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 A B S T R A C T

Ocean phenomena are characterised by a degree of complexity that prevents their effective modelling and 
simulation, making it necessary to rely on measuring their properties for monitoring and assessments. For these 
phenomena, obtaining a complete and exhaustive set of measurements is not trivial. Localised information on 
wind and wave conditions is of paramount importance for the proper design of offshore structures and offshore 
renewable energy plants. In such cases, a possible way to artificially extend the availability of information is by 
using regression and interpolation techniques. This review paper formalises the regression and interpolation 
problems with a focus on the offshore energy sector. It then presents the most common in-situ metocean 
measuring devices adopted in the offshore applications, followed by a description of the usage of satellites for 
performing measurements in this field. Subsequently, a brief description of the most adopted regression and 
interpolation techniques in the sector is provided. We review the state-of-the-art adoption of regression and 
interpolation techniques for extending measurements of such complex systems, focusing on the application 
of satellite measurements in the offshore renewable energy sector. The studies are categorised based on the 
family of regression and interpolation techniques applied, with each category further analysed, compared, and 
critically assessed. The main findings are reported, highlighting the adoption of machine learning techniques 
and the combinations of different regression and interpolation methods adopted to tackle the problems related 
to offshore energy sector resource assessment.
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1. Introduction

Nowadays the global energy demand continuously is increasing, as 
it is increasing the interest in renewable energy sources for supplying 
such demand. Among the many renewable sources available, offshore 
energy represent a largely untapped source with highly promising 
potential (González et al., 2021). In this context, one of the main 
challenges towards full commercialisation and optimal plant design 
is represented by the estimation of the potential of deployment sites 
in terms of energy source (Yavor et al., 2021). Properly scouting the 
plant deployment locations is fundamental to properly design and 
size the offshore conversion systems and their supporting structures, 
minimise the risk of faults, and maximise the energy extraction (Rusu, 
2014). This is especially true for hybrid systems such as WEC-type 
floating breakwaters based on oscillating-buoy and oscillating-water-
column principles (Cheng et al., 2022b,a), platform-mounted arrays of 
point-absorber WECs arranged around a free-floating platform (Cheng 
et al., 2024b) or single-point–moored cage–WEC hybrids (Cheng et al., 
2024a), whose hydrodynamic loads and performance are tightly site-
dependent. The analysis conducted during the scouting process ne-
cessitates tracking the evolution of metocean parameters of interest 
for each location within a specified time window. Parameters like 
the wave height and the wind speeds are fundamental for a correct 
estimate of the working conditions and the proper design of the plant. 
Moreover it is also important to assess the variability of the energy 
production (Widén et al., 2015) and to understand how this variability 
can change with respect to the different places where the devices are 
deployed. Such information is fundamental for the proper design of 
the offshore plant subsystems, such as the support structures (L. Wang 
et al., 2022), the control strategies (López-Queija et al., 2022; Edoardo 
Pasta et al., 2023), the mooring systems (Campanile et al., 2018), and 
the interactions with the electric grid system (Lumbreras and Ramos, 
2013; Giglio et al., 2023). Similar issues, related to the availability 
of metocean data in specific positions, are also relevant in achieving 
proper environmental monitoring, since the continuous assessment 
of polluting indicators is fundamental in the detection of unhealthy 
environment scenarios (Shadrin et al., 2021; Mahmoodi et al., 2019).

To measure the evolution of parameters of interest for the design 
and operation of offshore installations, in-situ measuring instruments 
are typically adopted (Murthy and Rahi, 2017; Ma et al., 2019). How-
ever, the ocean environment is particularly harsh and challenging for 
measuring instruments (and installations in general). For this reason, 
computer-aided tools are typically used to conduct preliminary assess-
ments of wind and wave resources and associated metocean conditions 
in these environments—for example, by running numerical simula-
tions for offshore wind energy (Yang et al., 2022) and conducting 
wave-energy assessments (Guillou et al., 2020; Wan Nik et al., 2011). 
Although it is possible to study the spatio-temporal variability of off-
shore energy resources through these methods, they are limited by the 
size of the domain covered and analysed, by the required computational 
power, by the obtainable resolution (spatial and temporal) and by 
the accuracy provided (Ashton et al., 2014; Zhou et al., 2015). In 
this respect, the ocean environment is particularly critical. Indeed, the 
oceans are too vast and complex to be characterised in their entirety 
solely through in-situ measurements (the availability whose, therefore, 
is sparse in time and space). Moreover, given the harshness of the 
oceans, such kind of assessment is not economically viable, due to the 
high expenses associated to the deployment and constant maintenance 
2 
of such instrumentation. At the same time, since their dynamics are 
highly nonlinear and complex, it is difficult to obtain accurate estimates 
numerically with limited computational effort and uncertainty. Indeed, 
numerical simulation often give accuracy lower than what is needed 
for specific engineering applications (Cervelli et al., 2022) and may 
require ad hoc post processing, like Bias-Correction through observation 
buoys (Penalba et al., 2023).

In this context, satellite observations provide a complementary 
source of information for metocean assessment rather than a replace-
ment for numerical models. By performing measurements remotely, 
they can sample large ocean areas and locations where the deployment 
and maintenance of in-situ instruments would be impractical or too 
costly. Additionally, satellites are constantly moving their measure-
ment focus, and are not restricted to a single position for recording 
parameters. Indeed, satellites are already being employed for energy 
assessments in the offshore energy sector (Alifdini et al., 2019; Goddijn-
Murphy et al., 2015). Moreover, satellites have been recognised as 
a crucial tool for environmental assessments of the ocean in gen-
eral (Brewin et al., 2023; Chunli Liu et al., 2023), as they facilitate 
the monitoring and evaluation of trends and variability in microor-
ganisms, such as phytoplankton biomass (Zeng et al., 2022). How-
ever, the adoption of satellite measures is not free of drawbacks. 
Their primary limitations include a lower accuracy compared to tra-
ditional in-situ measurements and their dependence on fixed orbital 
trajectories (Medina-Lopez et al., 2021; Li et al., 2023).

Some applications in the environmental modelling and in the off-
shore engineering require highly accurate estimates of the metocean 
conditions, like the planning of the O&M activities and the site selection 
for the offshore energy systems (Konuk et al., 2023), but the spa-
tial and temporal coverage provided by satellite measurements, even 
when combined with in-situ measurements, remains inadequate due 
to their insufficiency and sparseness in both space and time. These 
variables are needed for the analyses associated with both operational 
aspects and survivability. Accurate short- to medium-term estimates 
are needed to plan safe access, vessel limits, and weather downtime 
for O&M (Micallef and Rezaeiha, 2021; Gao et al., 2022), whereas 
long, homogeneous time series are required to characterise extremes 
and joint extremes that drive survivability design and maintenance 
risk reduction (Martinez-Iturricastillo et al., 2025; Görmüş et al., 2022; 
Mackay et al., 2021). Given these requirements, in-situ and satellite 
measurement networks, taken alone, seldom provide records that are 
simultaneously long, continuous, and spatially representative, and are 
therefore insufficient to fully characterise the parameters of interest. 
The only viable approach is to employ mathematical interpolation or 
regression techniques to extend the limited measurements available 
across both spatial and temporal dimensions (Gambarelli et al., 2023). 
Various interpolation techniques exist, each with differing levels of 
complexity and associated advantages and disadvantages. The optimal 
choice of an interpolation algorithm depends on numerous factors, 
which include the specific variable being interpolated and its typical 
behaviour, the source of the measurements, and the degree of sparsity 
and uncertainty inherent in these measurements, among others (Li, 
2019). Furthermore, the selection of the performance metric used to 
evaluate the interpolation results can influence the choice of the most 
suitable interpolators and regressors.

In many practical workflows these interpolation and regression tools 
do not replace, but rather complement numerical hindcasts, reanaly-
ses and observational products. State-of-the-art wave and atmospheric 
models already provide basin-scale reconstructions of metocean condi-
tions and are widely used by industry and agencies, but their native 
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EOF Empirical Orthogonal Function
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FFNN Feedforward Neural Network
GA Genetic Algorithm
GAM Generalised Additive Model
GAMM Generalised Additive Mixed Model
GEM Gravest Empirical Modes
GLM Generalised Linear Models
GLS Generalised Least Squares
GPR Gaussian process regression
GRNN General Regression Neural Network
IDW Inverse Distance Weighting
IEW Inverse Exponential Weighting
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LS Least Squares
LSTM NN Long-Short Term Memory Neural Network
ML Machine Learning
MLR Multiple Linear Regression
MPGP Marginalised Particle-filter Gaussian Pro-

cess
MPNN Multi Layer Perceptron Neural Network
OBIA Object-Based Image Analysis
OI Optimal Interpolation
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POD Proper Orthogonal Decomposition
PWD Peak Wave Direction
RBF Radial Basis Functions
RF Random Forest
RFRE Random Forests-based Regression Ensemble
RK Regression Kriging
RKHS Reproducing Kernel Hilbert Spaces
RMSE Root Mean Square Error
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RNN Recurrent Neural Network
RT Regression Tree
SAR Synthetic Aperture Radar
SI Scatter Index
SOM Self-Organising Maps
SPGP Sparse Pseudo-input Gaussian Process
SSGP Sparse Spectrum Gaussian Process
SSH Sea Surface Height
SSS Sea Surface Salinity
SST Sea Surface Temperature
STK Spatiotemporal Kriging
SVD Singular Value Decomposition
SVR Support Vector Regression
TI Linear Temporal Interpolation
TIEOF Tensor Interpolating Empirical Orthogonal 

Functions
TPS Thin Plate Spline
UK Universal Kriging
VE-DINEOF Variable EOFs-DINEOF
WEC Wave energy converter
WW3 WAVEWATCH III

spatial and temporal resolutions, coastal representation and residual 
biases might be insufficient for applications that require device-scale 
load time series, detailed nearshore gradients or consistent long-term 
statistics at specific sites. Likewise, fixed buoy networks and short-term 
deployment campaigns offer highly accurate point measurements but 
remain sparse in space and fragmented in time, so that many locations 
and periods of interest for design and planning are not directly sampled. 
These limitations, and the resulting need to combine numerical models, 
in-situ instruments and satellite observations to achieve the resolution 
and accuracy required by end users, are well documented in recent 
sea-state observing system assessments, such as the one presented 
in Ardhuin et al. (2019). In this context, interpolation and regression 
act as a bridge between the available numerical and observational 
information and the fine-scale, site-specific metocean inputs required 
by engineering design tools, energy-yield models and planning studies.

In this sense, the review does not propose interpolation and re-
gression as a replacement for high-resolution numerical modelling, 
but as an alternative and increasingly common workflow: where long-
term, device-scale simulations are too costly to run at full physics or 
across large ensembles, practitioners can combine basin-scale hind-
casts, sparse observations and statistical or machine-learning interpo-
lators to derive the metocean inputs needed by design and planning 
tools. We discuss the advantages of this observational–statistical route 
(e.g., computational efficiency, direct use of measurements) together 
with its limitations (e.g., dependence on data availability, challenges in 
representing rare extremes) relative to purely model-based approaches.

The novelty of this work lies in its comprehensive synthesis of 
interpolation techniques specifically tailored for offshore energy ap-
plications, integrating both satellite and in-situ data to address the 
spatial and temporal data gaps in metocean measurements with a 
critical assessment of recent advances in machine learning and data 
assimilation methods. With a particular focus on the offshore energy 
sector, this study aims to offer a comprehensive overview of interpo-
lation techniques applied to address the challenges of metocean data 
surveying using in-situ and satellite measurements. The contributions 
of this work are as follows:

• A detailed description of in-situ and satellite measurement tech-
nologies within the offshore sector, highlighting the opportunities 
and pitfalls associated with each approach.
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• An overview of the most commonly used interpolation tech-
niques, accompanied by a critical classification of the various 
interpolation case studies tailored for the offshore siting applica-
tion, and a discussion of the different features considered within 
the classification.

• An in-depth description and critical analysis of the studies within 
each class of interpolation algorithms, including a comprehensive 
comparative assessment of the techniques employed in each study 
and category.

• A concluding section summarising the main findings and dis-
cussing potential future developments in the field of metocean 
data interpolation and satellite measurement applications in the 
offshore energy sector.

Beyond a descriptive survey, we use the proposed classification 
and inter-class comparison to explicitly link each family of methods 
to the measurement geometry and error structure typical of offshore 
metocean datasets (sparse space–time sampling, heterogeneous sources, 
and non-negligible observation uncertainty). This synthesis highlights 
why purely deterministic interpolators are often too rigid for this 
setting, why statistical/geostatistical approaches remain a pragmatic 
baseline thanks to their explicit treatment of measurement errors and 
uncertainty, and why ML methods are rapidly gaining traction for their 
ability to capture nonlinear behaviour, leverage many covariates, and 
naturally exploit image-like satellite products.

From an end-user perspective, this review is intended to function 
as a methodological interface between metocean data providers and 
sector-specific tools. Technology developers can use the proposed clas-
sification and discussion of methods to select suitable algorithms for 
generating high-frequency metocean time series at device locations, to 
be fed directly into codes and processes for hydrodynamic, structural 
or control design. Resource assessment entities can combine the re-
viewed interpolation and regression schemes with farm-level energy 
production models to derive long-term yield estimates and associ-
ated uncertainty from heterogeneous data sources. Farm planners and 
policy-makers, in turn, can exploit the interpolated climate and vari-
ability maps produced with these techniques to rank candidate areas, 
inform zoning and tendering processes, and contextualise environmen-
tal monitoring. By summarising both the mathematical foundations and 
the practical behaviour of each family of methods, the paper aims to 
help these different communities deploy interpolation and regression 
tools in a transparent, informed way rather than as opaque black boxes.

Although offshore wind, wave, and tidal applications entail
technology-specific engineering analyses, this review targets the
technology-agnostic problem of reconstructing metocean variables from
sparse in-situ and satellite data. Because the same variables and sam-
pling geometries might recur across the different offshore energy 
technologies, we compare reconstruction methods and data sources 
dedicated to those variables rather than restricting the analysis to the 
ones associated with a single energy technology. The remainder of the 
paper is organised as follows. Section 2 introduces the most common 
in-situ (Section 2.1) and satellite sensors (Section 2.2) employed within 
the offshore sector to obtain information regarding the metocean 
parameters. Section 3 provides a classification of the most employed 
interpolation techniques in the metocean field, highlighting the per-
formance metrics employed in the evaluation of their performances 
(Section 3.2). Section 4 provides a classification of the application 
studies considered, analysing each of them in terms of approach to 
the interpolation process, interpolated metocean variable, performance 
metrics and data sources. Section 5 provides a comparative analysis 
between the different classified applications, considering their similar-
ities, advantages and pitfalls. Finally, Section 6 presents the paper’s 
findings and discusses future research directions in this field. For clarity 
and navigation, Fig.  1 summarises the paper roadmap by outlining the 
main sections and how the classification of methods, the case-study 
mapping and the inter-class comparison are connected.
4 
2. Measuring technologies

Traditional measuring instruments are typically stationary struc-
tures, designed to remain fixed in a single location. For example, 
specialised devices such as anemometers or windsocks are deployed to 
measure wind speed and direction (Dabiri et al., 2023). This princi-
ple applies similarly to other meteorological parameters, with barom-
eters used for pressure measurements, rain gauges for quantifying 
precipitation, and pyranometers for assessing solar radiation, among 
others (Harrison, 2014). These instruments are generally installed at 
weather stations, where they consistently measure their respective 
parameters exclusively at that specific location.

In recent years, the advent of satellite technology has introduced 
the possibility of remote sensing for conducting environmental assess-
ments (Burke et al., 2021; Tymków et al., 2019). Satellites provide 
a valuable complement to traditional in-situ measurements, as they 
are not confined to a single spatial point but instead traverse specific 
trajectories (Dicati, 2017). This allows them to measure parameters of 
interest at multiple locations, thereby offering data that is significantly 
less spatially sparse. On the other hand, when dealing with parameters 
that vary over time as well as space, both satellites (when measuring 
at a single point at a time) and in-situ devices capture data at only 
one point in time. Consequently, for dynamic parameters, satellite 
measurements are also sparse in the space–time domain, albeit with 
a different pattern of sparsity compared to in-situ devices (Gambarelli 
et al., 2023). However, this limitation does not apply when satellite 
measurements involve images, where each pixel can provide a value for 
the parameter of interest. Indeed, the most traditional use of satellites 
in remote sensing is through capturing pictures from above. These 
images can be analysed and refined using image analysis or machine 
learning techniques to extract the desired parameters (Rolf et al., 2021). 
In recent years, more advanced techniques have been employed for 
evaluating parameters through satellites, such as Synthetic Aperture 
Radar (SAR) systems (Moreira et al., 2013). However, it is important 
to note that all satellite-based measurements are indirect, and therefore 
it is unsurprising that their accuracy is typically lower than that of 
traditional in-situ measurements, which directly measure the parameter 
of interest. For the most commonly used metocean variables (significant 
wave height and 10-m wind speed), satellite–buoy collocations indicate 
satellite RMSE of 𝐻𝑠 ≈ 0.2–0.3 m and 𝑈10 ≈ 1–1.5 m s−1, while 
typical buoy accuracies are about ±0.2 m for 𝐻𝑠 and ±1 m s−1 for 
𝑈10, with larger gaps in extreme sea states and near coasts (Yang 
and Zhang, 2019; Driesenaar et al., 2024; NOAA/National Data Buoy 
Center, 2025).

