomatic differentiation tools of modern deep learning frameworks, e.g. Pytorch [182], to
parameterize classic variational data assimilation schemes. The 4DVarNet retains the
weak-constraint 4DVar methodological backbone (cfr. Section 2.2.2), but the neural net-
work parameterization allows to jointly learn the underlying dynamical process and the
solver for the 4DVar assimilation problem [180] (cfr. Section 2.2.2).

The 4DVarNet application proved promising in a variety of practical case studies
involving satellite observations [183], Automatic Identification Systems [184] and local
underwater acoustics dataset [185]. It wraps the core 4DVar scheme introduced in Sec-
tion 2.2.2 in an end-to-end 7 trainable framework. Since the 4DVarNet has been exten-
sively used in the case studies of this thesis, the last section of this introductory chapter
is devoted to its formal and detailed introduction. One of the geoscientific problems that
inspired the 4DVarNet framework is the sampling patterns of real observations which can
deliver missing and partially observed data. Indeed, while a ever growing number of satel-
lite missions collecting Earth remote observations are launched, these observations still
do not cover entirely the Earth surface and are unavoidably gappy and incomplete. The
4DVarNet has been conceived to propose a trainable interpolation technique to process
such incomplete, albeit fundamental and profitable, data sets coming especially from (but
not limited to) satellite observations. In the following, the framework is introduced and
detailed in depth. The reader is referred to the 4DVarNet original publications for an
extensive account [180], [187], [188].

7. End-to-end refers to the architecture mapping the input to the desired output with no intermediate
steps [186].
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2.4.2 Formulation

The starting point of the 4DVarNet formulation considers an interpolation problem.
Let {yt; 0 ≤ t ≤ T} be a partially occluded observation process. The objective is to
retrieve the sequence {xt; 0 ≤ t ≤ T} that, through the forward process (cfr. Section 2.1),
generates the observations. In the specific case of occluded and gappy data, the observation
operator simply masks the state realizations and makes the state variables available on
a subset of the spatio-temporal domain considered, called Ω. This observation model can
be stated as

y = IΩ (x) Ω ⊂ R2 × R+ (2.26)

The objective is to invert this operation. The problem is ill-posed as the indicator operator
IΩ occludes a significant part of the original state. Following the work by Fablet et al. [188],
this problem can be stated as the minimization of an energy functional U : X × Y → R
as follows 

x̂t = arg min
x

U(x0:T ,y0:T )

subject to xt|Ωt = yt|Ωt

(2.27)

In its basic form, this statement only delivers the optimal state x subjected to one con-
straint. In addition, the problem constraint suggests a suitable form of the energy func-
tional U . As the requirement is for the state and observations to match on a given spatio-
temporal interval of the domain, one could opt for a quadratic expression of the data-state
misfit. Including these two remarks in the statement (2.27), it may be restated as follows

x̂t = Ψ(yt ; Ωt,R) = arg min
x

{
∥xt − yt∥2

Ωt
+ R(xt)

}
(2.28)

where Ψ represents the optimal interpolation operator and R is a regularization term
that informs the problem with any a-priori knowledge about the system states. Practical
implementations of the regularization term range from physical priors to spatio-temporal
statistics [189].

One other alternative is to parameterize R with a set of parametric variables θ. In this
case, the problem closure requires a further optimization step for the parameters, leading
to a bi-level parameterization that aims to adjust in parallel both the state x and the
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variables θ. The previous statement is then expanded as follows
State optimization step Ψ(y ; Ωt,Rθ) = arg min

x

{
∥xt − yt∥2

Ωt
+ Rθ(xt)

}
Parameters optimization step θ̂ = arg min

θ

T∑
t=0

∥yt − Ψ(yt Ωt,Rθ)∥2

(2.29)
As now, the formulation remains general since neither the regularization term nor the
interpolation operator parameterization strategies have been chosen explicitly. A good
choice for the parameterization of the regularization term is an auto-encoder, U-Net
(cfr. Section 2.3.3) or a Gibbs model [188] (a model based on Gaussian Markov random
fields [190]). This choice of model ϕθr allows to restate the regularization term as

Rθr(x) = λ ∥x − ϕθr(x)∥2 =
T∑

t=0
∥xt − ϕθr(xt)∥2 (2.30)

The second step concerns the inversion of the problem stated in Equation (2.26). This
parameterization involves the interpolation operator Ψ. Two options are available for
this operator. A first one would be a direct (fixed-point iteration) inversion that uses a
projection ψ(x) to directly retrieve the state variable from the sequence of observations.
This strategy has been discussed in Section 2.3.4. As mentioned there, the direct inversion
allows to retrieve the target variable x directly from the observations y and this allows
to overlook the energy functional optimization-based inversion stated in the first row
of the statement (2.29). Given the initialization of the state variable x(0)|Ω = y|Ω and
x(0)|Ω̄ = 0, where Ω̄ represents the missing data spatio-temporal segments, the direct
inversion is expressed by the recursive projection

x̂(k+1) = ψ(x(k))
x(k+1) = y on Ω
x(k+1) = x̂(k+1) on Ω̄

(2.31)

Practically, the number of iterations may be set to 1. Note that in this case there is only
one optimization to be achieved, that is the one of the parameters of model ψ and the
first row of the statement (2.29) reduces to the operation expressed by the relations (2.31)
and the explicit parameterization of the regularization term can be superseded.

A second and more interesting option for the neural network-based interpolation op-
erator would be to parameterize it as a trainable gradient solver to perform the oper-
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ation stated in the first equation of the expression (2.29). This choice is inspired by
meta-learning and optimizer learning schemes [191]. In this way the update recursion for
state variable would be informed by the gradient descent direction, improving the con-
vergence. In this case the first row of the statement (2.29) can not be transcended and
the solution of the problem is not carried out directly in an end-to-end way. It is then
necessary to explicitly parameterize the regularization term of the energy functional. Call-
ing Uθr(x,y) = ∑T

t=0

{
∥xt − yt∥2

Ωt
+ Rθr(xt)

}
the energy functional and defining Γθs the

trainable gradient solver, the interpolation outcome can be expressed by the recursion
δ(k+1) = Γθs(∇xUθr(x(k),y))

x(k+1) = x(k) − L δ(k+1)
(2.32)

In the previous expression L denotes a linear operator to reshape the increment δ(k+1)

to the dimension of x, if necessary. The superscript k denote the solver iteration. Once
the optimal state x is found, the model performs the optimization step expressed by the
second row of the statement (2.29) for the model parameters θ = {θr,θs}. A common
choice to parameterize the trainable neural solver expressed above is an LSTM model (cfr.
Section 2.3.3). This is not the only possible choice for the trainable solver. The authors
of the reference paper of 4DVarNet [180] argue that the solver may be parameterized by
a simpler cascade of convolutional layers. Interestingly, the solver iterations expressed by
the relations (2.32) are used as residual blocks (cfr. Section 2.3.3) that define a Residual
Network with a fixed number of iterations. A common choice is to perform 5 to 20 solver
iterations [180].

The framework presented in this subsection is the methodological backbone of the
4DVarNet but no explicit reference of geophysical dynamics has been made yet. In the
following we detail the case of geoscientific applications, hence its name referring to the
4DVar scheme.

2.4.3 The 4DVarNet for geophysical inversions

This section details the application of the 4DVarNet framework in geophysical prob-
lems and draws the analogy with the 4DVar framework discussed in Section 2.2.2. The
starting point for the practical application of the 4DVarNet framework in the scope of
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this thesis is a continuous state-space formulation, expressed as
 ẋ(t) = M(t,x(t)) + η(t)

y(t) = H(t,x(t)) + ϵ(t)
(2.33)

The meaning of the symbols is the same as in Section 2.2. To make the physical context
sounder, the observation operator H is assumed to operate from the state space X to
a subset of the spatio-temporal space Ω, which defines a precise spatial and temporal
sampling regime, delivering possibly incomplete and occluded observations of the state
variable. As the data assimilation practice lays on the discrete formulation, a flow oper-
ator that integrates M from one time step t to the next one, assumed of amplitude ∆t,
is introduced and stated as

Φ(x(t+ ∆t)) = x(t) +
∫ t+∆t

t
M(t,x(t)) dt (2.34)

The numerical implementation of flow operator Φ involves a numerical integration scheme
such as Euler and Runge-Kutta explicit integration schemes [192], [193] using time dis-
cretization. Once this discretization step has been done, the problem can be cast in the
weak-constrained 4DVar framework and its associated variational cost is expressed as

UΦ(x,y) = λd

T∑
t=0

∥yt − H(xt)∥2 + λr

T∑
t=0

∥xt − Φ(xt)∥2 (2.35)

We may recall that the variational cost comes from the maximum-a-posteriori estimation
of the state likelihood. This leads to a variational cost function composed by the residuals
of the state-space formulation equations. The parameters λ{d,r} weight the importance
of each term. The form of this equation is the same as in the energy functional on the
left hand side of the first row of the statement (2.29). The analogies with the framework
defined in Section 2.4.2 are clear. The operator H implements the forward process of
observation and the objective is to retrieve the full sequence of states {xt ; 0 ≤ t ≤ T}.
The variational cost used to perform the inversion, choosing the maximum a-posteriori
estimation linked with the bayesian framework that allows to formulate such functional
as in Equation (2.35), has one term of data-model misfit and a regularization term that
enforces the compliance to the dynamical law expressed by the first equation in the state-
space formulation (2.33). The flow operator Φ should be parameterized and a suitable
parameterization for the inversion operation should be chosen. This latter choice allows
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to treat multi-scale problems [180]. Recent studies have explored how to bridge deep learn-
ing schemes and data assimilation methods [194]–[199] as a way to combine physically-
sound formulations with the computational efficiency and the versatility of deep learning
frameworks. As reported in [180], we have a generic end-to-end deep learning scheme for
time-related inverse problems which explicitly relies on a variational data assimilation
formulation.

The other fundamental component of the 4DVarNet framework is the neural gradient
solver that treats the gradients of the cost function (2.35) to speed up the convergence
of the state variable update. In the previous section, the LSTM parameterization has
been illustrated. The neural network parameterizations for the physical prior Φ and the
gradient solver Γ define an end-to-end architecture Ψ that, given the input observations,
returns the state variable x̂ as solution of the inversion problem (2.29). The last step for
the complete specification of the 4DVarNet architecture is the learning loss that allows to
optimize the neural network models parameters θ.

We recall the distinction made in Section 2.3.1 between supervised and unsupervised
learning, respectively whether or not a ground truth value is associated to input data. In
experimental settings, a common choice is to use synthetic model data. In this way the
observations can be manufactured from the original data in order to impose some sampling
pattern. The original data are used as ground truths. In this case the loss function used
to optimize the model and solver parameters can be expressed as follows

L(x,y) =
T∑

t=0
∥xgt

t − Ψ(yt ; Ωt,Φ,Γ)∥2 (2.36)

where xgt symbolizes the ground truths. In more realistic cases, the input data come from
real observation campaigns, for example satellite missions. As mentioned above, satellite
observations do not homogeneously cover the Earth surface and this prevents the data to
be associated with a ground truth. In this case, the 4DVarNet report [180] recommends to
use the variational cost itself as loss function. However, this learning strategy requires to
have a calibrated ODE or PDE representation of the dynamical model M. In alternative,
a neural network parameterization of this model can be learned in a supervised way by
choosing a representative subset of the dataset. In this case, let n = 0, . . . , N be the
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...

4DVarNet inversionDirect learning-based inversion

Figure 2.7 – Comparison between the direct and 4DVarNet-based inversions. The observa-
tion and reconstructed fields for these visualizations are sea-surface height fields, adapted
from [187].

indexes of this subset. The learning objective function can be stated as follows

L(x,y) =
N∑

n=0
UΦ(Ψ(yn ; Ωn,Φ,Γ), yn; Ωn) (2.37)

Recall the expression of the variational cost (2.35). This second strategy aims to minimize
a reconstruction term that measures the mismatch between the data y and the output of
the model x̂. The additional term ∥x − Φ(x)∥2 acts as a regularization term.

2.4.4 Connections with deep learning and 4DVar

The reader is invited to draw the parallel between the 4DVarNet and the 4DVar
schemes. The 4DVar is the state-of-the-art method to treat geophysical inversion prob-
lems. In the 4DVar method the essential part of the practical implementation is the
adjoint method (cfr. Section 2.2.2). The 4DVarNet framework circumvents this opera-
tion thanks to the automatic differentiation capabilities of deep learning frameworks (cfr.
Section 2.3.1), which completely automatizes the gradients computation.

Deep learning-based direct inversion schemes, on the other hand, provide a method
to perform the inversion in an end-to-end manner. A neural network-based model can be
used as inversion black-box. The 4DVarNet scheme is practically implemented by deep
learning methodologies but the inversion y 7→ x remains based on the variational cost
optimization and on the (parametric) state-space model. Figure 2.7 illustrates graphically
the two approaches. This feature constraints the inversion to a sound physical formulation
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Figure 2.8 – Workflow diagram of the 4DVarNet framework. The yellow block represents
the recursive state updates of the 4DVar inversion. The neural network parameterization
of the 4DVar allows to learn the underlying model and solver.

of the problem but still letting the model learn automatically the underlying dynamical
process. Experimental evidence [180] shows that this jointly learned model and solver
outperforms ODE and PDE-based integration schemes.

2.4.5 The 4DVarNet workflow

In this conclusive section, we provide the reader with some practical considerations
about the actual implementation of the 4DVarNet scheme. We refer to the stable version
of the 4DVarNet implementation. The starter version is available at [200] and the core
version (used for the numerical simulations presented in Chapters 3 and 4) is available
at [201]. The starter version has been tested on Gulf Stream SSH data [187] and on the
Lorenz-63 [104] and Lorenz-96 [202] synthetic models [180].

This description is supported by the graphical explanation provided by Figure 2.8. In
this section, we refer explicitly to the elements of the core version of the 4DVarNet imple-
mentation. In particular, the interested reader is referred to the source code in solver.py
of the core version. The source code is publicly available, see the link associated to the
reference [201]. The yellow block in the image represent the 4DVarNet iterations. That
is, the gradient-based solver iterations that allow to obtain the optimal value of the state
variable x. The information entering the iterations block is that available from the ob-
servations, cfr. Equations (2.30). Globally the iterative gradient descent procedure and
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state variable update (together with the operators mentioned above) is embedded in the
routines of the class Solver_Grad_4DVarNN. The variational cost evaluation is made by
the class Model_Var_Cost. The variational cost gradient is evaluated using the automatic
differentiation capabilities of the Pytorch library. This gradient is processed by the convo-
lutional LSTM Γ, coded by the class model_GradUpdateLSTM. This class allows to choose
whether to use Conv2d or Conv1d layers, depending on the nature of the signals to be
processed. Once the solver performs the predefined number of iterations, the state variable
exits the solver and is used to evaluate the training loss in order to optimize the models
parameters. These models are the ones mentioned above plus the parameterization of the
operator Φ. Globally, the 4DVarNet mechanism described, is embedded in a neural net-
work training procedure. This means that the 4DVarNet iterations are performed for each
training epoch and for each data minibatch. Overall, the operations stated in the yellow
block implement the optimization stated in the first equation of the expression (2.29).
The models parameters update achieves the optimization stated in the second equation
of the same expression.
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Chapter 3

LEARNING-BASED TEMPORAL

ESTIMATION OF IN-SITU WIND SPEED

FROM UNDERWATER PASSIVE ACOUSTICS

3.1 Context and motivation

In the context of oceanic and marine applications, acoustic data are extensively used.
The analysis of underwater acoustic signals is not only limited to geophysical applications,
but provides a valuable mean to monitor the marine environment and wildlife. Best et
al. [203] use underwater passive acoustic data to automatically recognise fin whales pulses
with a neural network classifier. Other work [204] approach the problem of deep learning
knowledge transfer to cope with the shortage of large and clean bioacoustic datasets. Other
recent efforts [205] applied multi-task learning to perform baleen whales calls detection
and range estimation using a single underwater hydrophone.

This chapter 1 presents the application of the 4DVarNet framework (cfr. Section 2.4)
to the reconstruction of sea surface wind speed using underwater acoustic data. As men-
tioned in Section 1.2.1, the underwater soundscape relates to the above-surface atmo-
spheric state and can provide useful information about wind speed and rainfall. The
complexity of physical processes governing the underwater sound propagation prevents
an accurate model-based inversion scheme. Previous work [206] proposed a linear model
relating wind speed and acoustic sound pressure. However, this approach is limited by
the sensibility of the linear model to the wind speed regime. Indeed, the acoustics-wind
speed relationship is piece-wise linear w.r.t. the wind speed intensity. In addition, the

1. The contents of this chapter are adapted from the following publication. Zambra, M., Cazau, D.,
Farrugia, N., Gensse, A., Pensieri, S., Bozzano, R., & Fablet, R. (2023). Learning-Based Temporal Estima-
tion of In-Situ Wind Speed From Underwater Passive Acoustics. IEEE Journal of Oceanic Engineering,
vol. 48, no. 4, pp. 1215-1225, Oct. 2023
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parameters of the linear model are site-specific. This prevents the model to be general
enough and the typical wind reconstruction error expected range from 1.4 to 2 m s−1.
In this work, the 4DVarNet application represents . Taylor et al. [207], in a 2020 work,
proposed a data-driven approach for the acoustics-wind speed inversion through regres-
sion models. A regression model learns the relationship between one acoustic spectrum
and the associated scalar value of the wind speed. This data-driven approach allows us
to supersede the features engineering phase and to use the raw sound spectra to predict
the wind speed value. The typical wind reconstruction error expected for this trainable
multi-variate regression approach is about 1 m s−1.

In our work, we apply the 4DVarNet scheme to have a physics-informed end-to-end
trainable solution that circumvents the conceptual difficulties related to the acoustics-
to-wind relationship. In addition, thanks to the underlying state-space formulation of
the 4DVarNet framework, we can explicitly account for the temporal dimension of the
phenomenon. Indeed, the 4DVarNet scheme has been used in recent studies to model
dynamical processes and time-related patterns [180], [187]. The numerical experiments
performed in this analysis aim to benchmark the 4DVarNet performance. In addition, a
multi-modal version of the dataset is used to assess how the reconstruction performance
benefits of heterogeneous observations. The other modality used is the reanalysed wind
speed, available through the ECMWF ERA-interim data base. The multi-modal version
of the model is tested against missing data. This chapter is concluded by a categorical
classification performance test.

The rest of this chapter is structured as follows. Section 3.2 details the dataset used.
Section 3.3.4 describes the methodological aspects, models and training scheme. Sec-
tion 3.4 presents the results associated to each test configuration and Section 3.5 critically
discusses the results.

