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A B S T R A C T

Ecological and ecosystem modellers frequently need to interpolate spatiotemporal observations of geophysical
and environmental parameters over an analysed area. However, particularly in marine science, modellers
with low expertise in oceanography and hydrodynamics can hardly use interpolation methods optimally.
This paper introduces an Open Science oriented, open-source, scalable and efficient workflow for 2D marine
environmental parameters. It combines a fast, efficient interpolation method with a Bayesian hierarchical model
embedding the stationary advection–diffusion equation as a constraint. Our workflow fills the usability gap
between interpolation software providers and the users’ communities. It can run entirely automatically without
requiring expert parametrisation. It is also available on a cloud computing platform, with a Web Processing
Service compliant interface, supporting collaboration, repeatability, reproducibility, and provenance tracking.
We demonstrate that our workflow produces comparable results to a state-of-the-art model (frequently used
in oceanography) in interpolating four environmental parameters at the global scale.
Software and data availability

The source code and all experiments’ input and output are available
on the GitHub at

https://github.com/cybprojects65/BIMACInterpolator
The software was tested with R 4.1.0.
In particular, all used input and output data of BIMAC and DIVA

are available as ESRI-GRID data at
https://github.com/cybprojects65/BIMACInterpolator/tree/main/s

cientific_paper_data
The Web service interface and WPS access point is available on

the D4Science e-Infrastructure (https://services.d4science.org/). Free
registration is required.

Subscription to the (free-to-use) BiodiversityLab Virtual Research
Environment is required to properly size the computational resources
to the users’ request load (https://services.d4science.org/group/d4scie
nce-services-gateway/explore).

After subscription, the BIMAC Web interface will be freely accessible
at

https://services.d4science.org/group/biodiversitylab/data-miner?O
peratorId=org.gcube.dataanalysis.wps.statisticalmanager.synchserver.m
appedclasses.transducerers.BIMAC

No fee is required to use the service.

E-mail address: gianpaolo.coro@isti.cnr.it.

1. Introduction

Observations of geophysical and environmental parameters in a
geographic area are available from several prominent collectors of in
situ or survey data (Argo, 2023; El Serafy, 2020; Zheng et al., 2018;
Pouliquen et al., 2012, 2010). Ecological and ecosystem models often
require processing these data to produce regular grids of parameter
values in space and time over the analysed area (scalar fields, in physics
terms). Producing a realistic gridded field from non-uniform scattered
parameter observations is crucial for environmental and ecological
analyses. For example, it allows discovering trends in geophysical and
environmental parameters over time (Nishimura et al., 2022; Coro
et al., 2020; Evans et al., 2020; Ilinca et al., 2022; Srivastava et al.,
2019; Sun et al., 2018; Li and Heap, 2014; Li et al., 2011), estimating
environmental suitability to species subsistence (Coro et al., 2022;
Pradhan and Setyawan, 2021; Stampoulis et al., 2016; Bregaglio et al.,
2011; Hansen and Ines, 2005; Parra et al., 2004), studying complex re-
lations between different parameters (Coro et al., 2023, 2020; Costabile
and Macchione, 2015; Capet et al., 2014; Troupin et al., 2010), and
understanding ecosystem functions (Paudel et al., 2022; Peters et al.,
2019; Willcock et al., 2018; Hunter et al., 2013).

Data gridding is a set of approximate methods to produce a regular
gridded field for a parameter 𝑐 in a spatiotemporal reference coordinate
system 𝑥, 𝑦, 𝑧, 𝑡 over a delimited area 𝐴. These methods usually start
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from the analysis of the samples of the continuous field (observations)
associated with 𝑐(𝑝) at positions 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖, 𝑡𝑖) (with 𝑖 = 1,… , 𝑛, and
𝑛 the number of observations) to infer field values for all positions in
the regular grid. Most data gridding techniques assume that observation
values are not exact because of intrinsic measurement errors or noise
in the data. Therefore, they assume that the 𝑐(𝑝𝑖) samples are approxi-
mations of the true values, and thus, that the estimated field does not
correspond exactly to the observations. These approaches are named
approximate interpolation techniques as opposed to exact interpolation
techniques that assume no error on the data (Lam, 1983). In several
approaches, time information is either neglected or treated with a
separate interpolation (Troupin, 2023; Beckers et al., 2014; Troupin
et al., 2012).

In this paper, we are interested in techniques for 2D (𝑥-𝑦) approx-
imate interpolation of marine parameters, assuming that 3D interpo-
lations can be approximated by applying data gridding to different
horizontal data layers separately, across the 𝑧 dimension (depth), and
eventually stacking the grids. This hypothesis is reasonable for ideal flu-
ids (with low or zero viscosity coefficient and a low frictional force be-
tween adjacent layers) and is often adopted for marine water (Troupin
et al., 2008).

The motivation that brought us to this study is that large commu-
nities of users of high-quality data-gridding algorithms have require-
ments that still need to be met by modern implementations (Hojati
et al., 2022; Coro, 2020b; Assante et al., 2019). Interpolation algo-
rithms with good estimation accuracy usually have low efficiency,
and their users are frequently non-oceanographers with limited ac-
cess to powerful hardware for processing large observation datasets
(Section 2.2). Many algorithms require complex parametrisations – to
which they are very sensible – that only domain experts can actually
handle (e.g., oceanographers and hydrodynamics experts). Therefore,
communities of practice of ecological and ecosystem modellers and
related-science scholars (e.g., computer scientists working in ecological
modelling) need help for using these algorithms correctly. Attempts
to automatise these algorithms currently have several limitations and
adopt unrealistic assumptions (Section 2.2). These algorithms often
require expertise in diverse programming languages – especially to run
concurrent executions with different parametrisations – that users can
only achieve through long training courses and investments. Moreover,
this scenario does not meet the modern requirements of Open Science
about the repeatability, reproducibility, re-usability, and openness of
Science that multiple scientists working on different domains than
oceanography need (Assante et al., 2022; Coro, 2020b; Assante et al.,
2019).

This paper introduces an Open Science-oriented, open-source inter-
polation workflow (the Bayesian Interpolation Model with Advection-
diffusion Constraint - BIMAC) suitable for processing observations of
marine environmental parameters. BIMAC can scale from small areas
to the global scale while considering the bulk motion of water and
the diffusion of the analysed parameter during the interpolation pro-
cess. The workflow combines a standard interpolation method based
on inverse distance weighting with a Bayesian model that embeds
hydrodynamic constraints. The workflow operates a 2-dimensional in-
terpolation at a user-defined water depth while assuming the parameter
concentration to be stationary. One main novelty is that it meets crucial
requirements by ecological and ecosystem modellers, such as (i) the
possibility to automatically infer all workflow input parameters without
requiring expert knowledge in oceanography, (ii) the support of Open
Science features of repeatability, reproducibility, and re-usability of the
process, and (iii) the availability of a free-to-use, standardised, and
easily integrable cloud-computing Web service supporting collaborative
experimentation. We demonstrate that its results are comparable with
2

those of a state-of-the-art interpolation model in the global-scale in-
terpolation of four global-scale marine parameters commonly used in
ecological modelling.

This paper is organised as follows: Section 2, reports an overview
of general interpolation methods frequently used for marine environ-
mental parameters and generally describes Bayesian graphical models.
Section 3, describes our Bayesian workflow, its Open Science-oriented
Web service version, and the evaluation case studies. Section 4, reports
an effectiveness and efficiency comparison of our method with a state-
of-the-art method on the case study. Finally, Section 5 draws the
conclusions.

2. Overview of common interpolation methods for marine envi-
ronmental parameters

A widely employed method for approximating and projecting an
interpolated field onto a grid is the Optimal Interpolation (OI) tech-
nique (Kaplan et al., 2000; Shen et al., 1998; Bretherton et al., 1976;
Gandin, 1963). OI is designed to minimise the expected square pre-
diction error between the estimated (interpolated) field and the actual
(unknown) field. The underlying assumption of OI is that the analytical
form of the interpolated field can be expressed as a linear combination
of the observation data. OI determines the optimal parameters for this
linear combination through an analytical approach relying on the inver-
sion of the data covariance matrix. For a comprehensive understanding,
detailed mathematical explanations are provided in Appendix. While
OI stands out as a robust interpolation technique, its primary draw-
back lies in its considerable algorithmic complexity, particularly for
the inversion of the covariance matrix, leading to reduced efficiency
(Section 2.2).

As an alternative to the Optimal Interpolation (OI) method, Krig-
ing (Krige, 1951) is a widely adopted analytical interpolation algo-
rithm. It distinguishes itself from OI by incorporating the distance be-
tween observed values into the estimation process of the interpolation
linear combination coefficients from the covariance matrix.

Another frequently employed interpolation approach is the Varia-
tional Inverse Method (VIM) (Brasseur et al., 1996). Initially developed
for climatology analyses, VIM addresses the inefficiency of OI when
dealing with a large number of data values, a scenario often en-
countered in global-scale oceanic in situ observations. VIM utilises a
finite-element method to minimise the disparity between the estimated
and true fields.