In the offshore energy sector, the most commonly used measur-
ing instruments to take information on wave conditions are in-situ 
buoys (Uihlein and Magagna, 2016; Gambarelli et al., 2023; McLeod 
and Ringwood, 2022), equipped with sensors that record wave eleva-
tion over time, enabling the characterisation of the wave spectrum. 
During the design phase of these devices, the inclusion of a mooring sys-
tem is typically required, underscoring their intended use as stationary 
measurement points. Although non-moored drifting buoys also exist, 
they are less common due to the practical challenges associated with 
their use (Barbariol et al., 2019). A similar approach applies to offshore 
wind measurements. It is increasingly common to install anemometers 
or costly lidars on measurement buoys, allowing for the simultaneous 
characterisation of both wave and wind resources at a single location.

Another challenge unique to the offshore sector is the harshness 
of the marine environment, which poses significant difficulties for 
measurement devices. There are two primary reasons for this challenge. 
First of all, the occurrence of extreme or highly energetic sea states 
can cause mechanical damage to the devices. The stress generated 
by waves can undermine the integrity of the hull or internal com-
ponents (including measuring instruments) or damage the mooring 
system (Abdallah El-Reedy, 2020). Secondly, the corrosive nature of 
seawater can, over time, severely degrade the materials from which 
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Fig. 1. Schematic roadmap of the review, outlining the main sections and the links between measurement technologies, method-family taxonomy, case-study 
mapping, and inter-class comparison.
these devices are constructed (Abdallah El-Reedy, 2020). As a result, 
offshore measuring devices are more prone to failure and require more 
frequent maintenance compared to onshore devices. Each maintenance 
operation necessitates reaching the device in the open sea, which can 
be exceedingly costly (Scheu et al., 2012).

The economic drawbacks associated with in-situ measurement de-
vices in the offshore sector are a key factor contributing to the appeal 
of satellite measurements in this context. By employing a measuring 
device located above the ground level, satellite measurements effec-
tively bypass the challenges posed by the harsh marine environment. 
This approach eliminates the need for devices to be deployed at sea, 
thereby avoiding the substantial maintenance costs typically incurred 
in offshore settings.
5 
Alongside in-situ and satellite observations, a further and widely 
adopted category of metocean sensing in offshore and coastal contexts 
is represented by shore-based coastal radars (Huang et al., 2017). 
Installed on land or on coastal structures, these systems perform re-
mote measurements of the sea surface over a fixed observation sector, 
thereby providing spatially distributed estimates of wave and wind 
properties with high temporal continuity. Compared to in-situ devices, 
coastal radars reduce the need for offshore deployment and recurrent 
open-sea maintenance operations, while still delivering area coverage 
rather than point measurements. Compared to satellites, they do not 
provide basin-wide sampling, but they can continuously observe the 
same region, partially mitigating revisit-time limitations and offering a 
complementary observing geometry. For these reasons, coastal radars 
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are often used as an additional data source for nearshore monitoring 
and, in some applications, as a bridge between sparse in-situ records 
and large-scale satellite products.

2.1. Offshore in-situ measuring devices

Offshore in-situ measuring devices are highly specialised instru-
ments deployed directly in marine environments to monitor a range 
of parameters, including wave height, wind speed, and sea tempera-
ture. The majority of these devices are deployed as part of national 
and international initiatives (Centurioni et al., 2019). Numerous other 
programmes exist globally, many of which focus on specific regions and 
applications.

From an application perspective, offshore in-situ measuring devices 
can be classified into four main categories:

• Moored instruments: These are sensors and instruments that are 
fixed in position, typically anchored to the seafloor or attached 
to a buoy. Moored instruments are capable of collecting con-
tinuous data over extended periods and are widely used for 
monitoring deep-sea conditions such as temperature, salinity, 
and ocean currents (Doherty et al., 1999). They are particularly 
valuable for understanding long-term oceanographic trends and 
climate-related changes. An example of a programme deploying 
moored instruments is the Global Tropical Moored Buoy Array 
(GTMBA) (McPhaden et al., 2023), a network of moored buoys 
situated in tropical oceans, particularly in the Pacific, Atlantic, 
and Indian Oceans, to monitor climate-relevant parameters.

• Coastal structure instruments: These devices are typically in-
stalled near the shoreline, often attached to piers, jetties, or other 
coastal structures. They are employed to monitor nearshore and 
coastal processes, including wave heights, tides, water quality, 
and beach erosion (Sumer and Whitehouse, 2001). Such instru-
ments are crucial for coastal management and hazard prediction. 
OceanSITES (Send and Lankhorst, 2011) is a global network of 
open-ocean and coastal reference stations dedicated to the sus-
tained collection of high-quality oceanographic and atmospheric 
data, equipped with instruments to monitor a broad spectrum of 
physical and biogeochemical parameters.

• Drifting instruments: This category includes drifting buoys, floats, 
platforms, and drifting profilers (Mo et al., 2023). These instru-
ments move with ocean currents, making them ideal for tracking 
water mass movements and studying ocean circulation patterns. 
They are often equipped with sensors to measure parameters such 
as temperature and salinity. Two programmes deploying those 
devices are the NOAA’s Global Drifter Program (GDP) (Elipot 
et al., 2022), which operates over 1000 drifting buoys globally, 
designed to follow ocean currents and gather critical data and 
the Voluntary Observing Ship (VOS) Scheme (Kent, 2010), a 
programme that engages ships and vessels worldwide to volun-
tarily collect and report meteorological and oceanographic data 
to national services.

• Instruments on autonomous vehicles: Examples include
autonomous underwater vehicles (AUVs) and remotely operated 
vehicles (ROVs), which are mobile platforms equipped with vari-
ous sensors and instruments for data collection (Sánchez et al., 
2020). These vehicles can be programmed to follow specific 
routes or to explore targeted areas of interest and are commonly 
used for detailed studies of seafloor geology, marine life, and 
underwater habitats. The Argo programme (Roemmich et al., 
2022) is an international ocean observing system consisting of 
a network of autonomous robotic floats that collect temperature 
and salinity data across the world’s oceans.
6 
These four categories encompass a broad range of oceanographic and 
environmental monitoring devices, each offering distinct advantages 
and applications. Scientists and researchers select the most appropriate 
category and specific instruments based on their research objectives, 
the particular marine or coastal environment under investigation, and 
the required duration of data collection. Fig.  2) summarises the dif-
ferent in-situ instrument categories, providing examples of the typical 
applications of each class.

Although these in-situ measuring devices are often regarded as the 
‘‘ground truth’’ when compared to indirect satellite measurements or 
numerical simulation results, it is crucial to acknowledge that they, 
like all measuring instruments, are susceptible to errors. The magnitude 
of these errors can vary depending on several factors, such as the 
distance from the coast, the sea state, and the specific parameters being 
measured (Jensen et al., 2021; Magnusson et al., 2021).

2.2. Offshore satellite measurements

Recent technological advancements have enabled the widespread 
use of satellites for remote sensing applications. Satellites have been 
utilised for weather prediction since the late 1960s, and their role 
has progressively expanded to the point where their data is now in-
dispensable for assessment and monitoring across numerous sectors. 
A comprehensive historical review of satellite usage, along with the 
technological innovations from the 1960s up to the present, is detailed 
in Eyre et al. (2020, 2022). These devices can remotely and indirectly 
measure various parameters using different physical principles and 
techniques, each with its own advantages and limitations. The reso-
lution provided by different techniques can vary, as can their ability 
to penetrate the atmosphere. Below is a list of the most commonly 
used measurement techniques in the offshore sector, along with a brief 
description of the underlying physical principles:

• Microwave remote sensing: This technique involves the transmis-
sion and reception of microwave signals to acquire information 
about the Earth surface. The interaction of microwaves with tar-
gets, such as ocean surfaces or sea ice, causes variations in signal 
properties (e.g., intensity, polarisation), which can be analysed to 
infer characteristics of the observed targets. Due to their ability 
to penetrate cloud cover, microwaves are particularly effective 
for data acquisition under diverse weather conditions. Microwave 
sensors are widely employed to measure sea surface tempera-
ture and monitor sea ice extent, providing critical data for both 
meteorological and environmental studies (Ni et al., 2022).

• Infrared remote sensing: Infrared sensors detect thermal radiation 
emitted by objects, including the Earth surface. The emission of 
infrared radiation is dependent on the temperature of the mate-
rial, with different surfaces emitting distinct radiation patterns. 
This property allows infrared sensors to accurately determine 
surface temperatures. In the offshore sector, infrared sensors are 
predominantly used to measure sea surface temperature by cap-
turing the infrared radiation emitted by the ocean, which is vital 
for climate studies and weather forecasting (Xing et al., 2023).

• Radar altimeters: Radar altimeters operate by transmitting radar 
pulses from a satellite, which are reflected back from the Earth 
surface. By measuring the time delay between the transmission 
and reception of the radar signal, the distance between the satel-
lite and the surface is calculated, enabling precise measurements 
of sea surface height. Radar altimetry is a critical technique 
for monitoring sea level changes, ocean circulation, and other 
oceanographic phenomena (Nencioli and Quartly, 2019).

• Scatterometers: Scatterometers emit microwave signals towards 
the Earth surface and measure the backscattered signals to assess 
surface roughness and wind speed. The scattering characteristics 
change in response to variations in wind speed, making scat-
terometry a valuable tool for oceanographic and meteorological 
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Fig. 2. Classification of the in-situ measuring devices and their main applications.
analysis. Scatterometers are extensively used to measure sea sur-
face winds, which are essential for weather prediction, climate 
studies, and offshore operations (Surisetty et al., 2020).

• Synthetic Aperture Radar (SAR): SAR is an active radar system 
that generates high-resolution images of the Earth surface by 
emitting microwave pulses and recording the backscattered sig-
nals. The processing of these signals allows for detailed imaging 
of surface features, enabling the detection of wind speed, sea 
ice extent, and other environmental changes. SAR is extensively 
utilised for applications such as monitoring sea ice, mapping 
coastal areas, and assessing environmental impacts in marine 
environments (Moreira et al., 2013; Zen et al., 2021).

As for the in-situ instruments, Fig.  3 summarises the different satellite-
based instrument categories, providing examples of the typical applica-
tions of each class.

While satellite measurements offer comprehensive spatial coverage 
and the ability to observe remote and inaccessible areas, they are 
not without limitations. The accuracy of satellite-derived data can be 
influenced by factors such as the resolution of the sensor, atmospheric 
interference, and the algorithms used to correct and interpret the 
signals (Wang et al., 2024). Additionally, certain parameters might 
be challenging to measure from space, necessitating the use of mod-
els or indirect methods to infer the desired information. Therefore, 
satellite data often require validation and calibration against in-situ 
measurements to ensure their reliability and accuracy. Despite these 
challenges, satellite remote sensing remains a cornerstone of mod-
ern oceanographic research, offering valuable insights into large-scale 
ocean and climate processes that would be difficult or impossible to 
obtain through in-situ methods alone.

2.3. Coastal radars measurements

In addition to offshore in-situ instruments and satellite remote sens-
ing, coastal radar systems represent a third relevant class of observing 
technologies for metocean monitoring. These systems are typically 
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land-based (or installed on fixed coastal infrastructure) and therefore 
avoid many of the deployment and maintenance constraints of offshore 
platforms, while still providing spatially distributed information over 
a coastal/ocean domain. Compared with satellites, coastal radars can 
deliver higher temporal sampling over a fixed region of interest; com-
pared with point-like in-situ sensors, they provide area coverage, albeit 
limited to coastal ranges and dependent on local geometry and retrieval 
performance.

The two most common radar-based approaches employed for
nearshore/offshore metocean sensing are:

• X-band marine radar: X-band systems (including nautical radars 
operated from coastal sites or fixed platforms) infer wave prop-
erties by processing the radar backscatter modulated by the sea 
surface. Early studies demonstrated the feasibility of using nau-
tical radar as a wave monitoring instrument (Nieto Borge et al., 
1999), and subsequent work has consolidated methodologies and 
applications for estimating wave and wind-related parameters 
(e.g., 𝐻𝑠, characteristic periods, wave direction and, in some 
configurations, wind information) (Huang et al., 2017).

• High-frequency (HF) surface wave radar: HF radars operate at 
longer wavelengths and exploit surface-wave propagation to sense 
the ocean over larger ranges, making them well-suited for con-
tinuous coastal monitoring. They can retrieve wave informa-
tion, including the directional wave spectrum via inversion tech-
niques (Wyatt, 1990), and can also provide wind-related esti-
mates, such as sea-surface wind direction in bistatic configura-
tions (Weimin Huang et al., 2012).

Overall, coastal radars provide an intermediate trade-off between 
satellites and offshore in-situ sensors: they deliver continuous, high-
temporal-resolution observations over a fixed coastal domain, with 
spatial coverage that exceeds point measurements, while remaining 
constrained by coastal ranges and by the fact that they are indirect 
sensing systems requiring dedicated processing and validation. Fig. 
4 presents these main types of coastal radars, along with the most 
commonly measured parameters.
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Fig. 3. Classification of typical satellite sensor systems in the offshore sector, along with the most commonly measured parameters.
Fig. 4. Classification of typical coastal radar systems, along with the most commonly measured parameters.
3. Classification of the interpolation and regression1 techniques

Interpolation and regression techniques play a critical role in the 
offshore energy sector, particularly in the analysis and extension of 
metocean data. Given the inherent challenges of collecting continuous 
and comprehensive measurements in marine environments — whether 

1 In this work, we use the terms interpolation and regression interchange-
ably, though they are mathematically distinct. Interpolation is generally an 
exact method that passes through all observed data points, aiming to estimate 
values within the range of the known data. In contrast, regression allows for 
errors in measurements by approximating the data, creating a model that may 
not pass through each point but minimises overall error to capture underlying 
trends.
8 
through in-situ devices or satellite observations — reliable interpolation 
methods are essential for filling gaps in both spatial and temporal data.

The need for interpolation and regression arises from the practical 
limitations of measuring systems. While in-situ devices offer high ac-
curacy, their data is sparse and localised due to the high costs and 
maintenance demands of offshore deployment. On the other hand, 
satellite data, while offering broad spatial coverage, often lack the 
resolution and precision needed for site-specific applications. Thus, 
interpolation techniques are used to extend the available datasets and 
produce estimates for locations and times where direct measurements 
are unavailable.

Each interpolation and regression technique has its own strengths 
and limitations, making some methods more suitable for certain appli-
cations than others. To identify patterns and insights, key characteris-
tics of the interpolation process have been highlighted for each study 
that applies these techniques.
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First, the domain of interpolation was examined, whether it was 
applied purely in space, solely in time (such as for forecasting or 
hindcasting), or simultaneously across both space and time. Addition-
ally, a distinction was made between interpolation based solely on 
observational data and techniques that integrate a system model, the 
latter often referred to as Data Assimilation (DA).

Interpolation and regression techniques were then categorised into 
three primary families. The first includes traditional deterministic 
mathematical methods, such as linear and spline interpolators, which 
assume that the parameter is known only at specific points and use 
predefined functions to estimate values for unknown points. The second 
category encompasses statistical and geostatistical techniques, such as 
Kriging methods and various DA approaches like Optimal Interpolation 
(OI) and three- or four-dimensional variational methods (3D-Var, 4D-
Var). These techniques are designed to handle noisy data but often rely 
on simplifying assumptions about the statistical properties of both the 
noise and the system being modelled. For example, Kriging methods 
involve evaluating a variogram to capture spatial autocorrelation, while 
DA techniques focus on updating numerical models with available mea-
surements. The third category comprises machine learning techniques, 
including methods like Random Forest (RF) and Neural Networks (NN). 
These techniques are characterised by the high dimensionality of their 
input space and the use of numerical optimisation algorithms, such 
as gradient descent, for tuning parameters. While machine learning 
methods are theoretically capable of modelling any phenomenon, they 
often require large amounts of training data and can lack interpretabil-
ity, making them difficult to debug and troubleshoot. Finally, a fourth 
category includes hybrid techniques and studies that compare various 
interpolation methods, combining approaches from different families 
to develop new solutions.

The studies were further analysed based on the specific interpola-
tion technique used, the parameter being interpolated, and the per-
formance metric employed to assess the results. Different studies used 
various metrics, such as root mean square error (RMSE) or bias, de-
pending on the nature of the data and the intended application. Finally, 
attention was given to the type of input data used for interpolation, 
which generally fell into one of four categories: in-situ measurements, 
which consist of spatially sparse point data; satellite image-based mea-
surements, where the parameter is measured for each pixel except 
for areas that require reconstruction due to missing data (e.g., cloud 
cover); satellite along-track measurements, where data is collected 
along certain lines with gaps in the remaining areas; and numerical 
simulations, which provide data for specific points as if measured by 
instruments at those locations.

Those attributes here presented will be used for constructing the 
summary tables for all the case studies considered, divided by the 
family of the used interpolation technique.

3.1. Traditional interpolation techniques

In this section, the most commonly employed interpolation tech-
niques are introduced, accompanied by a concise mathematical
overview of their underlying principles. Hereafter, the points where the 
parameter is known and utilised for interpolation will be referred to as 
training points, while the points where the value is interpolated will 
be termed testing points, following a nomenclature typical of machine 
learning (ML) field. The term output will denote the value of the 
parameter of interest at a given point, whereas the specific geographical 
coordinates of that point will be referred to as the input. The estimation 
of the parameter at an unmeasured location is the output derived by 
using the spatial coordinates of that location as input.

In line with the classification adopted in this review, the interpo-
lation and regression techniques are grouped into three main fami-
lies: (i) deterministic methods, which construct the interpolated field 
from distance-based weights or smoothness constraints without explic-
itly modelling uncertainty; (ii) statistical and geostatistical methods 
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(including data assimilation techniques), which treat the field as a 
stochastic process and explicitly incorporate error statistics and spa-
tial/temporal correlations; and (iii) machine-learning-based regressors, 
which learn flexible (often highly nonlinear) input–output mappings 
from data and can exploit multiple covariates.

A schematic overview of the methods discussed in this subsection, 
organised according to these three families and their main characteris-
tics, is shown in Fig.  5.

