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Accurate simulations of oil spill trajectories are essential for supporting practitioners’ response and mitigating
environmental and socioeconomic impacts. Numerical models, such as MEDSLIK-II, simulate advection,
dispersion, and transformation processes of oil particles, but their accuracy depends strongly on the correct
tuning of physical parameters, often relying on manual calibration and expert knowledge. This approach is
suboptimal, especially in dynamic and uncertain environmental conditions. To overcome these limitations, we
couple the MEDSLIK-II oil spill model with a Bayesian optimization framework to iteratively estimate the optimal
values of key parameters, such as the horizontal diffusivity, wind angle and wind drag, in order to obtain
simulation closer to satellite observations of the slick. We adopt a stochastic parameterization strategy, which
probabilistically explores the parameter space to enhance simulation skill. To this end, the Fraction Skill Score
(FSS) is maximized to evaluate spatial-temporal overlap between simulated and observed oil distributions. The
framework is validated for the Baniyas oil incident that occurred in Syria between August 23 and September 4,
2021, which released over 12,000 m? of oil. The approach improves FSS from 7. 97 % to 20. 66 %, on average,
compared to control simulations initialized with default parameters. Results demonstrate consistent improve-
ments across time steps, highlighting the method’s robustness and suitability for operational oil spill modeling
under uncertainty.

Environmental risks

broader consequences (Jones and Brischke, 2017; Mills, 2016). While oil
spill modeling has advanced (Huang, 1983; Keramea et al., 2021; Reed

1. Introduction

Oil spill pollution has historically been linked to rare but cata-
strophic events like Deepwater Horizon oil and gas well blowout, Prestige,
Erika, and Jyieh spills (Boufadel et al., 2023; Balseiro et al., 2003; Daniel
etal., 2001; Coppini et al., 2011). Since the 1970s, organizations such as
the International Tanker Owners Pollution Federation Limited and the
Regional Marine Pollution Emergency Response Centre for the Medi-
terranean Sea have documented accidental spills, creating a valuable
long-term dataset (Polinov et al., 2021). However, limitations in satellite
revisit times and coverage hinder real-time detection, especially during
initial spill formation, critical for mitigating damage. Thus, numerical
models remain essential for simulating oil spill dynamics and assessing

et al., 1999; Spaulding, 1988, 2017), drift simulation methods, pre-
dominantly Eulerian or Lagrangian, have changed little (Barker et al.,
2020).

The Lagrangian approach tracks oil as discrete elements, each rep-
resenting a droplet size class that moves according to physical processes
(Barker et al., 2020). The DeepWater Horizon spill highlighted key
limitations in existing models, including gaps in observed oil spill in the
water column and uncertainties in wind, wave, and current inputs
(Spaulding, 2017; Boufadel et al., 2020; Boufadel et al., 2023; Keramea
et al., 2023a). However, it also drove the introduction of some ad-
vancements, such as Lagrangian coherent structures to capture features
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study area (Fig. 1). Table 1 reports the slicks selected from the dataset.
2- Meteo-oceanographic input

Meteo-oceanographic forcing used to drive the oil spill model was
retrieved for the event timelines within a 2-3-degree radius around the
first observation’s centroid. Surface and subsurface currents and sea
surface temperature (SST) were retrieved from the Mediterranean Sea
reanalysis dataset (Escudier et al., 2020) at a 1/24° (~4. 5 km) resolu-
tion, provided by the European Copernicus Marine Service. Wind data at
10 m were sourced from ERAS5 reanalysis single levels reanalysis dataset
(Copernicus, 2024) ata 1/4° resolution (~25 x 25 km grid), provided by
the Copernicus Climate Change Service.

3- Bathymetry and coastline

Simulations also require bathymetry and coastline data to account
for potential shoreline impacts. Sub-ice bathymetry comes from The
General Bathymetric Chart of the Oceans 2024 (Mayer et al., 2018) and
coastlines from The Global Self-consistent, Hierarchical, High-resolution
Geography Database (Wessel and Smith, 1996) at its highest resolution
(10-100 m segments).