3.2 Data

Data used in this case study are underwater ambient noise spectra, synthetic reanaly-
ses of wind speed provided by the European Center of Medium-Range Weather Forecast
(ECMWF) and in-situ measurements of wind speed at 10 meters above the sea surface.
ECMWF reanalyses are publicly available in the ERA-interim database [208] and, under-
water passive acoustic (UPA) data and in-situ wind speed are sampled on the W1M3A
marine observatory. A brief explanation on the physical functioning principles of the
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Graphic removed to respect copyright

Figure 3.1 – Panel (a): Photography and geographical position of the ODAS Italia-1 buoy.
Image source: [210] Panel (b): A schematic illustration of the buoy submerged segment.
Image source: [32]

Underwater Passive Acoustic listener is provided in the subsection devoted to W1M3A.
Figure 3.2 gives a visual intuition of the data involved. Note that in-situ and ECMWF
wind speed values are mildly correlated, R2 = 0.71 and the root mean squared error be-
tween them is 1.71 m s−1. The in-situ wind speed distributions are displayed in the bottom
right panel and show an high density on mild wind values. Higher grades of the Beaufort
scale, up to grade 8th are occasionally attained with a wind speed value of 20.71 m s−1.

3.2.1 ECMWF wind speed values

ECMWF wind speeds come from model reanalyses, cfr. Section 1.3.2. Since ECMWF
wind is an estimation obtained with a numerical model, it is smoothed but implicitly car-
ries information about the physical evolution of the meteorological variables involved. The
wind speed reanalyses come from the ERA-Interim dataset, based on the global atmo-
sphere model reanalysis developed at the ECMWF. ERA-interim [209] is the predecessor
of the aforementioned ERA-5. All these global reanalyses are obtained with the assim-
ilation of a large body of different in situ and satellite data. The atmospheric model is
coupled to an ocean-wave model with a 1.0◦ ×1.0◦ latitude and longitude grid. A detailed
description of the ERA-Interim product archive can be found in [208], [209].
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3.2.2 The W1M3A observation system

The observation site is the Western 1-Mediterranean Moored Multisensor Array (here-
after abbraviated as W1M3A) which is part of EMSO and ICOS networks of European
research infrastructures. It is located in the Gulf of Genoa (Italy) at a distance of 80 km
from the coast. The W1M3A system is composed of the ODAS Italia 1 spar buoy and a
subsurface moored component. Figure 3.1 shows a picture the buoy and its geographical
location. Pensieri et al. [211] provide a detailed explanation of the W1M3A observation
site. Underwater noise data are collected with an Underwater Passive Acoustic Listener
(UPAL) 2. A detailed description of the functioning of UPAL are provided in Zuba et
al. [212], Nystuen et al. [213] and Pensieri et al. [211]. For the sake of context, we provide
here some insights of UPA data collection and preprocessing. UPAL is equipped with an
hydrophone but, due to hardware constraints (battery life and memory) it is not possible
to sample noise continuously during the whole instrument duty cycle. Noise is sampled
for 4.5 seconds at 100 kHz and then processed to obtain a spectral representation of the
signal having 64 frequency bands. The data used in this case study are indeed time series
of such spectra. UPAL electronics is endowed with a recognition algorithm that classifies
ambient noise sources. The duty cycle of the instrument is slightly adapted based on such
rough classification, and on average, a recording is acquired every 5 minute. The inter-
ested reader may refer to [213] for a comprehensive explanation on the UPAL functioning.
The frequency bands associated with the wind speed signature are those related to 8 and
20 kHz. Nevertheless, we choose to retain all the frequency bands, since one advantage of
deep learning modelling stems from the minimal handmade feature engineering required
on input data. Thanks to the capability of the deep models to extract high level rep-
resentation of the data features in a hierarchical way, there is no necessity of manually
selecting the features (in our case, the sound pressure level associated to each frequency
band). Each 64-dimensional acoustic spectrum will then be used to predict one in-situ
wind speed values.

In-situ wind speed is measured by means of the WindSonic-2D anemometer (cfr. the
Ultra-sonic anemometer in Section 1.2.1). This instrument measures the two horizontal
components of the wind speed vector and thus the scalar speed modulus.

2. Not to be confused with UPA. The acronym UPAL refers to the instrument. UPA refers to the data
that this instrument provides.
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Figure 3.2 – Data set graphical description. Panel (a) A time series of UPA spectra,
visualized as spectrogram. Panel (b) The histograms of in-situ wind speed associated to
the train-validation-test set partitions. Panel (c) Time series of ECMWF ERA-interim
and in-situ wind speed. Panel (d) A scatterplot comparing ECMWF ERA-interim and
in-situ wind speed values.

3.2.3 Temporal resolutions

The underwater acoustics data are sampled from 2011-06-17 at 00:50 to 2013-09-06
at 18:50 almost continuously with an hourly resolution, except a period of time between
2013-04-26 and 2013-06-06 in which no observations are available. In-situ wind speed data
are available from 2011-06-17 at 00:50 to 2013-09-06 at 18:50, except for a time window
from 2012-11-06 to 2013-06-06 where no data are available. In-situ wind speed data are
provided as the hourly average of the monitored wind speed values. In an open sea context,
such as the W1M3A system, there is almost always non-negligible wind speed, except for
some short periods of time [211]. The hourly resolution is motivated by the fact that UPA
and in-situ wind speed values are available as hourly averages. In the previous subsection
we mentioned the functioning principles of the UPA measurement instrument. Recall
that the instrument records underwater noise for a time window of 4.5 seconds, as long
as no acoustic sources other than wind speed are present. This time period should not be
confused with the temporal resolution of our dataset. For a given hour, the noise samples
recorded are averaged and this defines the temporal resolution. Time averaging does imply
a smoothing of the information contained in the raw data. However, we assume that such
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a temporal resolution does suffice to retain the dynamical information of wind speed
evolution. ECMWF wind speed values are available from 2011-06-01 00:00 to 2019-06-30
23:00. Note that this latter data modality does not suffer from the presence of missing
data, unlike UPAL and in-situ wind, since it is the output of an operational model. UPAL
and in-situ wind speed time series, on the other hand, may have one or more missing time
steps of observation, due to many reasons, including among others instrument failure or
maintenance operations.

3.2.4 Pre-processing scheme

Our first pre-processing step consists in co-locating UPA, ECMWF and in-situ wind
time series, according to their respective time resolutions. If one time step has only UPA
and/or ECMWF but has not an in-situ wind speed value associated, this time step is
removed from the overall dataset. If one time step has no UPA and/or ECMWF but has
the in-situ value, it is kept since it may be a proof of robustness in case of missing data
in our time series. In other words, in the 100 % of the time steps of the dataset temporal
extent, UPA and ECMWF data are validated by their respective in-situ wind speed value,
but the opposite is not true. To complete the data clean-up, we remove all the observation
days that do not have full time series of 24 in-situ wind speed values, because we want
the dataset to be divisible in time series of length 24 (one day from 00:00 to 23:00). This
results in keeping about 98% of the original dataset. By thus doing, we obtain a collection
in temporal order of 14088 triples constituted by a 64-dimensional UPA vector (each
UPA spectrum has 64 frequency bands), a 1-dimensional ECMWF wind speed value and
a 1-dimensional in-situ wind speed value.

For our analyses we need two versions of the same dataset, one time-independent
version and one time-dependent version. The time-independent version is simply the col-
lection fo 14088 UPA, ECMWF and in-situ wind triples. For the time-dependent version of
the dataset two choices are possible. The first would group the time-independent version
in series of 24 hours according to the hours. Each series would start at 00:00 and end at
23:00. By thus doing, the overall number of time series available would be 14008/24 = 587.
A second choice could be to randomly extract 2000 time series of length 24 from the time-
independent version. In this case, the start/end hour of the series is irrelevant.

We choose the second alternative since 14088 samples are sufficient to fit, validate and
test a regression model, but 587 samples (considered to be time series) may not suffice
to fit, validate and test the 4DVarNet model, since it comprehends two deep network
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parameterized models (the dynamical prior and the gradient solver). Note that this version
of the dataset comprehends 2000 × 24 single UPA, ECMWF, in-situ wind triples, unlike
the 14088 instances of the time-independent version. But in the time-dependent case, the
elemental unit of the dataset is the 24-hours time series and not the single hour. In other
words, a time-independent model takes one data triple, referred to one given hour, and
returns the in-situ wind for that hour. The time-dependent model takes as input the time
series obtained as described and returns a time series of 24 in-situ wind speed values.

3.3 Proposed method

This section details the proposed end-to-end deep learning scheme based on a vari-
ational data assimilation formulation for the retrieval of in-situ wind speed from multi-
source data, namely underwater acoustics and ECMWF data.

3.3.1 Problem statement

In the introduction the main difference between the state-of-the-art data-driven tech-
niques for the underwater acoustics-to-wind speed inversion has been evoked. Formally,
regression models learn the relationship

yt 7→ xt for all t = 0, . . . , T (3.1)

Following the symbols meanings adopted in the previous chapters, y represents the acous-
tic observations and x the target wind speed. The symbol T represents the dataset length.
This relationship holds for each time step but the time evolution of the phenomenon is
not explicitly accounted for. By contrast, the resolution of inversion problems in geo-
science for time-related processes generally relies on a data assimilation formulation [214],
[215]. It explicitly accounts for the underlying temporal dynamics of the process of in-
terest through a state-space model, cfr. 2.2.1. In this application case, the state variable
x is assumed to host information related to UPA, ECMWF and in-situ wind speed. For
this augmented state dynamical problem, the observation operator H reduces to a binary
mask. This masking operation hides the in-situ wind speed information and may emulate
an irregularly sampled dataset.

The problem can be stated as follows. Given the augmented state dynamics described
above, the objective is to retrieve time series of in-situ wind speed from time series of
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input UPA. In the multi-modal case, the input data involve the ECMWF wind speed
values as well. Formally the problem can be written as follows

{yt ; 0 < t ≤ T} 7→ {xt ; 0 < t ≤ T} (3.2)

The difference between this expression and the relationship stated in Equation (3.1) is
clear. Here the reconstruction does not only target the acoustics-to-wind inversion but
also the explicit time evolutionary feature. In this expression, T symbolizes the length of
one time series of observations. This convention will be used throughout the rest of the
chapter. The reader is invited to recall the standard data assimilation solution scheme,
that involves the optimization of a variational cost (2.35). For convenience, this functional
is restated for this approach as

UΦ(x,y; Ω) = λd ∥x − y∥2
Ω + λr ∥x − Φ(x)∥2 (3.3)

The symbols λ{d,r} represent adjustable weights. The standard data assimilation frame-
work is bridged with a learning-based scheme thanks to the trainable neural operator Φ,
that parameterizes the dynamical operator M, cfr. Section 2.4.3.

3.3.2 Proposed variational data assimilation model

In section 3.3.1 we introduced the formal statement of the problem. Recall that in a
variational data assimilation problem, one has access to some observations y and wants
to reconstruct their state variable x. Section 2.4.2 introduced the 4DVarNet scheme. In
the classical applications, the state variable is partially observed, so the observations can
be represented as a masked version of the state variable and the observation operator is
simply a binary mask. In the introduction of this chapter, we mentioned the conceptual
difficulty to relate explicitly sea-surface wind speed and underwater acoustics through
empirical models. Our choice is to set up the 4DVarNet scheme as an augmented-state
dynamical system [216]. The state variable is assumed to be the concatenation of the
different available data modalities: underwater acoustics, in-situ wind speed and, in the
multi-modal case, ECMWF wind speed. In this way, the observation operator can be
stated again as a binary mask. This operator masks the in-situ wind speed information
and returns only the underwater (and ECMWF in the multi-modal case) information.
Figure 3.3 represents graphically these configurations.

54



3.3. Proposed method

(a) Single-modal case (b) Multi-modal case

Figure 3.3 – Visualization of the augmented states used in the simulations.

We consider in the following the outputs of single-modal and multi-modal versions
of the proposed 4DVarNet framework. Assume that α indicates the UPA or UPA with
ECMWF modality and β the in-situ wind speed modality. In the single-modal version,
the state variable is the concatenation of UPA and in-situ wind speed, x ∈ RNα+Nβ , and
the observable part is represented by UPA data, y ∈ RNα with Nα = 64 and Nβ = 1. In
the multi-modal version, the observable part is composed by the UPA and ECMWF data,
and the state variable is still considered to be the concatenation of UPA, ECMWF and
in-situ wind speed, i.e. with Nα = 65 and Nβ = 1. Since we prepare these data as time
series, the observation effectively used in the model will be a batch of vectors of shape
(24, Nα). Given each time series of 24 UPA and ECMWF instances, the model will return
a time series of 24 wind speed values.

Given these definitions of the state variable and of the observations, we can consider
the following observation operator H

y =
[
yα, 0 × xβ

]
= H

([
xα,xβ

])
(3.4)

The square brackets symbolize a simple concatenation operation. The quantity xα rep-
resents the part of the latent variable hosting the acoustics and ECMWF information
and xβ represents the part of the state variable hosting in-situ wind information. The
observation operator has as argument the concatenation of the information related to ob-
servable quantities (marked with α) and in-situ wind speed (marked with β), and returns
the only measurable information yα, i.e. related to UPA and ECMWF. This observation
operator simply states that no direct observation of the in-situ wind speed is available.
The dependence between the in situ wind speed and the observed variables derives from
the parameterization of prior operator Φ. Rather than exploring an explicit ODE-based
parameterization as in model-driven data assimilation schemes [63], we rely on neural
auto-encoder architectures as in [180], [187]. In such architectures, the inputs and out-
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Figure 3.4 – Diagram of the 4DVarNet scheme applied to our case study. Recall that the
block denoted by Γ contains one iteration of the variational cost optimization explicitly
stated in Figure 2.8.

puts share the same shape. Auto-encoder architectures [217] have been widely used for
denoising, reconstruction and simulation tasks [156]. They generally exploit a latent lower-
dimensional representation of the input data [156]. This property seems appealing here to
enforce the assumption of some underlying latent space jointly encoding sea surface wind
speed and available observation data.

Here we chose to use a 1D convolutional auto-encoder architecture (Conv-AE) [218].
This is motivated by the fact that convolutional networks can leverage trainable con-
volution operators to model translation-invariant features throughout data examples.
Our encoder is composed of two 1D convolutional layers, having input-output shapes
of (Nα + Nβ, 128) and (128, 20). After the first layer a Leaky Rectified Linear Unit non-
linear activation function is placed, its negative slope is set to 10−1. The decoder has the
same structure, but in reverse order and the same non-linear activation functions are used
after the two layers. All convolution layers involve a zero-padding and a kernel dimension
of 3. The number of channels, 128 and 20 respectively, was set empirically from cross-
validation experiments. Figure 3.4 adapts the general scheme presented in Figure 2.7.
In the multi-modal case, the concatenation involves also the ECMWF wind speeds time
series as depicted in Figure 3.3.

3.3.3 Associated trainable solver

Within the proposed approach, the reconstruction of the state variable relies on the
minimization of variational cost. We solve this optimization problem using another neural
network model included in the end-to-end architecture. This trainable gradient solver,
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referred to as Γ, exploits a convolutional Long-Short Term Memory (LSTM) network
[163], the latter being particularly suited for time series modelling [219] and optimizer
learning [191]. Overall, the end-to-end architecture implements a predefined number of
iterations of the iterative rules states in the relations (2.32). In our implementation, the
LSTM cell dimension was set to 100, again based on numerical experiments. A typical
choice for the total number of iterations ranges from 5 to 10. This choice derives both the
computational complexity of the underlying automatic differentiation [220] as well as the
ability of this gradient-based iterative update to converge with only very few gradient-
based steps.

3.3.4 Learning scheme

Overall, the training procedure involves two nested gradient descents: an inner mini-
mization of variational cost (3.3) with respect to the state variable x and an outer mini-
mization of the training loss with respect to model parameters, especially the parameters
Θ of models Φ and Γ. The objective function for the former has been already discussed.
Let ΨΘ be the 4DVarNet end-to-end system and x̂ = ΨΘ (y) the reconstructed state
variable and u the ground truth values. We choose to train the models parameters by
the minimization of a MSE training loss. This loss function involves two reconstruction
terms. The first one relates to the reconstruction of the visible information associated to
the acoustics and, in the multi-modal case, the ECMWF wind speed. These elements are
denoted by the superscript α. The second term relates to the reconstruction of in-situ
wind speed, denoted by β. The expression of our loss function is the following

L(x̂,u) = 1
M

M∑
i=0

T∑
t=0

{
λd ∥uα

it − x̂α
it∥2

Ωα + λp ∥uβ
it − x̂β

it∥2
Ωβ

}
(3.5)

In this equation, Ωα and Ωβ are domain masks that account for missing data. These masks
may be simple binary matrices that represent the data sparsity pattern. The parameters
λ{d,p} weight the importance of the acoustic data and wind speed reconstructions. The
weight associated to the in-situ wind speed reconstruction is dominant.

3.3.5 Numerical implementation

Parameters optimization is achieved with two different instances of the Adam algo-
rithm [221]. For both the Conv-AE and the LSTM solver the learning rate is set to 10−3
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and the weight decay to 10−5. The weights λd and λp are set to 0.5 and 1.5 for the Conv-AE
and 4DVarNet experiments. These weights were tuned empirically. The weight on wind
prediction is greater because it is the term associated with the task of major interest. The
full end-to-end architecture ΨΘ is trained for 200 epochs, with no early stopping criteria.
Our learning protocol consists of two consecutive steps. First we perform a full training
procedure with 5 gradient iterations for the 4DVarNet scheme and save the best model
based on validation loss. Note the best model is not necessarily the one at the last epoch
of the training procedure. Then, this best model is further trained through another full
training procedure, this time using 10 gradient iterations. The simulations are performed
on a machine equipped with 3 Nvidia Quadro RTX 8000 units. Each of these units has a
TU102 graphical processor operating at a frequency of 1395 MHz and has 48 GB memory
size.

3.4 Results

This section reports the numerical experiments carried out to assess performance of
the proposed approach with respect to state-of-the-art data-driven methods 3. We first
detail our evaluation setting and the benchmarked models. We then report and discuss
the reconstruction performance for three case studies for the reconstruction of in situ
wind speed (i) using only underwater acoustics data, (ii) using underwater acoustics and
ECMWF data, (iii) when dealing with random gaps in the underwater acoustics data,
again in a multi-modal UPA and ECMWF dataset case.

3.4.1 Evaluation framework

Our evaluation procedure follows the one reported in [207]. We chose as evaluation
metrics the root mean squared error (RMSE) between reconstructed and in situ wind
speed values. We evaluate this RMSE on data period from 2011-06-18 00:00 to 2011-08-07
23:00 (50 days) whereas data period 2011-08-08 00:00 to 2013-09-05 23:00 is used as an
independent training dataset, except for the period between 2011-08-25 00:00 to 2011-10-
14 23:00 (50 days) which is used as validation set. From the 50-day time series with an
hourly time resolution, we extract all associated one-day time windows, which result in a
dataset of (50 − 1) × 24 = 1176 24-hour samples.

3. We refer the reader to the following in the repository for our associated implementation
https://github.com/CIA-Oceanix/4DVarNet-wsp
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For benchmarking purposes, our numerical experiments involve machine learning mod-
els proposed in [207] as well as state-of-the-art neural network architectures. The latter
have been chosen in accordance with the parametrization of 4DVarNet scheme. Overall,
the first category of methods involves machine learning schemes, referred to as time-
independent, which predict in-situ wind speed at one time step from the underwater
acoustics spectrum at the same time step, as stated in (3.1). The multi-modal approach
is not implemented for this class of models. This category includes:

• CatBoost [222] A gradient-boosting algorithm [223], [224] which can manage ef-
fectively categorical features. CatBoost uses as loss function the root mean square
error as loss function.