A prominent implementation of VIM is the Data-Interpolating Vari-
ational Analysis (DIVA) (Beckers et al., 2014; Troupin et al., 2012).
Initially designed for interpolating 2D fields and subsequently extended
to accommodate 3D and temporal dimensions (Barth et al., 2014),
DIVA minimises an error function (variational principle) based on the
calculus of variations. This function depends on the distance between
observations and the true field across the analysis area, as well as
the norm of the field. A more detailed explanation of this powerful
methodology is provided in Appendix. The constants involved in the
minimisation process encompass (i) a characteristic length (𝐿), deter-
mining the distance over which a data point influences neighbouring
values, (ii) a term penalising solutions that produce values too different
from the observations, which is estimated based on the signal-to-noise
ratio (𝑆𝑁𝑅), and (iii) three terms penalising solutions with significant
anomalies, gradients, and variability, respectively. The key parameters
for configuring DIVA are 𝐿 and the 𝑆𝑁𝑅. DIVA achieves error function
minimisation through a finite-element algorithm on a regular grid with
predefined extent and spatial resolution. Currently tailored for marine
parameters, DIVA defines the estimated field within marine areas and
confines it within the coastlines, primarily catering to communities
in oceanography. The DIVA software incorporates Divafit, a function-
ality capable of automatically generating estimates for 𝐿 and 𝑆𝑁𝑅.
However, Divafit operates under the strong assumption of an infinite,

isotropic, and homogeneous area, making it beneficial for non-expert
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users but occasionally yielding sub-optimal results, especially when
considering advection–diffusion.

Another frequently employed interpolation method is Inverse Dis-
tance Weighted (IDW), a deterministic approach estimating a gridded
parameter field through the weighted average of observation values.
For each grid point, weights are determined by the distances from
observations to that point (Appendix). A weight-decay parameter (𝛾) al-
locates greater influence to observation values closer to the interpolated
point, with a large 𝛾 indicating dependence solely on neighbouring
points. Often, 𝛾 is set to 2 to align with various physics laws and
expedite calculations (Lu and Wong, 2008). IDW is commonly used for
swift coarse interpolations in spatial autocorrelation analyses due to its
lower computational complexity (𝑂(𝑛)) compared to other interpolation
methods such as OI (Chen, 2021). In geology and ecology data mining,
as well as pattern recognition applications, IDW results are frequently
deemed acceptable, particularly for small areas (Coro et al., 2023,
2022; Coro and Trumpy, 2020; Neissi et al., 2020; Yang et al., 2020;
Srivastava et al., 2019; Santilano et al., 2019; Chowdhury and Maiti,
2016).

In our workflow, we used a modified version of IDW for an ini-
tial interpolation stage that later fed a probabilistic graphical model
(Section 3.2).

2.1. Advection–diffusion constraint

The movement of particles in a fluid in regime conditions follows
the streamlines, imaginary lines tangent to the fluid velocity. If no
sources or sinks are present, the fluid mass in the time unit passing
through a closed curve in the streamline is constant, i.e., the fluid
mass is conserved. Advection is the phenomenon where a quantity 𝑞,
whether dissolved or suspended in a fluid, moves together with the
fluid volume. Accompanying advection, there might be diffusion, a
transport mechanism linked to the gradient of dissolved/suspended
quantity concentration. Diffusion involves the transfer of the quantity
from regions with higher concentration to those with lower concentra-
tion, thereby working to homogenise the concentration value over time.
Mathematical details can be found in Appendix.

If a constant diffusion occurs together with advection and the fluid
is incompressible (i.e., the velocity has zero divergence and thus does
not change in magnitude along the streamlines), and if the quantity is
conserved and its concentration does not change over time, then the
steady-state advection–diffusion equation subsists:

𝐷 ∇2 𝑐 − v ⋅ ∇𝑐 = 0

where 𝑐 is the volumetric density of 𝑞, ∇𝑐 is its gradient, v is the velocity
vector field of the fluid, and 𝐷 is the diffusion coefficient that regulates
the diffusion speed. In these conditions, the fluid density and velocity
can be different from one point to the other but all particles pass
through one point with the same velocity. Spatial interpolations fre-
quently reproduce stationary conditions and can incorporate the steady-
state advection–diffusion equation (stationary advection–diffusion equa-
tion) as a constraint during the interpolation process. This constraint
enhances interpolation accuracy, particularly when the interpolated
field represents a quantity subject to advection and diffusion.

DIVA provides users with the option to activate a stationary
advection–diffusion equation constraint in the minimisation of the
variational principle. This constraint serves to introduce anisotropy
into the interpolation, aligning it more closely with fluid dynamics.
The square integral of the advection–diffusion term (𝐷 ∇2 𝑐 − v ⋅ ∇𝑐 )
is added to the variational principle, prompting the search for a new
minimising field. Implementing this operation necessitates the inclusion
of a velocity-field NetCDF file as an additional input from the user.
The significance of the advection–diffusion term to the minimisation
can be fine-tuned by adjusting a weight parameter. When applying
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the advection constraint, it is advisable to decrease the automatically
estimated characteristic length (𝐿) to compensate for the increase of
correlation length along the streamlines.

2.2. Interpolation methods’ drawbacks

The OI method requires the inversion of an 𝑛 × 𝑛 sized data co-
variance matrix. This operation has an algorithmic complexity of 𝑂(𝑛3)
although some efficiency improvements have been proposed (Zhang
and Wang, 2010; Hartman and Hössjer, 2008). For this reason, OI might
be unsuitable for processing large observation datasets. Moreover, OI
is very sensitive to the choice of the correlation function (Gomis et al.,
2001). Simple functions depending on point distance (e.g., a Gaussian
decay) or isotropic functions are commonly used but are usually lowly
suitable for oceanographic applications (Tandeo et al., 2011). More-
over, the model is very sensitive to the variance parameter, whose
configuration requires domain expertise.

DIVA requires fewer calculations but also requires sizeable in-
memory storage and calculations for large datasets. It is also very
sensitive to the characteristic length 𝐿 and the signal-to-noise ratio pa-
rameter values. The Divafit estimates should be revised for applications
to small basins and when the advection–diffusion constraint is enabled.
Adjustment of these parameters usually requires domain expertise
in oceanography and several attempts and tests. Another potential
drawback for user communities in ecological and ecosystem modelling
is that DIVA should be used through a computational notebook written
in the Julia programming language (Barth et al., 2014), which requires
attending specific workshops to use the software correctly (SeaDat-
aCloud, 2023b). For some user communities, these notebooks can
be executed on cloud infrastructures providing suitable hardware for
processing small-medium size datasets (Blue Cloud Consortium, 2023).
A fruition-paradigm shift has been recently adopted with respect to
a previous distribution of DIVA as a Web service (GHER research
group, 2023) endowed with an interface compliant with the Open
Geospatial Consortium (OGC) specifications (Pagano and Napolitano,
2016). This paradigm shift has potentially changed the DIVA user
community by requiring expertise in computational notebooks in the
(still-niche (Tuychiev, 2022)) Julia programming language, and has
made batch processing more difficult. The expertise required to the
users is uncommon for scientists working on different domains than
oceanography (Coro, 2020b).

Usability hindrances for diverse user communities could be softened
by introducing new features such as (i) a robust automatic estima-
tion of the input parameters, (ii) the support of big data processing,
e.g., through cloud computing, and (iii) the availability of a Web service
endowed with a standardised interface, instead of a computational
notebook. Moreover, to meet the Open Science requirements of several
ecological and ecosystem modelling communities, interpolation soft-
ware should possibly support process-transparency by enabling result
reproducibility, repeatability, computational provenance tracking, and
re-usability across multiple application domains. In the next section, we
will explain how we added these features to our interpolation method.

2.3. Probabilistic graphical models for solving the advection–diffusion equa-
tion

A probabilistic graphical model is a graph constituted by nodes rep-
resenting the random variables of a complex statistical model (Bishop
and Nasrabadi, 2006) (Fig. 1). Nodes can represent random variables,
deterministic parameters (e.g., analytical functions), and constants.
Nodes depending on other nodes have these as parents. Therefore,
the graph defines the conditional dependencies between the random
variables. For example, in Fig. 1 the {𝜃1, 𝜃2, 𝜃3, 𝜃4} random variables
correspond to the following joint probability distribution:
𝑝(𝜃1, 𝜃2, 𝜃3, 𝜃4) = 𝑝(𝜃1)𝑝(𝜃2)𝑝(𝜃4|𝜃1, 𝜃2, 𝜃3)𝑝(𝜃3|𝜃2)
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Fig. 1. A probabilistic graphical model with four variables.

