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A B S T R A C T

Scientific advancements often emerge from pivotal discoveries and technological breakthroughs, expanding the
frontiers of exploration. In geoscience, natural hazard studies have predominantly focused on terrestrial envi-
ronments, while submarine settings remain relatively unexplored due to the scarcity of high-resolution data,
particularly in deep-sea regions. In recent years, explainable machine and deep learning methodologies have
shown significant promise in geohazard prediction, enhancing both predictive reliability and process under-
standing. A key submarine geohazard is linked to fluid flow processes, which influences seabed morphology and
geological processes. Pockmarks (seafloor depressions) formed by fluid flow are widespread across diverse
geodynamic settings but remain enigmatic in terms of formation mechanisms. This study examines 5932
pockmarks mapped along the Italian continental margins, primarily on gently sloping, muddy sand seafloor with
Plio-Quaternary sediment layers up to 400 m thick. Stylistically, pockmark distribution appears to be closely
linked to fault systems. By integrating field observations with machine and deep learning techniques, we
developed a neural network-based pockmark susceptibility model, the first of its kind for the Italian continental
margins. Susceptibility maps, widely used in geohazard assessments, differentiate between high- and low-risk
areas based on past occurrences and predictive modelling. This tool has significant applications in the plan-
ning of submarine and floating infrastructure, navigation safety, and environmental studies related to fluid
seepage, climate change, and marine biodiversity. Our findings contribute to a better understanding of sub-
marine geohazards and demonstrate the potential of artificial intelligence in improving geoscientific
assessments.

1. Introduction

The advancement of scientific knowledge is marked by pivotal mo-
ments in history when groundbreaking discoveries or technological in-
novations open new frontiers of exploration. Geoscience, particularly its
subdiscipline focused on natural hazards, also follows this trajectory,
primarily in terrestrial environments. However, in submarine settings,
progress remains limited due to the relatively unexplored and poorly
understood nature of these regions, compounded by the scarcity of high-
resolution data, especially in deep-sea areas. In recent years, machine
and deep learning methodologies have shown significant potential in
geohazard prediction setting up the stage for highly accurate and
explainable classification routines (Fang et al., 2023). This capability
not only improves predictive reliability but also deepens the

understanding of the underlying factors influencing model decisions
(Dahal and Lombardo, 2023). In subaerial environments, these tech-
niques have traditionally been used to estimate locations more prone to
host or generate specific hazardous phenomena such as wildfires (Zhang
et al., 2021), landslides (Di Napoli et al., 2024) or flash floods (Albertini
et al., 2024). In submarine environments, they could be used in analo-
gous ways, being tasked with estimating where geohazards may mani-
fest across seascapes of interest. Specifically, the primary submarine
geohazards to considered are elements of seafloor morphologies linked
to the presence of active fluid flow processes at the seafloor. Fluids
trapped within sediments are lighter than solid particles and thus rise to
the seafloor due to buoyancy. This transfer through sedimentary layers
is termed "fluid flow" (Judd and Hovland, 2007). Fluid flow and
expulsion occur through dynamic subsurface plumbing systems
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influenced by processes and factors such as differential compaction,
density gradients, sediment permeability and porosity, and presence of
faults (Micallef et al., 2019). This phenomenon is almost ubiquitous and
observed in various geodynamic contexts, including active and passive
continental margins, subduction and compression zones, and highly
sedimented areas like deltas. These processes lead to diverse seabed
morphologies and favours a range of geological, geochemical, and bio-
logical processes, such as the precipitation of methane-derived authi-
genic carbonates via anaerobic oxidation of methane (AOM) mediated
by microbial consortia (Sun et al., 2020).

Pockmarks, characterized as sub-circular depressions, are among the
most distinctive seabed morphologies associated with fluid flow pro-
cesses. They show circular to elliptical shapes, steep flanks, and flat to
concave-up bottoms. Pockmarks display U- and V-shaped cross-sections
with internal wall gradients averaging 9◦ (Judd and Hovland, 2007).
These features are widespread on the seafloor, with diameters and
depths reaching up to several hundred meters and 150 m, respectively
(Ma et al., 2021).

Pockmarks have been reported across all oceans, from continental
shelves to abyssal plains, in various geological and structural settings
over the past decades (Judd and Hovland, 2007). They are particularly
common in hydrocarbon-rich regions (Zhu et al., 2020), estuaries,
coastal zones, high groundwater flow areas (Bussmann and Suess,
1998), and lakes. Pockmarks are often associated with mass wasting or
can promote the formation of incipient channels (Rovere et al., 2014;
Spatola et al., 2023b,a). Given their association with fluid-driven slope
failures, pockmarks are considered geohazards, indicating potentially
unstable seabed (Micallef et al., 2019). Finally, geophysical observations
suggest pockmarks are potentially earthquake precursors, as fluids may
act as a lubricant in faults (Micallef et al., 2022).

The general mechanisms for the formation and growth of pockmarks
are still debated within the scientific community. In this respect,
geophysical, morphological, sedimentological, and geochemical data
from marine areas with pockmarks may offer valuable insights into the
factors controlling their genesis and development. Several hypotheses
and conceptual models have been proposed for the origin of pockmarks,
suggesting that pockmarks form through either continuous processes
(seeps) or rapid, episodic events of fluid release and blowout (vents); as
well controlling factors range from tectonics to biological activity.