• Random Forest [225] An ensemble of decision trees, either trained for classifi-
cation or regression. Random Forest has set up with the maximum depth of the
tree to 10, the number of features to consider when splitting equal to the actual
number of features, the minimum number of samples required for leaf nodes to 1
and the minimum number of samples required to split an internal node to 2. The
number of estimators is set to 100.

• FC-AE. This Fully-Connected Auto-Encoder (FC-AE) architecture comprises a
fully-connected encoder composed of 2 linear layers with input and output shapes
of (Nα + Nβ, 128) and (128, 20), respectively. After the first layer a Leaky Recti-
fier Linear Unit with negative slope of 0.1 is applied. The decoder has the same
architecture but reversed, with the same non-linearity applied after all layers. The
learning rate is set to 10−3 and the weight decay is set to 10−6. The weights of
the loss terms are chosen to be 0.5 and 1.5. The intermediate and latent dimen-
sions, learning rate and weight decay and finally the loss terms weights were set
empirically using cross-validation.

The second category of machine learning methods, referred to as time-dependent meth-
ods, predicts a time series of in-situ wind speed from a time series of underwater acoustics
data and may benefit from time-related features. The link between the two temporal
configurations is the FC-AE model. FC-AE is used in both time-independent and time-
dependent configurations and shows, compared to CatBoost, which is the quota of im-
provement imputable to time-dependence alone. So the absolute performance level of the
time-dependent models listed below is to be understood as the aggregated performance of
temporal dependence inclusion and model choice. The category of time-dependent models
comprises the following schemes:
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• Fully-connected auto-encoder. The FC-AE parametrization as described above
has been reused in the time-dependent configuration. There are no differences in
the architecture as the input size does not change, except the temporal dimension
which is neglected in the time-independent setting.

• Conv-AE-UPA. This convolutional auto-encoder architecture refers to the oper-
ator Φ in (3.3) for the proposed 4DVarNet scheme. Here, we use this architecture
to train a direct inversion scheme to map input data y to a reconstructed state
x. We may point out that this direct inversion scheme can be regarded as a sin-
gle iteration of a fixed-point iterative solver for the minimization of variational
cost (3.3).

• Conv-AE-UPA+ECMWF. this architecture refers to an extension of the pre-
vious one when the input data y includes both UPA and ECMWF wind speed.
Besides, the reconstruction x also comprises UPA, ECMWF and in-situ wind speed
states.

• 4DVarNet-UPA. Using the Conv-AE as previously described and the trainable
solver as detailed in section 3.3.3, the first 4DVarNet configuration accounts for
the observations y of UPA data only. The output x is a concatenation of UPA
reconstructions and in-situ wind speed predictions.

• 4DVarNet-UPA+ECMWF. In this second case, the architecture of the 4DVar-
Net architecture is the same, except for the observations and the state variable.
The input data comprehend both UPA and ECMWF wind speed.

The loss function used to train the deep models is a simple mean squared error,
formulated in (3.5). For evaluation on the test set, the root mean squared error is instead
used. Since the task studied is the reconstruction of wind speed time series, we consider
performance metrics based on the in-situ wind speed data considered as ground-truth. In
the following tables two columns are present. A first column, named “Mean ± std” reports
the average RMSE and the quartiles over the 10 runs. In order to compare our framework
with ensemble models previously discussed, another evaluation strategy is used. Each of
the 10 models trained can produce a reconstruction of wind speed sequence given test
data. Similarly to what is done in bagging [226], we chose to compute the median of
the wind speed values reconstruction as aggregated output. We express this aggregated
output formally as

x̂median = Median( {x̂β
n ; 0 ≤ n < Nruns} ) (3.6)

The n-Median metric is defined as the RMSE between this quantity and the ground
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Model Metrics in m s−1 Relative
RMSE Mean ± std n-Median Gain [%]

Time-independent cases
ECMWF 4DVarDA 1.71 – – –
CatBoost 0.95 – – –
Random Forest 0.97 – – –
FC-AE – 0.98 ± 0.03 0.95 –
Time-dependent cases

Single-modal
FC-AE – 0.97 ± 0.04 0.92 3.2
Conv-AE – 0.94 ± 0.04 0.88 7.4
4DVarNet – 0.89 ± 0.04 0.84 11.6

Multi-modal Conv-AE – 0.88 ± 0.02 0.83 12.6
4DVarNet – 0.84 ± 0.02 0.80 15.8

Table 3.1 – Results for the time-independent and time-dependent analyses. The dataset
for the two cases is described in Section 3.2.4. The models are described in Section 3.4.1.
For completeness, the time-independent case has been completed with a row reporting
the average error between ECMWF ERA-interim and in-situ wind speed values.

truths. In order to quantify the improvement of the proposed class of models with respect
to the baselines, we may define a relative gain metric. Call pB and pM the baseline and
improved performance metrics, chosen to be the ensemble n-Median scores. Then define
the relative gain as

η =
(

1 − pM

pB

)
× 100 (3.7)

In the following tables, the relative gain scores are reported for each of the associated
models. In the results related to the time-independent models, such a comparison is not
extremely informative. Rather in this first comparison we assess what is the most indica-
tive baseline model to perform the subsequent comparisons.

3.4.2 UPA-only time-independent models

The performance of time-independent models are reported in the first part of Table 3.1.
FC-AE performs as well as classical regression models. In a time-independent scenario,
where the interest is only the prediction of a wind speed label given a single acoustic
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Figure 3.5 – Wind speed reconstructions: examples of wind speed reconstruction over dif-
ferent 24-hour windows in the test dataset. We depict the in situ wind speed and compare
the reconstructions issued from the proposed approach to Catboost reconstruction [207]
and ECMWF wind speed. Each panel represents a 24 hours time window of the test set.
There is no temporal contiguity between each subplot.

spectrum, a framework like the one described in (3.1) could then be preferable. Since in
the time-independent configuration the fully connected auto-encoder and the CatBoost
have a similar performance, see Table 3.1, the performance metric of these models is now
taken as baseline in order to evaluate the improvement hereafter. In this table, no data
are provided for the mean and quartiles for CatBoost and Random Forest, since these are
ensemble methods and hence they give yet an aggregated output.

3.4.3 UPA-only time-dependent case

The second part of Table 3.1 displays the results given by the model detailed in
section 3.3.2. The case of single-modal dataset presents a relative improvement of the
performance with respect to the time-independent configurations. FC-AE applied in a
time-dependent scenario has a similar performance as in the time-independent case. Indeed
the Conv-AE model yet suffices to improve the time-independent FC-AE baseline by
7.4 %. The 4DVarNet-UPA leads to a relative gain of 8.4 % with respect to the FC-AE
and regression models baselines.
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3.4.4 Multi-modal time-dependent case

Results in Table 3.1 confirm the potential of the multi-modal approach. The Conv-AE
trained on a heterogeneous dataset gives a gain of 12.3 % with respect to the FC-AE
benchmark. The 4DVarNet-UPA+ECMWF model, the multi-modal counterpart of the
single modal 4DVarNet-UPA, yields a performance gain of 14.7 % and 15.8 % with respect
to the FC-AE benchmark and the state-of-the-art presented by previous work. Recall that
such a result by the 4DVarNet was obtained through the training protocol explained in
section 3.3.3, that is 5 gradient iterations on the first training step and 10 iterations on
the second step after selection by best score on the validation set. Figure 3.5 presents a
visual comparison between ground truth wind speed time series and the reconstructions
obtained with selected models. ECMWF wind values are also super-imposed. These time
series are compared with the reconstruction performed by a time-independent and a time-
dependent model, the CatBoost and the multi-modal 4DVarNet, respectively.

Figure 3.6 shows a scatterplot between the reconstructed and ground truth values. The
top left panel clearly highlights a bias in the reconstruction of high wind speed values. This
could be due to saturation of underwater acoustic data for large wind speeds. The bottom
panel presents the average hourly error. This plot shows the effect of 1D convolutional
filters, since the boundaries of the time observation intervals are not entirely involved by
the striding of the filters hence there is no coverage backward and forward. One other
interesting feature of this plot is the worse predictive performance on the central part of
the day. This might be due to the diurnal cycle of winds trend, with the mildest wind
speed during the day and strongest winds during the nights. Additionally, winds modeled
by ECMWF are also known to suffer from a bias usually ascribable to a misrepresentation
of mesoscale convective variability and wind shear [227].

3.4.5 Multi-modal time-dependent case with missing data

One of the points of interest of 4DVarNet is that it can handle time series with missing
and/or corrupted data. Since underwater acoustic data in our dataset are almost complete,
experiments on missing data were designed by arbitrarily artificially masking data batches
during training and testing. The missing data percentage is a parameter chosen to range
between 10 % and 90 %. Figure 3.7 describes graphically the experiments outcomes. Note
that when 10 % of the data is missing, 4DVarNet performs as good as the best multi-
modal model trained with complete data. One may argue that removing 10 % of data is
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Chapter 3 – Wind speed reconstruction from underwater passive acoustics

Figure 3.6 – Overall reconstructions and error patterns. Top panel: Scatterplots of in-situ
ground-truths against the reconstructions of wind speed obtained with 4DVarNet and
ECMWF wind speeds. Bottom panel: Hourly averages of reconstruction error.

10 20 30 40 50 60 70 80 90
Percentage of missing data [%]

0.8

0.9

1.0

1.1

1.2

R
M

S
E

 [m
/s

]

Baseline

20

10

0

10 R
elative gain [%

]

Figure 3.7 – Missing data, 4DVarNet-UPA+ECMWF 10 iteration. The orange dashed line
represents the baseline performance level. The value 0 for the relative gain (right y-axis)
is attained at about 70 % of missing input data.

analogous to dropout mechanics, artificially removing features and/or noising the data
samples [228], [229]. We may also note that the proposed approach reaches almost the
same performance as the CatBoost model presented in [207] up to 70 % of missing data.

3.4.6 A-posteriori classification performance

We propose a complementary analysis to assess the performance of our model in a
classification perspective. For operational applications it is more practical to express the
wind speed as wind classes rather than numerical values. An empirical way to classify
wind speed categories is the Beaufort scale, a subdivision based on observable effects of
wind on land and sea scenarios. The Beaufort scale is composed on 12 classes. The class
0, called calm is associated to wind speed values lesser than 0.5 m s−1. The class 12, called
Hurricane-force is associated with wind speed greater than 32.7 m s−1. Due to the wind
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Figure 3.8 – Confusion matrices related to the a-posteriori classification task of wind
speed.

speed distribution of the test set, visualized in the bottom-right panel of Figure 3.2, we
choose to define three macro-classes as follows. The first class, “low wind” comprehends
the wind speed values ranging from 0 to 3.4 m s−1. In terms of the Beaufort scale these are
winds up to the gentle breeze. The second class, “median wind” comprehends wind speeds
from 3.4 to 10.8 m s−1, this latter is the strong breeze category according to the Beaufort
scale. The last class, “high wind” comprehends all the wind speed values stronger than
the strong breeze, larger than 10.8 m s−1.

The a-posteriori analysis on wind speed classification shows that the 4DVarNet model
trained on regression performs better in terms of classification accuracy with respect to
CatBoost and the multi-modal direct inversion model. Figure 3.8 reports the confusion
matrices of the classification task for each of these three models. The diagonal structure
of the matrix is evident for each case. The multi-modal 4DVarNet has a larger preci-
sion for medium and high wind values. The average accuracy scores for each class are
89 %, 91 % and 93 % for the CatBoost, multi-modal direct inversion and multi-modal
4DVarNet, respectively. These results show that our framework could be valuable as an
instrument to provide reliable qualitative estimates of wind speed, offering operationally
useful information about the atmospheric conditions. To conclude, we may remark that
a proper classification task on wind speed categories could be approached designing the
model, the dataset and the evaluation criterion in such a way to account explicitly for the
wind speed values in form of classes. That would be a classfication problem rather than
a regression problem, as done in this case study.
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3.5 Conclusion

This chapter presented a novel robust and efficient framework for managing time
dependence in data sets comprehending underwater acoustics and wind speed values.
While previous work successfully demonstrated that machine learning approaches are
promising tools to perform wind speed estimation given underwater acoustic data, this
work highlights and proves the importance of explicitly accounting for time dependence.
This concept could be further expanded to short then long-term forecasting problems, that
is predicting a time series of wind speed given a small amount of acoustic data, in such
a way to forecast the wind trend in a near future window. We believe that the effective
representation of time dependence is particularly relevant, as in an operational scenario,
no data are available after a given time. In that case, the model used should be capable of
predict wind speed in the near future. For this task, a complete characterization on wind
speed dynamical behavior is necessary.

Further work may also consider the joint use of acoustic data and satellite imagery, such
as Synthetic Aperture Radar (SAR) images. While acoustic data have a limited spatial
coverage but have a rich resolution in time, SAR images display opposite characteristics,
as they are scarce in time but offer a wider spatial resolution. A multi-modal approach
that bridges these two temporally-rich and spatially-rich features could lead interesting
research directions aiming to fit trainable models in which learning one modality helps in
learning the other. Cross-modal learning and generation is a salient and important feature
of multi-modal machine learning [90].

A further improvement could address the target variable to be modelled. In this case
study, we mainly focused on the prediction of an environmental variable, but other im-
portant applications could benefit from the use of underwater ambient noise for anthropic
activities such as submarine recognition or sea wildlife observation.
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Chapter 4

MULTI-MODAL LEARNING-BASED

RECONSTRUCTION OF HIGH-RESOLUTION

SPATIAL WIND SPEED FIELDS

4.1 Context and motivation

This chapter presents the application of the 4DVarNet framework to the reconstruc-
tion of sea-surface wind speed fields using spatio-temporally heterogeneous data. The
information typically available in an operational setting comes from satellite images, re-
analyses and in-situ observations. Section 1.3.2 introduced the data assimilation products
and stated that these are a crucial knowledge for climate research and weather forecasting.
However, these products do not resolve the finest horizontal scales observed by satellite
sensors. For instance, as introduced in Section 1.2.2, satellite Synthetic Aperture Radar
(SAR) sensors deliver an observation of the sea surface winds with a 1 km spatial reso-
lution, when operational reanalysis products typically resolve horizontal scales between
a few tens and one hundred kilometers [64], [209]. However, remotely sensed products
can not continuously monitor one given area. This limitation prevents the analysis to be
informed by the rapidly evolving wind speed patterns. In-situ sensors (cfr. Section 1.2.1)
on the other hand, can provide local sub-hourly measurements that capture the temporal
variability of surface winds. These remarks on the characteristics of available information
suggest that this kind of analysis is inherently multi-modal.

In this work, we explore the design of learning-based schemes to make the most of
available multi-modal datasets for the reconstruction of sea surface winds. In particular,
we design an Observation System Simulation Experiment [22] to assess quantitatively
the impact of each input source on the overall reconstruction performance. The analyses
articulate as follows. We base our analyses on synthetic data, in order to avoid the problem
of missing data and we manufacture high-resolution, low-resolution spatial wind fields and
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point-wise time series to emulate satellite images, reanalyses and in-situ observations,
respectively. We define four experimental data configurations to simulate different data
availability configurations. We benchmark the 4DVarNet scheme against two baseline
models to assess the improvement related to the model itself. In addition, we assess the
impact of artificially biased low-resolution data to test the robustness of the model against
model errors inherently present in reanalyses products. We also assess the impact of the
temporal sampling frequency for the satellite high-resolution spatial fields and we perform
a sensitivity test with respect to the in-situ pseudo-observations.

The rest of this chapter is structured as follows. Section 4.2 presents the dataset
used and how the original data are prepared for our simulations. Section 4.3 details the
model experimental setup. Section 4.4 presents the results obtained for each test case and
Section 4.5 critically discusses these results.

4.2 Data

We focus here on the exploitation of simulation datasets. We may emphasize that
the direct exploitation of real observation datasets is not straightforward. It would imply
a huge amount of work for mining and co-locating data on the same spatio-temporal
grid, with no guarantee to build a sufficiently large and consistent dataset on a regional
scale to run the targeted learning-based experiments. We then prioritize a preliminary
study with simulations datasets. Recent studies [230] also suggest the potential of such
simulation-based datasets to train deep learning schemes which apply to real observation
datasets.

We use the output of the RUWRF model (Rutgers University Weather Research and
Forecast [231]), based on the version 4.1.2 of the Weather Research and Forecast model
(WRF, cfr. Section 1.3). The RUWRF is developed by the Rutgers University Center for
Ocean Observing Leadership. This model runs a parent nest with resolution 9 km for a
time interval of 120 hours and then a child nest with resolution 3 km out of 48 hours. The
model is run daily. This implies a discontinuity in the data time series between 23:00 and
00:00 of two consecutive days. This motivates us to use 24 hours as reference time series
length. The wind speed data are available in terms of the horizontal components. Our
analyses target the modulus of wind speed. We process the components into the vector
norm in order to treat the wind speed modulus. These wind speed fields are chosen to have
a spatial extent of roughly 644 × 645 km, with a spatial resolution of 0.03◦ × 0.03◦ (on
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(b)

(c)

(a)

Figure 4.1 – Dataset qualitative characteristics. Panel (a): Geographical region consid-
ered. The red markers represent the buoys positions. Panel (b): Sample in-situ time se-
ries pseudo-observations obtained from wind speed values at buoys positions. Panel (c):
The downsampling-reinterpolation step to obtain low-resolution pseudo-observations from
ground-truths. The spatial resolution for this case is 30 kilometers.

average 3 km). The time window selected spans from 01/01/2019 at 00:00 to 01/01/2021
at 23:00. We prepare the wind speed fields and in-situ data as time series of length 24.
Figure 4.1 displays examples of wind speed fields on the spatial region considered with
associated pseudo-observations.

4.2.1 Low-resolution data

We simulate low-resolution (LR) data similar to reanalysis data bases obtained using
state-of-the-art data assimilation schemes (cfr. 1.3.2). Such products typically resolve a
wide range of spatial and temporal scales, depending on whether the numerical weather
prediction (NWP) model is configured to address mesoscale, synoptic or climate scales
phenomena. The spatial scales involves range between few tens to thousands kilometers.
Likewise, temporal scales range from sub-daily to yearly. We adopt the following strategy.
LR wind speed fields are obtained by down-sampling the original data. These fields are
then re-interpolated on the reference grid to match the spatial resolution of the original
data, as in Panel (c) Figure 4.1. We choose to manufacture the LR data to have spatial
resolution of 30 to 100 km and a time-step of 1 to 6 hours. This allows us to emulate
products that resolve different spatio-temporal scales. The 30 km and 1 h configuration
matches with the ECMWF ERA-5 data base [64]. The configuration 100 km and 6 h
matches with the previous ECMWF reanalyses data base ERA-interim [209].
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Reanalyses datasets may also involve local errors and biases imputable to Gaussian
assumptions (cfr. Section 2.2). These errors may relate to random delays in the weather
forecast or random phase alteration. This kind of anomalies are observable in real-world
NWP outputs, that may predict a given weather phenomenon at a given time, but this
phenomenon is observed earlier or later, and with an intensity that may be different than
the one predicted. In our experiments, we account for these possible biases by artificially
injecting a phase delay or an amplitude re-modulation. Throughout the rest of this chap-
ter, we refer to LR fields and NWP products (or pseudo-observations) interchangeably.