This formula combines all conditional and prior distributions. If real
data were available for 𝜃4, then 𝑝(𝜃4|𝜃1, 𝜃2, 𝜃3) would be a likelihood
function used as a constraint to search for the expected values of the
other variables (in compliance with Bayesian approaches). For exam-
ple, the stationary advection–diffusion term can be embedded into a
likelihood function forced to zero (Section 3.3). A Bayesian hierarchical
model is a probabilistic graphical model in which the edges have a
causal interpretation, established by the hierarchical dependencies be-
tween the nodes (Clauset et al., 2008). Software for building graphical
models usually provides mechanisms to estimate the expected values
of random variables by iteratively generating more and more correct
samples of the joint probability distribution. One of these techniques
is Gibbs sampling (Coro, 2017), which aims at sampling the posterior
probability density 𝑝(�̄�|�̄�) of model parameters �̄� = 𝜃1,… , 𝜃𝑚 given
the observation data �̄�. This technique allows estimating the expected
values of the �̄� parameters based on the samples drawn from the
posterior probability. The analytic forms of the prior and likelihood
functions should be defined at the configuration time in the graphical
model. The posterior probability would then be a multiplication of
these functions. Gibbs sampling uses a Markov chain process to draw
samples from the conditional distributions of the 𝜃𝑖 variables given all
the other variables (full conditionals), which are linked to the posterior
probability (Casella and George, 1992; Neal, 1993; Lyle Gurrin and
Ekstrom, 2013; Chib, 1995; Resnik and Hardisty, 2010). We report
details about this method in Appendix. Gibbs sampling produces a 1st-
order Markov chain of samples (with the full conditionals being the
transition functions) because, at each step, it estimates new values
using the values of the previous iteration. The Markov chain usually
begins to converge after generating many samples. Therefore, discard-
ing the first produced samples (burn-in iterations) is good practice. The
number of burn-in iterations depends on the model convergence speed.
If the last samples of a variable are mutually independent, their mean
approximates the expected value and their standard deviation measures
uncertainty (Monte Carlo Integration (Walsh, 2004; MacKay, 1998)).
To break the dependency between the draws in the Markov chain,
one draw every 𝑑 draws should be kept, with 𝑑 heuristically chosen
(thinning) (Lyle Gurrin and Ekstrom, 2013; Froese et al., 2014). A
computational method that generates a Markov Chain of samples from
a posterior distribution to estimate random variables’ expected values
is named Markov Chain Monte Carlo (MCMC) method. Several software
implementations exist (Depaoli et al., 2016; Lunn et al., 2012; Robert
and Ntzoufras, 2012), among which the Just Another Gibbs Sampler
(JAGS) is one of the most frequently used (Plummer et al., 2003; Froese
et al., 2018).

MCMCs are often used to solve the advection–diffusion equation in
several application domains. For example, to reconstruct contaminant
release history (Zhou and Tartakovsky, 2021), assess groundwater flow
and mass transport prediction uncertainty (Fu and Gómez-Hernández,
2009), identify hazardous and polluting gas sources in urban areas (Öttl
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et al., 2003; Guo et al., 2009), and model erosion and sediment trans-
port (Panday et al., 2014; Edge et al., 2022). The next section will
explain how we used an MCMC-based model to interpolate environ-
mental parameter observations, using the advection–diffusion equation
as a constraint.

3. Methods

This section describes our method (BIMAC) for interpolating a 2D
scalar field representing the distribution of a marine environmental
parameter in an area. The method can scale from small to large analysis
areas. It is also suitable for estimating the transport and diffusion of the
parameter within the bulk motion of water. BIMAC is entirely written
in R and open-source (‘‘Software and data availability’’ section). It uses
a Bayesian hierarchical model (solved through Gibbs sampling) to re-
estimate a prior interpolation result based on IDW while constraining
the re-analysis to satisfy the stationary advection–diffusion equation.

Although it has a more limited scope than alternative multi-
dimensional interpolation methods (Section 2), it overcomes significant
issues of the other solutions (Section 2.2) by (i) requiring a minimal
parametrisation, with the possibility of full automatism, (ii) addressing
users working in different domains than oceanography (e.g., geology,
ecology, climate, etc.) using R libraries or via a Web service and
interface, (iii) residing on a long-term sustainable cloud computing
environment that supports parallelisation over several time and depth
layers and different areas, (iv) complying with the Open Science di-
rectives of repeatability, reproducibility, and re-usability of the process
through the use of standards to describe the Web service input (Web
Processing Service (Schut and Whiteside, 2007)) and keep track of
the computational provenance (Prov-O (Lebo et al., 2013)), (v) being
enough computationally efficient to manage large datasets with modest
hardware.

This section describes all the components of the BIMAC work-
flow, following the schema reported in Fig. 2, i.e., data provisioning
and pre-processing (Section 3.1), prior parameter distribution calcula-
tion (Section 3.2), and final interpolated distribution estimation (Sec-
tion 3.3). Moreover, it describes the Open Science-oriented Web service
associated (Section 3.4) and the evaluation case study (Section 3.5).

3.1. Data provisioning and pre-processing

In the data preparation phase, the user should prepare two raster
files containing the horizontal (𝑢) and vertical (𝑣) components of the
water currents’ velocity in the study area. Moreover, the user should
specify the water depth level of the analysis. The two raster files
should define the 𝑢 − 𝑣 components of the currents at the specified
depth, averaged over a specific time frame. In this time frame the
currents will be assumed stationary. The files should be provided in
the standard ESRI-GRID (ASCII) format defined by the Open Geospatial
Consortium (OGC) (ArcMap, 2023), commonly used by ecosystem and
ecological modellers (Coro et al., 2023). The files’ spatial resolution
will correspond to the interpolated field’s grid resolution (analysis res-
olution). Retrieving and preparing these data is usually simple through
common GIS software. Velocity data are frequently available on open
data infrastructures (e.g., Copernicus (Copernicus, 2020)), as provided
by different research groups through oceanographic analyses, fore-
casts, and re-analyses at detailed resolutions, and from regional to
global scales and several temporal aggregations (from hourly to yearly).
Pattern recognition experiments working with big data often aim to
estimate macro patterns and could indeed prefer coarser time resolu-
tions (Coro et al., 2022; Coro and Bove, 2022; Coro, 2020a; Coro and
Trumpy, 2020).

The BIMAC user should also provide a comma-separated-values
(CSV) file containing coordinate pairs and observation values for the
analysed parameter at the specified input depth. This file should report
three data columns: longitude, latitude, value. The data could come from
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Fig. 2. General schema of our workflow.

in situ observations such as those of the global Argo network (Coro
et al., 2018; Argo, 2023), which are valuable for marine ecological
models (Coro et al., 2022).

Behind the scenes, BIMAC embeds a bathymetry raster file and
automatically cuts it out on the study area extent. This file and a
vector shapefile of global land distribution are used to set the analysis
geographic boundaries. The bathymetry data resolution is automati-
cally re-sampled at the analysis resolution. A caching mechanism avoids
re-sampling the same region and resolution multiple times across dif-
ferent executions on the same machine. BIMAC uses the GEBCO 2022
global-scale dataset with a 0.004◦ spatial resolution as the default
bathymetry file (GEBCO, 2022). This file can easily be substituted with
a user-provided file for higher-resolution analyses, e.g., the EMOD-
NET bathymetry dataset with a 0.001◦ resolution for European sea
regions (EMODNET, 2020).

Given the requirements of our system, our principal aim was to
obtain a reasonably accurate reconstruction while asking the users to
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provide only basic input information (i.e., currents’ velocity compo-
nents, depth, and observations). This way, we could offer an advanced
interpolation method to large communities of users with low expertise
in oceanography and hydrodynamics.

The data preparation algorithm can be summarised as follows (see
Moyroud and Portet (2018)):

Algorithm 1 Data preparation and pre-processing

Common preliminary user actions:

Identify the analysis area extent 𝐴, 𝑑𝑒𝑝𝑡ℎ, and time frame
𝑇 . The BIMAC default 𝑑𝑒𝑝𝑡ℎ value is 0 (surface)
Download 𝑢 − 𝑣 velocity files for 𝑇 from an open data
infrastructure (e.g., Copernicus)
(Optional) Download bathymetry information from an open
data infrastructure (e.g., EMODNET (EMODNET, 2020)).
The BIMAC default bathymetry file is GEBCO 2022 (GEBCO,
2022)
Cut the files at the same spatial extent and resolution 𝑅 with
a GIS software (e.g., QGIS (Moyroud and Portet, 2018))
Save the 𝑢-velocity, 𝑣-velocity, and (optionally) the
bathymetry files as ESRI-GRID (ASCII) files
Download the punctual, scattered observations of an envi-
ronmental parameter from an open data infrastructure (e.g.,
Argo (Argo, 2023))

Workflow start - data preparation:

Read the 𝑢-velocity file
Read the 𝑣-velocity file
Read the bathymetry file
Read the observation points’ dataset
Infer the resolution parameter 𝑅 and the area extent 𝐴 from
the velocity files
Create a uniform grid with an 𝑅 spatial resolution, referring
to area 𝐴, as a data matrix to report input and interpolation
data
Project the 𝑢-velocity onto a data matrix → 𝑢-velocity matrix
Project the 𝑣-velocity onto a data matrix → 𝑣-velocity matrix
Project and cut the bathymetry file onto a data matrix →
bathymetry matrix
Exclude observation points falling outside of 𝐴
Using the bathymetry matrix and a land shapefile, mark
the points falling on land or with bathymetry higher than
𝑑𝑒𝑝𝑡ℎ as data to be excluded from the subsequent analyses
(excluded points).