3.1.1. Deterministic interpolation methods
Deterministic techniques reconstruct the field by enforcing local 

similarity and smoothness, typically through distance-based weights or 
analytic basis functions. They do not explicitly describe the parameter 
as a stochastic process and, in their classical form, provide no formal 
uncertainty quantification. Nevertheless, their conceptual simplicity, 
limited number of tunable parameters, and low computational cost 
make them attractive baseline methods for metocean interpolation, 
especially when data and computational resources are scarce.
3.1.1.1. Inverse distance weighting. Inverse distance weighting (IDW) 
is a deterministic interpolation technique where the output at each 
testing point is determined as a linear combination of the outputs at the 
training points. The weight assigned to each training point is inversely 
proportional to the distance between the training and testing points. 
The underlying concept of this interpolation method is that points in 
close proximity tend to have similar values, while distant points exert 
minimal influence on one another (Luo et al., 2008). The primary 
equation governing this interpolator is: 

𝑓 (𝑥0) =
∑𝑛

𝑖=1 𝑤𝑖 ⋅ 𝑓 (𝑥𝑖)
∑𝑛

𝑖=1 𝑤𝑖
=

∑𝑛
𝑖=1

1
𝑑𝑝𝑖

⋅ 𝑓 (𝑥𝑖)
∑𝑛

𝑖=1
1
𝑑𝑝𝑖

, (1)

where the function 𝑓 represents the input–output mapping to be recon-
structed, 𝑥𝑖 is the 𝑖th input training point, 𝑥0 is the input testing point, 
and 𝑓 (𝑥0) is the output estimate at the testing point provided by the 
algorithm. The weight 𝑤𝑖 assigned to the 𝑖th training point is inversely 
proportional to 1

𝑑𝑝𝑖
, where 𝑑𝑖 is the Euclidean distance between 𝑥𝑖 and 

𝑥0. The parameter 𝑝 is a tunable aspect of the interpolator, determining 
the rate at which the correlation between distant points diminishes.

A common variant of this technique is the Inverse Exponential 
Weighting (IEW) method (Chutsagulprom et al., 2022): 

𝑓 (𝑥0) =
∑𝑛

𝑖=1 𝑒
−𝜆⋅𝑑𝑖 ⋅ 𝑓 (𝑥𝑖)

∑𝑛
𝑖=1 𝑒

−𝜆⋅𝑑𝑖
, (2)

where the weights 𝑤𝑖 are determined by the distances in a negative 
exponential form. The parameter 𝜆 serves as the tunable factor that 
establishes the correlation length. This technique, while easy to im-
plement and computationally efficient, has limitations when applied 
to metocean parameters. These parameters often exhibit highly com-
plex spatial and temporal variability, influenced by a combination of 
physical processes such as ocean currents, wind patterns, and wave 
dynamics. As such, the simplistic distance-based weighting of IDW may 
struggle to capture these intricate relationships, leading to less accurate 
interpolations in scenarios involving complex offshore environments.
3.1.1.2. Radial basis functions. Radial Basis Functions (RBF) represent 
another deterministic interpolation technique, wherein the surface of 
interest is reconstructed by sequentially placing radial functions over 
the training points. This process continues until a specified performance 
metric for the training set is achieved or the maximum number of 
placeable functions, also known as the Number of Neurons, is reached 
(this number serves as a tunable parameter). 

𝑓 (𝑥0) =
𝑛
∑

𝑖=1
𝑤𝑖 ⋅ 𝜙

(

|𝑥0 − 𝑥𝑖|
𝑙

)

, (3)

where 𝑤𝑖 are the weights determined by the algorithm to best match 
the training points, 𝑛 is the aforementioned Number of Neurons, 𝜙
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Fig. 5. Scheme of the traditional interpolation and regression techniques considered in this review, grouped into three main families: deterministic, statisti-
cal/geostatistical (including data assimilation), and machine-learning-based methods.
represents the selected radial function (termed ‘radial’ because its input 
depends solely on the distance between the two points), and 𝑙 is 
another tunable parameter known as the spread, which determines the 
characteristic length of the reconstruction. Some common choices for 
the 𝜙 function are the Gaussian function 𝜙(𝑟) = 𝑒−

(

𝑟
𝑙

)2

, the multiquadric 
function 𝜙(𝑟) =

√

𝑟2 + 𝑙2 and the inverse multiquadric function 𝜙(𝑟) =
1

√

𝑟2+𝑙2
. RBFs are particularly well-suited for integration with Machine 

Learning techniques, enabling adaptability to new scenarios (Cavoretto, 
2021). However, special precautions must be taken to ensure scalability 
in large datasets (Esmaeilbeigi et al., 2020). The flexibility provided by 
the different possible choices for the basis function can be particularly 
valuable in the offshore energy resource assessment, as it allows the in-
terpolation to adapt to the significantly different behaviours of various 
metocean parameters.
3.1.1.3. Thin plate spline. The Thin Plate Spline (TPS) is another de-
terministic interpolation technique that formulates interpolation prob-
lems as an optimisation task. The interpolated function is derived by 
minimising the following functional (Tahir et al., 2023):
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⎦
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In Eq.  (4), the first term (the summation) quantifies the exactness of 
the interpolation, essentially representing the sum of the squared resid-
uals at the training points. Conversely, the second term (the integral) 
reflects the bending energy of the interpolated surface. The parameter 
𝜆 serves as a trade-off factor, determining the relative importance 
of these two components. TPS offers notable advantages in offshore 
resource assessment due to its ability to produce smooth, continuous 
surfaces, making it well-suited for interpolating complex metocean 
variables like 𝐻𝑠. The balance between interpolation accuracy and 
surface smoothness ensures that TPS can handle noisy data effectively, 
which are common in offshore measurements.

3.1.2. Statistical, geostatistical and data assimilation methods
Statistical and geostatistical techniques explicitly represent the pa-

rameter of interest as a realisation of an underlying stochastic process. 
This allows them to incorporate measurement and model errors, spa-
tial and temporal correlations, and, in many cases, to provide uncer-
tainty estimates alongside the interpolated fields. Classical geostatistics 
(e.g., Kriging) directly model covariance structures, while data assimi-
lation (DA) methods such as Optimal Interpolation, variational schemes 
and ensemble Kalman filters combine numerical model predictions with 
observations. These methods are generally more flexible and statisti-
cally grounded than deterministic interpolators, at the cost of higher 
computational complexity and stronger modelling assumptions.
10 
3.1.2.1. Optimal interpolation. Optimal Interpolation (OI) is one of the 
most widely employed geostatistical techniques for Data Assimilation 
(DA), particularly in the field of meteorology. DA is the process through 
which the outputs of a simulated numerical model are updated and cor-
rected using actual measurements of the system. It is well established 
in this domain that geostatistical techniques demonstrate superior per-
formance when compared to traditional deterministic methods (Li and 
Heap, 2011), due to their ability to account for spatial correlations and 
incorporate uncertainty in a more advanced manner. The fundamental 
concept (Barth et al., 2008; Janjić et al., 2018) is that the system 
of interest is represented by a state vector 𝑥, which encapsulates all 
the information about the system. However, direct measurement of 𝑥
is not feasible; instead, access is limited to the observation vector 𝑦. 
Typically, the measurement vector is assumed to result from a linear 
mapping 𝐻 applied to the state vector, expressed as 𝑦 = 𝐻𝑥 (where 𝐻
maps from the state space to the observation space). In a conventional 
framework, the vector 𝑥 contains the values of the parameter of interest 
at the points of a regular grid, while 𝑦 consists of measurements of 
this parameter at locations that do not align with the points of the 
grid. The challenge arises in real-world scenarios, where the actual 
measurements 𝑦𝑜 are affected by noise 𝜖. This can be mathematically 
expressed as follows: starting with an initial estimate for the state 
vector, denoted as 𝑥𝑏 (also referred to as the background state and 
typically obtained through numerical simulations), one can utilise the 
information provided by the measurements 𝑦𝑜 to update the state vector 
to 𝑥𝑎 (known as the analysis state), ensuring it is as close as possible 
to the true but unknown state 𝑥𝑡. The relationship can be described by 
the equations: 
𝑦𝑜 = 𝐻𝑥𝑡 + 𝜖, (5)

𝑥𝑏 = 𝑥𝑡 + 𝜂𝑏, (6)

where 𝜂𝑏 represents the error associated with the background state. By 
assuming that the errors 𝜖 and 𝜂𝑏 have zero mean and are uncorrelated, 
and by knowing their respective covariance matrices 𝑃 𝑏 and 𝑅, one 
can estimate the true state using the analysis state, as expressed by the 
following equation: 
𝑥𝑎 = 𝑥𝑏 +𝐾(𝑦𝑜 −𝐻𝑥𝑏), (7)

where 𝐾 is the Kalman gain matrix, defined as: 
𝐾 = 𝑃 𝑏𝐻⊺(𝐻𝑃 𝑏𝐻⊺ + 𝑅)−1. (8)

Moreover, with OI, it is possible to derive an uncertainty interval for 
𝑥𝑎, which is characterised by the analysis error covariance 𝑃 𝑎 (the 
covariance matrix of the analysis error 𝜂𝑎 = 𝑥𝑎 − 𝑥𝑡), given by: 
𝑃 𝑎 = 𝑃 𝑏 −𝐾𝐻𝑃 𝑏. (9)

Typically, to ensure that the problem remains tractable, particularly 
when handling large datasets, all aforementioned covariance matrices 
are approximated as an identity matrix scaled by a positive scalar. This 
assumption is equivalent to consider that all realisations of the errors 
are independent and identically distributed (i.i.d.). OI is particularly 
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valuable in offshore resource assessment, where it can be used to gen-
erate high-resolution spatial maps of key metocean variables, such as 
wave heights, wind speeds, or sea surface temperatures, by assimilating 
sparse in-situ measurements and satellite data. This is crucial for char-
acterising resource availability and variability over large offshore areas. 
However, the assumption of i.i.d. errors can limit the accuracy of OI in 
regions with complex dynamics, such as coastal zones or areas with 
strong currents, where error structures may exhibit significant spatial 
correlation. In such cases, advanced covariance modelling techniques 
or hybrid methods that combine OI with machine learning approaches 
could offer improved performance.
3.1.2.2. Three- and four-dimensional variational data assimilation. Three- 
and Four-Dimensional Variational Data Assimilation (3D-Var and 4D-
Var) are more advanced techniques for data assimilation (Hunt et al., 
2007). These methods recast the interpolation problem as an optimi-
sation task, where a cost function 𝐽 is minimised. The cost function is 
expressed as: 
𝐽 (𝑥𝑎) = 𝐽 𝑏(𝑥𝑎) + 𝐽 𝑜(𝑥𝑎), (10)

with 
𝐽 𝑏(𝑥𝑎) = (𝑥𝑎 − 𝑥𝑏)⊺(𝑃 𝑏)−1(𝑥𝑎 − 𝑥𝑏), (11)

𝐽 𝑜(𝑥𝑎) = (𝐻(𝑥𝑎) − 𝑦𝑜)⊺𝑅−1(𝐻(𝑥𝑎) − 𝑦𝑜). (12)

Here, 𝐽 𝑏 represents the background term, penalising the deviation 
between the analysis state 𝑥𝑎 and the background state 𝑥𝑏, while 𝐽 𝑜

is the observation term, penalising the difference between the ob-
servation vector 𝑦𝑜 and the predicted state 𝐻(𝑥𝑎). Unlike OI, which 
assumes a linear mapping for 𝐻 , 3D-Var and 4D-Var allow 𝐻 to be a 
nonlinear function. This flexibility enables the assimilation of a wider 
range of observational data which can often have complex, nonlinear 
relationships with the model state. However, this comes with the cost 
of increased computational complexity, as nonlinear mappings require 
iterative optimisation methods.

The key distinction between 3D-Var and 4D-Var lies in their treat-
ment of time. In 3D-Var, only the three spatial dimensions are con-
sidered, treating each time instant independently. This means that an 
optimisation problem is solved at each time step. In contrast, 4D-Var 
includes the temporal evolution of the system, solving a single, com-
prehensive optimisation problem that propagates the uncertainty over 
time. Although 4D-Var can propagate uncertainty through time more 
effectively, it requires significantly greater computational resources 
compared to 3D-Var. These variational techniques are particularly 
useful when a numerical model provides a reasonably accurate ini-
tial guess 𝑥𝑏, which is then refined using available observations 𝑦𝑜. 
In offshore resource assessment, where metocean parameters exhibit 
complex spatiotemporal dynamics, 3D-Var and 4D-Var are particularly 
advantageous when integrating numerical model outputs with obser-
vational data. One of their strengths lies in their ability to provide a 
consistent estimate of the system state by assimilating observations over 
time (particularly in the case of 4D-Var), effectively reducing bias in the 
initial model state. However, the effectiveness of these techniques in 
resolving sudden, extreme events (e.g., storm surges or rogue waves) 
is more limited, as it depends on both the density of observational 
networks and the resolution of the underlying numerical model.
3.1.2.3. Local ensemble transform kalman filter. The core concept of 
the Local Ensemble Transform Kalman Filter (LETKF) is based on the 
assumption that measurements taken at points in close proximity are 
likely to be influenced by similar errors (Sluka et al., 2016). In contrast 
to the previously discussed weakly coupled DA techniques, which 
assume uncorrelated errors, LETKF is a strongly coupled DA method. 
Here, the measurement error at one location can be related to the error 
at another location, meaning that the error covariance matrices are no 
longer assumed to be diagonal. Unlike a simple scheme such as IDW — 
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which uses distance-based weighting of the field and does not model 
observation errors — LETKF can explicitly incorporate a non-diagonal 
observation-error covariance (R), i.e., spatially correlated measurement 
errors, differing also from weakly coupled DA approaches, which typi-
cally assume a diagonal observation-error covariance (i.e., independent 
errors). Given the high computational complexity associated with con-
sidering interrelated errors across different points, a local ensemble is 
introduced. This ensemble defines a range within which the errors are 
treated as correlated, helping to manage the computational demands of 
this approach.

In the LETKF framework, for a given ensemble, the first step in-
volves calculating the mean of the background state, denoted as 𝑥̄𝑏, and 
the mean of the observations, 𝑦̄𝑜. Next, the background perturbation 
matrix 𝑋𝑏 is constructed by subtracting the mean from each ensemble 
member and combining them into a matrix. Defining the measurement 
perturbation background matrix 𝑌 𝑏 as 𝐻(𝑋𝑏), and using 𝑦̄𝑏 = 𝐻𝑥̄𝑏

for the average background observations, the updated error covariance 
matrix can be expressed as: 
𝑃 𝑎 = [(𝑘 − 1)𝐼 + (𝑌 𝑏)⊺𝑅−1𝑌 𝑏]−1. (13)

With this matrix, the weights 𝑤̄𝑎, used to compute the analysis mean 
𝑥̄𝑎, can be determined by: 
𝑤̄𝑎 = 𝑃 𝑎(𝑌 𝑏)⊺𝑅−1(𝑦𝑜 − 𝑦̄𝑏), (14)

𝑥̄𝑎 = 𝑥̄𝑏 +𝑋𝑏𝑤̄𝑎. (15)

The final step is to calculate the weights 𝑊 𝑎 for deriving the perturba-
tions in the state space of the analysis ensemble 𝑋𝑎: 
𝑊 𝑎 = [(𝑘 − 1)𝑃 𝑎]1∕2, (16)

𝑋𝑎 = 𝑋𝑏𝑊 𝑎. (17)

LETKF is expected to yield more accurate and realistic results compared 
to other DA methods, as it is a strongly coupled DA approach that 
directly accounts for the spatial autocorrelation of errors. However, 
since the inversion of non-diagonal matrices is required, this imposes 
limitations on the amount of data that can be processed and on the 
selection of the localisation range. This makes it particularly well-suited 
for capturing complex interactions in coastal or nearshore environ-
ments, where the influence of multiple interrelated factors — such as 
bathymetry, wind patterns, and tidal currents — plays a significant 
role. In these regions, where observational errors are often spatially 
correlated, LETKF provides a more realistic assimilation framework 
than techniques like OI, which assume uncorrelated errors. However, 
since the inversion of non-diagonal matrices is required, this imposes 
limitations on the amount of data that can be processed and on the 
selection of the localisation range. In practice, the accuracy improve-
ment of LETKF relative to weakly coupled DA is problem-dependent. 
Gains are larger when observation/background errors are strongly 
correlated and well represented by the ensemble, and they vary with 
the measured parameter, the instruments and their sampling, and the 
operating regime (with noticeable sensitivity during extreme events).
3.1.2.4. Kriging techniques. The term Kriging refers to a family of geo-
statistical techniques developed in the mid-20th century as empirical 
methods for analysing the spatial distribution of underground miner-
als (Degré et al., 2015). In these techniques, the parameter of interest 
is treated as a stochastic process in space, which is characterised by a 
mean function and a variogram, both of which must be defined. The 
form of mean function is typically assumed a priori, with different 
assumptions leading to different Kriging methods (e.g., Ordinary Krig-
ing (OK) assumes an unknown constant mean, while Universal Kriging 
(UK) assumes that the mean is a polynomial function of the spatial 
coordinates).

The variogram 𝐶(ℎ) is an empirically derived function of the dis-
tance ℎ, such that for each value of ℎ, it represents the average 
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Fig. 6. Example of an empirical variogram with a Gaussian covariance, 
obtained by fitting a standard variogram model.
Source: Adapted from Degré et al. (2015).

difference between the values of the parameter of interest at two 
points separated by that distance. In practice, it is nearly impossible to 
calculate this variogram accurately and comprehensively, as it would 
require an infinite number of measurements. Instead, an empirical 
variogram is constructed as a cloud of points, which is then fitted to 
standard variogram models, as illustrated in Fig.  6.