2.3. MEDSLIK-II oil spill model

The Lagrangian oil spill model MEDSLIK-II (De Dominicis et al.,
2013a, 2013b) is an open-source community model that has been used
for tracking oil spills in the Mediterranean Sea for nearly 15 years. It
discretizes oil slicks into parcels, simulating advection-diffusion and oil
weathering processes. Oil transport is driven by water currents, waves,
wind, and turbulent fluctuations, modeled via a random walk scheme.
MEDSLIK-II includes a proper representation of high-frequency currents
and wind fields in the advective components of the Lagrangian trajec-
tory model, the Stokes drift velocity, and the coupling with the remote-
sensing data related to observed oil slicks. The governing equation to
track oil uses the advection-diffusion equation and is presented in Eq.
2.1:

ac

o (X, C,t) (2.1)

fuve= v(?w) +

M
Py

J

The term % represents the rate of change of concentration over time,
with advection captured by the term u-VC, where u is the ambient ve-

locity field. The term V (?VC) represents spatially varying diffusivity,

and the last term shows the sum of reaction terms accounting for
physical-chemical processes such as spreading, evaporation, emulsifi-
cation, dissolution, photo-oxidation, biodegradation, and sedimentation
and adhesion to the coast (De Dominicis et al., 2013b). De Dominicis
et al. (2013a) analyzed the sensitivity of the model physical parameters
to varying inputs, such as wind drift and wind angle, through five ex-
periments. Their findings highlighted the critical role of high-fidelity
and high-resolution currents in improving forecast accuracy over a 1
to 2. 5-day timeframe. The study also suggested the use of ensemble
simulations with uncertain physical parameters to enhance predictive
performance over deterministic approaches. Building on this work, we
extend the analysis to two selected physical parameters, specifically
parametrization coefficients within the processes represented in the
formulations. In this work we use the MEDSLIK-II model version 2. 01,
available as open source at the model website.” The two parametriza-
tions we aim to optimize are:

1- Horizontal diffusivity

5 https://www.medslik-ii.org/index.html
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X, (t) = Zy\/2K,dt = [2r — 1]1/6Kydt (2.2)

dy(t) = Z»4/ 2K, dt = [2r — 1]/ 6Kdt (2.3)

where r is a random variable uniformly distributed in [0, 1], and D is the
horizontal diffusivity coefficient, varying in the order of magnitude of
1-100 m?/s (De Dominicis et al., 2012; De Dominicis et al., 2013b).

2- Wind drift and angle

Uy = a(Wxcos(B) + W,sin(p) (2.4
Vw = a( — W,sin(g) + Wycos(p) (2.5)

where U and V represent the wind zonal and meridional components at
10 m, while @ and § correspond to the wind drift and wind angle,
respectively. The MEDSLIK-II model typically assumes a wind drift of 3
% and wind angle between 0. 0-15. 0° (Al-Rabeh et al., 2000).

In MEDSLIK-II, other parameters such as evaporation, emulsification
and dispersion parameters could be modified to verify the sensibility of
the oil slick to its drift and impact how well or worse models represent
observed slicks. However, in the context of this work we avoid stressing
the oil chemistry parameters to restrict our analysis on a small set of
parameters and eventually extend it to other real world slick events,
adding more parameters once the relocatability of this approach is
validated.

2.4. Bayesian optimization

Bayesian optimization (Jones et al., 1998; Kushner, 1964; Mockus,
1989; Mockus, 1975; Zhilinskas, 1976) is a class of data-driven opti-
mization methods designed for black-box derivative-free global opti-
mization problems. The goal is to maximize an objective function f(x),

x = argmaxf (x) (2.6)

where x € 7 is the physical parameter vector and #° C R" denotes the
n-dimensional parameter space (Frazier Peter, 2018). This approach is
particularly advantageous when function evaluations are computation-
ally expensive due to the high dimensionality of the parameter space,
the computational cost of resource-intensive simulations, or when the
analytical form of f(x) is unavailable or unknown. At its core, Bayesian

optimization relies on a probabilistic surrogate model, jA‘(x)7 to approx-
imate the behavior of the objective function. A Gaussian Process (GP)
(Naveiro and Tang, 2024; Rasmussen and Williams, 2006) is commonly
used as the surrogate model due to its flexibility in modeling a wide class
of functions and its ability to quantify uncertainty. The GP defines a
prior distribution over functions, which expresses initial beliefs about
the function’s behavior before any data is observed. Once observations
are available, these beliefs are updated to form the posterior distribu-
tion. Given a dataset & = {(x;,f(x;) }[.;, the GP posterior )A‘(x) |7
provides a probabilistic prediction for the function value at a new, un-
observed point x. The posterior is fully characterized by its mean
u(x) and standard deviation o(x), which represent the expected value
and uncertainty at each point in the parameter space. Using the poste-
rior, Bayesian optimization selects the next evaluation point based on an
acquisition function, which balances (i) Exploration, sampling points
with high uncertainty (i. e., large o(x), and (ii) Exploitation sampling
points with high predicted performance (i. e., large u(x). A common
choice for the acquisition function is the Upper Confidence Bound
(UCB), defined as:

UCB(x) = p(x) +k-o(x) 2.7)

where k > 0 controls the trade-off between exploration and exploitation
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(Carpentier et al., 2015). Bayesian optimization iteratively refines the
surrogate model and acquisition function by incorporating new samples
in . At each iteration, the parameter vector is sampled as:
X = argmaxUCB(x) (2.8)
xXe¥

The objective function is evaluated at X, and the surrogate model is
updated with the new sample point (X, f(X). This process continues until
predefined convergence criteria, such as a maximum number of itera-
tions or a threshold improvement in f(x), are satisfied.

2.5. Coupled Bayesian optimization MEDSLIK-II framework

In this study, we aim to identify the optimal parameter configuration
of the MEDSLIK-II model that yields simulations most closely aligned
with the spatial-temporal distribution of observed oil slicks, as defined
in Section 2. 1. These simulations depend on the specific configuration
of a parameter vector. We define the tunable parameter vector as x =
Ky, a, /)’]T € 7, where 2 C R® is the parameter space, Ky, represents the
horizontal diffusivity, « denotes the wind drift and $ the wind angle. The
ranges for the tunable parameters are defined as Kj, € [0.0,20.0] (m?/s),
a € [0.0,0.05] (m/s) and § € [0.0,15.0] (°) after an initial sensitivity test,
but also respecting the boundaries found in the literature (De Dominicis
et al., 2012).

To evaluate the agreement between simulated and observed oil slick
distributions, we adopt the Fractions Skill Score (FSS) as the optimiza-
tion metric (Roberts, 2008; Roberts and Lean, 2008), which is further
explained in Section 2. 6. It represents the fractional coverage of simu-
lated and observed oil particles within a specified spatial neighborhood,
ranging from O to 1, with higher values indicating better spatial align-
ment. Hence, the Bayesian optimization task is formulated to maximize
this score:

x' = arg _ ;r.}:f“?NFSS (L x> Oer1) (2.9)
where FSS(S,,, @?++1) serves as the objective function to be maximized.
Here, S,, represents the MEDSLIK-II simulation initialized at the obser-
vation Oy, based on the corresponding atmospheric and oceanic forcing
at that time, along with the physical parameter vector x;. The term ;.1
denotes the subsequent observed oil slick data used for comparison,
while x" represents the optimal parameter vector obtained upon
convergence. In addition to physical parameters, the MEDSLIK-II
simulation includes oil-specific information, such as the number of
simulated particles and oil type. We used 90. 000 particles and selected
the same oil type for all the simulations: Safaniya, an Arabian heavy
crude with an API gravity of 27. 9. To maintain consistency, we did not
alter values related to oil chemistry, instead focusing on the trajectory of
the oil spill while keeping its chemical processes fixed. In the experi-
ments, we set t € [1,...,5], aligning with the available observations
(Table 1), and limit the maximum number of iterations in the Bayesian
optimization framework to N = 100. The process requires the evalua-
tion of an objective function, using a “one-step” assumption, which
quantifies the accuracy of the MEDSLIK-II model’s output relative to
target observation(s). To approximate the behavior of FSS(Sy,, @¢11), a
Gaussian Process (GP) is employed as a surrogate model. At each iter-
ation i, the MEDSLIK-II model is initialized with the current parameter
vector X;, and the corresponding FSS(Sy,, ++1) is computed. For the first
iteration (i = 1), the parameter vector is initialized to default values,
Kn = 2.0, a=0.0 and p=0.0 (De Dominicis et al., 2013b). The
parameter vector for the subsequent iteration i+ 1 is determined by
maximizing the acquisition function UCB as in eq. 2.7, with k = 2.576
(Jones et al., 1998; Srinivas et al., 2010; Frazier Peter, 2018). After
evaluating the objective function at x;,1, the GP is updated with the new
sample (xi1,FSS(Sx,, @+11). We repeat this process until we reach N for a
given observation. In addition to using the acquisition function for
selecting new points, we also leverage the GP posterior to estimate
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uncertainty around the current best set of parameters x". Specifically, we
sample 1. 000 functions from the GP posterior conditioned on x”,
yielding a distribution of possible objective values. From this distribu-
tion, we extract the 5% and 95" percentiles to form a confidence interval
around the predicted FSS. This provides insight into the robustness and
uncertainty of the best-performing simulation parameters. The overall
workflow is presented in Fig. 3. For the implementation of Bayesian
optimization, we used the BayesOpt python library, which was
customized to meet the specific needs of this study.