The requested input data are similar to those required by the 2D
version of DIVA (GHER research group, 2023), which simplifies the
adoption of BIMAC by users familiar with this software. The required
velocity file format is a simple ASCII format – instead of the NetCDF
format used by DIVA – which is more familiar for ecological and
ecosystem modellers (Christensen et al., 2005).

3.2. Prior parameter distribution

The second step of the workflow focuses on estimating a prior
distribution for the reconstructed parameter field. In this phase, BIMAC
estimates the parameter values over a 2D projection grid using a similar
approach to the IDW interpolation method (Section 2.3). A first IDW-
like process is conducted by assigning the weighted sum of the closest
observation values to each grid point falling within a resolution-sized
circle around the grid point. The weights are the inverse distances of
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Fig. 3. Conceptualisation of the Bayesian hierarchical model used in our workflow. The small image representing the Gibbs sampling convergence process was taken from Dong
et al. (2019).
these neighbour points to the grid point. The grid points associated
with weighted observations are used as new observations (grid-snapped
observations). This operation merges multiple (𝑛) overlapping points at
the grid resolution (with 𝑅 ≪ 𝑛) and thus reduces the computation time
of the next steps.

The grid-snapped observations are then interpolated through a sec-
ond IDW process. IDW has a lower computational complexity than
other interpolation algorithms (Section 2.3) but requires indicating a
coefficient regulating the decay of the influence of each point-value
from the other values. IDW is very sensitive to this parameter and might
end in different results at its variation. However, this sensitivity can
be tolerated if the IDW distribution is only used to estimate a prior
(preliminary) interpolation. We modified the IDW process to estimate
this parameter fully automatically. Our IDW process first identifies a
proximity radius within which each real observation might be influ-
enced by the other observations. In BIMAC, this length is statistically
estimated based on a heuristic approach we developed by analysing
several Argo datasets (Argo, 2023). First, the minimum distance (𝑑𝑚)
of each observation to the other observations is calculated. A log-
normal distribution likely approximates this distribution because the
in situ buoys typically present major concentration areas separated by
larger zones without buoys. The median of the log-normal distribution
is the geometric mean of the 𝑑𝑚 values. The upper confidence limit
(𝑑𝑚−𝑢𝑝) can be used as a threshold over which points are too far to be
influential. The user can also overwrite this 𝑑𝑚−𝑢𝑝 limit. This technique
is similar to other IDW algorithm enhancements (Lu and Wong, 2008)
but is particularly suitable for the Argo network data.

The second IDW interpolation is conducted for the grid points
surrounded by observations falling within the proximity radius. Each
grid point is assigned the inverse-distance-weighted average of the
surrounding observation values. After this calculation, some grid points
(among the non-excluded) could remain without an assignment because
there were no data around them within the proximity radius. In such
a case, the IDW process is re-iterated by including the previously
estimated points among the observations. This way, each estimated
point value will always depend on the surrounding values within the
proximity radius, which avoids unreal long-distance relations (Lu and
Wong, 2008).

The IDW interpolation algorithm can be summarised as follows:
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Algorithm 2 Prior parameter distribution estimation

Create a uniform grid 𝐺𝑝𝑟𝑖𝑜𝑟 with an 𝑅 spatial resolution, referring
to area 𝐴, as a matrix for the interpolated data. The spatial points
of this grid will be referred to as 𝑝𝑖 (with 𝑖 going from 0 to the
unfolded-grid length), and their associated values as 𝑣(𝑝𝑖)
For each grid point 𝑝𝑖:

Retrieve the real observations 𝑜𝑘 falling within an 𝑅-
distance from 𝑝𝑖
If observations exist → produce an inverse-distance-
weighted observation value 𝑣(𝑝𝑖) =

∑

𝑘 𝑣(𝑜𝑘)∕𝑑(𝑝𝑖 ,𝑜𝑘)
∑

𝑘 1∕𝑑(𝑝𝑖 ,𝑜𝑘)
; save 𝑝𝑖

among a new observation point collection ({𝑜𝑠𝑛𝑎𝑝})

For each observation point 𝑜𝑠𝑛𝑎𝑝

Calculate the minimum distance 𝑑𝑚(𝑜𝑠𝑛𝑎𝑝) from the other
grid-snapped observations

Estimate the upper confidence limit 𝑑𝑚−𝑢𝑝 of a log-normal
distribution over 𝑑𝑚(𝑜𝑠𝑛𝑎𝑝)
a. For each 𝐺𝑝𝑟𝑖𝑜𝑟 point 𝑝𝑖 (not being among the excluded points
of Algorithm 1):

Retrieve the grid-snapped observation values 𝑣(𝑝𝑗 ) falling
within a 𝑑𝑚−𝑢𝑝 distance
If values exist:

Calculate the inverse-distance-weighted value as
𝑣(𝑝𝑖) =

∑

𝑗≠𝑖 𝑣(𝑝𝑗 )∕𝑑(𝑝𝑖 ,𝑝𝑗 )
∑

𝑗≠𝑖 1∕𝑑(𝑝𝑖 ,𝑝𝑗 )
, where 𝑑(𝑝𝑖, 𝑝𝑗 ) (≤ 𝑑𝑚−𝑢𝑝) is the

distance between points 𝑖 and 𝑗

Assign the newly calculated 𝑣(𝑝𝑖) values to 𝐺𝑝𝑟𝑖𝑜𝑟

If points without a value associated still exist → re-iterate
the process from point a., including the new 𝑣(𝑝𝑖) among the
observations.

This algorithm automatically creates a uniform 𝐺𝑝𝑟𝑖𝑜𝑟 spatial grid
containing a first, coarse version of the final interpolated parameter
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distribution. This grid is used as the data reference in the likelihoods of
a subsequent Bayesian model (Section 3.3). This model re-calculates the
values by hypothesising a random observation error around the grid-
snapped observations and a larger uncertainty on the IDW-interpolated
values, and also uses the stationary advection–diffusion equation as a
constraint.

3.3. Interpolated parameter distribution

As the final processing step, a new uniform spatial grid 𝐺𝑝𝑜𝑠𝑡 is cal-
culated based on 𝐺𝑝𝑟𝑖𝑜𝑟. This grid contains, at each point, the expected
value of a posterior distribution calculated on the corresponding 𝐺𝑝𝑟𝑖𝑜𝑟
point. BIMAC produces this distribution through a statistical processing
of the IDW values using the stationary advection–diffusion equation as
a constraint between the re-estimations. This model is thus a Bayesian
model, and was implemented through JAGS (Plummer et al., 2003) as a
Bayesian hierarchical model based on MCMC simulation (Section 2.3).
The model calculates posterior-distribution samples for each grid point
and then averages these samples to find the optimal punctual value
expectations and uncertainties.

The model-internal prior distributions’ analytical forms were se-
lected by testing different functions in the processing of a gold example
of Argo temperatures used by DIVA (SeaDataCloud, 2023a), a global-
scale dataset of 8531 curated in situ observations. This dataset allowed
us to fine-tune the prior distributions’ forms and parametrisations.
Eventually, the following hypotheses were adopted for the Bayesian
model (represented in Fig. 3, which includes a small image representing
the MCMC convergence process from Dong et al. (2019)):

• The parameter field is undefined on theexcluded points, and these
points are also excluded from the advection–diffusion equation
constraint;

• The prior distribution of each grid point is a uniform distribution
ranging between the minimum and maximum observed value
(i.e., no prior value polarisation was given);

• The likelihood of a grid point value corresponding to an original
grid-snapped observation (𝑜𝑠𝑛𝑎𝑝) is a normal distribution centred
on the prior IDW value, with a small standard deviation. This
constraint drives the final estimation from a uniform distribution
towards the (inverse-distance-weighted) real observation values;

• The likelihood of all other point values is a normal distribution
centred on the prior IDW value with a standard deviation equal
to the overall standard deviation of the grid-snapped observation
values. This function drives the final estimation from a uniform
distribution towards a value within an uncertainty range around
the prior IDW value. The uncertainty range will therefore depend
on the area size and the observation values’ variance. The final
value will depend on the constraints to the other data and the
convergence speed of the model;

• For each grid point, the likelihood of the stationary advection–
diffusion term value is a normal distribution centred on zero
(the expected value) with a small standard deviation. This choice
forces each point value to satisfy the equation and interconnects
one point to its surrounding points through derivatives and wa-
ter velocity. The prior distribution of the diffusion coefficient
is a uniform distribution between 10−10 (∼ slow diffusion) and
3 ⋅ 10−9 m2 s−1 (small, uncharged molecules) which imposes
few prior assumptions on the parameter diffusion speed (Mul-
tiphysics Cyclopedia, 2017). The user can also overwrite these
settings.