Even though determining the specific type of variogram model 
(e.g., Gaussian, Linear, Exponential, Spherical) from a limited set of 
points can be challenging (Menezes et al., 2008; Setiyoko et al., 2019), 
three key parameters are typically derived from it:

• The Nugget Effect, representing the intrinsic measurement er-
ror (the average difference between measurements taken at two 
points that are very close together, effectively approximated as 
co-located).

• The Sill, which corresponds to the overall variance of the process 
(the average difference between measurements at two points 
separated by a large distance, theoretically infinite).

• The Range, which defines the maximum distance within which 
two points are considered correlated (the variogram values are 
lower than the sill for distances shorter than the range).

The choice of the specific variogram model is typically made through 
a trial-and-error process, using a held-out set of points for validation. 
Once the stochastic process is defined with a mean function and a 
variogram, the value of the parameter of interest at an unmeasured 
location can be estimated through statistical inference based on the 
locations where the parameter has been measured. It is also possible 
to provide an uncertainty interval for the estimate, though this interval 
should be regarded as a relative indicator of uncertainty, given the 
simplifying assumptions regarding the statistical distribution (Li and 
Heap, 2014).

More advanced variants of these methods exist, such as Kriging with 
External Drift (KED) and Co-Kriging (COK), which enable the use of 
additional parameters as covariables for the estimations. These tech-
niques are particularly useful when information regarding a parameter 
related to the original one is available (Yang et al., 2019), although this 
can present challenges in traditional applications where measurements 
are typically location-destructive (García-Pérez, 2021). This is highly 
relevant in offshore resource assessment, where parameters such as 
wave height, wind speed, and sea surface temperature often exhibit cor-
related behaviours. For example, Co-Kriging can leverage sea surface 
temperature as a covariable to improve wave height estimation. How-
ever, Co-Kriging typically involves only one covariable, since additional 
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variograms must be calculated for each pair of variable-covariable 
and covariable-covariable, adding computational complexity. Addition-
ally, Kriging techniques can model anisotropy effects by calculating 
multiple variograms in different directions (Kim and Deutsch, 2022). 
This feature is particularly valuable in offshore environments where 
spatial dependencies may vary over different directions. However, 
the computational cost of Kriging increases significantly with large 
datasets, particularly when modelling anisotropy. Hybrid approaches, 
such as combining Kriging with machine learning techniques, could be 
explored to enhance scalability without sacrificing accuracy.

3.1.3. Machine-learning based methods
Machine-learning-based methods view interpolation and regression 

as supervised learning problems, where a flexible model is trained 
to approximate the mapping from inputs (e.g., spatial coordinates, 
time, and possibly additional metocean covariates) to outputs (the 
parameter of interest). In contrast to classical geostatistical techniques, 
these approaches do not rely on a prescribed variogram or covariance 
model: instead, they infer spatial and temporal structure directly from 
the data, often through optimisation of a loss function. These methods 
can naturally incorporate high-dimensional, heterogeneous inputs and 
capture strong nonlinearities and complex interactions, at the price of 
larger data requirements, higher computational costs, and, in many 
cases, reduced interpretability compared to simpler deterministic or 
parametric statistical models.
3.1.3.1. Gaussian process regression. Gaussian Process Regressions
(GPRs) represent an abstraction and generalisation of Kriging tech-
niques beyond the geostatistical domain, incorporating methods typical 
of machine learning for parameter tuning (Ebden, 2015; Christianson 
et al., 2022). The theoretical definition of a Gaussian Process (GP) is 
a collection of stochastic variables, any finite subset of which follows 
a multivariate normal distribution (Williams and Rasmussen, 2006). 
As with Kriging, the parameter of interest is modelled as realisations 
of a stochastic process, characterised by a mean function, 𝑚(𝑥), and 
a covariance or kernel function, 𝐾(𝑥, 𝑥′) (equivalent to the variogram 
in Kriging techniques). This approach builds on foundational work in 
spatial statistics, as detailed in Cressie (1993).

Assuming a constant zero mean function and denoting 𝑋 as the 
matrix of all training input points (analogous to the locations of mea-
surements in Kriging), 𝑓 as the training output values (the actual 
measurements at the training points), 𝑋∗ as the testing input points (the 
points in the input space where we wish to estimate the output), and 
𝑓∗ as the estimated output at the testing points, this estimate follows 
a normal distribution with mean 𝐾(𝑋∗, 𝑋)𝐾(𝑋,𝑋)−1𝑓 and variance 
𝐾(𝑋∗, 𝑋∗) −𝐾(𝑋∗, 𝑋)𝐾(𝑋,𝑋)−1𝐾(𝑋,𝑋∗):

𝑓∗|𝑓,𝑋,𝑋∗ ∼ 
(

𝐾(𝑋∗, 𝑋)𝐾(𝑋,𝑋)−1𝑓,𝐾(𝑋∗, 𝑋∗)

−𝐾(𝑋∗, 𝑋)𝐾(𝑋,𝑋)−1𝐾(𝑋,𝑋∗)
)

. (18)

In the equation above, the   indicates the Normal distribution, while 
the | indicates a conditioning on the distribution. Not all functions 
can serve as kernels. However, new kernels can be constructed by 
taking linear combinations (with non-negative coefficients) of existing 
kernels. By combining multiple types of kernels, it is possible to capture 
distinct features of the dataset, with each kernel addressing a specific 
characteristic (Hamzi et al., 2021). The final kernel may contain a large 
number of parameters, particularly when the input dimension is high. 
These parameters are typically determined through iterative machine 
learning techniques, such as gradient descent, with respect to a chosen 
performance metric, such as the maximum likelihood estimator (MLE). 
However, more sophisticated methods for parameter tuning are also 
available (Manzhos and Ihara, 2023; Abdessalem et al., 2017).

A key advantage of Gaussian Process Regression (GPR) is its ver-
satility. Despite being abstract enough to serve as reliable surrogate 
models for a wide range of applications (Forrester and Keane, 2009), 
GPR remains interpretable due to the simplicity of their underlying 
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Fig. 7. Schematic representation of a Random Forest (RF), created as an 
ensemble of three Decision Trees (DTs).
Source: Adapted from E. Pasta et al. (2023).

concept. This interpretability distinguishes them from more complex 
machine learning techniques, such as neural networks, making it easier 
to incorporate physical laws and constraints into the models (Setiyoko 
et al., 2019). GPR’s ability to provide both predictions and uncertainty 
estimates makes it highly suitable for offshore resource assessment, 
where understanding variability and risk is critical. This capability is 
particularly valuable in offshore environments, where direct measure-
ments are sparse, and uncertainty quantification is crucial for decision-
making. Moreover, the flexibility of kernel selection allows GPR to 
model different spatial and temporal scales of metocean parameters.
3.1.3.2. Decision tree and Random Forests. A Decision Tree (DT) is a 
supervised learning technique commonly used for regression tasks. It is 
represented as a directed graph with a tree-like structure, beginning 
with a single root node where the input is introduced. Each node 
processes the input it receives and produces an output based on the 
input values.

Each node has precisely one incoming edge but can have two or 
more outgoing edges, resembling the branches of a tree. When the 
output of a node is computed, it can be sent along different branches 
if multiple outgoing edges are present. The specific branch is chosen 
depending on the output itself. Typically, this process involves binary 
decision-making (e.g., a Yes/No bifurcation), as illustrated in Fig.  7. 
Additionally, the function governing the input–output relationship at 
each node usually contains tunable parameters that are calibrated 
during the algorithm training phase.

To minimise some performance metrics in the results, it is common 
practice to use an ensemble of uncorrelated decision trees rather than 
relying on a single tree. This ensemble approach is known as a Random 
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Forest (RF) (Hastie and Tibshirani, 2008). Each individual DT produces 
an estimate, and the overall RF estimate is obtained by averaging 
the outputs of the individual trees. RFs are a specific example of 
bootstrap aggregation techniques, and, as with all bootstrap methods, 
they provide more robust predictions on unseen data compared to those 
produced by a single model. DTs and RFs have also been successfully 
applied to spatio-temporal interpolations (Akter et al., 2021; Requia 
et al., 2019), often yielding results comparable to, if not better than, 
traditional and geostatistical methods (Xiao et al., 2021). In offshore 
resource assessment, DTs and RFs offer significant advantages due to 
their ability to handle large, complex datasets with high dimensionality. 
In particular, RFs excel in situations where multiple covariates — such 
as wind speed, wave height, and sea surface temperature — interact 
in nonlinear ways. This makes them particularly well-suited for pre-
dicting metocean parameters across spatial and temporal scales, where 
traditional methods may struggle to capture intricate patterns. Another 
strength of RFs lies in their ability to rank the importance of different 
predictors, offering valuable insights into the relative influence of 
various metocean parameters.
3.1.3.3. Extremely randomised trees. Extremely Randomised Trees
(ERT), also known as ExtraTrees, is a variant of the Random Forest 
algorithm, designed to improve efficiency and randomness during the 
training process. While Random Forest constructs each decision tree 
by selecting the best split from a random subset of features at each 
node, ExtraTrees takes this randomness a step further. In ExtraTrees, 
the splitting thresholds are selected randomly, and not based on the 
optimisation of some performance metrics (Geurts et al., 2006).

This increased randomness introduces several notable effects. On 
the positive side, ExtraTrees offers faster training by eliminating the 
need for computationally expensive split optimisation, making it par-
ticularly efficient for large datasets. It also enhances robustness to 
overfitting, as the additional randomness helps prevent the model from 
fitting too closely to noisy data. Furthermore, ExtraTrees maintains 
good generalisation performance by leveraging ensemble averaging, 
similar to Random Forests, which ensures reliable predictions across 
various tasks. However, this added randomness can sometimes result 
in less precise splits, potentially reducing accuracy on highly structured 
datasets. Additionally, like other ensemble methods, ExtraTrees suffers 
from limited interpretability, making it more challenging to understand 
the underlying decision-making process compared to single decision 
trees. Despite these drawbacks, Extremely Randomised Trees have 
proven effective in both regression and classification tasks, often match-
ing or surpassing the performance of Random Forests, especially in 
scenarios that demand faster computation or involve high-dimensional 
data. In offshore resource assessment, Extremely Randomised Trees 
are particularly useful for tasks involving large-scale spatial and tem-
poral interpolation of metocean parameters. The faster training time 
of ExtraTrees allows for rapid model updates as new data becomes 
available, which is critical in dynamic offshore environments where 
conditions can change rapidly. Another advantage is their robustness 
to noise, which is often present in offshore measurements due to sen-
sor inaccuracies, environmental disturbances, or data gaps. ExtraTrees 
can effectively smooth out these inconsistencies, providing reliable 
estimates of key parameters such as wave energy potential or wind 
farm productivity. However, their reduced interpretability can be a 
drawback in scenarios where understanding the influence of individ-
ual predictors is crucial for decision-making, such as optimising the 
layout of offshore energy infrastructure or assessing the impact of 
environmental factors on energy production.
3.1.3.4. Neural networks. Similar to tree-based structures, Artificial 
Neural Networks (ANNs) are computational models represented by a di-
rected graph. However, they differ from DTs in the sense that ANNs are 
inspired by the structure and functioning of biological brains. The most 
common type of neural network is the Deep Neural Network (DNN), 
where the nodes (often called neurons) are organised into layers. In 
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Fig. 8. Schematic representation of a DNN.
Source: Adapted from E. Pasta et al. (2023).

a fully connected network, each node in a given intermediate layer 
receives inputs from all the nodes in the previous layer and transmits 
its outputs to all the nodes in the subsequent layer, as depicted in 
Fig.  8. Each neuron performs a weighted sum of its inputs and then 
applies an activation function to produce its output. The weights and 
parameters within the activation function are tunable and must be 
optimised during the training phase. It can be shown that sufficiently 
complex ANNs are universal function approximators, meaning they 
can approximate any arbitrarily complex function (Hastie and Tibshi-
rani, 2008). Beyond DNNs, various other architectures are employed, 
such as Recurrent Neural Networks (RNNs), where outputs can be fed 
back to previous neurons. A notable example of this is Long Short-
Term Memory Networks (LSTM-NNs), which are particularly useful in 
forecasting tasks where the system exhibits memory properties (Ma 
et al., 2019). Other neural network architectures commonly used for 
spatial predictions and image processing include Convolutional Neural 
Networks (CNNs) and Encoder–Decoder Networks.

Neural networks offer several advantages and disadvantages when 
applied to interpolation and regression tasks. On the positive side, 
they excel at modelling highly complex, non-linear relationships be-
tween inputs and outputs, which is particularly valuable in domains 
like metocean data where interactions can be intricate and multi-
dimensional. Additionally, they can generalise well when provided with 
sufficient training data, making them versatile for both interpolation 
and forecasting tasks. However, neural networks come with notable 
challenges. One major drawback is their lack of interpretability (it is 
often difficult to extract insights on how the model arrives at specific 
predictions, especially in deep architectures). This can be a limiting fac-
tor in fields where understanding the underlying data relationships is 
crucial. Moreover, they are computationally intensive, requiring signif-
icant computational resources and time, particularly for training large 
models or running hyperparameter optimisation. Neural networks are 
also data-hungry, often requiring large datasets to prevent overfitting 
and achieve robust performance. Neural networks have shown great 
promise in offshore resource assessment, where they can capture the 
complex, nonlinear interactions between various metocean parameters, 
such as wave height, wind speed, and ocean currents. However, the 
computational demands and lack of interpretability remain signifi-
cant challenges. To address these challenges, hybrid approaches that 
combine neural networks with more interpretable models or post-hoc 
explainability tools can be explored.
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3.1.3.5. Data interpolating empirical orthogonal functions. Data Interpo-
lating Empirical Orthogonal Functions (DINEOF) is a technique pri-
marily employed for reconstructing images with missing data, such as 
satellite images partially obscured by clouds. Typically, a collection of 
images is reshaped into a series of vectors, which are then combined 
into a single matrix. The mean is computed and subtracted, and the 
missing pixels are initially assigned a value of zero.

The Empirical Orthogonal Functions (EOFs) of the resulting matrix 
𝑋 ∈ 𝑅𝑁𝑥𝑀  are then calculated using Singular Value Decomposition 
(SVD). Here, 𝑁 denotes the number of pixels per image, and 𝑀
represents the number of images. Only the EOFs associated with sin-
gular values exceeding a predefined threshold are retained, and these 
are used to reconstruct an approximation 𝑋̃ of the original matrix 
𝑋, including the previously missing pixels. This process is iteratively 
repeated on the updated matrix until a specified convergence criterion 
is satisfied. In matrix notation, the decomposition is expressed as: 
𝑋 = 𝑈𝛴𝑉 ⊺ (19)

𝑋̃ =
𝑘
∑

𝑖=1
𝑢𝑖𝜎𝑖𝑣

⊺
𝑖 , 𝑘 < min(𝑁,𝑀), (20)

where 𝛴 ∈ 𝑅𝑁×𝑀  is a rectangular diagonal matrix containing the 
singular values of the original matrix 𝑋 (the eigenvalues of 𝑋𝑋⊺), 
ordered in descending magnitude, with 𝛴𝑖𝑖 = 𝜎𝑖. The matrix 𝑈 ∈ 𝑅𝑁×𝑁

consists of the left singular vectors, whose columns 𝑢𝑖 ∈ 𝑅𝑁  are the 
eigenvectors of 𝑋𝑋⊺, while 𝑉 ∈ 𝑅𝑀×𝑀  is the matrix of right singular 
vectors, with columns 𝑣𝑖 ∈ 𝑅𝑀 , the eigenvectors of 𝑋⊺𝑋.

Typically, the matrix 𝑋 is arranged such that each column rep-
resents all the data points at a specific time instant, and each row 
contains all the data for a particular point across different time instants. 
Under this configuration, the matrix 𝑈 represents the most common 
spatial patterns within the dataset, arranged from the most dominant 
to the least, whereas 𝑉  captures the temporal evolution of these spatial 
patterns (for instance, 𝑣1 describes how much of the first spatial pattern 
is present at each time instant) (Kutz and Brunton, 2008). Therefore, 
the reconstruction using the first 𝑘 principal singular values is the 
best rank-𝑘 approximation of the matrix 𝑋. The ability to separate 
spatial patterns from their temporal evolution makes this technique 
particularly well-suited for datasets consisting of multiple images taken 
over time from the same region. However, since this approach requires 
flattening the two-dimensional images into one-dimensional vectors, 
some spatial information is inevitably lost. To account for the inherent 
two-dimensional structure of images, a more advanced variant called 
Tensor Interpolating Empirical Orthogonal Functions (TIEOF) has been 
developed (Kupilik, 2016; Chen et al., 2020). In this method, the afore-
mentioned steps are performed using tensors instead of conventional 
two-dimensional matrices, preserving more of the spatial structure. 
DINEOF is particularly well-suited for offshore resource assessment, 
where data gaps frequently arise in satellite observations due to cloud 
cover or technical limitations in sensor coverage. The separation of 
spatial and temporal patterns provided by EOFs enables DINEOF to 
effectively capture both the spatial heterogeneity and temporal vari-
ability of these parameters, offering insights into seasonal trends or 
regional anomalies in offshore environments. However, its reliance 
on matrix flattening introduces a trade-off between computational 
efficiency and the preservation of spatial relationships. For offshore ap-
plications requiring finer spatial resolution, TIEOF offers a compelling 
alternative by retaining more spatial structure, which can enhance the 
accuracy of resource assessments in complex regions like coastal zones 
or areas with significant bathymetric variability.