2.6. Experimental settings

This section outlines the experimental settings used to evaluate the
skills of the proposed approach across six sequential observations
(Table 1). In order to compare simulations with Observations, MEDSLIK-
IT simulations were run using both default physical parameters (control
phase) and the ones estimated through Bayesian optimization (valida-
tion phase). In the control phase, default physical parameters were kept
fixed across all simulations, mimicking standard model usage. In the
validation phase, two strategies were tested:

i. One-step Optimization (0SO): MEDSLIK-II is initialized with obser-
vation O1, as the initial condition, and Bayesian optimization is then
performed using observation O2 to determine the optimal physical
parameters. These parameters are then used unchanged in all sub-
sequent simulations for all future time steps.

ii. Multi-step Optimization (MSO): Bayesian optimization is applied
iteratively between each pair of observations (e. g., 01 — 02, 02 —
03), updating parameters step by step.

While OSO prioritizes computational efficiency, for operational use,
MSO improves accuracy by continuously recalibrating the model phys-
ical parameters, enhancing flexibility and adaptability by continuously
updating conditions. The overview of the experimental settings is
depicted in Fig. 4.

0Oil Slick simulation accuracy was assessed using two metrics:

1. Fractions Skill Score (FSS)

The FSS (Roberts and Lean, 2008), used as the objective function of
the Bayesian optimization framework, was originally introduced for
comparing observed and modeled rainfall accumulation. Later, it was
also applied in oil spill modeling, demonstrating the suitability for
operational oil spill tracking purposes (Simecek-Beatty and Lehr, 2021).
In this work, the FSS compares spatial distributions (unlike the tradi-
tional overlay method) of oil spill simulations by comparing them
against a ground truth (i. e., satellite observations) on a 150m x 150m
grid.

M:

> (fi — 0))°
()

-

FSS=1- (2.10)

where f; is the forecast fraction, o; is the observed fraction, and the
summation runs over all grid points i. The FSS ranges from O to 1, where
1 indicates a perfect match between the forecast and observation, and
0 indicates no skill.

2. Centroid Skill Score (CSS)
The Centroid Skill Score (Liu and Weisberg, 2011) measures the
normalized Lagrangian separation distance between the centroids of
simulated and observed slicks:

5 https://github.com/bayesian-optimization/BayesianOptimization
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Iterate N times through steps 1-4 by refining
surrogate model and updating config params
until convergence criteria are met

2. Evaluate Objective Function by
running MEDSLIK-Il and computing FSS

NUMERICAL DETECTION
SIMULATION DATA
Ot

: MEDSLIK-II OIL SPILL

e e e —([ KD, o, BO], FSSW);

3. Surrogate Model Update
based on FSS values from step 2

Fig. 3. Overview of the Bayesian optimization workflow designed for improving the accuracy of the MEDSLIK-II oil spill model simulations. The workflow iteratively
refines the simulation configuration parameters by evaluating the objective function and optimizing the acquisition function until a convergence criterion is met.
Here, we denote the iteration number with the superscript (i), for the sake of clarity.

c
— if CI < Cyr,
cSs = Clar o 211

0, otherwise.

where CI = L% the Lagrangian separation distance (in km) between SAR-

derived and modeled oil slick at a given time and L is the diagonal
length (in km) of the bounding box enclosing the observed slick. A CSS of
1 indicates a perfect match while a CSS of 0 means the centroids are
distant relative to the observation size. Following (De Dominicis et al.,
2014), the threshold Cg is set to 1.

3. Results

Table 2 presents the quantitative results for all tested experiments,
showcasing each simulation metric across different settings: control,
0SO0, and MSO. For each observation, we report the FSS and CSS scores
along with their percentage difference over the control setting when
applying the OSO and MSO strategies. The specific physical parameters
used in each MEDSLIK-II simulation are detailed in Table 3. The default
values come from the standard MEDSLIK-II model, while the OSO pa-
rameters were optimized using Bayesian optimization between obser-
vations O1 and O2. The MSO parameters, on the other hand, were
refined through continuous training over successive observation pairs.