The algorithm managing the Bayesian hierarchical model can be
7

summarised as follows (see Geweke (1996)):
Algorithm 3 Interpolated parameter distribution estimation

Configure the JAGS model (priors, likelihoods, advection–
diffusion constraint)
Run the Gibbs sampler to generate posterior probability samples
for each 𝐺𝑝𝑜𝑠𝑡 point. Use 1000 iterations for convergence (with
100 burn-in iterations) while retaining one sample every 10
samples to lower their inter-dependency (thinning)
For each 𝐺𝑝𝑜𝑠𝑡 point

Average the samples to generate the optimal estimation of
the point (according to Monte Carlo Integration (Geweke,
1996))
Report the standard deviation of the samples as the
uncertainty on the value

(Optional) Smooth the 𝐺𝑝𝑜𝑠𝑡 values using a 3 × 3 moving-average
matrix.

Using the standard deviation of the posterior distribution samples
is a reasonable measure of uncertainty because fast-converging dis-
tributions are associated with samples closer to accumulation points
(the expected values) and usually indicate that the samples are con-
sistent with the priors, likelihoods, and constraints (Coro, 2017). The
additional smoothing passage is similar to the average pooling made
by several machine learning approaches (especially deep-learning mod-
els (Coro et al., 2021)) and adds further correlation between adjacent
point values.

The 𝐺𝑝𝑜𝑠𝑡 dataset with associated values and uncertainties is saved
as two separate ESRI-GRID (ASCII) raster files reporting the interpo-
lated parameter distribution and uncertainty (as the punctual standard
deviation), respectively. Together with another raster file containing
the 𝐺𝑝𝑟𝑖𝑜𝑟 interpolation, these files are the final result of our workflow.

3.4. Open science-oriented web service

We developed BIMAC as an open-source R script using JAGS for
MCMC modelling (Plummer et al., 2003) (‘‘Software and data availabil-
ity’’ section). We published the workflow as a Web service supporting
secure cloud and parallel processing and Open Science-oriented fea-
tures (Hey et al., 2009). In particular, we integrated BIMAC with the
DataMiner cloud computing platform of the D4Science
e-Infrastructure (Coro et al., 2015; Candela et al., 2016; Coro et al.,
2017; Assante et al., 2019), which published the process under the
OGC-Web Processing Service standard (WPS (Schut and Whiteside,
2007)) (‘‘Software and data availability’’ section). This standard inter-
face allows directly integrating the process with widely used geospa-
tial data processing software supporting this standard (e.g., QGIS
and ArcGIS) (Coro, 2020b). The DataMiner automatically produces a
graphic user interface based on the BIMAC input/output definitions.
These features helped meet our crucial requirement that scientists
of heterogeneous disciplines and competencies could easily use the
software.

The BIMAC Web interface requires uploading two ESRI-GRID
(ASCII) raster files onto the platform-integrated distributed storage
system (Assante et al., 2019). These files should contain the 𝑢 − 𝑣
velocity components of the currents in the analysis area at the depth of
the analysis. The geospatial extent and location of these files identifies
the analysis area. The online software internally uses the GEBCO 2022
bathymetry file at 0.004◦ resolution for depth filtering (Section 3.1).
The user should also upload a CSV file containing the observations and
specify the analysis depth level. The workflow can be executed either
through a WPS-HTTP (POST/GET) call (Coro et al., 2017; Schut and
Whiteside, 2007) or the online Web interface.

The open-source R software allows customising several data and pa-
rameters used by the workflow, e.g., the bathymetry data, the diffusion
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coefficient, the standard deviation of the advection–diffusion likelihood
function, the prior distribution ranges, the error on the observations,
the distance upper confidence limit, etc.

Hosting BIMAC on the DataMiner also gives the advantage of dis-
tributing the executions on a cloud of 15 machines equipped with
Ubuntu 18.04.5 LTS x86 64 operating system, 16 virtual cores, 32 GB
of Random Access Memory, and 100 GB of disk for each machine.
Each machine can manage up to 4 executions simultaneously (i.e., 15×
= 60 concurrent executions). This integration allows to concurrently
rocess the data of different depths and time frames to produce 4D
atasets, with each layer being independent of the other. Furthermore,
he parameters, input and output data of each execution (computa-
ional provenance) are tracked in a user’s private data space as XML
ocuments following the Prov-O ontological specifications (Lebo et al.,
013). Provenance tracking is crucial for computational repeatability,
eproducibility, and experimental history tracking (Koop et al., 2011;
reire et al., 2012). Through D4Science, the users can also share the
omputational provenance, compare and merge different results, and
onduct experiments together (Assante et al., 2022).

Overall, this integration allowed us to make the workflow compli-
nt with the Open Science features of repeatability, reproducibility,
e-usability, collaboration, and interoperability (Hey et al., 2009).

.5. Case study

We compared the results of BIMAC and DIVA at reconstructing
urface-level (𝑑𝑒𝑝𝑡ℎ = 0) global-scale environmental parameters when
sed fully automatically. We used a one-month time frame consistent
ith large-scale climatology models that use DIVA (Troupin et al.,
010). We selected parameter measurements and averaged oceanic-
urrent velocities in January 2018, one of the years with the largest
mount of data in the Argo network repository (with 130,906 pa-
ameter observations overall). We used a 1◦ spatial resolution for the
lobal-scale interpolation grid. Therefore, the selected January-2018
elocity components datasets from Copernicus (Copernicus Marine Ser-
ice, 2018) were re-sampled at this resolution. The projection grid
ontained 61,200 points.

We interpolated the observations of four global-distribution param-
ters that are important for marine ecological models (particularly for
cological niche models (Scarcella et al., 2022; Coro et al., 2022)) and
idely and frequently measured by the Argo buoys, i.e.:

• Seawater temperature (SST), in ◦C
• Seawater practical salinity (SAL), in 𝑃𝑆𝑈
• Mass concentration of chlorophyll-a in seawater (CHL), in mg∕m3

• Moles of oxygen per unit of mass in seawater (DOX), in μmol∕kg

We downloaded the delayed-mode data for these parameters from
rgo, which underwent systematic-error adjustments (Argo, 2018).
ventually, the point values retrieved for each parameter were
,143,302 for SST, 4,697,151 for SAL, 30,190 for CHL, and 231,701
or DOX. We compared the accuracy (correct predictions over to-
al predictions) of BIMAC with that of DIVA at predicting global-
cale distributions for these parameters. DIVA was used through a
ulia computational notebook. The total computation time from work-
low/notebook start to end was also recorded to make an efficiency
omparison. Full automation of the DIVA notebook was simulated by
utomatically estimating the parameters through Divafit (Section 2).
lthough this strategy produced sub-optimal results, it allowed us to
ompare DIVA with BIMAC when satisfying the requirement to be
ully automatic. For the evaluation, we used 8000 randomly selected
oint values to interpolate one parameter at a time and the remaining
oints to test whether their associated values were correctly predicted
ithin uncertainty. The test points were snapped to the interpolation
rid through inverse distance weighting, and the fraction of correctly
8

redicted grid points was used as the accuracy measure. This strategy 1
llowed us to stabilise the test point values with respect to the large
ata variability in one month in each grid cell. The cross-validation
rocess was repeated 20 times, and the average accuracy was reported.
o run the tests, we used a D4Science virtual machine equipping
buntu 18.04.5 LTS x86 64 operating system, 8 virtual cores (although
ach run used one core only), and 32 GB of Random Access Memory.

. Results

A quantitative comparison between BIMAC and DIVA showed a
enerally small accuracy discrepancy ( Table 1). The average absolute
alue of the discrepancy was 7.43%. On DOX, BIMAC had the largest
elative accuracy loss with respect to DIVA (−4%), whereas on CHL it
ad a relative accuracy gain of +24%. The BIMAC accuracy loss was
3% on SST and −0.3% on SAL. The CHL observations were mainly
oncentrated in the southern hemisphere, which likely decreased the
IVA accuracy in the northern hemisphere. This comparison indicates

hat the two models present complementary aspects, qualitatively visi-
le in Fig. 4. The advection–diffusion component was more accentuated
n BIMAC than in DIVA and was likely responsible for increasing
he accuracy on CHL prediction through missing-data compensation.
owever, BIMAC requires the observations to be consistent with the
dvection–diffusion, which is less probable in a one-month time frame,
specially for DOX, because observations can have very high punctual
ariability in time. The DIVA SST and SAL distributions seemed blurred
ersions of the BIMAC distributions. Generally, the two models agreed
specially when many uniformly-distributed observations were present.
his is demonstrated by the lower accuracy discrepancy on SST and
AL. The DOX observations had a generally high punctual variability
ver time, which created a highly anisotropic distribution. Therefore,
here was a less direct relation between the observations and the
tationary advection–diffusion equation, which decreased the BIMAC
erformance.

The similarity between BIMAC and DIVA is particularly visible in
ig. 5, which reports the results on a gold example of Argo temperatures
sed by DIVA that presents low spatial and temporal variability (Sea-
ataCloud, 2023a) (Fig. 5a). In this case, the IDW distribution (Fig. 5b)
as already a good approximation of the final distribution (Fig. 5d).
he DIVA distribution was consistent with the areas with a high density
f observations (Fig. 5c). However, the higher uncertainty in the Arctic
cean (Fig. 5e) translated into a too-high average temperature (∼5–
◦C) (Seatemperatu.re, 2023). Instead, the BIMAC iterative approach

or building the IDW distribution reconstructed a more likely temper-
ture distribution in the Arctic Ocean (∼1–6 ◦C). The final BIMAC
istribution in this area also presented a high uncertainty (Fig. 5f), as
ell as in all locations with reduced observation density. However, the
ayesian model produced a realistic lower average temperature (∼1–6
C) by correctly revising the IDW distribution.