3.2. Typical performance metrics

The quality of interpolation is evaluated using one or more per-
formance metrics, similar to traditional predictive algorithms. These 
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metrics are functions of the errors obtained during validation, each 
providing insight into different aspects of the errors. Below are the 
most commonly employed performance metrics, along with their math-
ematical formulations and practical explanations. Here, 𝑦𝑜 denotes 
the observed (true) value of the parameter, while 𝑦𝑝 represents the 
predicted value generated by the algorithm, such that the prediction 
error is given by 𝑦𝑜 − 𝑦𝑝. The total number of errors is denoted by 𝑁 .

• Bias or Mean Error (ME): As the name implies, this is the mean 
of all the errors, considering their sign: 

𝐵𝑖𝑎𝑠 = 1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑜𝑖 − 𝑦𝑝𝑖). (21)

A bias different from zero indicates a systematic error in the pre-
dictions, implying a consistent overestimation or underestimation 
of the parameter in question.

• Mean Absolute Error (MAE): This is the mean of the absolute 
values of the errors, without considering their sign: 

𝑀𝐴𝐸 = 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑜𝑖 − 𝑦𝑝𝑖|. (22)

The MAE can be interpreted as the equivalent average error, 
where each individual error is weighted equally.

• Root Mean Square Error (RMSE): This is the square root of the 
sum of squared errors divided by the total number of errors: 

𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑜𝑖 − 𝑦𝑝𝑖)2. (23)

Like the MAE, the RMSE represents an average error, but it 
tends to penalise larger errors more heavily due to the squaring 
of the error terms. Both the MAE and RMSE have normalised 
versions, which can be obtained by considering the relative errors, 
𝑦𝑜𝑖 − 𝑦𝑝𝑖

𝑦𝑜𝑖
, instead of the absolute errors 𝑦𝑜𝑖 − 𝑦𝑝𝑖.

• Mean Absolute Percentage Error (MAPE): This is the mean of 
the absolute values of the percentage errors, without considering 
their signs (like the MAE but with percentage errors instead): 

𝑀𝐴𝑃𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑜𝑖 − 𝑦𝑝𝑖
𝑦𝑜𝑖

|

|

|

|

× 100 (24)

MAPE provides a percentage measure of prediction accuracy, 
making it intuitive for comparing error magnitudes across differ-
ent scales.

• Coefficient of Determination (𝑅2) or Goodness of Fit: This perfor-
mance metric is calculated as one minus the ratio of the sum of 
squared residuals to the total sum of squares: 

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑦
𝑜
𝑖 − 𝑦𝑝𝑖 )

2

∑𝑁
𝑖=1(𝑦

𝑜
𝑖 − 𝑦𝑜)2

, (25)

where 𝑦𝑜 is the average of the observed values, defined as 𝑦𝑜 =
1
𝑁

∑𝑁
𝑖=1 𝑦

𝑜
𝑖. The total sum of squares, ∑𝑁

𝑖=1(𝑦
𝑜
𝑖 − 𝑦𝑜)2, represents 

the total variance of the observed data (ignoring a multiplicative 
constant). The 𝑅2 value indicates the proportion of the variance 
in the observed data that is explained by the predictions, as the 
numerator ∑𝑁

𝑖=1(𝑦
𝑜
𝑖 − 𝑦𝑝𝑖 )

2 represents the residual variance after 
the predictions—essentially the variance of the prediction errors. 
Hence, 𝑅2 is also referred to as the explained variance, since it 
quantifies the fraction of variance captured by the predictions.

4. Description of the interpolation case studies

As previously discussed, three main families of interpolation tech-
niques have been considered in this work, along with a fourth category 
encompassing hybrid techniques and studies focusing on comparisons. 
Here with the term ‘‘case study’’ it is indicated an article that uses 
an interpolation or regression technique for some parameter in the 
offshore sector.
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4.1. Deterministic interpolation case studies

Deterministic methods implicitly assume that metocean fields vary 
smoothly with distance and that local proximity is a sufficient proxy 
for similarity, without explicitly modelling measurement errors or un-
certainty. They require relatively few inputs and are most commonly 
used in offshore workflows as quick baselines, for local gap filling, or 
for preprocessing/simplifying datasets when data are moderately dense 
and physics-informed uncertainty estimates are not essential.

Deterministic interpolators represent the simplest category of inter-
polation methods addressed here. Among the reviewed studies, only 
five articles focus specifically on deterministic techniques, though many 
hybrid or comparison-based studies also include these methods, such 
as Wei et al. (2019). All of these deterministic techniques involve 
fitting a predefined function to a set of training points across the 
entire domain. Due to their simplicity, these methods typically cannot 
incorporate any physical information from a model, and thus the 
interpolation is generally performed using only the available data.

Jones et al. (2015) and Liu et al. (2014) provide examples of tradi-
tional interpolation techniques. Jones et al. (2015) utilises the publicly 
available satellite database SOCAT to perform spatiotemporal inter-
polation of ocean surface CO2 concentrations using standard splines 
and harmonic functions. Validation of the reconstruction is conducted 
by ensuring that the statistical distribution of the process does not 
undergo any significant changes. In a similar vein, Jahanmard et al. 
(2022) applies linear interpolation, Inverse Distance Weighting (IDW), 
and Thin Plate Spline (TPS) methods to fit a set of points, although 
the focus of this study is on merging data from various sources (tide-
gauge, hydrodynamic models, and satellite altimetry) and interpolating 
the errors relative to numerical simulations, rather than on sea level 
itself. The results indicate that IDW provides the most accurate and 
realistic outcomes.

Another comparative study on deterministic interpolation methods 
is found in Knysh et al. (2022), which compares three approaches for 
considering the vertical evolution of current velocity: averaging, linear 
interpolation, and Radial Basis Function (RBF) interpolation. Since the 
current velocity data is used as input for numerical simulations, the 
study evaluates how these different interpolation methods impact the 
simulation results. It demonstrates that the simplifications of linear 
interpolation, and even more so the simple mean, lead to less realistic 
outcomes compared to RBF interpolation.

More advanced deterministic interpolation techniques are presented 
by Liu et al. (2014) and Støle-Hentschel et al. (2021). Liu et al. (2014) 
introduces two methods — the wavelet-refined cubic method and the 
fractal method — for filling time gaps in in-situ measurements, com-
paring their performance against standard splines using data from two 
different sites. The proposed techniques outperform the spline method, 
with the wavelet method excelling at one site and the fractal method 
at the other. In a similar vein, Støle-Hentschel et al. (2021) explores 
the use of a deconvolution operator to reconstruct temporal gaps in in-
situ wave measurements. Wave elevation is reconstructed using both 
simulated numerical data (JONSWAP) and real in-situ measurements. 
The robustness of the method is further tested by introducing artificial 
noise into the data, demonstrating that the technique can tolerate noise 
with an amplitude up to 10% of the signal amplitude.

Table  2 provides a summary of the reviewed study employing de-
terministic interpolation applications (for the meaning of the different 
employed symbols, the reader should refer to Table  1).

4.2. Statistical and geostatistical interpolation case studies

Statistical and geostatistical approaches assume an underlying
stochastic structure (e.g., covariance/variogram or error statistics) and 
therefore treat both observations and, when available, model outputs 
as noisy information sources that can be optimally combined. They 
typically require enough data to estimate correlation/error parameters 
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Table 1
Reference guide to read Tables presented in this study.
Column Brief description
Ref. List of reviewed studies.
Domain Type of relation that the model attempts to reconstruct (Space, Time).
Model Information regarding the adoption of data generated from a numerical model:

• ⧫: Only data and no model information used.
• ⧫: Also the information from a numerical model is used.

Specific technique Type of technique employed to solve the interpolation and regression problems.
Metocean variable Metocean variable that is interpolated within the referenced study.
Performance metric Metric employed to evaluate the performance of the interpolator/regressor during the validation process.
Input type Source of data considered within the synthesis of the interpolator/regressor:

• ■: Data coming from a simulated dataset.
• ■: Data coming from in-situ measurements.
• ■: Data coming from satellite image-like measurements.
• ■: Data coming from satellite along-track measurements.
Table 2
Summary table of the reviewed study employing deterministic interpolation.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Jones et al. (2015) Space, Time ⧫ Curve fitting 𝑓CO2 𝑅𝑀𝑆𝐸,𝑅2 ■
Liu et al. (2014) Time ⧫ Wavelet refined method and fractal method 𝐻𝑠 𝑅𝑀𝑆𝐸,𝑅2 ■

Støle-Hentschel et al. (2021) Time ⧫ Deconvolution Wave elevation 𝑅𝑀𝑆𝐸 ■
Jahanmard et al. (2022) Space ⧫ Linear interpolator, IDW, TPS Sea level 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸 ■■
Knysh et al. (2022) Space ⧫ Mean, Linear interpolator, RBF Current velocity Effects on the simulation ■
(or to justify prescribed ones) and are particularly suited to offshore 
energy use cases where sparse in-situ/satellite observations must be 
merged with hindcasts or reanalyses while retaining uncertainty aware-
ness (e.g., resource mapping, bias reduction, and operational decision 
support).

Statistical and geostatistical techniques represent more advanced 
interpolation methods, typically capable of directly addressing un-
certainty arising from noise in the measurement system and/or in-
corporating information about the physical process through a model, 
as is common in Data Assimilation (DA) techniques. These methods 
can generally be divided into two main categories: Kriging methods 
(Urquhart et al., 2013; Saulquin et al., 2019; Jia and Taflanidis, 2013; 
Yin et al., 2022) and DA techniques (Barth et al., 2008; Rusu, 2015; 
Modi et al., 2022; Houghton et al., 2023; Smit et al., 2021; Sluka et al., 
2016; Emmanouil et al., 2012; Houghton et al., 2022; Ni et al., 2022; 
Jincan Liu et al., 2023; Wu et al., 2023).

The only case study considered here that does not fall into one of 
these two categories is (Modi et al., 2022), which addresses gaps in 
satellite images of chlorophyll using a probability distribution-based 
approach and the Monte Carlo Multiple Imputation (MCMI) method. 
This statistical technique handles missing data by generating multiple 
imputed datasets, each containing plausible values for the missing 
data. These multiple imputations are then combined to provide a more 
accurate estimate of the variable of interest while also accounting for 
the uncertainty associated with the missing data.

The Kriging case studies discussed here primarily utilise Ordinary 
Kriging (OK), with some incorporating additional post-processing, ex-
cept for Urquhart et al. (2013), which compares OK and Universal 
Kriging (UK) for gap-filling in satellite data on sea surface tempera-
ture (SST) and sea surface salinity (SSS) in the Chesapeake Bay. The 
findings indicate that UK outperformed OK, particularly in the upper 
bay for SSS and during summer months for both SSS and SST. This 
improvement is likely due to UK incorporating latitude as a predictor 
in its mean function, which is absent in traditional OK. With specific 
modifications, Kriging can also account for anisotropy in the process 
and extend the domain from spatial to spatiotemporal dimensions, as 
demonstrated in Saulquin et al. (2019), where both anisotropy and 
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temporal differences are transformed into equivalent spatial distances. 
Kriging requires the inversion of a matrix with dimensions equal to the 
number of training points, which can lead to computational challenges 
when the dataset is too large. A potential solution to this issue is 
presented by Jia and Taflanidis (2013), where OK interpolation for 
hurricane risk is combined with Principal Component Analysis (PCA) to 
reduce the problem’s dimensionality. A final example of OK is provided 
by Yin et al. (2022), where fish population density measurements from 
satellites and echosounders are spatially extrapolated using OK, and the 
results are analysed using a Generalised Additive Model (GAM), finding 
a significant relationship between fish population density and biomass 
distribution.

DA techniques involve updating an initial estimate of a system state 
(known as the background state) by incorporating measurements of 
the system, which are often subject to noise. Among the techniques 
discussed in the analysed studies, the most fundamental is the ‘‘vanilla’’ 
Optimal Interpolation (OI). OI is particularly effective for merging 
datasets from different measurement systems, as demonstrated in Barth 
et al. (2008), where OI is used to combine sea surface temperature 
(SST) and sea surface salinity (SSS) data from various satellite sources. 
Similarly, in Emmanouil et al. (2012), 𝐻𝑠 measurements from satellites 
and in-situ observations are first processed with a statistical Kalman 
filter and then interpolated in regions lacking measurements using OI. 
In Ni et al. (2022), OI ability to merge data from different sources 
is leveraged to enhance the resolution of SST images. By combining 
low-resolution, cloud-penetrating microwave satellite data with high-
resolution but cloud-sensitive infrared satellite images, OI effectively 
fuses the datasets, resulting in improved coverage and resolution while 
capitalising on the strengths and mitigating the weaknesses of each 
dataset. OI is also well-suited for long-term data assimilation. For 
instance, Rusu (2015) conducted a 15-year hindcast of 𝐻𝑠 in the Black 
Sea, identifying it as a region of interest for wave energy exploitation. 
However, Smit et al. (2021) points out a limitation of OI when dealing 
with extended time periods: in cases where 𝐻𝑠 is heavily influenced 
by wind speed, the improvements made to the background state by OI 
are less permanent, as the problem becomes more dynamic, akin to 
one driven by an external force. In contrast, when wind speed is less 
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Table 3
Summary table of the reviewed studies employing Kriging-based interpolation techniques.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Urquhart et al. (2013) Space ⧫ OK, UK 𝑆𝑆𝑆, 𝑆𝑆𝑇 𝐵𝑖𝑎𝑠,𝑀𝐴𝐸,𝑅𝑀𝑆𝐸,𝑅2 ■
Saulquin et al. (2019) Space, Time ⧫ Kriging with anisotropic covariance 𝑐ℎ𝑙 − 𝛼 𝐵𝑖𝑎𝑠, 𝑅, 𝑆𝐼 ■

Jia and Taflanidis (2013) Space, Time ⧫ Kriging with PCA Hurricane risk 𝑀𝐴𝐸,𝑅2 ■
Yin et al. (2022) Space ⧫ OK Fish populations 𝑅2 , 𝑅 ■
Table 4
Summary table of the reviewed studies employing Data Assimilation and other statistical interpolation techniques.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Barth et al. (2008) Space ⧫ OI 𝑆𝑆𝑆, 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸 ■

Rusu (2015) Space ⧫ OI 𝐻𝑠 𝑀𝐴𝐸,𝑅𝑀𝑆𝐸,𝑅, 𝑆𝐼 ■
Modi et al. (2022) Space ⧫ MCMI 𝑐ℎ𝑙 − 𝛼 𝑅𝑀𝑆𝐸 ■

Houghton et al. (2023) Space, Time ⧫ LETKF 𝐻𝑠 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸 ■■
Smit et al. (2021) Space, Time ⧫ OI 𝐻𝑠 𝑅𝑀𝑆𝐸 ■
Sluka et al. (2016) Space, Time ⧫ LETKF 𝑆𝑆𝑆, 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑅2 ■■

Emmanouil et al. (2012) Space, Time ⧫ Statistical Kalman filter with OI 𝐻𝑠 𝐵𝑖𝑎𝑠,𝑀𝐴𝐸,𝑅𝑀𝑆𝐸 ■■
Houghton et al. (2022) Space, Time ⧫ OI Wave directional spectra 𝑅𝑀𝑆𝐸 ■
Mao et al. (2023) Space, Time ⧫ 4d-Var 𝑆𝑆𝐻,𝑆𝑆𝑇 , 𝑆𝑆𝑆 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅 ■■
Ni et al. (2022) Space, Time ⧫ OI 𝑆𝑆𝑇 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸 ■

Jincan Liu et al. (2023) Space, Time ⧫ Ensemble based OI 𝐻𝑠 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸,𝑅 ■■
Wu et al. (2023) Space, Time ⧫ Ensemble based OI 𝐻𝑠 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸,𝑅 ■
significant, the system behaves more like an initial condition problem, 
and the updates remain more stable. A final example of standard 
OI usage is found in Houghton et al. (2022), where wave spectra 
data from over 600 Sofar Spotter buoys are assimilated into model 
spectra produced by the WW3 wave model. The assimilation process, 
performed using OI, significantly improves forecasts, with recorded 
enhancements of approximately 38% for 𝐻𝑠 and around 45% for other 
wave parameters.

A variation of standard Optimal Interpolation (OI) is the Ensemble 
OI (EnOI), as employed in Wu et al. (2023) and Jincan Liu et al. 
(2023). EnOI combines ensemble-based methods with the OI approach. 
While traditional OI uses a single numerical simulation for the back-
ground state and observational data to estimate the system’s state, EnOI 
involves running multiple simulations or model forecasts (ensemble 
members) to represent the uncertainty in the system. These ensemble 
members are generated by perturbing the initial conditions, boundary 
conditions, or physical parameters of the numerical model, thereby 
producing a range of plausible scenarios. This approach captures the 
variability in the system and enhances the robustness of the analysis. 
The resulting background states are then utilised during the assimila-
tion process. In Jincan Liu et al. (2023), the use of EnOI demonstrates 
quantifiable improvements in 𝐻𝑠 forecasts after assimilating satellite 
and in-situ measurements. The data assimilation reduces systematic 
prediction errors and reveals that the numerical simulations are gener-
ally more accurate offshore compared to nearshore. Similarly, Wu et al. 
(2023) applies EnOI for 𝐻𝑠 data assimilation, with results validated 
against two in-situ devices. Improvements ranging from 3% to 11% 
were observed for one device, and from 7% to 44% for the other. In 
both studies, nearshore regions presented more challenges, suggesting 
that DA has a greater effect offshore. This could be attributed to the 
fact that both satellite measurements and numerical simulations are less 
reliable in shallow waters, where nonlinear processes are more preva-
lent. An example of the use of variational DA techniques in the offshore 
sector is provided by Mao et al. (2023), where satellite images and 
in-situ measurements are assimilated into a numerical model using 4D-
Var to update predictions of sea surface height (SSH), SST, subsurface 
temperature, and subsurface salinity. After assimilation, all parameters 
showed reduced RMSE in validation, and the resulting distributions 
appeared more realistic than the original estimates. Sluka et al. (2016) 
and Houghton et al. (2023) are the only case studies in this review 
that perform strongly coupled DA using the Local Ensemble Transform 
Kalman Filter (LETKF). In Sluka et al. (2016), SST and SSS are updated 
using satellite data, while Houghton et al. (2023) integrates in-situ 
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measurements from Sofar Spotter wave buoys and satellite altimetry 
data to perform DA on 𝐻𝑠 from the WAVEWATCH III (WW3) model. 
Both studies show that strongly coupled DA using LETKF yields more 
accurate and realistic results than weakly coupled DA (e.g., standard 
OI), although it requires significantly more computational resources.