Fig. 5 illustrates the results for the control, OSO, and MSO ap-
proaches, using observation O3 (see Table 1) as the initial condition.

Each evaluation metric assesses the accuracy of MEDSLIK-II simulations
against satellite observations of the oil slick trajectories, following
temporal alignment. Since the observations were provided as shapefiles
without oil slick thickness data, we focused on the slick shapes for area
comparison. Consequently, we employed the geographical centroid in
our analysis, as the center of mass could not be determined from the
available data. Because the optimization process targeted the FSS
metric, we consistently observe an improvement from control to OSO
and further to MSO. However, this pattern is not always reflected in CSS
scores. For example, in observation O3, both FSS and CSS reached their
highest values in MSO. A closer look at observation O4 in Fig. 5 reveals a
clear skill enhancement from the control setting to OSO and MSO across
all metrics. In the control run, the simulated oil slick appears narrower,
remaining closer to the coast and failing to move as far north as in the
0SO and MSO experiments. Comparing OSO and MSO, we see that MSO
achieves a slightly better match, particularly in the southern region of
the observed slick. These differences can largely be attributed to varia-
tions in horizontal diffusivity. In the control setting (horizontal diffu-
sivity set to 2.0 m?/s), the slick is advected with minimal spreading. In
contrast, the optimized horizontal diffusivity values for OSO (7.3020
m?/s) and MSO (15.8515 m?/s) allow the slick to spread more effec-
tively, covering a larger portion of the observed area and improving
accuracy.

Our simulations, initialized with the Bayesian optimization esti-
mated parameters, usually achieved improvements across both settings.
The FSS metric in the OSO configuration, outperformed the control
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Fig. 4. Experimental settings. The control phase consists of running MEDSLIK-II simulations with standard physical parameters. The validation phase is divided into
two approaches: One-step Optimization and Multi-step Optimization. In the former, optimization is applied only from observation O1 to 02, with the resulting
physical parameters used for all subsequent simulations. In the latter, optimization is performed at each observation step, to capture potential variations in model

physical parameters.

Table 2

FSS and CSS results for control, OSO, and MSO settings across the assessed ob-
servations. The FSS values are accompanied by 5 to 95 percentile confidence
intervals, derived from 1000 samples drawn from the GP’s posterior distribu-
tion. Additionally, we report the percentage improvement for both OSO and
MSO relative to the control setting (0SO% and MSO%) towards the maximum
scores, as well as the average values across the different observations and
settings.

Obs Metric  Control ~ OSO 0S0% MSO MSO
%
02 FSS 0.5594 0. 23. 37 0. 6624 (0. 6621, 0. 23.37
6624 6626)
CSS 0.8595 0. 13. 66 - -
8787
03 FSS 0.3258 0. 26. 38 0. 5646 (0. 5643, 0. 35. 42
5036 5649)
CSS 0.8233 0. 27.22 0. 9373 64. 51
8717
04 FSS 0.4263 0. 14. 67 0. 545 (0. 5447, 0. 20.7
5105 5454)
CSS 0.9617 0. 12.53 0. 9744 33.15
9665
05 FSS 0. 5764 0. —25. 0. 627 (0. 6266, 0. 11.95
4704 03 6274)
CSS 0.8418 0. 14. 41 0. 8621 12.83
8646
06 FSS 0.5449 0. 0. 46 0. 5989 (0. 5989, 0. 11.85
5471 5989)
CSS 0. 8678 0. -3.70 0. 8549 -9.
8629 75
Avg.  FSS 0.4866 0. 7.97 0. 5996 20. 66
5388
CSS 0. 8708 0. 12. 82 0.9014 25.18
8888

setting by 7. 97 % on average, while the MSO configuration improved
even further by 20. 66 %. Regarding the CSS metric, the optimization
also enhanced the average accuracy by 12. 82 % for the OSO strategy
and 25. 18 % for MSO, further underscoring the advantages of Bayesian
optimization. However, despite its superior accuracy, MSO comes with
added complexity and computational time, making its implementation
in operational settings more challenging, as previously discussed.
Nevertheless, when comparing OSO and MSO, it is evident that the latter
consistently outperforms both the control and OSO settings for FSS,
demonstrating a sustained improvement in accuracy (see Fig. 6). How-
ever, when observing the CSS metric, the improvement is not always
verified, such as in 06, where both OSO and MSO strategies were out-
performed by Default settings.