4.2.2 High-resolution data

We aim to mimick to some extent the sampling pattern of SAR satellite sensors [29],
[51]. We assume pseudo-SAR observations as noise-free HR snapshots of the sea surface
wind speed. We focus here on the time sampling pattern. We assume that we are respec-
tively provided by one and two HR observations over each 24-hour window. With a view
to assessing the added value of a second SAR observation within a 24-hour window, we
assume for the sake of simplicity that the two HR observations are sampled with a 12
hours delay.

Overall, we simulate here two HR observation datasets: for the first one, we provide a
HR observation at the center of the 24-hour time window, namely at 12:00. For the second
one, two HR observations are placed at 06:00 and 18:00, so to be 12-hours away. In the
two cases the temporal sampling frequency of HR data is 24 and 12 hours respectively. In
the experiments, we tested both these frequencies. Figure 4.2 gives a visual explanation of
observations sampling patterns on a 24-hours time window. HR observations are masked
in order to keep the wind speed information associated with the sea surface. This choice
is motivated by the fact that SAR imagery can provide wind speed information by the
sea surface roughness. This is not possible to achieve on the land surface. Satellite-based
remote sensing products have been introduced in Section 1.2.2.

4.2.3 In-situ time series

In-situ observation infrastructures (cfr. Section 1.2.1) provide real-time in-situ mea-
surements. In-situ data have a fine temporal resolution and directly measure the quantity
of interest, thus not being prone to any model error. The limitation of in-situ sensors is
the deployment cost and limited spatial coverage. We simulate pseudo in-situ time se-
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Figure 4.2 – Panel (a): Temporal sampling patterns of the data used. The items “HR
(12 h)” and “HR (24 h)” refer to the datasets in which the HR observations are simulated
to have temporal frequency of 12 or 24 hours. These items refer to different experimental
configurations and are depicted on the same plot for graphical convenience. Panel (b): An
example of the dataset items. The temporal sampling frequencies of HR and LR fields are
fictitious and aim to illustrate the dataset.

ries accounting for the positions of the weather buoys of the NOAA National Data Buoy
Center network (website: https://www.ndbc.noaa.gov/), depicted in panel (a) of Fig-
ure 4.1. Refer to Green [232] for an overview of NOAA buoys installations. We select the
buoys included in chosen region that were active in the chosen dataset temporal window.
Using the positions of these buoys on the data grid, we keep the pixel values of the HR
spatial fields and we extract these set of positions so to have multi-variate time series
of point-wise wind speed values. As a result, we have thirteen buoys in the dataset. A
portion of these time series is shown in panel (b) of Figure 4.1.
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4.2.4 Preprocessing scheme

The dataset is composed of 732 time series of 24 wind fields. We allocate the first
432 series for the training set, the subsequent 200 series for the test set and the last 100
series for the validation set. In order to implement the simulations on LR data biased by
random phase delays and amplitude remodulations we extract 36-hours time series in an
early data processing stage. This choice is motivated by the fact that the hour 00:00 of
each series may be modified by the random delay. If negative, this delay assigns to the
field at 00:00 a value of the previous series. In this way, the early-stage series cover a time
window from 18:00 of day T −1 to 06:00 of day T +1. This preprocessing step implies the
loss of the first and last days of each data set. The training, validation and test set will
then have lengths of 430, 198 and 98, respectively. Once the LR bias has been injected,
if the test case requires it, the 36-hours time series are cropped in order to have 24-hours
long sequences starting at 00:00 and ending at 23:00 of day T .

To sum up, the final dataset is composed of the three modalities mentioned above:
the HR fields, the LR fields (with the injected bias if the training configuration requires)
and the in-situ time series. From a practical point of view the dataset object provides a
time series for each modality. Each time series is composed by 24 matrices having the
shape of the spatial domain. The series are masked according to the temporal sampling
frequency and the spatial features of each modality. For example, the in-situ observations
are obtained by setting to zero the whole field except for the positions of the buoys. Panel
(b) of Figure 4.2 gives a visual intuition of the data appearance. The three time series
related to the pseudo-observations are obtained from the ground truths, the bottom series.

Data of the training, validation and test sets are normalized by a field-wise division by
the standard deviation of the the respective set. For example, each field of the training set
is divided by the standard deviation of the entire training set. Once the model is trained,
data are de-normalized in order to evaluate the model performance in terms of physical
dimensions.

4.3 Proposed method

Here we state formally the problem and we provide the methodological and numerical
details and the learning scheme used throughout our experiments.
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Figure 4.3 – Representation of the augmented states for the observations and the state
variable. The leftmost bottom panels of the observations object are the anomaly fields
masked by the land-sea mask. The blue dots represent the pixel values associated with
the in-situ pseudo-observations.

4.3.1 Problem statement

The data assimilation approach

The formal problem statement follows closely the state-space model introduced in Sec-
tion 2.2.1. The objective is to invert the (forward) observation process in order to retrieve
the state variable starting from its partial observations. We choose to use the 4DVarNet
framework to perform this inversion. We may recall that the appeal of the 4DVarNet model
stems from its underlying state-space formulation. This allows to parameterize in an end-
to-end manner the data assimilation problem exploiting both the physical relevance and
the computational and representational flexibility of deep learning modelling. The reader
is referred to Section 2.4 for the extensive introduction of the 4DVarNet scheme. In our
case, the state variable x is the temporal sequence of HR wind speed field. The forward
process H provides the observations y described in the previous section. More specifically,
let ylr, yhr and ysitu be the LR, HR and in-situ pseudo-observations respectively.

Given the spatio-temporal heterogeneity of the partial observations, we choose to set
up the problem in terms of augmented-state dynamics [216]. The state variable is prepared
as a concatenation of the LR and anomaly fields. We define the anomaly as the difference
between the HR and the LR fields. In formulae,

yan = yhr − ylr (4.1)

We choose to use the anomaly field in place of the HR because the LR part conveys
information about the field average and the anomaly is the deviation of the HR field
from the LR average. Using the full HR field alongside with the LR field would imply
an information redundancy. In the 4DVarNet computational scheme, we will use the hr
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index to refer to the anomaly parts. Figure 4.3 illustrates the preparation choices for the
observations and the state variable and the associated observation operator binary mask.

Let Ωlr, Ωhr and Ωsitu be the binary masks that identify the temporal sampling patterns
associated to HR, LR and in-situ observations. Let Ωsl be a mask that covers the pixel
locations of the land surface. This mask enforces the SAR-like observations to be available
only on the sea surface. Formally we can express the observation operator as follows

H(x) =


Ihr(x) = yhr

D ◦ Ilr(x) = ylr

Isitu(x) = ysitu

(4.2)

The symbols Ihr, Ilr and Isitu represent the indicator functions associated with the spatio-
temporal domains Ωhr ∪ Ωsl, Ωlr and Ωsitu respectively. The symbol D represents the
downsampling-reinterpolation operation performed to obtain the LR fields. The objective
is to retrieve the complete time series of HR surface wind speed using these partial ob-
servations. This problem is solved by optimizing the variational cost function that relates
the observations and the dynamical model integration as in the weak-constrained 4DVar
scheme. For convenience, we restate the expression of the variational cost function used
to solve the 4DVar problem.

UΦ(x,y; Ω) = λ1 ∥H(x) − y∥2 + λ2 ∥x − Φ(x)∥2 (4.3)

The operator Φ is the neural network parameterization of the dynamical operator M and
the λ parameters are weights for the data-model proximity and regularization terms. The
complete treatment of the 4DVarNet scheme was provided in Section 2.4.

The deep learning end-to-end approach

Section 1.4 introduced the application of deep learning modelling to geophysical inver-
sion. An alternative way to state the inversion problem involves the direct application of
deep learning models. These techniques can be viewed in the perspective of computer vi-
sion algorithms, such as inpainting (cfr. Section 1.4) and classification applied to geophys-
ical fields. The flexibility of deep neural networks in the approximation of input-output
relationships and their representative power has been mentioned in Section 2.3 and Sec-
tion 2.3.4 specified the application of deep learning modelling for the direct inversion of
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a general forward process. This strategy allows to directly retrieve the state variable x as
the output target of a multi-layered architecture as in Equation (2.24). For convenience,
we restate this expression as

x = f(y; θ) (4.4)

where θ are the model f parameters. The capability of deep networks to build effective
feature maps and learn the input-output relationships from data allows to retrieve the
system state directly, with no physical constraints. The difference between the inversion
approach based on variational data assimilation methods is clear. A learning-based direct
inversion as stated by a relationship as that stated in Equation (4.4) does not require the
knowledge of the dynamical model M.

Deep learning methods can also be useful for super-resolution problems. This com-
puter vision task aims to improve an image resolution. Previous work applied learning-
based modelling to this end [233]. Impressive results are achieved by Generative Adver-
sarial Networks (GANs [146]). Recent work applied GANs to the super-resolution of wind
speed [234], temperature [235] and precipitation [236]. However, GANs may be difficult to
train due to the sensible choice of hyper-parameters and the model size. Recent advances in
the deep learning field presented diffusion models [148] as appealing alternatives for their
efficiency and performance. Recent work applied diffusion models to high-resolution solar
radiance forecast [237], seismic waves [238] and medium-range weather forecast super-
resolution [239]. While generative deep learning-based super-resolution allows to generate
graphically-realistic fields, our purpose is to apply deep learning modelling to reconstruct
a sequence of wind speed fields as close as possible to reality. A wind speed field generated
by a GAN or diffusion model may look more realistic than a direct inversion-produced
one but there is no guarantee for the former to be physically plausible.

4.3.2 Trainable data assimilation scheme

The classical way to approach the problem stated in Section 4.3.1 is to approximate
the one-step-ahead predictor as defined by Equation (2.34) with Euler or Runge-Kutta
schemes [192], [193]. In the 4DVarNet scheme, we parameterize this operator with a train-
able neural operator. This defines a bi-level optimization [188] that aims to both minimize
the variational cost to find the state variable and another cost function that measures the
reconstruction performance of the model in order to adjust the neural network-based
model parameters.
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The parameterization of the observation term depends on the experimental configura-
tion. In the simplest case, the observation term is the data-state misfit restricted to the
observation spatio-temporal domain. For example, if the sampling frequency of HR fields
is 12 hours, then the observation operator delivers the HR observations of the spatial
wind speed at hours 06 and 18 for each daily time series. This reduces the problem to the
task of learning an interpolation operator that fills the gaps imputable to the observation
process and to improve the spatial resolution of the interpolated fields. Recalling the form
of the variational cost (4.3), restated in matrix form, this simple case of non-trainable
data fidelity term (DFT) reduces to the optimization of the following cost function

UΦ(x,y; Ω) = λ1 ∥x − y∥2
Ω + λ2 ∥x − Φ(x)∥2 (4.5)

We call this case “single-modal DFT”. In a second case, we still have to enforce the sam-
pling pattern with a binary mask but we add a second observation term in the variational
cost. This term is the distance between the higher-level descriptors extracted from the
observations and the state variable. This “multi-modal DFT” learns feature maps from
spatial and/or sequential observations and allows us to relate the state variable and the
observations at a higher abstraction level that transcends the spatio-temporal character-
istics of the raw observations. We think that this is particularly relevant as spatial scales
which characterize spatial fields and point-wise time series are drastically different. We
may draw an analogy between this choice for the second observation term of the 4DVar-
Net variational cost and the composite loss function design mentioned in Section 2.3.4.
The trainable term acts as an perceptual loss [177] that relates the observations and the
state variable at an higher level of representation. In this case the variational cost (4.3)
can be stated as follows

UΦ(x,y; Ω) = λ1 ∥x − y∥2
Ω + λ1∥ψx(x) − ψy(y)∥2

Ω + λ2∥x − Φ(x)∥2 (4.6)

In this equation, ψx and ψy are the neural networks. Depending on whether the observa-
tions y are spatial (HR wind fields) or sequential (point-wise time series), the networks
classes ψx and ψy are 2D or 1D convolutional, respectively. The state variable x is in-
tended to be a spatial field in any case. The observations y are multi-variate time series
or spatial fields, or both, depending of the experimental configuration.

The trainable gradient solver Γ (cfr. Section 2.4.2) is parameterized with a 2D convo-
lutional LSTM network. The optimization of the state variable is achieved by an iterative
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Figure 4.4 – Diagram and configuration of the 4DVarNet scheme for this case study.

application of the solver to the gradients of the variational cost. The expression of the iter-
ative state variable update is stated in Equation (2.32). Figure 4.4 visualizes the workflow
of the 4DVarNet scheme applied to this case study.

4.3.3 Learning scheme

The training loss chosen to optimize the model parameters is a mean squared error
(MSE) composed of terms related to LR and HR reconstructions. The input data to
the model are the LR and the anomalies of the spatial fields. Figure 4.3 visualizes the
compositon of observations and state variable. As reported in the figure, the augmented
states involve one LR and two HR (anomaly) fields. The first instance of the anomaly
is used in the 4DVarNet computations, the state variable optimization and the second is
used as reconstructed output. This choice is motivated by the fact that the part processed
by the 4DVarNet operators may have undesired artifacts in the reconstruction [240]. The
training loss comprehends also one term which enforces the spatial gradients of the HR
reconstructions and ground-truth data to be similar. Let u represent the ground-truths
used in the problem design and x̂ the model output. The training loss can be formally
stated as

L(x̂,u) = 1
M

M∑
i=0

T∑
t=0

{
∥ulr

it − x̂lr
it∥2 + ∥uhr

it − x̂hr
it ∥2 + ∥∇ uhr

it − ∇ x̂hr
it ∥2

}
(4.7)

The symbol ∇ identifies the spatial gradients of a field w.r.t. the spatial coordinates.
The terms of the loss function involving gradients are needed to enforce the spatial vari-
ation patterns of the reconstructions to match those of the ground-truths. The training
criterion (4.7) is complemented by a L2 regularization term to prevent overfitting.
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Figure 4.5 – Schematic representation of the features extraction networks.

4.3.4 Numerical implementation

The optimization of the cost function (4.7) is done with the Adam algorithm [241]. The
model is trained for 50 epochs. The weights configuration used for the test stage is selected
according to the validation loss during training. Table 4.1 resumes the learning rates and
L2 regularization weight decay coefficients for the trainable models deployed. Our choice is
to set the weights of the variational cost terms λ1,2 to trainable parameters. In the following
we report briefly the neural architectures used for this work. The interested reader may
refer to the code available at https://github.com/CIA-Oceanix/4DVN-MM-W2D/tree/
main for the complete and detailed models design.

• The operator Φ is parameterized by a 2D convolutional network with two layers.
The kernel size is chosen to be 5 with padding 2 (both are isotropic). The input
tensor is a concatenation of three times the spatial fields (LR and anomalies), so
the temporal dimension becomes 72. For this reason, the input channels are set to
72. The first layer squeezes the channels to 32 and the second layer expands the
channels to 72. The model does not have non-linearities.

• The operator Γ is parameterized by a 2D convolutional LSTM. The dimension of
the hidden cell is set to 100. The gates layer is parameterized by a 2D convolutional
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Operator Φ Solver Γ Models ψx, ψy Weights λ1,2

Learning rate 5 · 10−5 9 · 10−5 10−4 10−4

L2 weight decay 10−7 10−8 10−7 10−5

Table 4.1 – Hyper-parameters used for the simulations. Depending on the case, some
columns may not apply. For example, in the case of non-trainable DFT, the column ψx,
ψy is not considered.

layer with kernel size 3 and padding 1. The input channels are 96 and the gates
layer expands this number to 384. A linear Conv2d layer (kernel size 1 and no
padding) reshapes the LSTM output to the original input size.

• The models ψx and ψy are involved in the multi-modal DFT case. They process
the system state and observations respectively. The model for the system state ψx

is a 2D convolutional model. According to whether the observations are spatial
wind fields or in-situ time series, the model ψy is a cascade of 2D convolutional
layers and Average pooling layers or a Conv1d layer. We refer to Section 2.3.2 for
the convolutional layers explanation. In the case where both spatial and time series
are involved, two different models ψy are deployed. The extracted features maps
are flattened to be compared by the variational cost observations term. Figure 4.5
represents graphically the networks used as features extraction models.

The simulation are run on a machine mounting 8 Nvidia A100-SWM4 graphical proces-
sor units. These units have 80 GB memory and GA100 graphics processors with 1593 MHz
memory clock speed. We provide the motivation for the design choice of the model Φ and
supporting sensitivity tests in Appendix A.

4.4 Results

Results articulate as follows. We detail the baseline models that we choose to compare
the 4DVarNet framework with. We provide the technical details about the evaluation met-
rics and we detail each experimental configuration. The baseline models and the 4DVarNet
are compared. The analyses on robustness against biased LR fields, buoys sensitivity and
scale analyses are made using the best model as of the benchmark configuration. The
results of the analyses on high and low-resolutions sensitivity are obtained by models
trained on the specified data sampling configurations.
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4.4.1 Evaluation framework

The reconstruction performance is evaluated quantitatively in terms of root mean
squared error (RMSE) between ground-truth data and the output of each model. The
reconstruction error is evaluated on the complete region considered and on both land
and sea areas separately. We perform 10 runs for each configuration and we compare
the median reconstruction against the ground-truth. This procedure can be viewed as
a voting average to aggregate an ensemble of models [242]. Ensemble Machine Learning
methods construct a group of independently trained models. The overall ensemble output
has an overall reduced variance [243]. The aggregated median reconstruction of the models
ensemble is obtained as

x̂median = Median ( {x̂n ; 0 ≤ n < NRuns} ) (4.8)

where x̂n is the run-wise model output. The model performance is evaluated against a
chosen baseline. The next Section provides a detailed overview of models and baselines.
We may define a relative gain to compare the percentage improvement of each model
w.r.t. the selected baseline. This gain in defined as

η =
(

1 − pM

pB

)
× 100 (4.9)

where pM and pB are the reconstruction RMSEs of a given model M and the reference
baseline B respectively. The performance pM is referred to the ensemble reconstruction.
This gain may attain virtually any real value. If it is negative, we refer to it as “degrada-
tion” as the performance of a model M may be worse than the baseline B performance.