Tables  3 and 4 provide a summary of the reviewed studies em-
ploying statistical and geostatistical interpolation and regression tech-
niques, with Table  3 reporting the Kriging-based case studies and 
Table  4 reporting the case studies DA or other statistical interpolation 
techniques.

4.3. Interpolation through machine learning techniques case studies

Machine-learning methods assume that the input–output relation-
ship can be learned from data with limited a priori structure, en-
abling flexible nonlinear mappings and the use of many covariates 
(e.g., winds, bathymetry, currents, remote-sensing features). They gen-
erally require larger and more representative training datasets and are 
most attractive in offshore energy applications involving complex non-
linear dynamics, heterogeneous predictors, or image-like satellite prod-
ucts (e.g., gap filling of gridded fields, high-resolution downscaling, and 
surrogate modelling of numerical simulations).

The majority of the studies reviewed in this article use machine 
learning (ML) techniques for interpolation, which are particularly well-
suited to the offshore sector due to the nonlinearities prevalent in 
marine environments. While the primary drawback of ML methods has 
traditionally been their need for vast amounts of data, this limitation is 
increasingly being alleviated by the expanding availability of satellite 
data. Of the 45 articles reviewed, nearly all can be classified into three 
main categories.:

• Tree-based algorithms: primarily Random Forest (RF) and Ex-
tremely Randomised Trees (ERT).

• Neural network (NN)-based algorithms, where the interpolation 
is performed by a NN-like model.

• Empirical Orthogonal Function (EOF)-based techniques, such as 
DINEOF, Principal Component Analysis (PCA), or Proper Orthog-
onal Decomposition (POD).

Across ML case studies reviewed, 23 employ neural-network models, 
6 adopt tree-based regressors and 14 rely on EOF-family approaches. 
Only two papers deviate from these classifications: Wang and Chaib-
draa (2017) and Albuquerque et al. (2018). Wang and Chaib-draa 
(2017) employs a Marginalised Particle Filter with a Gaussian Process 
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Regression (MPGP) to interpolate global surface temperatures, allow-
ing the GPR to scale more effectively. The proposed method is then 
compared to two other sparse GPR variants — the Sparse Pseudo-Input 
Gaussian Process (SPGP) and the Sparse Spectrum Gaussian Process 
(SSGP) — which are alternative approaches for reducing the complexity 
of GPR, albeit at the expense of some accuracy. The results indicate that 
MPGP outperforms the other methods in both accuracy and computa-
tional efficiency. Instead, Albuquerque et al. (2018) utilises Multiple 
Linear Regression (MLR) to hindcast satellite altimeter data into the 
results of a numerical simulation. The proposed method enhances the 
accuracy of the numerical model and highlights the advantages of 
separating wave contributions from wind-sea and swell partitions.

In examining tree-based techniques, it appears that they are pri-
marily applied to spatial prediction tasks, with only one exception 
(i.e. Chen et al. (2021)) which also addresses temporal interpolation. 
Both Li et al. (2013, 2016) explore the use of Random Forest (RF) for 
spatial prediction of seabed hardness based on in-situ measurements. Li 
et al. (2013) implements RF in R and demonstrates the model ability to 
differentiate between hard and soft substrates across four geomorpho-
logically complex areas in the Joseph Bonaparte Gulf. In contrast, Li 
et al. (2016) reframes the problem as a classification task rather than 
a regression one, with the output indicating two possible hardness 
levels. Additionally, Li et al. (2016) highlights how RF is particularly 
advantageous when numerous covariates are available for predicting 
the target variable (in this case, 41 covariates were used, such as 
bathymetry and planar curvature). Both Chen et al. (2021) and Mounet 
et al. (2023) employ an RF-based surrogate model, trained and vali-
dated with in-situ data, to replicate the results obtained from SWAN 
simulations. These studies show that the RF model retains the accuracy 
of the numerical simulation while significantly reducing computational 
time. Mounet et al. (2023) further investigates the integration of the 
ship-as-wave-buoy concept with standard buoy networks, revealing 
that while the RF model delivers low prediction errors for scalar param-
eters (e.g., 𝑇𝑝 and 𝑇𝑒), it produces substantial errors when estimating 
the principal directions of the wave spectrum. A different application of 
tree-based surrogate models is presented in Chen et al. (2019) and Park 
et al. (2019), where these models are used to reconstruct satellite 
images of chlorophyll-𝛼 (𝑐ℎ𝑙 − 𝛼) in ocean regions. Chen et al. (2019) 
trains a Random Forest Regression Ensemble (RFRE) to map 𝑐ℎ𝑙 − 𝛼
in the Yellow Sea and East China Sea, showing that the RFRE can 
spatially extend measurements without compromising their quality. 
Similarly, Park et al. (2019) reconstructs ocean colour in polar regions, 
comparing RF with Extremely Randomised Trees (ERT). After an initial 
assessment, other methods such as linear and logistic regression were 
discarded. The results, validated with in-situ measurements, show that 
ERT slightly outperforms RF.

Unlike tree-based techniques, neural network (NN)-based methods 
are widely employed for interpolation tasks across space, time, and 
spacetime domains. Certain architectures are particularly suited to 
specific tasks: Long Short-Term Memory networks (LSTM-NNs) are 
commonly favoured for time and spacetime interpolation, whereas Con-
volutional Neural Networks (CNNs) are typically preferred for spatial 
predictions. Given that measuring buoys often experience downtime for 
maintenance, leading to temporal data gaps, both Vieira et al. (2020) 
and Cuadra et al. (2016) propose neural networks to address this issue. 
The former employs a Feedforward Neural Network (FFNN), while 
the latter uses an Extreme Learning Machine (ELM), a type of NN, to 
fill gaps in wave parameter recordings. Both studies demonstrate that 
these techniques can accurately fill temporal gaps with performance 
comparable to numerical models, without requiring specific a priori 
knowledge of the system—something typically needed by numerical 
models. Similarly, Oo and Zhang (2022) and Peres et al. (2015) use 
FFNNs for spatial interpolation of wave parameters from in-situ mea-
surements. Oo and Zhang (2022) develops a spatial FFNN to assimilate 
in-situ data into the results of a nearshore numerical model (WW3), 
showing that the FFNN improves the simulation results, although these 
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improvements diminish with increasing distance from the assimilation 
devices. Peres et al. (2015) applies an FFNN to extend 𝐻𝑠 from in-
situ measurements, incorporating 6-hour averaged 10 m wind speed 
from a reanalysis dataset as an additional input. The results, compared 
with those from a numerical model, show that the FFNN delivers 
superior accuracy with reduced computational time. Tapoglou et al. 
(2021) also utilises an ensemble of Artificial Neural Networks (ANNs) 
to analyse satellite images and generate spatial maps of 𝐻𝑠 at an 
offshore wind farm. Validation with in-situ buoys shows that the errors 
are comparable to those of numerical models. Krasnopolsky et al. 
(2016) similarly employs an ensemble of NNs to fill gaps in satellite-
derived ocean colour data, demonstrating that the ensemble approach 
outperforms a single NN in this task. Further advancements are seen 
in Medina-Lopez and Ureña-Fuentes (2019), where a Deep Neural Net-
work (DNN) is developed to interpolate and extrapolate high-resolution 
Sea Surface Salinity (SSS) and Sea Surface Temperature (SST) using 
satellite and in-situ data. Despite being interpolated independently, 
the results affirm the known correlation between SSS and SST, with 
the algorithm producing high-resolution outputs with acceptable error 
margins. Chen and Hu (2017) also proposes an approach to enhance 
the spatial resolution of satellite-derived SSS measurements by using 
a Multi-Layer Perceptron (MLP) NN, which takes SST and satellite-
measured reflectance as covariates. This model successfully produces 
near-real-time 1 km-resolution maps of SSS, though its performance 
declines in areas with algal blooms or upwellings. The MLP architecture 
is also applied in temporal reconstructions, as seen in James et al. 
(2018) and Feng et al. (2020), both of which integrate numerical simu-
lations from the SWAN model. In James et al. (2018), the MLP is used 
to forecast 𝐻𝑠, while a Support Vector Machine (SVM) classifies 𝑇𝑝.2 
The results indicate that these surrogate models provide slightly less 
accuracy than the original numerical model but with only 10−3 times 
its computational time. Similarly, Feng et al. (2020) develops an MLP 
to forecast wave parameters on Lake Michigan, achieving comparable 
results to simulations using just from 5×10−5 to 10−4 times the original 
computational time. However, higher errors are observed in shallow 
water, likely due to increased nonlinearity in such regions. NNs can also 
be applied to global reconstructions, although with reduced resolution. 
For instance, Zeng et al. (2014) uses a Feedforward NN (FFNN) to 
perform spatio-temporal interpolation of sea surface CO2, achieving a 
1◦ × 1◦ grid resolution. The results indicate that the network effectively 
captures the system nonlinearities and that a single network suffices to 
model sea surface CO2 on a global scale.

As previously mentioned, Convolutional Neural Networks (CNNs) 
are among the most commonly used NN architectures for spatial inter-
polation tasks, as demonstrated in Jörges et al. (2023). Additionally, 
they are frequently employed for ‘‘space forecasting’’, where the input 
consists of current 2D maps, and the output is a predicted future map, 
as seen in Rajabi-Kiasari et al. (2023) and Bai et al. (2022). In Bolton 
and Zanna (2019), a CNN is trained using satellite altimetry images to 
reconstruct subfilter eddy momentum forcings, 𝑆𝑥 and 𝑆𝑦, across both 
space and time. The study shows that the algorithm can accurately 
predict both subgrid and large-scale processes, and it is capable of 
incorporating physical constraints, such as momentum conservation, 
through careful hyperparameter tuning. However, the computational 
cost is relatively high, and the paper concludes by suggesting various 
approaches to reduce this, albeit at the expense of some accuracy. 
In Jörges et al. (2023), a CNN is proposed to spatially interpolate 
𝐻𝑠 measurements from in-situ data, incorporating bathymetry as a 
covariate. Since bathymetry is dynamic, its evolution is simulated 
using random field simulations, which are effectively Gaussian Process 
Regression (GPR) reconstructions. The results, validated against held-
out in-situ devices and compared with SWAN simulations, show that 

2 Although 𝑇𝑝 is a continuous variable, it was discretised into distinct 
categories, allowing it to be treated as a classification problem for the SVM 
model.
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the CNN achieves near-simulation-level performance (with an RMSE 
of 0.23 m, compared to 0.218 m for SWAN) while reducing com-
putational costs by a factor of 300,000. A different application of 
CNNs is presented in Wei and Davison (2022), where the algorithm 
is used to forecast nearshore wave conditions. The training and testing 
data are generated by the non-hydrostatic numerical model SWASH, 
and the results show that the CNN is able to accurately predict the 
dynamics of the simulated system. The remaining two papers, Rajabi-
Kiasari et al. (2023) and Bai et al. (2022), focus on bidimensional 
forecasting. In Rajabi-Kiasari et al. (2023), a 2D-CNN is developed to 
take as input an accurate map of the current topography, alongside 
information on wind speed and direction, surface pressure, and tem-
perature from various datasets and satellite measurements, with the 
output being predicted future topography maps. Similarly, Bai et al. 
(2022) develops a 2D-CNN for forecasting wave (𝐻𝑠) and wind (U10 
and V10) parameters, training the algorithm on a numerical dataset 
and validating the results against in-situ measurements.

Recurrent Neural Networks (RNNs) are a class of neural networks 
that incorporate feedback loops into their architecture, allowing the 
model to retain a memory of previous states. This key feature makes 
RNNs particularly well-suited to handling time-domain problems, espe-
cially in the case of Long Short-Term Memory Networks (LSTM-NNs), 
a specific RNN architecture. In Pirhooshyaran and Snyder (2020), 
the potential of RNNs for temporal gap filling in buoy-based wave 
measurements is explored. The study combines RNNs with Bayesian 
hyperparameter optimisation and regularisation techniques, specifi-
cally Elastic Net, testing various architectures, including LSTM-NNs 
and sequence-to-sequence NNs (s-t-s NNs). The results demonstrate that 
these algorithms can effectively fill temporal gaps in 𝐻𝑠 recordings 
from buoys using only data from neighbouring buoys. However, the 
best-performing algorithm varies depending on the chosen validation 
metric.

Similarly, Ahn et al. (2022) uses an LSTM-NN to forecast 𝐻𝑠 mea-
surements from three in-situ devices, incorporating wind speed as an 
additional covariate. While the inclusion of wind speed yields marginal 
improvements, these are mainly seen in short-term forecasts. The study 
also highlights that extreme 𝐻𝑠 values (below 0.5 m and above 4 m) are 
not accurately reconstructed, although the performance is particularly 
strong for predicting the most frequent sea states. LSTM-NNs are also 
capable of handling spatio-temporal interpolation, as demonstrated 
in Chen et al. (2022b). In this work, an LSTM-NN is trained to learn 
the spatio-temporal patterns of ocean waves from simulations and in-
situ measurements and is applied to fill gaps in the measurement 
systems. The achieved accuracy is slightly lower than that of numerical 
simulations, but the neural network operates with significantly reduced 
computational resource requirements. Some specialised applications of 
NN-based techniques are presented in Silva et al. (2018) and Özger 
(2009). Silva et al. (2018) performs temporal gap filling of sea surface 
wind speed using a Nonlinear Autoregressive Artificial Neural Net-
work with Exogenous Inputs (NARX ANN). The study compares the 
results with those obtained from a standard Feedforward Neural Net-
work (FFNN) and numerical simulations using the JONSWAP spectrum, 
demonstrating the superiority of the proposed method. Similarly, Özger 
(2009) applies a neuro-fuzzy approach to fill spatial gaps in 𝐻𝑠 mea-
surements from in-situ devices, showing that the proposed algorithm 
outperforms a Multiple Linear Regression (MLR) model.

EOF-based techniques are predominantly employed for reconstruct-
ing missing pixels in satellite imagery, as exemplified by the DINEOF 
method. While they are mostly applied to satellite images, they are 
occasionally used with satellite along-track data and in-situ measure-
ments as well. Typically, the interpolated parameters are 𝑐ℎ𝑙−𝛼, 𝑆𝑆𝑇 , 
or 𝑆𝑆𝑆, as these are more readily captured in accurate enough image 
distributions from satellites, unlike more hydrodynamic parameters 
such as 𝐻𝑠. Several studies, including (Liu and Wang, 2022, 2018; 
Li and He, 2014; Alvera-Azcárate et al., 2016; Sirjacobs et al., 2008; 
Beckers and Rixen, 2003; Andrawina et al., 2021), provide standard 
19 
examples of the DINEOF technique being used to generate gap-free 
datasets for these parameters. In Liu and Wang (2022, 2018), and Li 
and He (2014), it is noted that DINEOF is capable of capturing seasonal 
variations, which are easily discernible from the EOF decomposition 
due to the interpretability of the method. Beckers and Rixen (2003) 
introduces an interesting approach for quantifying the uncertainty of 
the reconstruction through cross-validation. However, in most of these 
case studies, the initial data is relatively dense, with typically only 
60%–70% of the dataset missing (though in Alvera-Azcárate et al. 
(2016), this figure reaches 90%). Additionally, Alvera-Azcárate et al. 
(2016) highlights that the DINEOF interpolation process automatically 
reduces noise in the original dataset. DINEOF also facilitates the merg-
ing of image data from different satellites, each with its own set of 
missing pixels, as demonstrated in Liu and Wang (2019), where 𝑐ℎ𝑙−𝛼
is interpolated in both space (at a 9 km resolution) and time. The 
analysis of the EOF decomposition revealed large-scale and mesoscale 
features that were not visible prior to the merging of satellite data. A 
variation of the traditional DINEOF method is proposed in Ping et al. 
(2016) for reconstructing 𝑆𝑆𝑇  satellite images. The study employs 
a modified DINEOF technique, known as VE-DINEOF (Variable EOFs 
DINEOF), where the number of EOFs used for reconstruction can adapt 
to each specific image. The results show that this variation provides 
better accuracy and requires less computational time compared to the 
traditional DINEOF method. DINEOF can also be modified to include 
covariates. For instance, in Alvera-Azcárate et al. (2007), a multivariate 
DINEOF technique is used to reconstruct 𝑆𝑆𝑇  surfaces using satellite 
data. This modified version incorporates additional variables, with 
𝑐ℎ𝑙 − 𝛼 and wind speed serving as covariates. The results indicate 
improved performance when these additional variables are included. 
Furthermore, the study emphasises that this approach is more suitable 
than traditional methods like Optimal Interpolation (OI) for handling 
multiple predictive parameters, as it does not require any assumptions 
about the statistical distributions of these variables. Sijia Wang et al. 
(2022) investigates the variability of dimethyl sulphide concentration 
in the sea by first performing a hindcast using a Generalised Additive 
Mixed Model (GAMM) and subsequently applying DINEOF to interpo-
late and fill spatial gaps. The GAMM incorporates satellite-derived SST 
and 𝑐ℎ𝑙−𝛼 as covariates. The findings reveal that short-term variations 
(2–3 years) are driven solely by SST, whereas long-term fluctuations 
(6–8 years) are influenced by both SST and 𝑐ℎ𝑙 − 𝛼.