When comparing the visual characteristics of the oil spill in Fig. 5
with Figs. 7, 8, 9, and 10 in the Appendix A, it becomes clear that the
modeled results better match the observed oil slick extent in the first
three simulations.

4. Discussion
4.1. Methodological considerations and practical implications

Bayesian Optimization provides a principled approach to calibrating
model parameters, making it particularly suitable for data-driven oil
spill forecasting. Conventional parameter settings in oil spill models,
often derived from expert knowledge, may not generalize well across
varying environmental conditions. The core advantage of Bayesian
Optimization lies in its ability to iteratively explore the parameter space
in a stochastic yet informed manner, balancing exploration of poorly
known regions and exploitation of promising configurations. This
feature is particularly well-suited to oceanographic simulations, where
each model run is computationally expensive and an exhaustive search
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Fig. 6. Comparison of the FSS (left panel) and CSS (right panel) metrics between the simulation using optimal parameters identified through Bayesian optimization
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is infeasible. Moreover, an online-trained surrogate model can dynam-
ically capture spatial correlations in the simulation outputs, enabling
more informed and adaptive sampling. By leveraging a surrogate
probabilistic model of the response surface (e. g., a Gaussian Process),
Bayesian Optimization can guide the selection of new parameter sets in a
way that is both efficient and uncertainty aware. It is worth noting,
however, that the performance of Bayesian Optimization depends on the
quality of both the surrogate model and the acquisition function,
underlining the importance of designing acquisition strategies tailored
to the specific landscape of the response surface, which is often non-
convex and noisy. Overall, this study demonstrates the potential of
Bayesian Optimization as a powerful tool for adaptive parameter tuning.
Beyond oil spill modeling, the same methodology can be extended to a
wide range of simulation-based models characterized by uncertain pa-
rameters, sparse observations, and high computational costs.

4.2. Considerations around metrics and environmental data used

The results presented in Section 3 indicate that simulation accuracy,
measured by the optimized metric (FSS), consistently improved when
the Bayesian optimization workflow was applied. Both the MSO and
0OSO approaches led to higher FSS values compared to the control
simulation setup, with MSO generally outperforming OSO. However, a
few exceptions were observed when considering the CSS metric. This
does not necessarily imply poorer results, as area-based metrics like FSS
and centroid-based metrics such as CSS complement each other in
assessing oil spill modeling accuracy. While CSS primarily indicates the
accuracy of the oil spill’s location, FSS evaluates how well the model
captures spreading and weathering processes (Dearden et al., 2021).
Additionally, FSS scores are typically lower than CSS scores, as accu-
rately matching the precise area and shape of an oil slick is inherently
more challenging than achieving strong performance on geographical
centroids, even after optimization. Although the number of variables
was limited in all experiments, other inputs could have significantly
influenced the results. For instance, additional MEDSLIK-II parameter-
s—such as the spreading rate of thick and thin slicks or evaporation
parameters—different environmental forcings, including regional or
local circulation models tailored to the period of interest, or more
detailed observations of the oil slick characteristics (e. g., oil thickness)
could have been considered. As shown in the surface current data in
Fig. 2, the primary oceanographic features are two eddies that drive a
northward current pattern. While these features are captured in the
forcing data, the accident occurred along the coastline, far from these
mesoscale structures. Additionally, the reanalysis data used for coastal
conditions lacks the resolution necessary to accurately represent coastal
currents at the scale at which this circulation model was generated.
MEDSLIK-II can extrapolate currents from areas with available data to
cells where no current values are provided. This extrapolation averages
currents in ocean cells until land cells are reached (De Dominicis et al.,
2012). However, this method does not ensure that the real circulation
features are accurately represented in the extrapolated region. The
combination of general meteo-oceanographic conditions, data limita-
tions, and extrapolation techniques adds to the inherent uncertainties of
oil spill advection and diffusion, which relies on a random tensor to
introduce stochasticity in the movement of Lagrangian particles. The
Bayesian optimization method, through its acquisition function, seeks to
minimize the score without directly accounting for the specific oceanic
conditions in which the oil spill simulations were conducted. Given that
the currents in the affected area may be weaker than they should be,
advection is likely underestimated, preventing the slick from being
transported as far north as it would in real conditions. As a result,
diffusion, which is modulated by horizontal diffusivity (K;) becomes the
dominant process in achieving a better match between observations and
simulations. The assumption for this case may not prove right for other
occasions, where wind can have a bigger effect in the slick drift. Addi-
tionally, we used ERA5 winds, which have an approximate 25 km
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resolution, not capturing the precise local behavior of the wind into the
oil slick. Wind drift parameter varied from 1. 29 % to 3. 31 % meanwhile
wind angle acted varied from 0. 27 to 6. 98 degrees (check 3). These
values acted more as calibrators of the slick overall position since the
spreading of the slick was more important for matching the modeled and
observed areas. Beyond the lack of information on slick thickness,
another observational limitation stems from the use of three different
satellite sensors, which could influence the results due to variations in
oil slick detection across sensors. The only set of experiments using the
same sensor was from observation O3 to observation O4, which also
coincided with the best results in terms of the CSS metric. Furthermore,
when comparing the observed evolution of the oil slick with FSS and CSS
metrics, there are cases where the modeled slick performs well in one
metric but not in the other. This was particularly evident in observations
05 and 06, where the slick area was larger than in previous observa-
tions. While the optimization improved the FSS metric for these cases,
the same improvement was not reflected in the CSS metric. Beyond the
above-mentioned aspects, the findings of this work are restricted to a
single oil spill event, despite abundant in terms of observations, it is not
possible yet to imply that the same method and relation between pa-
rameters could explain the optimization for other oil spill events. Future
works will apply the same approach to other observed oil slick events to
assess the relocatability of the Bayesian Optimization considering other
locations and environmental data.