4.4.2 Benchmark analysis results

In order to benchmark the 4DVarNet model we propose the following configuration
of available data: (i) LR wind speed fields simulating a NWP product with a sampling
frequency of 6 hours; (ii) HR pseudo-observations that simulate the satellite images, avail-
able with a temporal sampling frequency of 12 and 24 hours, respectively at hours 06:00
and 18:00 for the first case and 12:00 for the second; (iii) in-situ time series, with hourly
resolution. We identify four test cases given by the combination of these data modalities.
Table 4.2 resumes these configurations. The 4DVarNet scheme is compared with two base-
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Figure 4.6 – First row: (left) Original data, (middle) reconstruction of the B1-SR baseline,
(right) reconstruction of the Mm-C3 4DVarNet. Second row: (left) Map of average MSE
related to the B1-SR baseline, (middle) Mm-C3 4DVarNet and (right) map of the average
relative gain of the 4DVarNet w.r.t. the baseline. The temporal sampling frequency for
high-resolution fields is 12 hours. The two rows are displaced in order for the baseline and
model reconstructions and error maps to match vertically.

line models. The first baseline used is a temporal interpolation of LR fields, with no HR
observations. In this case, the interpolation operator is not trainable. The second baseline
model is a learning-based direct inversion (cfr. Section 4.3.1) applied to the data configu-
rations of Table 4.2. The target state variable x is obtained by the direct application of a
trainable operator to the observed data as stated by Equation (4.4). The direct inversion
for the data configuration SR solves a super-resolution task. This means that the model is
trained to retrieve the finer-scale information using only the LR fields. Let B0 and B1 rep-
resent the interpolation and direct inversion baselines respectively. Let Ms and Mm denote
the 4DVarNet framework in the single-modal and multi-modal DFT settings respectively
(cfr. Section 4.3.2). In the following, the notation {B0, B1,Ms,Mm}-{SR,C1,C2,C3} is
used to identify the combination of model and experimental configuration. This conven-
tion is used hereafter in the rest of the paper. The 4DVarNet dynamical operator Φ shares
the same architecture of the trainable direct inversion model.

Table 4.3 reports systematically the simulation results considering the data configu-
rations mentioned above. The model Mm-C3 4DVarNet is the configuration that gives
the best reconstruction performance. In Figure 4.6 the first row shows original data and
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Configuration LR data HR data In-situ data
SR 6 h ✗ ✗

C1 6 h {12, 24} h ✗

C2 6 h ✗ 1 h
C3 6 h {12, 24} h 1 h

Table 4.2 – Experimental data configurations. The curly brackets for the cases C1 and C3
represents the set to HR sampling frequencies inspected.

reconstructions examples of both the baseline B1-SR and the model Mm-C3. The sec-
ond row shows the average RMSE map of B1-SR and Mm-C3 (first and second bottom
panels) and the average relative gain of Mm-C3 w.r.t. B1-SR. This result may not raise
any surprise, since the more the data used the more information is available for the re-
construction. Nevertheless, a very interesting result concerns the performances of the two
instances of the 4DVarNet scheme, Ms and Mm. Despite the model Ms outperforms the
direct inversion baseline, the addition of in-situ observations in the configuration C3 does
not seem to be beneficial w.r.t. the configuration C1. Contrarily, the Mm model bene-
fits more from in-situ time series in configuration C3. The reconstruction performance is
roughly 2 % superior w.r.t. the case C1 for both the temporal frequencies. This result
proves the capability of an explicit multi-modality processing to make the most out of
both the sources of HR information.

In Figure 4.7 we report the visual representation of the improvement due to the multi-
modality of the DFT by comparing the reconstruction gains of cases C3 and C1. For
this visualization, the temporal sampling frequency chosen is 12 hours. The left panel
represents the average gain of the model Ms-C3 w.r.t. Ms-C1, and the right panel is
the average gain of model Mm-C3 w.r.t. Mm-C1. Intriguingly, the gains are not only
restricted to areas surrounding the buoys but extend to regions of about one order of
magnitude larger than the spatial scale of a local point-wise measurement. This improved
reconstruction can even reconstruct the profile of the coastline. This result shows that a
trainable multi-modal approach may incorporate the heterogeneous information of in-situ
observations and spatial HR observations. The local small-scale information is learned
and reused to a larger scale, which is defined by the spatial HR data.
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Model ωhr
t Full Sea Land

RMSE Gain RMSE Gain RMSE Gain
B0 1.1234 1.1384 1.0983

B1

SR – 0.9960 0.9817 1.0192
C1 12 h 0.9605 3.56 0.9389 4.36 0.9951 2.36
C1 24 h 0.9741 2.20 0.9555 2.67 1.0040 1.49
C2 – 0.9957 0.03 0.9814 0.03 1.0187 0.05
C3 12 h 0.9571 3.91 0.9341 4.85 0.9938 2.49
C3 24 h 0.9711 2.50 0.9515 3.08 1.0024 1.65

Ms

C1 12 h 0.9000 9.64 0.8930 9.04 0.9114 10.58
C1 24 h 0.9012 9.52 0.8953 8.80 0.9108 10.64
C2 – 0.9619 3.42 0.9508 3.15 0.9798 3.870
C3 12 h 0.8999 9.65 0.8939 8.94 0.9096 10.75
C3 24 h 0.9015 9.49 0.8958 8.75 0.9107 10.65

Mm

C1 12 h 0.8802 11.63 0.8695 11.43 0.8974 11.95
C1 24 h 0.8907 10.57 0.8836 9.99 0.9022 11.48
C2 – 0.9197 7.66 0.9207 6.21 0.9180 9.93
C3 12 h 0.8617 13.48 0.8481 13.61 0.8836 13.30
C3 24 h 0.8692 12.73 0.8606 12.34 0.8832 13.34

Table 4.3 – Benchmark test results. B0: interpolation. B1 learning-based direct inversion.
Ms and Mm: 4DVarNet model with non-trainable and trainable observation operator,
respectively. The gains are referred to the B1-SR configuration and are computed as in
Equation (4.9). RMSE is expressed in m s−1 and relative gain in percentage. The six three
columns report the RMSE and relative gain for the full region, the sea and land portions
respectively. The symbol ωhr

t refers to the temporal sampling frequency of high-resolution
fields.

4.4.3 Biased low-resolution data

The prediction made by a NWP system and the true realization of the phenomenon
may differ in both timing and intensity. To simulate this scenario, the LR fields are biased
by either a random phase delay ∆t in the interval [−4,+4] hours or a random amplitude re-
modulation α in the interval [0.5, 1.5]. This LR data modification is performed randomly
at train time. More specifically, each field ylr(t) 1 is modified by a randomly chosen phase

1. The time step t complies with the temporal sampling frequency prescribed by the observation
process.
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Figure 4.7 – Maps of average relative gains. Left panel: Non-trainable observation op-
erator. Average gain of model Ms-C3 w.r.t. Ms-C1. Right panel: Trainable observation
operator. Average gain of model Mm-C3 w.r.t. Mm-C1. The temporal sampling frequency
for high-resolution fields is 12 hours.

delay or remodulation. Formally

ylr(t) =


ylr(t+ ∆t) with ∆t ∼ U(−4,+4)

αylr(t) with α ∼ U(0.5, 1.5)
(4.10)

The symbol U represents the uniform probability distribution. Interestingly, this procedure
has a clear resemblance with dynamic data augmentation [244]. The modification stated
in the equations 4.10 involves all the time steps of the time series of the training set.
The model Mm-C3 with HR sampling frequency of 12 hours is trained with these two
LR data modification separately. HR spatial and in-situ observations are not modified.
We expect a degradation in the reconstruction performance, but the foremost interest of
this analysis is to prove the robustness of the trainable variational scheme against the
presence of model errors in the LR pseudo-observations. The test procedure is performed
as follows. The trained model is evaluated on an ensemble of modified test sets, where
each of these sets is obtained modifying all the LR elements by one constant biasing value.
For example, in the case of random delay the first test set has its LR elements modified
by the delay −4 hours. The second test set’s LR elements are modified by −3 hours and
so on. The same method is applied for the case of the re-modulation bias. This procedure
gives an ensemble of 9 and 11 performance metrics for the delay and re-modulation cases.

Figure 4.8 reports the curves of reconstruction error as functions of the bias magnitude
for both the delays (first row) and re-modulations (second row). Intriguingly, the model
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Figure 4.8 – Top row: test case of LR simulated delay. Bottom row: test case of LR
simulated re-modulation. The suffixes “-rd” and “-ri” identify the models trained in case
of random delay and re-modulation, respectively. The experimental configuration used for
this experiment is the case C3 for the Mm model and the SR, C3 cases for the B1 baseline.
The temporal sampling frequency of high-resolution fields is 12 hours.

Mm-C3 trained on biased LR data outperforms the model trained on unbiased LR data
for large biases values. This result can be interpreted as the model capability to learn
the LR data correction, thanks to the trainable multi-modal observation operator that
extracts meaningful features from the HR observations. This is particularly clear in the
case of random delay, while for random re-modulation the effect is milder. This may be
explained noting that model intensity errors in the range [0.5, 1.5] are not strong enough
to spoil the results. Moreover, such biases may, contrarily, have a positive regularizing
effect on the model training. The performance of model Ms w.r.t. model Mm is better
discussed in Appendix A.

4.4.4 Buoys sensitivity analysis

In this work we focus on the added-value of having in-situ sensors that measure directly
the variable of interest. In real-world applications it is not possible to deploy a very
dense network of observation infrastructures as such installation operations are expensive
and demanding. In the following experiment, we aim to evaluate the impact of missing
buoys on test stage using a model trained with both HR spatial wind fields and in-situ

85



Chapter 4 – Multi-modal reconstruction of spatial wind fields

75.1 °W
74.4 °W

73.7 °W
73.0 °W

72.4 °W
71.7 °W

71.0 °W
70.3 °W

69.6 °W

42.1 °N

41.6 °N

41.0 °N

40.5 °N

39.9 °N

39.4 °N

38.9 °N

38.3 °N

37.8 °N

0

1

23

4

5
6

7

8
9

10

11 12

Land
Coastal
Near Sea
Open Sea

Figure 4.9 – Division of the region of interest in the three zones that host the three
buoys groups. The circled numbers represent the buoys identifiers on the respective buoy
position. The surfaces of the coastal, intermediate and open sea regions are approximately
34938, 34245 and 154548 km2. The average distances from the coastline to the limit of
the coastal and intermediate region are respectively 38 and 76 km.

Average degradation
Zone ωhr

t = 12 h ωhr
t = 24 h

Coastal −0.69 % −1.61 %
Near-sea −0.66 % −1.48 %
Open Sea −0.52 % −1.38 %

Table 4.4 – Average degradation values of the case of buoys group removal.

measurements. We use the best model of the case described in Section 4.4.2, considering
both the sampling frequencies of 12 and 24 hours for the HR spatial fields. The choice of
performing the test with both the sampling frequencies is motivated by the necessity to
assess the impact of in-situ observations related to two levels of HR spatial information
availability. We set up two test cases. In the first case, we test the model removing one
single buoy to see whether some buoys are more relevant for the reconstruction task. This
test is repeated for each of the 13 buoys of the observation network. In the second case,
we identify three zones on the region on interest, as illustrated in Figure 4.9. A first zone
is the strict proximity of the coastline, the second is an intermediate buffer zone between
the coast and the open sea and the third zone is the open sea, from approximately 76
kilometers from the coastline. The objective of this second test case is to check whether
one group of buoys provides more meaningful measurements for the task of wind speed
reconstruction on a mixed land-sea region.
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Figure 4.10 – Single buoys removal tests. Degradation maps obtained interpolating spa-
tially the buoy-wise degradation values. The interpolation is made with a Gaussian process
regression. Panel (a): HR temporal sampling frequency of 12 hours. Panel (b): HR tem-
poral sampling frequency 24 hours.

We start the analysis with the results related to the case of single buoy removal,
cfr. Section 4.4.4. In order to visualize the degradation trend as a function of the single
buoys, we produce a fictitious map as follows. The starting point is a blank matrix having
the same dimensions as the input spatial data. We can identify on this map the buoys
locations, as shown in Figure 4.9. On the point associated with the buoy n, with n =
1, . . . , 13, we set the value of degradation due to the removal of the buoy n. In this way we
obtain a group of discrete values of degradation. These values are interpolated spatially
with a Gaussian process [245]. The resulting map can be interpreted as the individual
buoy responsibility to degradation. Panel (a) of Figure 4.10 displays the degradation
map for the case of HR spatial fields temporal frequency of 12 hours, i.e. a HR field at
hours 06 and 18. The degradation is mainly concentrated on a spatial belt encompassing
the intermediate and coastal regions. This means that the most relevant buoys for the
reconstruction task are those located in the strict proximity of the coast. The degradation
map changes in the case of HR fields temporal frequency of 24 hours, see Panel (b) of
Figure 4.10. In-situ observations are more that 1 % more relevant as the HR observation
regime is halved. In other words, the fine-scaled information provided by in-situ data is
exploited more extensively by the model. In addition, the importance of the in-situ data is
more distributed among all the buoys and there are not particularly preferred regions. We
discuss now the results of the buoys groups removal case. Again, the average degradation
values are larger in the case of HR sampling frequency of 24 hours. The reason for this
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Spatial resolution Temporal resolution
Group A 30 km 6 h
Group B 30 km 1 h
Group C 100 km 6 h
Group D 100 km 1 h

Table 4.5 – Combinations of the HR and LR fields spatio-temporal resolutions.

is again the relevance of HR information of in-situ data. The difference w.r.t. the single
buoy removal tests is the constant tendency of degradation, which attains larger values for
the coastal region buoys and progressively decreases in the open sea direction. Table 4.4
reports values of error metrics, which may be explained as follows. The coastal buoys
are placed on the area that experiences the most shelter effects, involving strong wind
speed gradients associated with the presence of the morphology of the coast [246], [247].
These results mean that the coastline proximity is the most sensitive region for the wind
speed reconstruction task. The largest impact of in-situ observations is associated to this
particular zone. Appendix A presents the same analysis performed on a synthetic buoys
network. The purpose of this analysis is to study whether an arbitrary constellation may
be more suited for the task of large extent wind speed reconstruction.

4.4.5 Spatial fields resolution sensitivity analysis

To conclude this work, we propose an aggregated analysis on the impact of each
data source on the reconstruction performance of the Mm model. The tests involve the
comparison between the C1 and C3 configurations (in-situ time series), the LR data
divided in four groups as in Table 4.5. The group A corresponds to the LR configuration
used in the test cases detailed above. Using the best benchmark model, for each group
we test both the C1 and C3 configurations as described above and both the 12 hours and
24 hours temporal resolutions for HR spatial fields. These additional tests allow to better
appreciate the impact of the temporal and spatial resolution of spatial fields, both HR
and LR.

Figure 4.11 visualizes the results of the performance of Mm in all the configurations
mentioned above. There are two evident remarks. The first one is that the difference be-
tween C3 and C1 is larger for the configurations where LR fields have temporal resolution
of 6 hours. This can be explained as follows: if LR data have temporal resolution of 1
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Figure 4.11 – Sensitivity analysis results. The labels on the left identify the groups of
LR spatio-temporal resolutions. The performance metrics illustrated are relative gains on
RMSE referred to the B1-SR baseline applied to each LR combination. The symbol ωhr

t

refers to the high-resolution spatial fields sampling frequency.

hour, the dynamical information of in-situ time series is partially hidden by the larger
temporal availability of LR fields. Again, this result supports the importance of in-situ
observations as source of time-dependent information. The second remark concerns the
spatial resolution of LR data. For the higher resolution of 100 km, the fine-scale informa-
tion delivered by both the spatial fields and the in-situ data are more largely exploited
by the multi-modal trainable observation operator of the 4DVarNet.

Figure 4.12 summarizes the visualizations of Figure 4.11. We compare: (i) the difference
between the relative gain brought by the in-situ time series (C1 against C3, the solid and
dashed dark gray curves) and (ii) the difference between the relative gains brought by
the spatial HR fields sampled at 12 hours against 24 hours (solid and dashed light gray
curves). Referring to Figure 4.11, the dark gray solid line points represent the differences
between dark and light green marked results, the dark gray dashed line points represent
the differences between dark and light blue marked results. In the same way, the light
gray solid point refer to the difference between the performances marked by dark green
and blue bars and the points of the dashed light gray line refer to the differences between
performances marked by light green and blue bars. For example, consider the point on
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Figure 4.12 – Analysis on the gains referred to the contributions of either the in-situ time
series and a finer temporal resolution of high-resolution wind speed fields. The gains are
referred to the B1-SR baseline associated to the low-resolution spatio-temporal resolutions
of each group. The groups name convention follows the definitions given in Section 4.4.5.

the light gray curve in correspondence of the low-resolution combination group C. There,
one may consider both the performance gain (w.r.t. the baseline of group C) of Mm-C3
and Mm-C1. The point of the light gray curve for the group C represents the difference
between these two gains. Stated otherwise, the performance surplus imputable to the
configuration C3 against the performance of configuration C1, which is the value added
by in-situ time series.

The reader is referred to Appendix A for the results on a sensitivity test in which we
choose a different temporal configuration for the HR fields. More precisely, we study the
effect of the HR fields placed on different time steps.

4.5 Conclusions

In this work we presented an observation system simulation experiment based on an
hybrid data assimilation and deep learning framework. The objective of our analyses
was to evaluate the impact and value of different input sources of information on sea-
surface wind speed. Our investigation has both scientific and operational relevance. On
the scientific side, our analyses prove the potential of a trainable approach for the simul-
taneous exploitation of diverse oceanic observations. This approach allows the model to
ingest spatio-temporally heterogeneous data and to use this complementary information
to reconstruct time series of spatial wind speed fields. The reconstruction performance
associated with this explicit multi-modal strategy for the 4DVarNet (Mm) proves supe-
rior to the performance of the same 4DVarNet model not implementing the trainable
multi-modal approach (Ms). We showed that this framework brings the model to auto-
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matically learn the correction of possibly biased input data, thanks to the high-level data
representation encouraged by the multi-modal induced features extraction. On the op-
erational side, beside proving the added value of in-situ observations, our results on the
buoys sensitivity analyses may open the road to future work devoted to the predictive
learning-based optimization of in-situ sensors installation. The results presented in this
work can not provide a direct answer to this problem but are an encouraging starting
point to further investigate this aspect. To conclude, we may recall that the state-of-the-
art of super-resolution modelling is based on generative AI methods. Further work may
be devoted to the inclusion of these models in our data assimilation-based framework.
This would allow to improve the reconstructed fields appearance. The output time series
would benefit from a photo-realistic aspect and a stronger spatial gradients consistence.
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CONCLUSION AND FUTURE

PERSPECTIVES

Conclusions

This thesis aimed to investigate the use of multi-modal deep learning-based meth-
ods to treat oceanic and atmospheric data. The compartment that we considered for our
analyses was the sea-air interface, focusing in particular on wind speed. The introduction
of the thesis started with an overview on the conceptual and practical limitations that
prevent a full and complete characterization and description of sea-surface wind speed.
The introductory matter also provided a (non-exhaustive) list of techniques for the mea-
surement and reconstruction of wind speed. The methodological aspects, regarding data
assimilation and deep learning, are introduced in depth and precede the formal statement
of the 4DVarNet framework. This model has been extensively used in our analyses for
its appealing relation with classical variational data assimilation schemes. These schemes
have the desirable property of modelling explicitly the state-space dynamics of a given
phenomenon, in order to state formally both the physical and the observation processes.

We investigated two case studies. The relevant points of each contribution are here
stated in relationship with the questions that were posed at the beginning of this thesis.

• In the first contribution, we performed a spatially local analysis. The main objective
was to test systematically regressive models to estimate the wind speed at the sea
surface using underwater passive acoustics data. An ancillary objective was to
assess the reconstruction performance improvement imputable to a multi-modal
approach (cfr. Section 1.5). Our analyses show that the 4DVarNet improves the
best result of a purely data-driven method of 4 %. The same analyses performed
with a multi-modal dataset bring a further 5 % improvement.