For more precise interpolation, the TIEOF algorithm can be em-
ployed. Unlike DINEOF, TIEOF directly accounts for the two-
dimensional spatial structure of the images. In Kulikov et al. (2021), 
TIEOF is used to reconstruct satellite images of 𝑐ℎ𝑙 − 𝛼 in Lake Baikal, 
resulting in a 69% improvement in accuracy compared to the standard 
DINEOF method. By incorporating an additional dimension, TIEOF 
better captures the spatial correlations within the system, albeit at 
a significantly higher computational cost. Further examples of EOF-
based techniques for reconstructing offshore parameters are provided 
in Meunier et al. (2022) and Hamzi et al. (2021). Meunier et al. 
(2022) uses satellite altimetry data and in-situ measurements to ex-
amine the three-dimensional structure of Loop Current Rings. The 
study reconstructs vertical profiles of sea salinity and temperature from 
sea surface elevation data using the Gravest Empirical Mode (GEM), 
an EOF-based technique. In contrast, Hamzi et al. (2021) combines 
Proper Orthogonal Decomposition (POD) with Reproducing Kernel 
Hilbert Spaces (RKHS) to forecast weekly-averaged SST, utilising an 
open-source NOAA dataset. This method essentially applies Gaussian 
Process Regression (GPR) after reducing the dimensionality of the 
input through a POD-based change of basis and projection. The study 
compares this approach with a POD-LSTM-NN, demonstrating that 
while the POD-RKHS technique performs better and is computationally 
more efficient, the LSTM-NN could potentially be enhanced through 
more refined hyperparameter tuning.

Tables  5–8 provide a summary of the reviewed studies employing 
machine learning regression and interpolation techniques, with Table 
5 reporting the NN-based techniques case studies, Table  6 the RF-based 
ones, Table  7 the EOF-based ones and Table  8 the ones using other ML 
techniques.
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Table 5
Summary table of the reviewed studies employing NN-based ML interpolation techniques (Contractor and Roughan, 2021; Zhou et al., 2021).

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Tapoglou et al. (2021) Space, Time ⧫ EnANN 𝐻𝑠 𝑅𝑀𝑆𝐸,𝑅2 ■■
Cuadra et al. (2016) Time ⧫ ELM 𝐻𝑠 , 𝑇𝑧 , 𝑇𝑠 𝑅𝑀𝑆𝐸,𝑅 ■
Vieira et al. (2020) Time ⧫ FFNN 𝐻𝑠 , 𝑇𝑝 , Power spectral density 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑆𝐼 ■

Contractor and Roughan (2021) Space, Time ⧫ LSTM-NN 𝑆𝑆𝑇 , Oxygen and Nutrients 𝑀𝑆𝐸,𝑀𝐴𝑃𝐸 ■■
Krasnopolsky et al. (2016) Space ⧫ EnNN 𝑐ℎ𝑙 − 𝛼 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑅 ■

Silva et al. (2018) Space, Time ⧫ NARX ANN, FFNN Sea surface wind speed 𝑅𝑀𝑆𝐸,𝑆𝐼 ■
Bolton and Zanna (2019) Space, Time ⧫ CNN Eddy momentum forcing 𝑅𝑀𝑆𝐸,𝑅 ■

Medina-Lopez and Ureña-Fuentes (2019) Space ⧫ DNN 𝑆𝑆𝑇 , 𝑆𝑆𝑆 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅 ■■
Chen and Hu (2017) Space, Time ⧫ MLP 𝑆𝑆𝑆 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅2 ■■
Zeng et al. (2014) Space ⧫ FFNN 𝑓CO2 𝑆𝐼,𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠 ■
Peres et al. (2015) Space ⧫ FFNN 𝐻𝑠 𝑅2 , 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠 accuracy-score ■
Chen et al. (2022b) Space, Time ⧫ LSTM-NN 𝐻𝑠 , 𝑇𝑝 , 𝑇𝑚 Wave direction 𝑅2 , 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑀𝐴𝑃𝐸 ■■

Pirhooshyaran and Snyder (2020) Time ⧫ RNN, s-t-s NN, LSTM 𝐻𝑠, Wave power 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅2 ,𝐻𝑢𝑏𝑒𝑟𝐿𝑜𝑠𝑠 ■
Jörges et al. (2023) Space ⧫ CNN 𝐻𝑠 𝑅2 , 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑀𝐴𝑃𝐸,𝐵𝑖𝑎𝑠 ■■

Wei and Davison (2022) Space, Time ⧫ CNN Water elevation and velocity 𝑅𝑀𝑆𝐸,𝑁𝑀𝐴𝐸,𝑅2 ■
James et al. (2018) Time ⧫ MLP and SVM 𝐻𝑠 , 𝑇𝑝 𝑅2 , 𝑅𝑀𝑆𝐸,𝐿𝑎𝑠𝑠𝑜𝐿𝑜𝑠𝑠 ■
Feng et al. (2020) Time ⧫ MLP 𝐻𝑠 , 𝑇𝑝 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑅2 ■■
Zhou et al. (2021) Space, Time ⧫ ConvLSTM-NN 𝐻𝑠 𝐵𝑖𝑎𝑠, 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸 ■
Bai et al. (2022) Space, Time ⧫ 2D-CNN 𝐻𝑠 𝑅,𝑅𝑀𝑆𝐸,𝑀𝐴𝐸 ■

Oo and Zhang (2022) Space ⧫ FFNN 𝐻𝑠 , 𝑇𝑝 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑅, 𝑆𝐼 ■■
Ahn et al. (2022) Time ⧫ LSTM-NN 𝐻𝑠 𝑅,𝑅𝑀𝑆𝐸 ■■

Rajabi-Kiasari et al. (2023) Space, Time ⧫ 2D-CNN Dynamic topography 𝑅2 , 𝑅𝑀𝑆𝐸 ■■
Table 6
Summary table of the reviewed studies employing RF-based ML interpolation techniques.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Chen et al. (2021) Space, Time ⧫ RF 𝐻𝑠 , 𝑇𝑧 , 𝑇𝑝 , Wave direction 𝑅𝑀𝑆𝐸,𝑅2 , ■■
Chen et al. (2019) Space ⧫ RFRE 𝑐ℎ𝑙 − 𝛼, Rayleigh reflectance 𝑅2 , 𝑅𝑀𝑆𝐸,𝑆𝐼 ■
Li et al. (2013) Space ⧫ RF Seabed hardness 𝑀𝑆𝐸 ■
Park et al. (2019) Space ⧫ RF and ERT 𝑐ℎ𝑙 − 𝛼 𝑅2 , 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸 accuracy-score ■■
Li et al. (2016) Space ⧫ RF Seabed hardness Accuracy and confusion matrix ■

Mounet et al. (2023) Space ⧫ RF Wave spectrum 𝑅2 , 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑆𝐼 ■■
Table 7
Summary table of the reviewed studies employing EOF-based ML interpolation techniques.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Liu and Wang (2022, 2018) Space, Time ⧫ DINEOF 𝑐ℎ𝑙 − 𝛼 Mean and median of the errors ■
Sirjacobs et al. (2008) Space, Time ⧫ DINEOF 𝑐ℎ𝑙 − 𝛼, 𝑆𝑆𝑇 𝑅2 ■

Beckers and Rixen (2003) Space ⧫ DINEOF Image reconstruction 𝑅𝑀𝑆𝐸 ■
Andrawina et al. (2021) Space, Time ⧫ DINEOF 𝑆𝑆𝑇 Expected error ■

Ping et al. (2016) Space, Time ⧫ VE-DINEOF 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅 ■
Alvera-Azcárate et al. (2007) Space, Time ⧫ DINEOF 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑅 ■■

Liu and Wang (2019) Space, Time ⧫ DINEOF 𝑐ℎ𝑙 − 𝛼, 𝑅𝑀𝑆𝐸,𝑆𝐼 ■
Li and He (2014) Space, Time ⧫ DINEOF 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑅2 ■■

Alvera-Azcárate et al. (2016) Space, Time ⧫ DINEOF 𝑆𝑆𝑆 𝑅𝑀𝑆𝐸,𝐶𝑅𝑀𝑆𝐸,𝐵𝑖𝑎𝑠, 𝑅, 𝑆𝐼 ■
Kulikov et al. (2021) Space, Time ⧫ TIEOF 𝑐ℎ𝑙 − 𝛼 𝑅𝑀𝑆𝐸 ■

Sijia Wang et al. (2022) Space, Time ⧫ DINEOF Dimethyl sulphide concentration 𝑅,𝑅2 , 𝑆𝐼 ■■
Table 8
Summary table of the reviewed studies employing other ML interpolation techniques.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Meunier et al. (2022) Space ⧫ GEM Loop current rings 𝑅𝑀𝑆𝐸,𝑅2 ■■

Wang and Chaib-draa (2017) Space ⧫ MPGP 𝑆𝑆𝑇 𝑀𝑆𝐸 ■
Hamzi et al. (2021) Space, Time ⧫ POD-RKHS 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸,𝑅2 ■

Özger (2009) Space ⧫ Fuzzy inference system 𝐻𝑠 𝑅,𝑅𝑀𝑆𝐸,𝑀𝐴𝐸 ■
Albuquerque et al. (2018) Space, Time ⧫ MLR 𝐻𝑠 𝑆𝐼 ■
4.4. Hybrid techniques and comparison case studies

Hybrid and comparison studies typically assume that no single 
family is uniformly optimal across variables, sampling geometries, and 
regimes, and therefore either benchmark multiple methods under a 
shared validation protocol or explicitly combine complementary com-
ponents (e.g., statistical error modelling with ML feature learning). 
Their data requirements are driven by the most demanding component, 
and they are particularly relevant to offshore energy workflows that 
need both scalability and robustness—such as long-term site screening 
20 
with quantified uncertainty, or operational products that blend model 
consistency with observation-driven corrections.

This section encompasses case studies that do not fall precisely into 
the previously discussed categories, ranging from papers that compare 
different techniques across various families, such as Wei et al. (2019) 
and Stock et al., to those that propose hybrid approaches by integrating 
multiple methods, such as Zhisong Huang et al. (2012) and Barth 
et al. (2020). The primary objective here is to explore the potential of 
different classes of techniques in a variety of application scenarios and 
to highlight possible synergies and hybrid approaches for addressing 
the metocean gap-filling problem.
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Both Alvera-Azcárate et al. (2005) and Elken et al. (2019) com-
pare DINEOF reconstructions with Optimal Interpolation (OI). Alvera-
Azcárate et al. (2005) investigates the reconstruction of satellite images 
of 𝑆𝑆𝑇  by artificially introducing noise to simulate cloud coverage, 
while Elken et al. (2019) utilises a dataset of daily averages, recon-
structing 𝑆𝑆𝑇  and 𝑆𝑆𝑆 from selected parts. Alvera-Azcárate et al. 
(2005) finds comparable performance between DINEOF and OI but 
a  30-fold reduction in runtime for DINEOF. In contrast, Elken et al. 
(2019) reports that OI significantly outperforms DINEOF for 𝑆𝑆𝑇 , 
and achieves only a slight advantage for 𝑆𝑆𝑆. The paper suggests 
that OI is more suitable when data is denser, making the Gaussian 
distribution assumption more applicable. The differing results may stem 
from DINEOF being particularly effective for image reconstruction, 
as in Alvera-Azcárate et al. (2005), while Elken et al. (2019) works 
with a complete dataset. In Wei et al. (2019), the assessment of wind-
generated power potential in Jiangsu Province required wind speed 
data interpolation. The study compared several methods, including 
Spline interpolation, Nearest Neighbour, Inverse Distance Weighting 
(IDW), and Kriging. Cross-validation indicated that Kriging achieved 
the lowest error, so it was for the final assessment. A more focused 
analysis of interpolation techniques is presented in Stock et al., where 
ten algorithms (Temporal Interpolation, IDW, Ordinary Kriging (OK), 
Spatiotemporal Kriging, DINEOF, Ridge Regression with and without 
nearby 𝑐ℎ𝑙 − 𝛼 as a covariate, Random Forest (RF) with and without 
nearby 𝑐ℎ𝑙 − 𝛼, and Self-Organising Maps) are compared for gap-
filling satellite images of 𝑐ℎ𝑙 − 𝛼 distributions. Performance varies by 
spatial and temporal domain, yet the two leading methods (OK and 
DINEOF) are closely matched. Rufino et al. (2021) proposes a method-
ology for selecting the most suitable spatial interpolation technique. 
It compares a range of methods, from basic approaches such as IDW 
and Thin Plate Splines (TPS) to more advanced ones like Kriging, RF, 
and Generalised Linear Models (GLM), in interpolating marine species 
distributions. The key conclusion of the study is that optimality varies 
markedly with the chosen metric, the temporal frame, and the species 
considered. Similarly, Li et al. (2011) compares multiple techniques 
for mapping seabed sediments, using data from the MARS database. 
The study evaluates methods such as IDW, Generalised Least Squares 
Trend Estimation (GLS), Kriging with External Drift (KED), Ordinary 
Cokriging (COK), OK, Universal Kriging (UK), Decision Trees (DT), 
TPS, General Regression Neural Networks, Support Vector Machines 
(SVM), and combinations of OK with linear models, GLM, GLS, and 
RF. Among the tested methods, OK integrated with RF performs the 
best and exhibits the greatest robustness.

Several case studies focus specifically on comparing machine learn-
ing (ML) interpolation methods, as seen in Penalba et al. (2022), 
Zeng et al. (2017), Alexandre et al. (2015), and Diesing et al. (2014). 
In Penalba et al. (2022), long-term time series of significant wave 
height (𝐻𝑠) and peak wave period (𝑇𝑝) are analysed from in-situ 
measurements. The study develops a Random Forest (RF), a Support 
Vector Regression (SVR),3 and a Neural Network (NN) to forecast the 
evolution of 𝐻𝑠. After comparing the three algorithms, it is found 
that SVR performs best on the test set, although RF yields superior 
results during training. Zeng et al. (2017), a continuation of Zeng et al. 
(2014), compares three ML techniques: a Feedforward Neural Network 
(FNN), a Support Vector Machine (SVM), and a Self-Organising Map 
(SOM) to map sea surface CO2 levels from a database of satellite along-
track measurements. The algorithms incorporate various covariates, 

3 Support Vector Regression (SVR) and Support Vector Machine (SVM) are 
similar but different techniques both based on the support vector framework. 
SVM is used for classification tasks, where the model finds an optimal hyper-
plane that maximises the margin between data points from different classes. 
In contrast, SVR is used for regression tasks, fitting a regression function that 
minimises errors while keeping the predictions within an epsilon-insensitive 
tube. This tube defines a margin of tolerance around the true values, allowing 
for robust predictions with controlled complexity.
21 
such as sea surface temperature (SST), sea surface salinity (SSS), and 
𝑐ℎ𝑙 − 𝛼. The results indicate that the SVM performs best, while the 
SOM performs worst. However, the SVM has the highest computational 
cost, whereas the SOM is the most computationally efficient. Therefore, 
the author recommends SOM when handling large datasets. Alexandre 
et al. (2015) proposes a method to fill temporal gaps in 𝐻𝑠 measure-
ments from in-situ buoys, particularly gaps caused by extreme events. 
Initially, a Genetic Algorithm (GA) combined with an Extreme Learning 
Machine (ELM) selects a subset of wave parameters that minimises the 
reconstruction error. These selected variables are then passed to the 
regression algorithm. Three algorithms — Gaussian Process Regression 
(GPR), SVR, and another ELM — are tested and compared, with GPR 
outperforming SVR and ELM on the reconstruction task. Diesing et al. 
(2014) compares three techniques for reconstructing seabed sediments 
from in-situ and acoustic measurements. The study examines manual 
interpretation, Object-Based Image Analysis (OBIA), RF, and cokriging 
algorithms. The results suggest that RF is the best-performing interpo-
lation technique, although the optimal method may vary depending on 
the performance metric used.

The final case studies present the development and testing of novel 
interpolation techniques, including Zhisong Huang et al. (2012), Barth 
et al. (2020, 2022), and Chen et al. (2022a). In Zhisong Huang et al. 
(2012), a Least Squares Support Vector Machine (LS-SVM) Kriging 
method is developed for spatially interpolating sea surface salinity 
(SSS) and sea surface height (SSH) using data from the GODAS system. 
The technique eliminates the need to manually select a variogram, 
as the LS-SVM automatically determines the appropriate variogram 
from the data. The study demonstrates that the proposed LS-SVM 
Kriging algorithm outperforms traditional Kriging methods that rely on 
standard variograms. Barth et al. (2020) introduces a new approach 
called DINCAE (Data Interpolating Convolutional Auto-Encoder), which 
reconstructs sea surface temperature (SST) fields from satellite obser-
vations where data are missing (e.g., due to cloud cover). This method 
essentially combines the DINEOF technique with an autoencoder neural 
network. Various variants of the neural network are tested, differing in 
the connections within the network, and are compared to traditional 
DINEOF. Results indicate that DINCAE captures more variability and 
provides better performance than the conventional DINEOF method. 
Building on this work, Barth et al. (2022) updates the DINCAE method 
to handle multivariate data, using wind speed and 𝑐ℎ𝑙−𝛼 as additional 
covariates. The updated method, DINCAE 2.0, incorporates a new 
interpolation layer that processes data on a grid before reconstruction, 
enabling the method to work with unstructured data, such as along-
track satellite observations, rather than satellite images alone. DINCAE 
2.0 is compared to the DIVAnd method (a variational technique similar 
to Optimal Interpolation for spatial field interpolation). The findings 
suggest that DINCAE 2.0 slightly outperforms DIVAnd in accuracy, and 
its uncertainty estimates are more reliable. In Chen et al. (2022a), a spa-
tiotemporal gap-filling method for in-situ measurements is developed, 
using a nonconvex low-rank tensor completion (LRTC) model. This 
method frames the interpolation as an optimisation problem, similar 
to the TIEOF algorithm, but instead of minimising the tensor rank, it 
minimises the truncated nuclear norm (TNN) as an approximation of 
the rank. This approach follows a similar methodology to Chen et al. 
(2020). The proposed LRTC-TNN method is compared against linear 
and cubic spline interpolation techniques, showing superior perfor-
mance and demonstrating its potential for integration with additional 
covariates.