4.3. Considerations on experimental settings

All experiments were conducted as sequential runs on a compute
node of the JUNO Hybrid Cluster at the High-Performance Computing
Center of the Euro-Mediterranean Center on Climate Change (CMCC).”
One of the key motivations for proposing OSO and MSO was the high
computational cost of a single optimization process. The process is
performed online, iteratively, updating the surrogate model with new
observations, making its execution time dependent on the simulation
model’s computational cost. In the worst-case scenario for the analyzed
event, a single model run required approximately 295 s (~5 min) of CPU
time, with a maximum memory usage of 292 MB and an average of 228.
83 MB. During the training process, CPU time increased to 26,970 s (~7.
49 h), with a peak memory usage of 568 MB and an average of 484. 36
MB. The OSO procedure involved one training step and four single
model runs, whereas the more computationally demanding MSO
required five training steps, further increasing resource consumption.
For operational responses to oil spill incidents, computational time and
resource usage could be limiting factors, as optimizing model perfor-
mance may come at the expense of a rapid response. However, OSO
demonstrated that even a single optimization step was sufficient to
achieve improvements across all evaluated metrics. An added advantage
of the proposed coupled workflow is its ability to provide an integrated
solution for parameter selection, model execution, and result genera-
tion. This process can be easily automated, for instance, when a new
observation becomes available, thereby reducing overall response time.
Lastly, optimizing for FSS did not automatically lead to improvements in
the CSS metric. However, the flexibility of the system allows the opti-
mization metric to be modified, potentially yielding a different combi-
nation of MEDSLIK-II parameters better suited for specific evaluation
criteria.

4.4. Usage on an operational oil spill modeling context
The usage of the Bayesian Optimization on an operational context is

challenging, but not impossible. The method works well when hindcast
data is available for the training, which is usually not the case when a

7 https://www.cmcc.it/what-we-do/high-performance-computing-center-h
pce
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real oil spill emergency is happening. The usage of the application is
only possible considering the following aspects:

e Forecast availability - Sea currents, sea surface temperature and
wind at 10 m height. Which is the basis for an oil spill simulation
even without optimization.

One segmented oil spill observation - In this case if the source of the
oil spill is known, the Bayesian Optimization can be applied from the
point source to the identified oil slick, allowing future slicks to use
the optimized parameters in the event area.

Two segmented oil spill observations - The most common case where
source is unknown. Due to this, it is important to check the state of
the slick in two distinct moments, so the optimization can be applied

Therefore, on a scenario where the accident has just happened and
no observations are still available, the optimization cannot be applied,
and the simulation skill will be based in the available data and the skill
of the oil spill modeler to represent that event.