• The second contribution treats the problem of wind speed high-resolution recon-
struction from its partial (pseudo-)observations. Due to the spatio-temporal scale
information of sea-surface wind speed data, the approach used for this case study
has to account necessarily for the dataset multi-modality and heterogeneity. Our
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analyses prove that this multi-modality is most effectively exploited with a learning-
based approach. Stated otherwise, heterogeneous data “interact” more effectively
if related at a higher abstraction level. This is accomplished by the extraction of
learned data feature maps, that transcend the spatio-temporal domain of raw data.
The use of 4DVarNet in this case brings an average improvement of 6 % with re-
spect to the baseline and the learning-based multi-modal approach is responsible
of a further 3 % of reconstruction performance improvement.

These two case studies clearly show that there are two axes of improvement, in some
measure independent. The first is imputable to modelling choices (i.e. 4DVarNet frame-
work) and the second to the multi-modal nature of the dataset. The most encouraging
result is that the improvements of these two aspects are cumulative. A clear example is
provided by the first contribution, where the multi-modal approach is optional and we
can distinguish the two independent improvements.

One additional remark about the multi-modal approach relates to the gain experienced
by the deep learning-based direct inversion and the 4DVarNet inversion schemes detailed
in the two contributions. Figure 4.13 resumes systematically the results presented in
the contributions chapters. The right part of Panel (a) shows that the direct inversion
model benefits more of the multi-modal dataset than the 4DVarNet model. This fact may
be interpreted as follows. The direct inversion is an end-to-end trainable model that is
optimized to relate the observations and the true system state. Given the observations,
the model is trained to directly return the state variable. On the other hand, the plain
4DVarNet scheme is based on two optimization procedures: a first for the state variable
and a second for the neural network-based operators parameters. The state variable is
found by optimizing the variational cost. The reader is referred to Sections 2.3.4 and 2.4.2
for the formal statements of the direct inversion and 4DVarNet-based inversion schemes.
The variational cost function is composed of two quadratic distance terms. The first
between the observations and the state variables and the second is a regularization term
involving the prior knowledge on the dynamical operator. In this variational cost there
are no explicit constraints about the observations modalities. The 4DVarNet, as presented
in Section 2.4.2 and as implemented in the first case study, is not informed by the data
diversity. For this reason, it does not make the most from the multi-modal observations.

The second case study, as depicted by Panel (b) of Figure 4.13, presents better re-
sults. As a reminder, the models B1, Ms and Mm represent the direct inversion, the plain
4DVarNet and the multi-modal 4DVarNet versions. The model Mm had an additional
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Figure 4.13 – Graphical summary of the results of the two case studies presented as contri-
butions. Panel (a): First case study, Chapter 3. The left part reports the absolute gains of
each model used w.r.t. the CatBoost baseline. The right part reports the gains imputable
to the multi-modal dataset, computed as differences between the “UPA+ECMWF” and
“UPA only” instances. Panel (b): Second case study, Chapter 4. The left part reports the
absolute performances of the deep learning-based inversion (B1), single and multi-modal
versions of the 4DVarNet schemes (Ms and Mm respectively) w.r.t. the B1-SR super-
resolution baseline.

term in the variational cost. Section 4.3 discussed in depth the rational behind this mod-
ified variational cost. Briefly, the additional term enforced the similarity between the
features maps of observations and state variable in order to relate these objects with no
constraints posed by the heterogeneous spatio-temporal characteristics. The right part
of Panel (b) is consistent with the results of the first case study. The plain 4DVarNet,
whose variational cost does not contain any information about the data heterogeneity,
can not fully exploit the complementary information in the input dataset and the direct
inversion baseline still benefits more from the multi-modality. However, the results are
different in the case of the multi-modal 4DVarNet Mm. The right part Panel (b) of Fig-
ure 4.13 reports the gain differences between the performance levels of the C3 and C1 data
configurations. We remind briefly that the configuration C1 has low-resolution fields and
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high-resolution pseudo-observations and the configuration C3 has low and high-resolution
pseudo-observations and in-situ time series. In this sense, the difference between C3 and
C1 can be seen as the added value of in-situ time series. The Mm inversion is based on
the optimization of a variational cost that accounts explicitly for the data heterogeneity
thanks to the additional features maps term. The better performance of the case Mm

w.r.t. the case Ms is imputable to the model skill to use the time-series information and
this skill is due to the better model design choice of the variational cost.

To take up explicitly the questions posed at the beginning of this manuscript, we are
in the position of giving a positive answer to both. We can state that an hybrid data-
driven and physics-informed scheme constitutes a promising solution, especially when the
target problem is a time process where the temporal dynamics plays a central role. We
may recall that the 4DVarNet is based on classical variational data assimilation schemes,
which explicitly account for temporal dependence. This feature is crucial in geophysical
applications, where the characterization of the phenomenon dynamics is as important as
the data-to-model inversion itself. These conceptual foundations allow us to make the most
of temporal data and to propose a methodology that benefits as much from the physical
knowledge as from fully data-driven approaches. Moreover, our results shed light on the
potential of data multi-modality. The spatio-temporal heterogeneity can be interlaced
and be an added value again due to proper modelling choices. In this sense, we think that
deep learning-based methodologies may be a relevant mean to this end, thanks to their
autonomous feature extraction capabilities.

Future work

This thesis work represents a contribution for the specific case of wind speed at the
sea-surface estimation and reconstruction. The results presented and discussed raise some
further related scientific questions. We close this thesis listing some of the possible future
research directions.

Using multiple physical variables

Recent work focused on multi-modal approaches for geophysical problems [69]. Some
examples include multi-modal data fusion for hurricane forecasting using reanalyses and
numerical tabular data [248], Automatic Identification Systems and Sea Surface Height ob-
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servations to reconstruct sea-surface currents [249], satellite and seasonal and geographical
information for weather event classification [250]. Our analyses focused and were mainly
limited to wind speed at the sea-air interface. The global ocean and atmospheric circu-
lations, however, involve a larger set of environmental variables that play a crucial role.
For example the sea-surface temperature and height, salinity, atmospheric pressure, and
rainfall to cite a few. The complete and accurate description of oceanic and atmospheric
phenomena involves the description of all these processes and their interaction. A more de-
veloped and mature multi-modal approach would aim to couple these interactions. Based
on the evidence seen in Chapter 4, we think that the extraction of high-level feature maps
from different variables could help to better relate different physical processes. This would
improve the representation of the common underlying driving phenomena.

Towards the extension to forecasting problems

The case studies treated in this thesis focused on time series reconstruction. A rel-
evant application in geosciences is forecasting, that is predicting the phenomenon with
time advance. Deep learning modelling has been successfully applied to time series analy-
sis [251]. This application has inspired much work devoted to weather forecast, thanks to
the ever growing availability of observation data sets [252]–[254]. Previous work compared
systematically the conventional numerical weather prediction methods and learning-based
end-to-end strategies in weather prediction [70]. The authors of this research argue that
deep learning models for weather forecasting applications perform well in a 24 hours time
range since the last observations are available. We discussed the appealing capabilities
of deep learning modelling in Chapters 1 and 2. Our analyses and previous work (cfr.
Section 2.4 and references therein) highlighted that the model-based and data-driven ap-
proaches coupling is promising. We think that the application of models of the type of
4DVarNet could play a role in bridging the numerical weather prediction state-of-the-art
prediction capabilities and the deep learning strength points.

Investing the 4DVarNet to optimize in-situ observation networks

In-situ observations, together with remote sensing products, are essential information
to perform data assimilation and deep learning-based analyses. The installation of in-situ
infrastructures is a costly process. This makes the realization of large-scale and dense
buoys networks infeasible. Recent studies focused on the study of optimal buoys layouts
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and placement [255]–[257]. The second case study mentioned an operational outcome
related to the position of the in-situ sensors. The analyses were limited to the assessment
of the most relevant region to observe with in-situ infrastructures. Inspired by the cited
previous work, these results may be further extended using the proposed OSSE-based
analysis to determine the best possible buoys layout to maximize the income of useful
information. The most valuable outcome of such analysis would be the optimization of
the infrastructures installation process, in terms of both effort and cost.

Towards deployment on real data

The first case study treated real data. The W1M3A dataset is composed of time series
of acoustic, wind speed and rainfall observations. The case in which real data associated
with ground truths for long time windows are available is not ordinary. Indeed, the second
case study fully relied on simulated data. Using synthetic data to train deep learning
model is a commonly used practice in research applications [258]–[260]. However, for an
operational deployment and implementation, it is preferable for the model to be tested
on real data. Transfer learning [261], [262] can be used to fine-tune the model trained on
a synthetic dataset [69], if only a small real dataset is available. However, if the synthetic
data set can capture the most important features of real data, the model trained on such
dataset could be deployed on real data with no transfer [71]. As demonstrated by the
authors of [230], machine learning models trained on simulation dataset may lead to a
good performance on real datasets, for example sea-surface altimetry data. As encouraging
as our results for the second case study are, a solid framework should be tested on real
data sets in order to prove its robustness and applicability in real-world scenarios.

Managing quantitatively the uncertainties

The case studies proposed in this thesis focused on the application of the 4DVarNet
scheme to reconstruct the most likely system state. This kind of analysis stems from a
maximum-a-posteriori estimation, where one is concerned with the reconstruction of a
representative state. Recent works focused on the uncertainty quantification associated
with the mean state. For example, the authors of [263] adapted the 4DVarNet scheme to
perform variational Bayes inference [264] in order to estimate the posterior on the system
state given the observations. This method allows to interpret the variables involved as
random quantities, with which the uncertainty can be quantatively associated. Likewise,
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the authors of [265] proposed an hybrid framework that leverages both the 4DVarNet
scheme and stochastic partial differential equations [266] to address jointly the interpola-
tion and uncertainty quantification issues. An interesting further research direction could
be the application of these concepts to the multi-modal sea-surface state reconstruction,
with particular attention to the reconstruction of the state probability distribution.
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Appendix A

ANNEX OF CHAPTER 4

This annex is dedicated to the supplementary information associated with the analyses
presented in Chapter 4. In this appendix, we provide the following supplementary infor-
mation. We argument the choice of the model architecture in Section A.1. Sections A.1.1
and A.1.2 present the different models reconstructions and the outcome of the LR bias
analyses (cfr. Section 4.4.3) for different choices of the neural architecture used. We choose
to perform this supplementary analysis to check if and in which measure a deeper and
more complex architecture may impact the model capability to learn the correction for
the biased LR data.

A.1 Model complexity

One primary point concerns the choice of the architecture of the model Φ. This model is
both used to parameterize the direct data-to-state variable inversion and to parameterize
the dynamical operator of the 4DVarNet-based inversion scheme. Refer to Section 4.3 for
an overview on the two approaches.

The analyses presented in Chapter 4 involve a simple neural architecture to param-
eterize the operator Φ. Section 4.3.4 described this architecture. The choice of such a
simple model Φ is motivated by some preliminary sensitivity test w.r.t. model complexity.
Let Φα be the neural architecture described in Section 4.3.4. Let Φβ and Φγ two more
complex models. Figure A.1 illustrates these three models. Φα and Φβ are two convolu-
tional networks. The first is a simple linear two-layered network while the second has one
more layer and Leaky Rectified Linear Unit (ReLU) non-linear activation functions after
the first two layers. The hidden channels dimension of Φβ is 128 while Φα shrinks the
channels dimension to 32 in the connection between the two layers.

The model Φγ is a U-Net (cfr. Section 2.3.3). Contrarily to the first two models, Φγ

implements downsampling and unsampling modules. After processing the input with a
Conv2d layer, the downsampling module uses a max-pool and Conv2d layers to reduce
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Figure A.1 – Sketch of the neural models tested. Panel (a): Model Φα. This is the model
used for the analyses presented in Chapter 4. Panel (b): Model Φβ. This model is similar
to the simple network Φα but is deeper, has more parameters and is non-linear. Panel (c):
Model Φγ. This architecture is a U-Net model. The red blocks represent Conv2d layers.
Blue blocks represents Conv2d transposed layers. The symbols are the following. The first
two argument of the Conv2d and Conv2d transposed functions are the input and output
channels referred to one given layer. Letter k is the kernel size, p is the padding and s is the
stride. The green block represents a max-pooling 2d operation. The downsampling factor
is 4. The argument of the Leaky ReLU is the negative slope of the activation function.

the signal dimensions. The downsampled signal is processed by the upsampling module,
which implements Conv2d transposed layers. The transposed convolutions are used to
increase the dimension of the signal [267]. This upampled signal is concatenated with the
convolved input to create the U-Net shortcut (cfr. Section 2.3.3). The signal is finally
passed to a Conv2d layer.

Table A.1 reports the reconstruction error (the RMSE), the training times and the
memory size for each one of the models introduced above. These metrics are referred to
the ensemble of 10 models. So the RMSE is referred to the distance between the median
aggregation and the ground truths (cfr. Section 4.4.1). The training time is the time
required to train the ensemble of 10 models and the memory size is the memory required
to save the ensemble of 10 models. Let

∆Perf(Φ) = RMSEB1(Φ)(x̂median,u) − RMSEMm(Φ)(x̂median,u) (A.1)

be the difference between the RMSE of the direct inversion B1 and the RMSE of the
4DVarNet Mm, as reported in Table A.1. The symbol x̂median represents the aggregated
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Model RMSE [m s−1] Time Memory size [MB]
Direct inversion

B1(Φα) 0.9571 20 min 39
B1(Φβ) 0.9217 30 min 129
B1(Φγ) 0.8862 40 min 430

4DVarNet
Mm(Φα) 0.8617 4 hours 40 min 157
Mm(Φβ) 0.8604 6 hours 40 min 248
Mm(Φγ) 0.8517 7 hours 30 min 549

Table A.1 – Comparison of the three model architectures tested. The evaluation metrics
reported in this table refer to 10 runs. The memory size is then the memory required to
store the ensemble of the 10 models and the time is the training time of the 10 models
ensemble. The models are trained under the C3 data configuration (cfr. Section 4.4.2).

output (cfr. Section 4.4.1) and u is the ground truth. The first remark is the follow-
ing. The trend of the performance difference ∆Perf decreases with model complexity.
The values for ∆Perf(Φα), ∆Perf(Φβ) and ∆Perf(Φγ) are respectively 0.0954, 0.0613 and
0.0345 m s−1. This means that for the 4DVarNet inversion the performance improvement
is more shrunken. Interestingly, the improvement is more evident for the case of direct
inversion. In addition, the computational time required to train the 4DVarNet model is
relevant. A gain of 10−3 m s−1 in terms of RMSE costs 2 hours more using Φβ instead
of Φα. Training the 4DVarNet model with Φγ as dynamical operator leads to a gain of
10−2 m s−1 in terms of RMSE w.r.t. the case of Φα but for the price of nearly 3 more
hours of training time. In light of these experiments, we choose to use the simple neural
architecture Φα to perform the numerical simulations. This choice is motivate by the ex-
tensiveness of the simulations required for the full analyses. However, we also think that
an operationalization of such framework would require some further investigation on the
optimal model architecture.

A.1.1 Reconstructions of the different models

Figure A.2 depicts graphically the remark above. Panel (a) and (b) illustrate recon-
structions and associated average error maps for the direct and 4DVarNet inversions
backed by the three models presented above. For the reconstructions of the direct inver-
sion case the improvement can be appreciated by naked eye. For the different 4DVarNet
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reconstruction this improvement is not visible. Recalling the results in Table A.1, the
difference in terms of RMSE between these reconstructions is of the order of 10−2 m s−1.

A.1.2 LR biased data sensitivity

The results on the biased LR data are reported in Figure A.3. These results corroborate
the remarks provided above. The substantial differences between the model architectures
are appreciable for the case of the direct inversion. In the case of the 4DVarNet frame-
work such differences are minimal. This suggests that the overall 4DVarNet end-to-end
architecture, constituted by the neural dynamical operator Φ and the gradient solver Γ
(cfr. Section 2.4) attenuate the limitations of a possibly under-sized and linear model
like Φα. A further test, in Figure A.4, aims to assess which is the difference between the
performance of the two instances of the 4DVarNet model (cfr. Section 4.3.2). This test is
done for the model Φα. The difference between the curve related to the model Ms (non-
trainable data proximity term in the variational cost) and Mm (trainable data proximity
term) is evident. This may suggest that a relevant part of the 4DVarNet improvement and
bias correction learning is implemented by the trainable multi-modal approach to process
different data sources.

A.2 Uniform buoys network

The main text reported an ablation analysis w.r.t. the in-situ sensors. This analy-
sis showed quantitatively the impact of (i) each sensor and (ii) sensors clusters on the
overall model reconstruction performance. This kind of study suggests that an optimal
configuration of in-situ sensors may be sought running the simulations and evaluating
a-posteriori the goodness of the buoys constellation. The analyses of Chapter 4 account
for a real buoys network. In this section we present the result of one such a-posteriori
analysis, where the buoys network is arbitrary. The overall number of sensors is still 13
but their positions are chosen to cover more uniformly the region selected.

The value of such analysis may be stated in the perspective of the the discussion of
Section 1.2.1. The installation of in-situ sensors is a costly operation in terms of eco-
nomical resources and field personnel safety. By this kind of observing system simulation
experiment, we can emulate the effect of an alternative buoys constellation with no field
effort and expense.
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Figure A.2 – Reconstructions and RMSE visualizations for the three models discussed.
Panel (a): Direct inversion. Panel (b): 4DVarNet inversion. In both panels, the top row
depicts the reconstructions and the bottom row the RMSE of the model reconstructions
w.r.t. the original data.
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Figure A.3 – Degradation curves referred to the three models Φα, Φβ, Φγ for both direct
inversion and 4DVarNet.
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Figure A.4 – Degradation curves referred to Φα. This plot depicts the performance differ-
ence of direct inversion and the two instances of the 4DVarNet, that is with the simple
and trainable data term in the variational cost.
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Figure A.5 – Left panel: Our arbitrary buoys network. Right panel: Degradation map.

Figure A.5 shows the results of this simulation. The overall reconstruction error of the
Mm-C3 model using the buoys network as in the left panel of the figure is 0.8749 m s−1.
The performance is slightly worse that the performance of Mm-C3 using the real sensors
network (cfr. Section 4.4). This may be explained by the fact that in the real network
some buoys are installed in the close proximity of the coastline and this gives the model
an advantage in capturing the wind speed gradients due to the shelter effect, as observed
in the main text.

However, the interesting result of this analysis is reported in the right panel of Fig-
ure A.5. While the overall reconstruction performance did not improve w.r.t. the configura-
tion reported in Chapter 4, the ablation study on the synthetic buoys network reveals that
the sensors in this configuration are more inter-dependent. The map of average per-buoy
degradation attains higher degradation values. This result can be interpreted as follows.
A more uniform network does not improve the overall reconstruction performance but is
capable of partially observing the spatial variability of the wind speed on a larger spatial
extent.