Table  9 provides a summary of the reviewed hybrid and compara-
tive studies.

5. Inter-class analysis and critical comparison

By examining Table  2 and Fig.  9, it is clear that deterministic 
interpolation techniques are not particularly prominent in the offshore 
sector, as indicated by the limited number of studies focusing on 
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Table 9
Summary table of the reviewed study employing hybrid interpolation or presenting comparison analyses.

Ref. Domain Model Specific technique Metocean variable Performance metric Input type
Penalba et al. (2022) Time ⧫ RF, SVR, ANN 𝐻𝑠 , 𝑇𝑝 𝑅𝑀𝑆𝐸,𝑅,𝑀𝐴𝐸 ■■
Wei et al. (2019) Space ⧫ Spline, Natural Neighbour, IDW, OK Wind speed 𝑅𝑀𝑆𝐸 ■■

Stock et al. Space, Time ⧫ DINEOF, TI, IDW, OK, STK, SOM 𝑐ℎ𝑙 − 𝛼 𝑅𝑀𝑆𝐸 ■
Rufino et al. (2021) Space ⧫ LM, GAM, IDW, TPS, OK, GLM, RF Marine species 𝑅𝑀𝑆𝐸,𝑀𝐴𝐸 ■

Zhisong Huang et al. (2012) Space ⧫ LS SVM-Kriging 𝑆𝑆𝑆, 𝑆𝑆𝐻 𝐵𝑖𝑎𝑠,𝑀𝐴𝐸,𝑅𝑀𝑆𝐸 ■
Li et al. (2011) Space ⧫ IDW, GLS, RT, TPS, GRNN, SVM, Various Krigings Seabed sediments 𝑅𝑀𝐴𝐸 ■
Zeng et al. (2017) Space ⧫ FNN, SVM, SOM 𝑓CO2 𝑅2 ■

Alexandre et al. (2015) Time ⧫ GA-ELM, GPR, SVM, ELM 𝐻𝑠 𝑅𝑀𝑆𝐸,𝑆𝐼 ■
Diesing et al. (2014) Space ⧫ OBIA, RF, COK Seabed sediments Accuracy, Purity ■

Alvera-Azcárate et al. (2005) Space ⧫ DINEOF, OI 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸 ■■
Elken et al. (2019) Space, Time ⧫ DINEOF, OI 𝑆𝑆𝑇 , 𝑆𝑆𝑆 𝑅𝑀𝑆𝐸 ■■
Barth et al. (2020) Space ⧫ DINCAE 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑆𝐼, 𝐵𝑖𝑎𝑠 ■■
Barth et al. (2022) Space, Time ⧫ DINCAE, DIVAnd 𝑆𝑆𝑇 𝑅𝑀𝑆𝐸,𝑆𝐼 ■■
Chen et al. (2022a) Space, Time ⧫ LRTC-TNN, Linear and Spline interpolator 𝐻𝑠 , 𝑇𝑧 𝑀𝐴𝐸,𝑅𝑀𝑆𝐸,𝑆𝐼,𝑅2 ■
Fig. 9. Number of reviewed paper belonging to the different classes of techniques and studies.
them. This impression is further corroborated by the temporal analysis 
in Fig.  10, where deterministic studies remain marginal and exhibit 
limited growth compared with statistical and ML approaches. Addition-
ally, these techniques are generally unable to incorporate information 
from numerical models used alongside the data. Although deterministic 
methods are applied across all the considered domains, the input data 
they handle are typically restricted to along-track satellite measure-
ments or in-situ observations. These techniques are less suitable for 
filling gaps in satellite images due to their inherent simplicity.

In contrast, statistical and geostatistical techniques, specially Krig-
ing, appear to be more relevant, as evidenced by the higher number 
of studies investigating their application in the offshore domain. In 
particular, Kriging often emerges as the best-performing interpretable 
method because it explicitly models spatial dependence via the var-
iogram/covariance (including anisotropy and, in universal Kriging, 
large-scale trends) while retaining a linear, transparent estimator that 
yields both predictions and an uncertainty (kriging-variance) maps—a 
practical balance between simplicity and expressive power. However, 
as shown in Table  3, kriging-based approaches are almost never em-
ployed in a purely temporal domain: the few spatio-temporal appli-
cations found in the literature (e.g. Saulquin et al. (2019), Jia and 
Taflanidis (2013)) treat time as an additional coordinate or rely on ad 
hoc covariance structures, and no case study explicitly targets forecast-
ing or hindcasting. For such temporal interpolation tasks, alternative 
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methods such as machine-learning regressors are generally preferred, 
as they are more naturally suited to long time series and prediction-
oriented setups. When a numerical model is available, data assimilation 
(DA) techniques prove to be more effective in integrating the model 
information with the data. Furthermore, most techniques within this 
category are adaptable to the different input data types considered.

When high accuracy is required and/or the available data are 
sparse, techniques such as LETKF, 4D-Var, and EnOI are capable of 
extracting the maximum amount of information from the available 
data, although their computational cost can be prohibitive when deal-
ing with large datasets. On the other hand, for cases where abundant 
data are available, Optimal Interpolation (OI) and Kriging methods 
tend to be more appropriate. As noted by Elken et al. (2019), both 
techniques are more effective when measurements are dense, as the 
assumption of a normal distribution is more likely to be valid under 
these conditions. Moreover, the computational complexity of Kriging 
with large datasets can be mitigated through ad hoc preprocessing 
techniques, as demonstrated in Jia and Taflanidis (2013).

As evidenced by the large number of articles on machine learning 
(ML) interpolation techniques, this appears to be the most promising 
family of methods. ML techniques are employed for spatiotemporal, 
temporal, and spatial interpolation. Some studies incorporate numerical 
models for interpolation, although this is less common than in the case 
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Fig. 10. Number of case studies published each year, per category.
of statistical and geostatistical approaches. This is primarily because, 
while ML algorithms can integrate information from numerical models, 
doing so is not as straightforward as with DA techniques. Many ML 
algorithms function as ‘‘black boxes’’ and are difficult to interpret.

Among these ML techniques, the DINEOF algorithm is the most 
widely used for reconstructing satellite images, having been specifically 
developed for that purpose. However, its main drawbacks include its 
limited performance when the training points are sparse or few in num-
ber, and its difficulty in incorporating additional covariables, though 
this can be achieved with certain modifications, as shown by Alvera-
Azcárate et al. (2007). The reliance of DINEOF on image data also 
restricts its applicability to only a subset of parameters of interest in 
the offshore sector. Another noteworthy method is the TIEOF, which, 
despite its higher computational complexity and more advanced math-
ematics, is capable of addressing the bidimensional structure of the 
images.

Random Forest (RF) models are also particularly promising, espe-
cially for spatial interpolation tasks, primarily due to their capacity to 
incorporate information from a large number of covariates. Even with 
over 40 covariates, RF can automatically identify the most relevant 
ones. Neural Networks (NNs), on the other hand, are the most versa-
tile of these methods, having been applied to spatial, temporal, and 
spatiotemporal interpolation, with different architectures favoured for 
specific applications. A key advantage of NNs in the offshore sector is 
their ability to handle nonlinear systems, such as ocean dynamics. Ad-
ditionally, the typical overfitting problem associated with both NNs and 
RFs can be mitigated by employing ensemble methods, as demonstrated 
by Tapoglou et al. (2021) and Chen et al. (2019).

When considering studies that compare different techniques, it be-
comes evident that the DINEOF method consistently outperforms or 
at least matches the performance of other algorithms in satellite im-
age reconstruction, while requiring significantly less computational 
time (Alvera-Azcárate et al., 2005; Stock et al.). However, no single 
algorithm is universally optimal for all scenarios. Studies that evaluate 
a wide range of algorithms across different regions and metrics fre-
quently report that the best-performing method varies depending on the 
specific context (Stock et al.; Penalba et al., 2022; Diesing et al., 2014). 
Nevertheless, algorithms that frequently rank among the top performers 
or demonstrate robustness include Kriging, Random Forest (RF), and 
DINEOF. Hybrid methods, particularly those combining statistical and 
machine learning techniques, consistently outperform their standalone 
counterparts (Zhisong Huang et al., 2012; Barth et al., 2022), as they 
harness the strengths of multiple approaches. A noteworthy observation 
from several case studies is that many algorithms struggle to effectively 
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capture extreme values of the parameter of interest, while showing 
lower error rates for more typical values (Ahn et al., 2022), indicating 
that extreme values pose additional challenges in interpolation.

Fig.  10 shows how many articles are published each year, divided 
by the category of the interpolation used. It is evident that there has 
been a significant increase in the number of studies published in recent 
years, especially in the categories of ML and statistical methods. This 
trend reflects a growing interest and reliance on more sophisticated 
techniques for addressing spatio-temporal challenges in the offshore 
energy sector, particularly for metocean data.

Machine learning, in particular, has seen a sharp rise in the number 
of studies since around 2015. This surge can be attributed to the in-
creasing accessibility of computational resources and the development 
of more advanced ML algorithms capable of handling large datasets. In 
the context of offshore measurements and metocean data, the complex-
ity of ocean phenomena has driven researchers towards ML methods, 
which offer the ability to model non-linear interactions, to process vast 
amounts of satellite and in-situ data, and to provide more accurate 
predictions for oceanic conditions. The flexibility and adaptability of 
ML models make them highly suitable for environments characterised 
by uncertainty and variability, like the ocean.

Statistical methods have also shown an uptick in publications, albeit 
at a slower pace compared to ML. This increase highlights the con-
tinued importance of traditional statistical techniques, which remain 
foundational in the field. These methods offer valuable insights into 
the spatio-temporal interpolation of offshore data, often serving as a 
benchmark for evaluating the performance of newer approaches like 
ML.

Deterministic methods, on the other hand, have seen a relatively 
smaller increase rate, suggesting a shift away from simpler, less flexible 
approaches towards more robust techniques that can handle the com-
plexities of real-world data. Similarly, hybrid methods, which combine 
various approaches, have maintained steady growth as they offer a way 
to balance the strengths and weaknesses of different techniques.

Overall, the data clearly indicate a paradigm shift towards more 
complex and data-driven methodologies, with ML at the forefront of 
this evolution. This trend is likely to continue as the offshore energy 
sector faces increasing demands for accurate, efficient, and scalable 
solutions for metocean data analysis.

One of the primary reasons for this increasing interest in ML is the 
rapid growth in data availability. As technological advances, particu-
larly in satellite-based measurements and in-situ sensors, generate ever-
larger datasets, traditional statistical methods face growing limitations. 
Many statistical techniques, especially those rooted in geostatistics 
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or linear regression, rely heavily on matrix inversion—a process that 
becomes computationally burdensome or even intractable as data scales 
up. This limitation is particularly severe for covariance-based geosta-
tistical models, where the dimension of the covariance matrix grows 
with the number of observations, leading to cubic scaling in both 
computational cost and memory. In contrast, simpler regression models 
whose main cost depends on the number of predictors rather than 
on the number of data points can remain computationally affordable, 
unless they are enriched with complex basis expansions or spatial corre-
lation structures. For instance, Kriging methods, widely used for spatial 
interpolation, require inverting a covariance matrix that scales with 
the number of available data points. As the amount of data increases, 
this requirement places a significant strain on computational resources, 
making these methods less feasible for large-scale applications. In 
large-data regimes, this creates a clear trade-off between accuracy, 
complexity and computational cost: exact Kriging-type approaches typi-
cally provide high accuracy and rigorous uncertainty quantification but 
suffer from poor scalability, so practitioners often resort to approximate 
or localised variants that reduce computational burden at the price 
of some loss in accuracy. Conversely, many ML methods — such 
as tree-based ensembles or neural networks trained with mini-batch 
optimisation — are designed to exploit parallel hardware and scale 
more gracefully with sample size, although they may require higher 
implementation and tuning effort and often provide less transparent 
uncertainty estimates than classical geostatistical models.

Indeed, Machine learning is inherently more resilient in handling 
vast datasets. ML models, particularly deep learning architectures such 
as neural networks, are designed to scale efficiently with data. Instead 
of relying on matrix inversions, these models leverage optimisation 
algorithms like gradient descent, which allow them to process large 
datasets while managing complexity. Moreover, ML models can handle 
the non-linearity and high-dimensionality typical of metocean data, 
offering significant advantages over traditional methods in capturing 
complex spatial and temporal patterns. As a result, they are increas-
ingly favoured for large-scale offshore energy assessments, where vast 
amounts of data from satellites and buoys must be processed to make 
accurate predictions.

Another factor driving the rise in ML usage is the ability of these 
methods to learn directly from data, often without requiring the de-
tailed domain knowledge or assumptions about underlying distribu-
tions that statistical methods necessitate. This adaptability makes ML 
approaches particularly suitable for dynamic environments like oceans, 
where conditions can change rapidly and unpredictably. In addition, 
ML’s capacity to integrate different data sources — such as combining 
satellite imagery with in-situ measurements — allows researchers to 
construct models that are more robust and comprehensive than those 
based solely on statistical assumptions.

While statistical techniques remain valuable for smaller datasets 
or when interpretability is paramount, the offshore energy sector is 
increasingly turning to ML to meet the demands of modern data-rich 
environments. The growing use of hybrid approaches, which combine 
the strengths of statistical models with the scalability of ML, further 
underscores this shift. As the offshore industry continues to generate 
more abundant and complex data, it is likely that the reliance on 
machine learning will continue to grow, driven by the need for methods 
that can handle this data effectively and deliver precise insights for 
resource assessment and environmental monitoring.

6. Conclusions

Based on the reviewed literature, several key conclusions can be 
drawn. Machine learning (ML) techniques are emerging as highly 
promising for interpolation and prediction tasks related to offshore 
parameters and satellite data. A substantial proportion of the reviewed 
studies focus on ML approaches, reflecting the increasing prevalence 
24 
of these techniques in the field. In comparisons across different cate-
gories, ML methods or hybrid techniques that integrate ML components 
frequently outperform others, as evidenced in the works of Li et al. 
(2011), Diesing et al. (2014), and Barth et al. (2022).

DINEOF (Data Interpolating Empirical Orthogonal Functions) con-
sistently demonstrates superior performance when applied to satellite 
imagery, owing to its general applicability and interpretability. How-
ever, its reliance on satellite data limits its use to parameters where 
such data is available. For more complex scenarios, where preserving 
spatial structure or achieving higher accuracy is critical, TIEOF (Ten-
sor Interpolating Empirical Orthogonal Functions) provides a viable 
alternative, though it comes with a higher computational cost, as 
highlighted by Chen et al. (2021), Mounet et al. (2023), and Kulikov 
et al. (2021).

Neural Networks (NNs) and Random Forests (RFs) are particularly 
effective in handling scenarios with a large number of covariates, with 
RFs demonstrating exceptional performance in such cases, as shown 
by Li et al. (2016). These algorithms have been proven to deliver 
surrogate models that achieve accuracy comparable to, or only slightly 
below, that of numerical simulations, but with a significantly reduced 
computational cost, as evidenced by Jörges et al. (2023).

Overall, the inter-class comparison provides a practical reading key 
for method selection in offshore applications: deterministic techniques 
are attractive for their simplicity but are frequently ill-suited to sparse, 
noisy observations and complex metocean dynamics, whereas statis-
tical/geostatistical methods offer a robust compromise by combining 
flexible space–time estimation with transparent uncertainty handling. 
Consistently with the publication trends observed across categories, 
ML approaches are increasingly preferred when nonlinearity, high-
dimensional covariates, or gridded/image satellite data are central 
to the task, and the most promising direction is often the use of 
hybrid pipelines that retain statistical uncertainty quantification while 
benefiting from ML representational power.

From a practitioner standpoint, these differences translate into dis-
tinct downstream uses. For early-stage site screening and zoning, spatial 
reconstructions and climatological maps are typically sufficient and 
often favour fast statistical baselines or scalable ML surrogates, whereas 
long-term resource assessment requires methods that preserve distribu-
tions and enable uncertainty-aware aggregation into yield metrics. In 
contrast, device-scale design and O&M inputs (e.g., high-frequency load 
time series, joint extremes, access/weather windows) demand spatio-
temporal products that remain robust under sparsity and observation 
noise, making statistical–ML hybrid pipelines particularly attractive.

In more complex situations, it may be necessary to develop bespoke 
hybrid techniques that combine the strengths of different methods to 
address specific challenges, as demonstrated by Zhisong Huang et al. 
(2012) and Barth et al. (2020). Furthermore, as highlighted by Diesing 
et al. (2014) and Pirhooshyaran and Snyder (2020), it is clear that iden-
tifying a universally ‘‘optimal’’ interpolation technique for a given task 
is difficult. The performance of various methods can differ considerably 
based on factors such as the geographic region, time frame, and the 
evaluation metrics employed.

It is also important to acknowledge that the spatial and temporal 
resolutions used in the reviewed studies vary widely, and in some 
instances, they are not clearly defined. This variability may explain 
some of the contradictory findings reported across different investi-
gations. Although statistical/geostatistical methods and ML-based ap-
proaches generally appear to be the most robust, the most suitable 
technique for a given application should always be identified through 
validation using a dedicated dataset. Future research should continue 
to explore these methodologies, particularly focusing on how they 
can be effectively integrated to address complex and domain-specific 
challenges.
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