One interesting comparison between BIMAC and DIVA regards the
xecution times (Table 1 and Fig. 6, with the 𝑋-axis in logarithmic
cale). The average BIMAC time across the case study parameters (180
) was slightly lower than that of the DIVA notebook (210 s). The
IVA computational time included notebook initialisation (and data
re-processing) and model processing time, which had an equal weight
n the total time (∼50%–50%). A detailed analysis of the computation
imes at the increase of the number of training observations showed
lmost linear trends in both models, with comparable times. This
ehaviour comes from the fact that the grid size was constant (1◦

esolution), whereas data pre-processing had a 𝑂(𝑛) computational
omplexity. It is worth noting that DIVA exhausted the machine mem-
ry before 10,000 observations, whereas BIMAC could interpolate even

M points in 240 s.
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Table 1
Performance comparison across our case study parameters, i.e., seawater temperature (SST), seawater practical salinity (SAL), mass concentration of chlorophyll-a in sea water
(CHL), and moles of oxygen per unit of mass in seawater (DOX). The table reports the total number of observation points per parameter, the amount of data randomly selected
for interpolation and testing, and the final grid resolution and size. The accuracy columns compare the effectiveness of our model (BIMAC) vs DIVA. The average computation
time indicates the time required by the entire workflow (BIMAC) or notebook (DIVA) to interpolate one parameter.

Accuracy (%) Average total workflow/
notebook execution time per
case study parameter (s)

No. of
observations

No. Of Training
observations

No. Of Test
observations

Evaluation global-scale
grid resolution

BIMAC DIVA BIMAC DIVA

SST 6,143,302 8,000 6,135,302 1◦ × 1◦ (61,200 points) 79.05 81.40 180 210
SAL 4,697,151 8,000 4,689,151 1◦ × 1◦ (61,200 points) 99.47 99.80
CHL 30,190 8,000 22,190 1◦ × 1◦ (61,200 points) 97.20 73.52
DOX 231,701 8,000 223,701 1◦ × 1◦ (61,200 points) 78.94 82.29
Fig. 4. Comparison between the outputs of DIVA and our workflow (BIMAC). The first row reports the horizontal (𝑢), vertical (𝑣), and vector sum of the oceanic current velocity
components averaged over January 2018, as available on Copernicus. The lower images report the point-value distributions and the DIVA and BIMAC outputs produced for our
case study parameters, i.e., seawater temperature (SST), seawater practical salinity (SAL), mass concentration of chlorophyll-a in seawater (CHL), and moles of oxygen per unit of
mass in seawater (DOX). All distributions in one row share the same legend.
5. Conclusions

This paper has presented a workflow (BIMAC) to interpolate ma-
rine environmental-parameter observations such as those collected by
international programs like the Argo network through fleets of global-
scale distributed drifting robotic instruments. The workflow estimates
the values of a marine environmental parameter over an area, on
a regular grid, by processing punctual, scattered observations of the
parameter in the area. As far as the underlying stationarity assumption
is satisfied, BIMAC is general enough to work on other aquatic areas
than marine areas. Unlike other approaches, BIMAC first conducts a
prior interpolation of the values using an automatic, iterative modifi-
cation of the Inverse Distance Weighted interpolation method. Finally,
it re-estimates the values using a Bayesian hierarchical model that
combines the prior interpolation with the observation data while using
9

the stationary advection–diffusion equation as a constraint. This way,
it models neighbour value inter-relations and admits errors in the
observation values.

We demonstrated that on the interpolation of global-scale observa-
tions of marine environmental parameters from the Argo network, our
results were comparable with those of DIVA (using 2D processing). The
prediction accuracy within the uncertainty limits was reasonably high
(between ∼79% and 99.5%). The processing time was also satisfactory
(∼180 s) and comparable to that of DIVA. BIMAC processed a million
observations in 240 s. The statistical re-analysis of the IDW prior
distribution required most of the BIMAC computation time. Overall, we
demonstrated that BIMAC is an efficient method. The computational
complexity order of the Bayesian re-analysis depends on the grid size
𝑁𝑔 and the number of MCMC iterations 𝑁𝑖 (i.e., it is ∼ 𝑂(𝑁𝑔𝑁𝑖)).
The overall BIMAC computational complexity, including the IDW in-
terpolation, is 𝑂(𝑛 +𝑁𝑔𝑁𝑖). This complexity can reduce to 𝑂(𝑛) when
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Fig. 5. Comparison between the DIVA and our workflow (BIMAC) outputs on a reference data set of global-scale sea-surface temperatures from the Argo network. The charts report
(a) the point-values’ distribution (observations), (b) the Inverse Distance Weighted interpolation produced by BIMAC as a prior distribution, (c) the DIVA interpolation result, (d)
the BIMAC final interpolation, (e) the per-grid-cell error distribution produced by DIVA, (f) the per-grid-cell standard deviation (SD) produced by BIMAC. The temperature colour
scale is the same across the temperature points and interpolations. Warmer colours refer to higher uncertainty areas for the error and standard deviation distributions (e and f).
Fig. 6. Comparison between the total computation times of our workflow (BIMAC) and DIVA at the increase of the number of observation points analysed. The 𝑋-axis is reported
in the logarithmic scale. The dotted lines are data-trend lines whose exponential-like shapes indicate linear increases. The DIVA performance is reported up to the largest size
manageable by the used computing machine.
𝑛 ≫ 𝑁𝑔,𝑁𝑖 (e.g., in small areas or with less iterations), and is generally
lower than the 𝑂(𝑛3) of the OI interpolation method.

One novelty of BIMAC is its different scope with respect to al-
ternative solutions. It addresses the analysts of marine parameters
who need to estimate spatial distributions unavailable from large data
collectors in specific temporal or spatial frames. These potential users
might be ecological and ecosystem modellers needing to extract macro-
patterns from estimates of parameter distributions based on local,
private observations. These modellers usually have expertise in Open
Science-oriented e-infrastructures, the R programming language, ESRI-
GRID files, and GIS software. Moreover, they often need to quickly
modify code or reduce/enhance features to adapt the models to their
cases (Coro et al., 2015; Tsikliras et al., 2023). Since our target was
this type of user community, our workflow particularly addressed
Open Science features that are crucial in this context. Moreover, we
used probabilistic graph models that are more easily interpretable and
10
modifiable than the Artificial Neural Networks used by other solutions
and are also frequently used by our target community. BIMAC proposes
a fast and fully automatic solution that is also easily modifiable. The
software is entirely open source and uses standard R libraries. A free-
to-use WPS-based Web service allows easy integration into GIS software
supporting this standard. A simple Web interface allows users with
no programming skills to execute the interpolations. The used cloud
computing infrastructure allows for concurrently processing different
depth and time layers and obtaining 3D/4D representations of an
environmental parameter distribution. The provenance tracking (stan-
dardised in Prov-O) allows sharing, repeating, and reproducing each
experiment.

Enhancements of BIMAC will include further refinements of the
prior distributions and likelihood functions within the Bayesian hierar-
chical model, e.g., to possibly find functions suitable for diverse areas
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and environmental parameters. Tests will also be conducted by substi-
tuting the IDW prior estimation with a DIVA interpolation to verify if
combining finite-element and Bayesian models can improve the predic-
tion accuracy. Finally, we will explore the possibility of adding 3D/4D
processing. Applications of BIMAC are currently being conducted in
the context of the EcoScope European project (EcoScope, 2023) in
the fields of ecological niche modelling, biodiversity monitoring, and
ecosystem modelling. Moreover, BIMAC is used in data gap analyses
for the European Commission and the General Fisheries Commission
for the Mediterranean (Palermino, 2023; General Fisheries Commission
for the Mediterranean, 2023b; European Commission, 2023; General
Fisheries Commission for the Mediterranean, 2023a) and within the
ITINERIS Italian project (Italian Ministry of University and Research,
2023) in the fields of geology and geothermal energy.
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Appendix

This Appendix reports mathematical details about the methodolo-
gies mentioned in the paper.