4.5. Open questions, limitations, and future directions

While the proposed Bayesian optimization framework demonstrates
clear advantages in parameter tuning for oil spill models, some limita-
tions should be acknowledged. The surrogate model’s performance
strongly depends on the initial sampling strategy and the choice of prior
assumptions, which may influence convergence and robustness. The
availability of very sparse observations also constrains the complexity of
the surrogate model, potentially limiting its expressiveness. Another
question that remains unanswered in this study is which metric is most
useful for characterizing oil slicks under different conditions. For
example, would optimizing CSS better represent oil slicks in a coastal
regime, as considered in this study? Conversely, how would the method
perform for offshore slicks exhibiting tiger-tail features? While this re-
mains unclear, the proposed approach allows for further exploration of
these questions, even within the same set of experiments presented in
this study.

Beyond the slick conditions, it is important to highlight that we have
chosen a single data source for currents, sea surface temperature and
winds. More experiments could have been done in the Syria Oil Spill case
changing these data and checking how the parameterizations would
answer to this stress. Due to its architecture, the system would search for
the values, but it is unknown, for instance, if horizontal diffusion would
be smaller than in the present optimization, or even if wind drag would
have a bigger impact in the oil drift under this scenario.

One of the limitations of the optimization process is that it does not
account for the amount of oil being beached, nor does it consider oil
subsurface naturally entrained oil or the fraction sedimented. We also
did not change the oil type in this study, which can alter significantly the
characteristics and dispersion of the modeled oil slick, while also being a
very plausible scenario, since it is common to not know what type of oil
is being observed from satellite imagery if the source is not known.
Further, the smallest thickness of oil slick that can be detected from an
observation satellite that defines the shape, and the area of the slick may
differ from one satellite to another. This plays a role in our study here,
because the observation sources used are not from the same source
throughout the optimization process. It remains uncertain how the
optimization process could be effectively applied to all these aspects.
Consequently, our approach focuses on optimizing surface oil concen-
trations, specifically in terms of centroid and shape, while disregarding
mass balance considerations.

Despite these limitations, the results of this study demonstrate that
Bayesian optimization successfully enhanced simulation accuracy. On
average, the FSS metric improved by 7. 97 % with OSO and 20. 66 %
with MSO, while for CSS, the improvements were 12. 82 % and 25. 18 %,
respectively. These results highlight that even a single optimization step
can improve the modeled oil slick patterns in future simulations, as
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biases in the forcing data used for MEDSLIK-II become better incorpo-
rated into the optimization strategy.

Future research should explore the integration of additional prior
knowledge to further improve sampling efficiency and model fidelity.
The findings also indicate that further experiments could introduce
additional complexity to the system by modifying parameters and
refining the methodology. Testing the workflow on additional real-
world oil spill events will be essential to assess whether similar or
even greater improvements can be achieved under different environ-
mental conditions, ultimately demonstrating the generalizability of the
approach. Finally, hybridizing the Bayesian framework with data-driven
emulators, when sufficient observations are available, may enhance
both accuracy and computational performance.

Despite these constraints, this study successfully demonstrates an
automated method for improving oil spill simulations with MEDSLIK-II
using Bayesian optimization, offering a systematic and efficient way to
enhance model accuracy.

5. Conclusions

In this study we propose a novel approach by using BayesOpt with
the MEDSLIK-II model to simulate the oil slick behavior in Baniyas
Thermal Station accident in 2021. We demonstrated that such an opti-
mization framework can be effectively coupled with numerical simula-
tion to increase the accuracy of the results when considering the FSS
metric. It is important to remark that, while the experimental evaluation
presents a single study area using only a part of the satellite imagery
available for the same accident, the framework is flexible enough for
testing a variety of optimization scenarios. For example, it could be
applied to different sets of environmental data (currents, winds and sea
surface temperature) and considering additional MEDSLIK-II model
parameters that were not tested in this first experiment. The capacity to
change and test different components of the framework opens further
enhancement possibilities for this same experiment and for other real-
world scenarios. Moreover, the workflow presented in this study is
suitable for being used in an operational setting, when considering the
0OSO approach. A promising direction for future work is to develop a
unified objective function that integrates multiple metrics, such as FSS
and CSS, allowing the optimization process to extract more compre-
hensive information from multiple evaluations simultaneously. This
approach would enhance the robustness of the optimization by
balancing different performance aspects. Future developments could
also include relocating the framework to other oil spill events to assess
its generalizability, which will ensure that the framework is reliable in
an operational environment. Moreover, further evaluation of the
approach by testing different acquisition functions to potentially
improve the optimization process, expanding the temporal horizon to
capture longer-term spill dynamics, and extending the number of pa-
rameters subject to optimization (we currently focus on only two) could
also be explored. Additionally, investigating alternative parametriza-
tions might further refine simulation accuracy.
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