A.3 HR sampling hours

Throughout the experiments reported in Chapter 4 we consistently used the sampling
scheme for the HR fields by which the HR fields are available at 06:00 and 18:00 for each
24-hours daily time series. Although realistic from the sampling frequency point of view,
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Figure A.6 – Visualization of the sampling frequencies of the HR fields in the alternative
sampling schemes.

Model RMSE [m s−1]
Mm-C3 HR [6h, 18h] 0.8617
Mm-C3 HR [4h, 16h] 0.8062
Mm-C3 HR [8h, 20h] 0.8114

Table A.2 – Reconstruction errors associated to different sampling schemes for the HR
fields.

this scheme neglects the diurnal cycles that may impact the wind speed intensity and/or
direction. We choose to perform some additional simulations using the same temporal
sampling frequency but setting the HR fields at different hours in the day. Figure A.6
represents these alternative schemes.

Table A.2 reports the results of the simulations. We see that the reconstruction per-
formances associated to the proposed alternative sampling schemes are better that the
classical 06:00-18:00 scheme used in the results of the main text. These results may be in-
terpreted as follows. In the 06:00-18:00 configuration, the two HR daily snapshots always
match with the LR fields. On the other hand, if for example the HR fields are available at
04:00 and 16:00, the 24-hours daily series is richer of information. There are more hours
in the day in which some information, coming from the low or high-resolution fields is
available.
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Appendix B

RÉSUMÉ ÉTENDU

Conformément aux directives de l’Institut Mines-Télécom (IMT) Atlantique Bretagne-
Pays de la Loire, la thèse de doctorat rédigée dans une langue autre que le français doit
être accompagnée d’un résumé détaillé du travail en langue française. Ce chapitre contient
la version longue du résumé et est organisé comme suit. La Section B.1 décrit le contexte
scientifique et les objectifs du travail. La Section B.2 résume les contributions de la thèse.
La Section B.3 décrit le cadre méthodologique mis en œuvre pour les analyses dans les
chapitres de contribution de la thèse. Les Sections B.4 et B.5 présentent les principaux
résultats des contributions. La section B.6 présente les conclusions générales.

In accordance with the guidelines of the Institut Mines-Télécom (IMT) Atlantique Bretagne-Pays de

la Loire, a doctoral thesis written in a language other than French must be accompanied by a detailed

summary of the work in French. This chapter contains the long version of the summary and is organized as

follows. Section B.1 describes the scientific background and objectives of the work. Section B.2 summarizes

the contributions of the thesis. Section B.3 describes the methodological framework implemented for the

analyses in the contribution chapters of the thesis. Sections B.4 and B.5 present the main results of the

contributions. Section B.6 presents the overall conclusions.

B.1 Contexte général et objectifs scientifiques

Le travail présenté dans cette thèse de doctorat vise à appliquer des méthodes récentes
basées sur l’IA à des applications et des problèmes scientifiques concernant la surveillance
de la surface des océans. Couvrant 70 % de la surface de la Terre, les océans jouent un rôle
central dans la régulation du climat mondial et le développement de phénomènes météoro-
logiques à grande échelle. En outre, ils constituent la principale infrastructure sur laquelle
reposent le commerce mondial et un grand nombre d’autres activités humaines. Compte
tenu de l’importance centrale du milieu maritime et océanique, il est facile de comprendre
comment la caractérisation précise de la dynamique de surface est une condition essentielle
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pour la planification et la mise en œuvre des activités mentionnées ci-dessus.

L’océan, tout comme l’atmosphère et tous les écoulements fluides, est régi par des
lois physiques fortement non linéaires. La conséquence réelle de cette caractéristique est
l’imprévisibilité et la nature chaotique du mouvement des fluides. Cela en empêche la
reconstruction à toutes les échelles spatio-temporelles et la prédiction pour des horizons
temporels moyens à longs. En outre, ces phénomènes présentent une forte variabilité
spatio-temporelle. En raison des caractéristiques susmentionnées, il n’est pas possible de
décrire les processus physiques à la surface à la fois à un niveau de résolution élevé et sur
de grandes étendues spatiales. Dans le cadre de cette thèse, parmi tous les processus ayant
lieu dans ce compartiment physique, nous traitons exclusivement de la vitesse du vent.
Ce paramètre géophysique affecte l’interface entre l’atmosphère et l’océan, c’est-à-dire la
surface de la mer et la couche située juste en dessous.

Compte tenu de l’importance de ce paramètre, diverses techniques d’observations ont
été développées et mises en œuvre sur le terrain et à distance. Les principales techniques
sont divisées en techniques in-situ [1], [2] et télédétection [3], notamment grâce à l’ima-
gerie SAR [4], [5]. Dans le premier cas, le capteur est placé à proximité du processus à
observer. Ce type de capteur peut mesurer le phénomène avec continuité temporelle mais
sans extension spatiale. Les mesures in-situ doivent donc être considérées comme des ob-
servations locales. D’autre part, les techniques de télédétection impliquent l’installation
du capteur sur un support aérien ou satellitaire. Cela permet d’observer, à un instant
donné, une région dont l’étendue spatiale est importante. Le prix à payer est cependant
la fréquence limitée d’observation d’une même région dans le temps. Ceci empêche une
caractérisation continue de l’évolution temporelle du vent à la surface.

Les méthodes basées sur les mesures sont complémentaires (et constituent une partie
essentielle) des méthodes de prévision et de reconstruction basées sur la simulation et la
prévision météorologique numérique. Les systèmes d’assimilation de données [6]-
[8] constituent l’état de l’art dans cette catégorie de méthodes. D’un point de vue mathé-
matique, ces schémas sont utilisés pour identifier l’état d’un système dynamique dont le
comportement évolutif est connu et dont les observations partielles sont disponibles. Les
produits des schémas d’assimilation, appelés réanalyses [9] sont largement utilisés pour
les prévisions météorologiques et la recherche sur le climat. Les réanalyses, telles que le
catalogue ERA-5 du ECMWF [10], ont une couverture mondiale, une fréquence horaire
et une résolution spatiale de 0.25◦, environ 30 km à l’équateur. Cependant, les réanalyses
présentent également des limites, notamment en ce qui concerne les résolutions spatiales.
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Une résolution de 30 km peut ne pas être suffisante pour résoudre des échelles plus petites.
De plus, les réanalyses sont affectées par les erreurs de simulation, liées aux hypothèses
sous-jacentes à la mise en œuvre numérique. Ces erreurs sont exprimées dans les produits
opérationnels comme des erreurs de synchronisation entre la prévision et l’observation
réelle du phénomène, ou comme des erreurs dans l’intensité du phénomène [11].

Cet aperçu a illustré les principales techniques et méthodes de mesure et de descrip-
tion du vent à la surface. Il apparaît clairement qu’aucune des sources d’information
mentionnées n’est complète, car aucune ne peut saisir simultanément toute la variabilité
spatio-temporelle de la distribution du vent à la surface. Ces dernières années, des mé-
thodes basées sur l’apprentissage profond [12], [13] ont été utilisées avec succès dans des
applications géoscientifiques [14]-[16]. Par exemple, pour des problèmes d’inpainting [17],
de la super-résolution [18], de l’interpolation géophysique [19] et l’identification et modé-
lisation des systèmes dynamiques [20].

Dans notre cas précis, nous prenons l’exemple des développements récents dans le do-
maine de l’apprentissage profond multi-modal [21], [22]. L’idée derrière cette classe
de méthodes est d’utiliser différentes sources de données d’entrée (modalités) pour en ex-
ploiter l’informations complémentaires. L’objectif de cette thèse est de mettre en place des
méthodes multi-modales de traitement de grands volumes de données et d’informations
issues de l’observation et de la modélisation du vent à la surface de la mer. En développant
notre travail, nous souhaitons exploiter la flexibilité et l’efficacité de l’apprentissage pro-
fond et les fondements conceptuels et théoriques de méthodologies plus établies, telles que
l’assimilation de données. Ces dernières années, de nombreux travaux se sont concentrés
sur l’étude des liens entre l’assimilation de données et l’apprentissage profond [23], par
exemple pour améliorer la résolution spatiale des produits de réanalyse [24] et pour ca-
ractériser les erreurs dans les modèles d’assimilation [25]. Nous considérons en particulier
l’approche proposée par Fablet et al. [26], [27], dans laquelle le schéma d’assimilation de
données weak-constrained 4DVar [6] est, dans une large mesure, paramétré par des opé-
rateurs apprenables basés sur des réseaux neuronaux. Cette approche, appellé 4DVarNet,
est utilisée pour apprendre simultanément le modèle sous-jacent et le solveur associé [28].
L’attrait de ce type de cadre réside dans la contrainte physique et dynamique des schémas
de type 4DVar, qui est particulièrement utile pour modéliser les processus temporels, et
dans le pouvoir expressif des modèles d’apprentissage profond, qui permettent de carac-
tériser et de décrire efficacement le comportement dynamique du phénomène [26].
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B.2 Contributions

Le travail de cette thèse s’inscrit dans le cadre scientifique décrit ci-dessus et se dé-
veloppe à travers deux contributions principales. La première concerne une étude de cas
locale, où l’objectif est de reconstruire la vitesse du vent de surface à partir d’observations
acoustiques sous-marines obtenues à partir d’une infrastructure d’observation installée
dans le Golfe de Gênes, en Italie. Les résultats de cette analyse montrent le potentiel du
cadre 4DVarNet par rapport aux approches plus traditionnelles appliquées à l’estimation
du vent de surface à partir de l’acoustique sous-marine. Il est également montré comment
le schéma d’inversion de l’acoustique au vent de surface peut être amélioré par l’approche
multi-modale, juxtaposant l’acoustique sous-marine avec la vitesse du vent reconstruite
par des produits réanalysés.

La deuxième contribution se concentre sur la reconstruction du vent à la surface de
la mer sur une région spatiale plus large. Il s’agit d’une région mixte englobant à la fois
une partie de la côte est des États-Unis et une partie de l’océan Atlantique tout proche.
Dans cette analyse, nous utilisons des données de modèle pour simuler des observations
couramment disponibles dans le monde réel, en particulier des images satellite à haute
résolution, des séries temporelles locales obtenues à partir de capteurs in situ, et des
produits réanalysés à basse résolution. Comme mentionné dans l’introduction, chacune de
ces sources d’information n’est pas complète. L’objectif de l’analyse est la reconstruction
de séries temporelles de champs de vitesse du vent à haute résolution. Les résultats de nos
simulations montrent que ces sources d’entrée peuvent être utilisées efficacement pour la
reconstruction.

B.3 Cadre méthodologique

Cette section est consacrée à une brève présentation de l’ensemble des outils de mé-
thodologie utilisés pour les analyses qui seront illustrées dans les sections suivantes. Les
deux cas mentionnés dans la section précédente peuvent être formalisés mathématique-
ment comme des problèmes inverses [29]. L’objectif est de reconstruire l’état d’un système
dynamique à partir de ses observations partielles et d’une connaissance a priori de son
comportement dynamique. Les techniques d’assimilation de données évoquées ci-dessus
sont un exemple concret de résolution de problèmes inverses en océanographie et en mé-
téorologie. La simulation numérique est liée aux observations recueillies pour déterminer
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4DVarNet inversionDirect learning-based inversion

Figure B.1 – Direct inversion and 4DVarNet schemes.

de manière optimale l’état de l’océan ou de l’atmosphère.
D’une manière générale, l’état du système à déterminer, x, évolue selon un processus

direct, exprimé par l’opérateur M. La variable d’état peut être partiellement échantillon-
née par le processus, également direct, d’observation, via l’opérateur H. Celui-ci renvoie
les observations y de la variable d’état. En termes de formulation état-espace continue,

ẋ(t) = M(t,x(t)) + η(t)

y(t) = H(t,x(t)) + ϵ(t)
(B.1)

Les symboles η et ϵ représentent les processus d’erreur de modèle et d’observation. D’une
manière générale, l’objectif est de déterminer l’état x à partir des observations y et de la
connaissance des operateurs directs H et M. La formulation générique B.1 est adoptée,
adaptée au contexte, dans les deux cas analysés dans notre travail. Nous utilisons, au
cours de nos simulations, deux schémas d’inversion. Le premier, appelé inversion directe,
est basé uniquement sur des modèles d’apprentissage profond. Le second est le cadre
4DVarNet évoqué plus haut. Le reste de cette section présente ces deux approches.

B.3.1 Inversion directe basée sur apprentissage

L’inversion directe implique la mise en œuvre d’un modèle basé sur un réseau neu-
ronal entraîné à produire la reconstruction de la variable d’état à partir des observa-
tions d’entrée. Cette méthode a trouvé des applications dans de nombreux domaines [30].
L’approche de l’inversion directe a été utilisée, par exemple, pour les problèmes liés aux
produits satellitaires [17], [31].
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En utilisant le formalisme adopté ci-dessus, cela s’exprime comme suit

x̂ = fθ(y) (B.2)

L’objet x̂ est la reconstruction de la variable d’état, fθ est le réseau neuronal paramétré
par l’ensemble de paramètres θ. Le schéma d’apprentissage de ce modèle consiste à trouver
les paramètres du réseau neuronal en optimisant une fonction de coût d’apprentissage L.
Dans les cas que nous proposons, cette fonction estime la distance entre les reconstructions
du modèle et les vérités de terrain, appelée u. Formalement

θ̂ = arg min
θ

L(x̂,u) (B.3)

Souvent la choix de la fonction de coût est l’erreur quadratique moyen (MSE), pour
enforcer la proximité entre les veritées terrains et la réconstruction.

Ce type d’approche permet de représenter l’inversion de manière flexible et sans
contraintes physiques. Dans nos analyses, ce schéma est utilisé comme référence pour
établir un niveau de performance auquel comparer les résultats d’inversion basés sur le
cadre 4DVarNet.

B.3.2 Inversion basée sur le cadre 4DVarNet

Le cadre 4DVarNet s’inspire du schéma d’assimilation de données 4DVar [6]. Dans
ce cas, l’inversion est actualisée en maximisant la vraisemblance de la variable d’état
compte tenu des observations. Pour l’implémentation numérique, la formulation B.1 est
discrétisée. L’opérateur M est remplacé par l’opérateur de flux Φ qui renvoie l’instance
de la variable x(t) au prochain pas de temps t + 1. En supposant que les erreurs η et ϵ

ont une distribution gaussienne, cela se réduit à la minimisation d’une fonction de coût
variationnelle exprimée comme suit

UΦ(x,y; Ω) = λd ∥x − y∥2
Ω + λr ∥x − Φ(x)∥2 (B.4)

Dans cette équation, ∥·∥ représente la norme L2 et Ω définit le domaine d’échantillonnage
des observations spatio-temporelles. Dans les cas où 4DVarNet est appliqué, les observa-
tions sont des observations partielles de la variable d’état. Il suffit donc de représenter
l’opérateur d’observation sous la forme d’un masque binaire. Le terme de proximité entre
les observations et l’état est donc une distance entre les deux évaluée uniquement dans
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les zones du domaine Ω. Les paramètres λ{d,r} sont des poids pour evaluer l’importance
des deux termes.

Dans les schémas classiques de type 4DVar, l’opérateur Φ est implémenté comme un
intégrateur ODE, par exemple d’Euler ou de Runge-Kutta [32]. Dans le cas du 4DVar-
Net, l’opérateur en question est paramétré avec un réseau neuronal. La fonction de coût
variationnel est donc également une fonction qui peut être apprise. En outre, le schéma
4DVarNet implique l’utilisation d’un opérateur neuronal supplémentaire Γ pour para-
métrer le solveur qui minimisera, via une procédure de descente de gradient, le coût
variationnel B.4 [26], [27]. Cela implique la présence de deux procédures de minimisation
basées sur la descente de gradient. La première, pour obtenir la variable d’état x, est
exprimée par les relations récursives suivantes gk = ∇x UΦ(xk,y; Ω)

xk+1 = xk − αΓ(gk)
(B.5)

où k = 0, . . . , K désigne l’indice d’itération. Le gradient de coût variationnel g est facile-
ment obtenu grâce aux capacités de différenciation automatique mises à disposition par
les bibliothèques modernes d’apprentissage profond, par exemple Pytorch [33]. Le para-
mètre α est le pas de mise à jour itératif de x. La deuxième minimisation concerne les
paramètres des modèles Φ et Γ. L’expression est analogue à l’équation B.3, où la fonction
de coût est évaluée avec la sortie du modèle 4DVarNet x̂K .

B.4 Estimation temporelle de la vitesse du vent in-
situ basée sur l’apprentissage à partir de l’acous-
tique passive sous-marine

La première contribution concerne la reconstruction locale du vent à la surface de la
mer à l’aide de données acoustiques sous-marines passives. Dans la pratique, les capteurs
in situ sont exposés à l’environnement dans lequel ils sont installés. Dans le milieu marin,
cet environnement est agressif, lié aux conditions météorologiques, au risque de collision
avec des véhicules navals et au vandalisme. Un hydrophone placé sous la surface est mieux
protégé contre certains de ces facteurs. Il est donc logique de se demander comment ce
type de capteur et d’observations sous-marines peut être utilisé au mieux pour la recons-
truction du vent à la surface. L’observation du paysage acoustique sous-marin permet de

XVII



surveiller les écosystèmes, les activités humaines et les phénomènes géophysiques. Contrai-
rement à la pratique habituelle, les procédures d’imagerie dans le milieu sous-marin se
font par propagation d’ondes acoustiques, et non d’ondes électromagnétiques. La météo-
rologie acoustique, issue des travaux pionniers de Nystuen [34], vise à reconstruire l’état
de l’atmosphère juste au-dessus de la surface de la mer à partir des caractéristiques du
paysage acoustique sous-marin.

L’objectif de cette étude de cas est de montrer qu’une approche qui fusionne les
concepts d’assimilation de données et d’apprentissage profond peut être utilisée pour
résoudre de manière flexible et efficace le problème de l’inversion de l’acoustique sous-
marine vers le vent à la surface. Dans ce cas, la flexibilité se réfère à la capacité du cadre
proposé à résoudre le problème d’inversion indépendamment des modèles empiriques re-
liant l’acoustique sous-marine et le vent. De tels modèles sont en effet représentés par des
lois linéaires qui sont sensibles à la valeur de la vitesse du vent et nécessitent la calibra-
tion des paramètres [35]. Une approche basée uniquement sur des méthodes basées sur
les données a été proposée en 2021 par Taylor et al. [36]. Les auteurs de cet article ont
montré comment les modèles d’apprentissage automatique entraîné pour prédire la vitesse
du vent à partir de données acoustiques sous-marines réduisent l’erreur de reconstruction
du vent de 1.4–2 m s−1 dans le cas des modèles empiriques linéaires [35] à environ 1 m s−1.

Dans notre analyse, nous approfondissons les travaux de Taylor et de ses collègues en
montrant que la prise en compte explicite de la dépendance temporelle du phénomène
permet d’améliorer considérablement la reconstruction des vents. Nous montrons égale-
ment le cas où les valeurs de vent de la réanalyse sont combinées avec des observations
acoustiques. Le but de cette étude est de voir quel niveau de performance est attendu dans
le cas d’un ensemble de données multi-modales, dans lequel il y a deux sources d’informa-
tion, représentant la phénoménologie physique et l’information sur l’évolution temporelle
pour l’acoustique passive et le vent réanalysé, respectivement.