Interpolation methods for marine environmental parameters

Optimal Interpolation (OI) method: A popular technique for es-
imating the analytical form of an approximate interpolated field and
hen projecting it on the interpolation grid (Kaplan et al., 2000; Shen
t al., 1998; Bretherton et al., 1976; Gandin, 1963). OI aims at min-
mising the expected square prediction error between the estimated
interpolated) field 𝑐𝑒(𝑝) and the real (unknown) field 𝑐𝑟(𝑝):

𝑒2(𝑝) = 𝐸[(𝑐𝑒(𝑝) − 𝑐𝑟(𝑝))2]

OI assumes that the analytical form of the interpolated field is a
inear combination of the observation data, i.e., of the approximate
amples 𝑐𝑖 of 𝑐𝑟(𝑝) in the points 𝑝𝑖 (with 𝑖 = 1,… , 𝑛) of a regular grid:

𝑒(𝑝) =
𝑛
∑

𝑤𝑖(𝑝)𝑐𝑖
11

𝑖=1
hich leads to

2(𝑝) = 𝐸[(
𝑛
∑

𝑖=1
𝑤𝑖(𝑝)𝑐𝑖 − 𝑐𝑟(𝑝))2]

OI uses an analytical approach to find the optimal 𝑤𝑖(𝑝) functions that
minimise 𝑒2(𝑝). When the sum ∑𝑛

𝑖=1 𝑤𝑖(𝑝)𝑐𝑖 is expressed as a vector
product w𝑇 (𝑝)c, the error expression becomes

𝑒2(𝑝) = 𝐸[(
𝑛
∑

𝑖=1
𝑤𝑖(𝑝)𝑐𝑖 − 𝑐𝑟(𝑝))2] = 𝐸[(w𝑇 (𝑝) c − 𝑐𝑟(𝑝))2]

= 𝐸[𝑐𝑟(𝑝)2] + 𝐸[w𝑇 (𝑝) c c𝑇 w(𝑝)] − 2𝐸[𝑐𝑟(𝑝) c𝑇w(𝑝)]

The expectation D = 𝐸[c c𝑇 ] is, by definition, the (𝑛 × 𝑛 sized) data
covariance matrix, with g(𝑝) = 𝐸[𝑐𝑟(𝑝) c𝑇 ] being the covariance of the
data with the true field. These two matrices (of which 𝑔 is unknown)
allow simplifying the error definition as:

𝑒2(𝑝) = 𝐸[𝑐𝑟(𝑝)2] + w𝑇 (𝑝) D w(𝑝) − 2g𝑇 (𝑝) w(𝑝)

= 𝐸[𝑐𝑟(𝑝)2] − g𝑇 (𝑝) D−1 g(𝑝) + (w(𝑝)
− D−1 g(𝑝))𝑇 D (w(𝑝) − D−1 g(𝑝))

which has its minimum for

w(𝑝) = D−1 g(𝑝)

Consequently, the analytical form of the interpolated field becomes:

𝑐𝑒(𝑝) =
𝑛
∑

𝑖=1
𝑤𝑖(𝑝)𝑐𝑖 = g(𝑝)𝑇 D−1 c

The covariance matrix can be used to estimate g(𝑝) if each 𝑐𝑖 is
assumed to correspond to 𝑐𝑟(𝑝𝑖) + 𝜖𝑖, with 𝜖𝑖 being a random observa-
tion error uncorrelated with the real field and the other observation
errors (Troupin, 2023). This assumption allows expressing the D and
g(𝑝) internal elements in terms of the theoretical data variance and a
correlation function 𝑘 (two user-provided input parameters):

D𝑖𝑗 = 𝜎2𝑘(𝑝𝑖, 𝑝𝑗 ) + 𝜖𝑖𝛿𝑖𝑗

𝑔𝑖(𝑝) = 𝜎2𝑘(𝑝, 𝑝𝑖)

These values directly allow for calculating the 𝑐𝑒(𝑝) values. OI is
a powerful interpolation technique, but its main drawback is its high
algorithmic complexity to invert D, i.e., its low efficiency (Section 2.2).

Kriging (Krige, 1951): A widely adopted analytical interpolation
algorithm, which differs from OI in the fact that the process estimat-
ing the linear-combination weights from the covariance matrix also
considers the distance between the observed values.

Variational Inverse Method (VIM) (Brasseur et al., 1996): Initially
conceived for climatology analyses, VIM overcomes the drawback of
the low OI efficiency when a large number of data values are available,
which might occur for global-scale oceanic in situ observations. VIM
uses a finite-element method to minimise the difference between the
estimated and the true fields. One of the most widely used imple-
mentations of VIM is the Data-Interpolating Variational Analysis
(DIVA) (Beckers et al., 2014; Troupin et al., 2012), originally conceived
to interpolate 2D fields but recently extended to manage 3D and time
dimensions (Barth et al., 2014). Instead of addressing the minimisation
of the expected error, DIVA minimises a function that depends on the
calculus of variations (variational principle).

This function depends on the distance between the observations and
the true field over the analysis area 𝐴, and the norm of the field:

𝐽 (𝑐𝑟) =
𝑛
∑

𝑖=1
𝜇𝑖 𝐿

2 (𝑐𝑖 − 𝑐𝑟(𝑝𝑖) )2 + ‖

‖

𝑐𝑟‖‖
2

with

‖𝑐𝑟‖ = (𝛼0𝐿4 𝑐2 + 𝛼1𝐿
2 ∇𝑐𝑟 ⋅ ∇𝑐𝑟 + 𝛼2 ∇∇𝑐𝑟 ∶ ∇∇𝑐𝑟) 𝑑𝐴
‖ ‖ ∫𝐴 𝑟
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The constants involved can be interpreted as follows: 𝐿 is a charac-
eristic length that sets the distance over which a data point influences
ts neighbour values; 𝜇𝑖 penalises the solutions producing values that
re too different from the observations; 𝛼0 penalises fields with large
nomalies; 𝛼1 penalises fields with large gradients; and 𝛼2 penalises
ields with large variability. The 𝛼 constants are scaled to depend on
. Normally, they are set to 𝛼0𝐿4 = 1, 𝛼1𝐿2 = 2, and 𝛼2 = 1 (to
refer homogeneous functions). As a further simplification, the penalty
𝑖 is defined based on the signal-to-noise ratio (𝑆𝑁𝑅): 𝜇𝑖 𝐿2 = 𝜇 𝐿2 =
𝜋 𝑆𝑁𝑅. Therefore, the principal parameters to configure when using
IVA are 𝐿 and 𝑆𝑁𝑅. DIVA finds the 𝑐𝑒(𝑝) field that minimises 𝐽 (𝑐𝑟)

hrough a finite-element algorithm on a regular grid of predefined
xtent and spatial resolution. Currently, DIVA is principally conceived
o process marine parameters; thus, the field is defined on marine
reas and bounded within the coasts. DIVA computes a triangular mesh
ithin the marine area, whose characteristic length is 𝐿. The varia-

ional principle is solved by each mesh triangle 𝑠 (=1,… , 𝑁𝑠) and then
eassembled as 𝐽 (𝑐𝑟) =

∑𝑁𝑠
𝑠=1 𝐽𝑠(𝑐𝑟𝑠). The triangular solutions are found

y introducing a Kernel function 𝐾(𝑝1, 𝑝2) as the data-field covariance,
.e., by defining 𝑔𝑖(𝑝) = 𝐾(𝑝, 𝑝𝑖) instead of the corresponding OI term
2𝑘(𝑝, 𝑝𝑖) (variance by correlation function). Using this definition, it can
e demonstrated (Troupin, 2023) that the minimising field 𝑐𝑒(𝑝) is

𝑒(𝑝) = g(𝑝)𝑇 D−1 c

ith

𝑖𝑗 = 𝐾(𝑝𝑖, 𝑝𝑗 ) + (1∕𝑆𝑁𝑅) 𝛿𝑖𝑗

𝐾 is usually represented as a very spare matrix, which can be com-
utationally and memory demanding for high-resolution interpolation
rea and large observation datasets. The DIVA software embeds a func-
ionality (Divafit) that can automatically produce estimates for 𝐿 and
𝑁𝑅. Divafit uses an analytical Kernel function (based on the Bessel

unction) that minimises the variational principle with the (strong)
ssumption that the area is infinite, isotropic, and homogeneous. There-
ore, it is very valuable for non-expert users but frequently produces
ub-optimal results, especially if advection–diffusion is considered.
Inverse Distance Weighted (IDW): A deterministic method that

stimates a gridded parameter field through the weighted average of
he observation values. For each grid point, the weights depend on the
istances of the observations from this point. Specifically, the estimated
alue at each grid point 𝑝𝑖 is

(𝑝𝑖) =

∑𝑛
𝑗=1 𝑐𝑗∕𝑑(𝑝𝑖, 𝑐𝑗 )

𝛾

∑𝑛
𝑗=1 1∕𝑑(𝑝𝑖, 𝑐𝑗 )𝛾

here 𝑑(𝑝𝑖, 𝑐𝑗 ) is the distance of 𝑝𝑖 from the point with value 𝑐𝑗 , and
𝛾 is a weight-decay parameter that assigns more significant influence
to observation values closer to the interpolated point, i.e., a large 𝛾
indicates dependency only on neighbouring points. Often, 𝛾 is set equal
to 2 to resemble several physics laws and speed-up calculations (Lu
and Wong, 2008). This method is often used to obtain fast coarse
interpolations for spatial autocorrelation analyses (Chen, 2021) because
its computational complexity (𝑂(𝑛)) is much lower than the one of
other interpolation methods (e.g., OI). In several geology and ecology
data mining and pattern recognition applications, especially for small
areas, the IDW results are considered acceptable (Coro et al., 2023,
2022; Coro and Trumpy, 2020; Neissi et al., 2020; Yang et al., 2020;
Srivastava et al., 2019; Santilano et al., 2019; Chowdhury and Maiti,
2016).