B.4.1 Jeu de données

Le jeu de données se compose de séquences temporelles de spectres acoustiques et de
la vitesse du vent mesurés in situ. Le travail de Pensieri et al. [37] détaille le processus de
collecte de prétraitement des données telles qu’elles sont acquises par les capteurs. Le vent
in-situ est utilisé comme vérité terrain pour notre analyse. Ces observations sont fournies
par la bouée météorologique ODAS Italia-1, qui fait partie de l’observatoire W1M3A
(Western 1 Mediterranean Moored Multi-sensor Array). Les données de vent et les données
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Figure B.2 – Représentation graphique de l’ensemble des données. Panneau (a) : série
temporelle de spectres acoustiques. Panneau (b) : Isogrammes de la vitesse du vent selon
la répartition de l’ensemble de données en ensembles formation-validation-test. Panneau
(c) : Séries temporelles du vent in-situ et de l’ERA-interim du ECMWF. Panneau (d) :
Diagramme de dispersion entre le vent in-situ et l’ERA-interim du ECMWF.

acoustiques in situ sont préparées sous forme de séries temporelles de 24 heures.
Les valeurs de vitesse de vent réanalysées sont obtenues à partir du catalogue ERA-

interim, maintenu par le ECMWF [38]. La combinaison des valeurs de vent réanalysées
est facultative et n’est mise en œuvre que dans l’analyse multi-modale. Les réanalyses de
la base de données ERA-interim ont une résolution spatiale de 80 km. Nous supposons
que la valeur de la cellule correspond à la valeur locale dans le voisinage de l’observatoire
W1M3A. Toutes les observations et données ont une résolution temporelle horaire. La
figure B.2 présente qualitativement l’ensemble des données utilisées.

B.4.2 Méthodes

Nous prenons les travaux de Taylor et al. [36] comme référence. Nous utilisons le
meilleur modèle de leur analyse pour la reconstruction du vent comme référence pour
mettre en perspective les résultats obtenus avec le cadre que nous proposons. Dans ce cas,
le modèle apprenable est entraîné à associer une valeur de vitesse du vent à un spectre. Au
lieu de cela, nous proposons l’application d’un modèle d’inversion directe basé sur l’ap-
prentissage profond et le cadre 4DVarNet pour reconstruire les séries temporelles du vent
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Figure B.3 – Le panneau gauche rapporte les gains absolus de chaque modèle utilisé par
rapport à la baseline. Le panneau droite rapporte les gains imputables à l’ensemble de don-
nées multi-modales, calculés comme des différences entre les instances “UPA+ECMWF”
et “UPA only”.

à partir des séries temporelles de l’acoustique passive. Cette approche qui prend explicite-
ment en compte la dépendance temporelle des processus étudiés est également testée avec
la configuration multi-modale de l’ensemble de données. Dans ce dernier cas, l’objectif est
de reconstruire des séries temporelles de vent in situ à partir de séries temporelles de vent
acoustiques sous-marines et de réanalyse du ECMWF.

B.4.3 Résultats et discussion

Prenons comme référence un modèle qui ne tient pas compte de la dépendance tem-
porelle, proposé par Taylor et al. [36]. Ce modèle est appelé CatBoost [39]. Notre premier
test consiste à essayer de voir si un modèle basé sur un réseau neuronal peut améliorer
le niveau de performance offert par ce benchmark. Le Catboost et le réseau neuronal
dans la configuration non dépendante du temps offrent le même niveau de performance,
0.95 m s−1. Nous utilisons cette performance comme référence pour comparer les résul-
tats obtenus avec l’inversion directe et 4DVarNet où la dépendance temporelle est prise
en compte. Ces modèles sont évalués par l’erreur quadratique moyenne (RMSE) pour
la cohérence physique avec les unités. Nous définissons un gagne relatif pour évaluer le
pourcentage d’amélioration par rapport à une référence choisie.

La figure B.3 montre les niveaux de performance de l’analyse proposée. Le premier ré-
sultat notable (panneau à gauche) concerne la tendance à l’amélioration de la performance
numérique de la métrique RMSE en fonction du choix du modèle. Le schéma d’inversion
4DVarNet est dans tous les cas plus puissant que l’inversion directe, ce qui prouve que
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la prise en compte de la dépendance temporelle dans l’ensemble de données est cruciale
pour une reconstruction efficace du phénomène. Le deuxième résultat (panneau à droite)
concerne la multi-modalité de l’ensemble de données. De manière surprenante, le schéma
d’inversion directe bénéficie mieux de la double contribution de l’acoustique et de la ré-
analyse des vents que le schéma 4DVarNet. Ce résultat peut s’expliquer par le choix d’une
conception très simple. La multi-modalité est mise en œuvre par une concaténation des
deux objets et, dans le cas du modèle 4DVarNet, dans le coût variationnel B.4, il n’y a
pas d’indication explicite informant l’inversion de la présence de deux sources distinctes
d’informations d’entrée. Nous verrons dans la deuxième étude de cas comment un choix
de conception mieux réfléchi peut répondre à la nécessité d’informer l’inversion de sources
d’entrée mixtes.

B.5 Reconstruction multi-modale basée sur l’appren-
tissage des champs spatiaux de vitesse du vent à
haute résolution

La deuxième étude de cas analysée développe la première avec l’ambition d’évoquer le
problème de l’extension de la dimension spatiale. Dans le premier cas, l’accent était mis sur
l’environnement local de la bouée météorologique. Nous sommes maintenant confrontés au
problème de la reconstruction du vent à haute résolution sur une zone s’étendant sur plus
de 600 km. Le problème est abordé en utilisant des observations partielles de la vitesse du
vent en surface comme sources d’entrée. Par exemple, dans un cas typique, pour estimer
la vitesse à la surface, il y a les possibilités que nous avons mentionnées et illustrées
dans l’introduction : capteurs in-situ, produits de télédétection et produits réanalysés.
Pour reprendre la discussion initiale, aucune de ces sources ne décrit complètement le
phénomène à toutes les échelles spatio-temporelles. L’objectif ici est de reconstruire les
séries temporelles de vent à la surface à la résolution spatiale des produits satellitaires
et au taux d’échantillonnage des séries temporelles in-situ. Pour faire écho à la référence
faite dans la conclusion de l’étude de cas précédente, nous montrons comment c’est un
choix de modèle qui touche au fonctionnement sous-jacent du schéma 4DVarNet qui lui
permet de mieux profiter de l’information complémentaire apportée par l’hétérogénéité
des sources d’entrée.
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Figure B.4 – Description qualitative de l’ensemble des données. Panneau (a) : région
géographique sélectionnée et affichage des champs à haute résolution. Panneau (b) : Série
temporelles in-situ. Panneau (c) : affichage sur le terrain à basse résolution.

B.5.1 Jeu des données

Nous utilisons des données synthétiques afin de nous assurer de l’exhaustivité et de
la compatibilité des informations d’entrée. L’utilisation d’un ensemble de données réelles
impliquerait un déploiement de ressources inessentielles pour les analyses que nous voulons
proposer dans cette partie du document.

Les données que nous utilisons proviennent du modèle RUWRF [40]. Ce modèle, uti-
lisé pour la circulation atmosphérique à méso-échelle, résout une cellule à une résolution
spatiale de 9 km et ensuite une cellule inférieure à 3 km. Cette dernière, c’est-à-dire la
résolution du produit original, est supposée être la haute résolution du problème. À partir
de ces données, nous simulons les observations mentionnées ci-dessus. Pour les produits
satellitaires, les champs de vent originaux sont conservés tels qu’ils sont disponibles. Pour
les produits réanalysés, les champs originaux sont sous-échantillonnés, pour obtenir la
version basse résolution, et réinterpolés sur la grille pour la haute résolution. Les séries
temporelles in-situ sont obtenues en conservant uniquement la valeur du pixel, dans le
champ complet, à proximité des positions des bouées météorologiques de la constellation
NOAA. Le jeu de données résultant est présenté dans la Figure B.4.

B.5.2 Méthodes

Dans le sillage de l’étude de cas précédente, nous utilisons les deux schémas d’inver-
sion directe basés sur l’apprentissage profond et 4DVarNet. Pour évaluer les niveaux de
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performance atteints, nous choisissons une inversion de super-résolution directe comme
référence. Il est demandé au modèle de reconstruire les champs à haute résolution à partir
des champs à basse résolution uniquement. Nous identifions, en plus de la configura-
tion de “super-résolution”, trois autres configurations de données d’entrée. Les champs à
basse résolution sont toujours présents. Le taux d’échantillonnage de ces données est de 6
heures. Les autres configurations, appelées C1, C2 et C3, se distinguent par la disponibi-
lité d’informations à haute résolution. La configuration C1 dispose de pseudo-observations
à haute résolution toutes les 12 heures, fixées à 06h et 18h. La configuration C2 ne com-
porte que des séries temporelles locales, mais pas de champs spatiaux à haute résolution,
et la configuration C3 est complète. Elle comporte des champs à haute résolution comme
la configuration C1 et des séries temporelles in situ. Les séries in situ sont toujours ho-
raires. De cette manière, la contribution des séries temporelles à la reconstruction peut
être appréciée intuitivement.

Contrairement au cas précédent, le cadre 4DVarNet est mis en place de deux manières
distinctes. La première met en œuvre un coût variationnel comme définition générale,
Equation B.4. Nous appellons cette variante du 4DVarNet single-modal. Dans le second
cas, l’objectif est d’informer explicitement l’inversion de l’hétérogénéité des données. Un
terme supplémentaire est ajouté au coût variationnel qui concerne les features maps des
observations et de la variable d’état et non les objets originaux tels qu’ils sont définis dans
le sens spatio-temporel. La forme du nouveau coût variationnel est la suivante

UΦ(x,y; Ω) = λd ∥x − y∥2
Ω + λd ∥ψx(x) − ψy(y)∥2 + λr ∥x − Φ(x)∥2 (B.6)

où ψx et ψy sont des réseaux neuronaux permettant d’extraire les informations des objets
x et y à un niveau d’abstraction supérieur. Le terme supplémentaire peut être consi-
déré comme une analogie avec les termes perceptual loss qui sont souvent utilisés dans
l’apprentissage profond [41]. Nous appellons cette version du 4DVarNet multi-modale.

B.5.3 Résultats et discussion

La tendance des résultats suit celle de l’étude de cas précédente. La Figure B.5 montre
les résultats sous forme de graphique. En particulier, les modèles sélectionnés sont classés
par ordre croissant de performance, dans l’ordre l’inversion directe B1, le cadre d’inversion
mono-modale 4DVarNet Ms et la contrepartie multi-modale Mm. Ce résultat, bien qu’in-
téressant, n’est pas surprenant. L’ensemble des modèles proposés est progressivement plus
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Figure B.5 – Panneau de gauche : performances absolues de l’inversion basée sur
l’apprentissage profond (B1), des versions mono-modales et multi-modales des schémas
4DVarNet (Ms et Mm respectivement) par rapport à la baseline de super-résolution B1-
SR. Panneau de droite : différences de gain entre les configurations C3 et C1. Pour rappel :
C1 comprend champs à basse résolution chaque 6h et champs à haute résolution chaque
12h. C3, par rapport à C1, comprend également les séries temporelles in-situ.

complexe et donc capable d’exploiter les données en entrée. Le résultat le plus intéressant
concerne le gain des différents modèles par rapport à la multi-modalité. Dans l’étude de
cas précédente, nous avons constaté que c’est le schéma d’inversion directe qui bénéficie
le plus de la multi-modalité, car le coût variationnel qui sous-tend le schéma 4DVarNet
n’informe pas la solution de la diversité des données d’entrée. En revanche, dans ce cas,
nous constatons que le modèle Mm, mentionné dans l’équation B.6, profite davantage de
la multimodalité que l’inversion directe. Ce résultat montre que le choix du modèle est
décisif pour l’exploitation efficace des informations complémentaires contenues dans les
sources d’entrée. Ces résultats suggèrent comment un schéma de type 4DVarNet est ca-
pable de traiter un ensemble multi-modal pour l’inversion d’un problème manifestement
mal posé.

B.6 Conclusions et perspectifs

Au cours des analyses proposées dans cette thèse, nous avons constaté deux axes
selon lesquels l’approche que nous proposons apporte une amélioration au problème à
résoudre. Le premier concerne le choix du modèle. Comme le résument graphiquement
les Figures B.3 et B.5, un schéma d’inversion de type 4DVarNet parvient toujours à
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surpasser les baselines basées sur l’inversion directe. La raison doit être recherchée dans
la formulation sur laquelle le 4DVarNet est développé. Le schéma de type 4DVar est
tenu explicitement, et avec lui la prise en compte explicite de la dépendance temporelle
des phénomènes considérés. Cet aspect est primordial dans l’étude et la description des
phénomènes géophysiques.

Le deuxième axe d’amélioration est attribuable à la mise en œuvre de l’approche
multi-modale. Dans les deux études de cas présentées, cette capacité à absorber différentes
sources d’information est traitée à différents niveaux de complexité. Dans le premier cas,
la simplicité de la mise en œuvre multi-modale a permis au cadre 4DVarNet d’atteindre
de meilleurs niveaux de performance, mais ne lui a pas permis de profiter pleinement des
informations complémentaires des deux sources d’entrée. Cela était plus évident avec la
baseline de l’inversion directe. Dans le second cas, nous avons montré comment le cadre
4DVarNet devait être explicitement informé de la multi-modalité des données d’entrée
afin de tirer pleinement parti des informations qu’elles contiennent.

Suite aux résultats encourageants de ces analyses, nous pouvons identifier des direc-
tions de recherche futures qui permettront d’approfondir nos contributions.

• Variables physiques. Dans nos analyses, à l’exception de la première étude de cas,
nous avons principalement travaillé avec la vitesse du vent. L’état de l’atmosphère
est donné par plusieurs variables physiques en interaction, telles que la tempéra-
ture, la pression, l’humidité, etc. Plusieurs travaux ont étudié la multi-modalité
dans le sens de différentes variables [42]-[44]. Nous pensons que la mise en œuvre
d’approches similaires peut conduire à une amélioration de la caractérisation de la
dynamique de l’état atmosphérique à la surface de la mer.

• Capacité de prévision. Nos analyses se sont concentrées sur la reconstruction de
la vitesse du vent à partir de l’acoustique sous-marine ou d’observations partielles
du vent sur un domaine spatial. Ce qui n’a pas été étudié dans le cadre de cette
thèse, c’est la prédiction, c’est-à-dire la détermination du vent dans le futur par
rapport au dernier instant d’observation. Des exemples notables d’application de
méthodes d’apprentissage profond pour la prévision [45]-[47] peuvent être trouvés
dans la littérature. D’autres développements de ce qui a été présenté concerneraient
également ce type d’analyse.

• Optimisation des réseaux de capteurs in-situ. Les mesures in situ constituent
un moyen d’observation viable, mais leur déploiement est coûteux par le point de
vue économique et d’effort. La configuration expérimentale de la deuxième étude
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de cas nous permet d’évaluer la performance de la reconstruction pour des confi-
gurations arbitraires de bouées météorologiques ; il suffit de manipuler l’ensemble
des données et les positions des bouées pour obtenir une constellation arbitraire
de capteurs. Cela permet d’effectuer des analyses de sensibilité afin d’optimiser le
réseau de bouées et d’installer ces capteurs de manière optimale. Plusieurs travaux
ont traité ce problème [48]-[50]. Dans le sillage de ces travaux, le cadre que nous
proposons se positionne comme un outil d’analyse à-priori sur ce sujet.

• Données réelles. La première étude de cas est basée sur des données réelles.
Cependant, dans l’application des méthodes d’apprentissage profond, la disponi-
bilité de grandes quantités de données est essentielle. Pour qu’un cadre tel que
celui présenté dans la deuxième étude de cas soit pleinement opérationnel, il est
nécessaire de tester le modèle sur des données réelles. L’apprentissage du modèle
sur des données synthétiques est une pratique courante [51]-[53]. L’étape suivante
consiste à effectuer un apprentissage par transfert [54] pour appliquer le modèle
formé avec des données synthétiques à des données réelles. Une étude récente [55]
montre comment le passage des données synthétiques aux données réelles dans la
phase de test (avec le modèle entraîné) peut donner des résultats positifs.

• Incertitudes. Notre analyse se concentre sur la reconstruction de l’état le plus
probable et ne prend pas en compte l’évaluation de la composante probabiliste.
Le cadre 4DVarNet a été utilisé pour caractériser la distribution de probabilité a
posteriori de l’état étant donné les observations [56] et en conjonction avec des
techniques de résolution d’équations différentielles stochastiques pour caractériser
simultanément les problèmes d’interpolation et de gestion des incertitudes sur les
reconstructions [57]. Nous pensons que la mise en œuvre de la composante proba-
biliste permettrait de fournir aux reconstructions une description quantitative des
fluctuations stochastiques et donc de mieux décrire le phénomène.
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Résumé : Cette thèse vise à étudier l’uti-
lisation simultanée d’ensembles de données
océaniques hétérogènes afin d’améliorer les
performances des modèles prédictifs utilisés
dans les domaines scientifiques et opération-
nels pour la simulation et l’analyse de l’océan
et du milieu marin.

Deux études de cas distinctes ont été ex-
plorées au cours des travaux de thèse. La
première étude se concentre sur l’estimation
locale de la vitesse du vent à la surface de
la mer à partir de mesures du paysage so-
nore sous-marin et de produits de modèles
atmosphériques. La deuxième étude consi-
dère l’extension spatiale du problème et l’uti-

lisation d’observations à différentes échelles
et résolutions spatiales, depuis les pseudo-
observations simulant des images satellites
jusqu’aux séries temporelles mesurées par
des infrastructures in-situ.

Le thème récurrent de ces recherches
est la multi-modalité des données introduites
dans le modèle. En d’autres termes, dans
quelle mesure et comment le modèle prédictif
peut bénéficier de l’utilisation de canaux d’in-
formation spatio-temporels hétérogènes. L’ou-
til méthodologique privilégié est un système
de simulation basé sur l’assimilation variation-
nelle des données et les concepts d’appren-
tissage profond.

Title: Multi-modal AI methods in the context of heterogeneous oceanic observations and multi-
sensor maritime surveillance

Keywords: Multi-modal machine learning, Heterogeneous oceanic data, Wind speed at the

sea surface

Abstract: The aim of this thesis is to study
the simultaneous use of heterogeneous ocean
datasets to improve the performance of pre-
dictive models used in scientific and opera-
tional fields for the simulation and analysis of
the ocean and marine environment.

Two distinct case studies were explored
in the course of the thesis work. The first
study focuses on the local estimation of wind
speed at the sea surface from underwater
soundscape measurements and atmospheric
model products. The second study considers
the spatial extension of the problem and the

use of observations at different scales and
spatial resolutions, from pseudo-observations
simulating satellite images to time series mea-
sured by in-situ infrastructures.

The recurring theme of these investiga-
tions is the multi-modality of the data fed into
the model. That is, to what extent and how the
predictive model can benefit from the use of
spatio-temporally heterogeneous information
channels. The preferred methodological tool is
a simulation system based on variational data
assimilation and deep learning concepts.
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