A.1. Advection–diffusion equation

The movement of particles in a fluid in regime conditions follows
the streamlines, i.e., imaginary lines within the fluid to which the fluid
velocity is always tangent. If no sources or sinks are present, the fluid
12

mass is conserved, i.e., the fluid mass in the time unit passing through
a closed curve in the streamline is constant. By defining 𝑐 as the
volumetric density of a quantity 𝑞 transported by the fluid, the variation
of 𝑞 in the time frame d𝑡 in a volume 𝑉 within the fluid is
d𝑞
d𝑡

= ∫𝑉
𝜕𝑐
𝜕𝑡

d𝑉

If the quantity is conserved, this variation is equal to the total flux
f the quantity 𝑐 through a surface 𝜕𝑉 enclosing 𝑉 , i.e.
d𝑞
d𝑡

= −∮𝜕𝑉
𝑓 ⋅ dS

here dS is an elementary surface over 𝜕𝑉 , and 𝑓 = 𝑐v, with v being the
luid’s velocity vector field. The flux is thus a measure of the quantity

flow through the surface. According to the divergence theorem:

∮𝜕𝑉
𝑓 ⋅ dS = ∫𝑉

∇ ⋅ 𝑓d𝑉

ence
𝜕𝑐
𝜕𝑡

= −∇ ⋅ 𝑓 = −∇ ⋅ 𝑐 v

This is the local form of the continuity equation, i.e., it is associated
ith the Eulerian description of the transport phenomenon that focuses
n one location at a time and observes the transport variations in that
osition.

Advection is the phenomenon for which a quantity 𝑞 dissolved or
uspended in a fluid moves together with the fluid volume. Together
ith advection, there might be diffusion, a transport mechanism asso-

iated with a gradient of dissolved/suspended quantity concentration.
iffusion indicates a quantity transfer from points with a higher con-
entration to points with a lower concentration. Therefore it tends to
niform the concentration value over time.

If diffusion occurs together with advection, the continuity equation
f a conserved quantity becomes the advection–diffusion equation:
𝜕𝑐
𝜕𝑡

= ∇ ⋅ (𝐷 ∇𝑐) − ∇ ⋅ 𝑐 v

here ∇𝑐 is the gradient of the volumetric density of 𝑞, and 𝐷 is the
iffusion coefficient that regulates the diffusion speed. In this equa-
ion’s most common usage scenarios, 𝐷 is assumed to be constant
nd the fluid to be incompressible (i.e., the velocity has zero diver-
ence and thus does not change in magnitude along the streamlines).
onsequently, the advection–diffusion equation becomes:
𝜕𝑐
𝜕𝑡

= 𝐷 ∇2 𝑐 − v ⋅ ∇𝑐

In a steady-state condition, the quantity concentration does not
hange over time, thus 𝜕𝑐

𝜕𝑡 = 0 and the advection–diffusion equation
becomes:

𝐷 ∇2 𝑐 − v ⋅ ∇𝑐 = 0

In this case, the fluid density and velocity can be different from one
point to the other, but all particles pass through one point with the
same velocity.

Spatial interpolations often reproduce stationary conditions and can
embed the steady-state advection–diffusion equation as a constraint
during the interpolation. This constraint improves the interpolation
accuracy if the interpolated field corresponds to a quantity subject to
advection and diffusion.

Probabilistic graphical models and gibbs sampling

Probabilistic graphical model: A graph constituted by nodes rep-
resenting the random variables of a complex statistical model (Bishop
and Nasrabadi, 2006) (Fig. 1). The nodes are associated to random
variables, deterministic parameters (e.g., analytical functions), and
constants. Nodes can depend on other nodes, which will be considered
parent nodes. Overall, the graph defines the conditional dependencies
between the random variables. For convenience, we report again the



Environmental Modelling and Software 172 (2024) 105901G. Coro

s
𝑝
b
a
u
v
g

1
o

𝑝

T
s
i
G
c
t
t
i
s
i
w
𝑝
t
a
s
1

e
l
d
c
t
t

i
d
T
s
i
v
I
b
c
w
F
M
e
M

a
2
t
2

R

A

A

A

A

A

B

B

B

B

B

B

B

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

example of Fig. 1, where the {𝜃1, 𝜃2, 𝜃3, 𝜃4} random variables corre-
pond to the following joint probability distribution: 𝑝(𝜃1, 𝜃2, 𝜃3, 𝜃4) =
(𝜃1)𝑝(𝜃2)𝑝(𝜃4|𝜃1, 𝜃2, 𝜃3)𝑝(𝜃3|𝜃2). The joint probability distribution com-
ines all conditional and prior distributions. If real reference-data were
vailable for 𝜃4, then 𝑝(𝜃4|𝜃1, 𝜃2, 𝜃3) would be a likelihood function
sed as a constraint to search for the expected values of the other
ariables (in compliance with Bayesian approaches). A probabilistic
raphical model in which the edges have a causal interpretation is

named Bayesian hierarchical model, which establishes a hierarchical
dependency between the nodes (Clauset et al., 2008).

Gibbs sampling: Software for building graphical models includes
techniques to estimate the expected values of random variables by
iteratively generating more and more correct samples of the joint prob-
ability distribution. One of these techniques is Gibbs sampling (Coro,
2017). It aims at sampling the posterior probability density 𝑝(�̄�|�̄�) of
the model parameters �̄� = 𝜃1,… , 𝜃𝑚 given the observation data �̄�.
Eventually, it estimates the expected values of the �̄� parameters from
the samples drawn from the posterior probability. The analytic forms of
the prior and likelihood functions should be defined at the configura-
tion time in the graphical model. The posterior probability would then
be a multiplication of these functions. Gibbs sampling uses a Markov
chain process (Casella and George, 1992; Resnik and Hardisty, 2010)
to draw samples from the conditional distributions of the 𝜃𝑖 variables
given all the other variables (full conditionals), i.e., 𝑝(𝜃𝑖|𝜃1,… , 𝜃𝑖−1, 𝜃𝑖+
,… , 𝜃𝑚, �̄�). The samples from the full conditionals are linked to those
f the posterior probability density as follows

(𝜃1, 𝜃2,… , 𝜃𝑚|�̄�) = 𝑝(𝜃1|𝜃2,… , 𝜃𝑚, �̄�)𝑝(𝜃2,… , 𝜃𝑚|�̄�)

he same rule holds for all variables. The first term on the right-hand
ide is the full conditional of 𝜃1. Hence, sampling each full conditional
n turn gives values proportional to those of the posterior distribution.
ibbs sampling uses this property by iteratively sampling the full
onditional of one variable at a time, leaving the other variables at
heir preceding sampled values. When a full conditional is sampled
his way, a new value for the conditioned variable is picked and then
mmediately used to sample the other variables that have not been
ampled yet. For example, in the case of three variables, the first
teration will use random {𝜃(1)1 , 𝜃(1)2 , 𝜃(1)3 } values; the second iteration
ill draw one sample 𝜃(2)1 from 𝑝(𝜃1|𝜃

(1)
2 , 𝜃(1)3 , �̄�), then a 𝜃(2)2 sample from

(𝜃2|𝜃
(2)
1 , 𝜃(1)3 , �̄�), and so on. A full conditional is usually easier to sample

han the complete posterior density because it likely has a well-defined
nalytical form; otherwise, approximation techniques can be used for
ample drawing (Neal, 1993; Lyle Gurrin and Ekstrom, 2013; Chib,
995).

After 𝑇 iterations, the sampler will have generated 𝑇 samples for
ach variable. It can be demonstrated that the samples produced in the
ast iterations likely converge to the samples of the posterior probability
ensity (Neal, 1993). The Gibbs sampler produces a 1st-order Markov
hain of samples (with the full conditionals being the transition func-
ions) because, at each step, it estimates new values using the values of
he previous iteration.

The convergence of the Markov chain typically occurs after generat-
ng a substantial number of samples. Therefore, a common practice is to
iscard the initially produced samples, referred to as burn-in iterations.
he number of burn-in iterations is contingent on the convergence
peed of the model. If the final samples of a variable exhibit mutual
ndependence, their mean serves as an approximation of the expected
alue, and their standard deviation quantifies uncertainty (Monte Carlo
ntegration) (Walsh, 2004; MacKay, 1998). To mitigate the dependency
etween successive draws in the Markov chain, a thinning strategy
an be employed, where only one draw every d draws is retained,
ith d being heuristically chosen (Lyle Gurrin and Ekstrom, 2013;
roese et al., 2014). The computational approach that generates a
arkov Chain of samples from a posterior distribution to estimate

xpected values of random variables is known as the Markov Chain
13

onte Carlo (MCMC) method. Numerous software implementations are
vailable (Depaoli et al., 2016; Lunn et al., 2012; Robert and Ntzoufras,
012), with Just Another Gibbs Sampler (JAGS) standing out as one of
he most frequently utilised options (Plummer et al., 2003; Froese et al.,
018).
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