Ma et al. (2021) proposed that various geological factors combine to
lead to overpressure release and pockmark formation, including seafloor
morphology, sediment type and thickness (Chand et al., 2009), faults
and/or fractures (Micallef et al., 2019), salt diapirism (Serié et al.,
2017), hydrocarbon seepage, gas hydrates (Praeg et al., 2017), sea-level
changes (Lafuerza et al., 2009), bottom current scouring (Picard et al.,
2018), and seismic activity (Hasiotis et al., 1996). A recent study in the
South China Sea showed that pockmark formation mechanisms are
influenced by both exogenous geological processes (e.g., denudation,
transportation, and sedimentation by bottom currents, and gravity flow
in channels) and endogenous geological processes (e.g., mud diapirs,
mud volcanoes, and faults providing pathways for gas seepage (Zhu
et al., 2020)).

This paper aims to explore, for the first time, the use of deep machine
learning methods in subamarine geohazard assessment. We focus on the
methodology, highlighting its potential advantages and limitations.
Through this approach, we provide new insights and demonstrate the
feasibility of deep learning techniques for submarine environments.
Susceptibility maps are standard tools required in international guide-
lines for a number of geohazards (Fell et al., 2008) including gully
erosion (Conforti et al., 2011), thaw slumps (Nicu et al., 2021), floods
(Van Westen et al., 2008), landslides (Steger et al., 2024). These
methods include statistical, machine and deep learning models tasked
with differentiating areas that will likely experience the considered
hazard from those that are probabilistically safe. The idea is that by
training these models from past occurrences, they can predict where the
given processes will occur in the future (VanWesten et al., 2008). In fact,

the internationally accepted definition of susceptibility to any geo-
hazard concerns the probability that the same hazard may concerns in
the future. An important example in the literature about submarine
geohazard is recently discussed in Liu et al. (2023). Therefore, we
implemented a deep learning architecture, tasked at classifying the
seafloor into locations where pockmarks are likely to develop or to have
developed in the past. The pockmark susceptibility map can be used as
cartographic aid to the definition of areas suitable for submarine
infrastructures.

2. Methods

2.1. Bathymetry data

The background bathymetry (e.g., multibeam data with a cell size of
~100 m; Fig. 1), and geology data (e.g., faults and seafloor sediments)
utilized in this study were obtained from the EMODnet data infra-
structure (www.emodnet.eu). The infrastructure encompasses seven
sub-portals, covering bathymetry, geology, physics, chemistry, biology,
seabed habitats, and human activities, all of which are freely accessible
and open for use. When available, the low-resolution EMODnet data
were complemented by high-resolution bathymetric data (e.g., multi-
beam data with a cell size of ~20 m), collected during various ocean-
ographic cruises conducted between 2007 and 2013 as part of the Magic
Project (Marine Geohazards along the Italian Coasts). Access to this
additional data is provided by the Italian National Civil protection at the
following link: http://dati.protezionecivile.it/geoportalDPC/catalog/
main/home.page. We conducted thorough due diligence to maximize
the value of both datasets by merging pockmarks mapped on high-
resolution baseline maps with those on coarser ones. However, to
address potential weaknesses in the manuscript and considering that
pockmarks documented along the Italian continental margins are usu-
ally bigger than 100 m in diameter (Spatola et al., under review), we
defined the predictor set used in this study entirely on a 100 m grid.
Consequently, even though some pockmarks are mapped on higher-
resolution cartographic layers, our model still learns how their pres-
ence or absence correlates with seafloor characteristics at a 100 m
mapping scale. Based on our previous consideration, we believe that a
100 m resolution is a good compromise. While it’s possible to use a
smaller pixel size, this would result in significant issues due to the large
size of the dataset. The first is certainly in the form of the computational
burden such a small size would require at the extent of the study area we
considered. The second issue is the current lack of high-resolution,
consistent and homogeneous bathymetric data across the study area.
The final Digital Elevation Model (DEM) was exported as ASCII ESRI
files to ArcMap (http://www.esri.com/arcgis/). Subsequently, the ASCII
ESRI files were converted into raster files, forming the basis for gener-
ating the primary map and figures presented in this paper.

2.2. Neural networks for pockmark susceptibility mapping

To estimate the pockmark occurrence probability at the seafloor
along the Italian continental margins, we developed an artificial neural
network (ANN) inspired by the architecture proposed in (Dahal and
Lombardo, 2023). The ANN was designed to estimate the conditional
probability P(Y = 1|x), where Y represents the binary outcome indi-
cating the presence (Y= 1) or absence (Y= 0) of pockmarks, and x ∈ R6

denotes the predictor vector containing six features: distance to fault,
slope, aspect, bathymetry, sediment type, and sediment thickness.
Aspect is precisely the slope exposition of a given grid cell, being
computed in degrees with respect to the North direction. Therefore,
aspect values of 0 and 360 refer to slopes exposed to the North, slope
aspect values of 90◦ refer to slopes facing East, aspect values of 180◦ are
exposed Southwardly, and finally aspect values of 270◦ correspond to
slopes facing West (sensu Hengl, T. and Reuter, H.I. (2008)).
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Based on acquired geophysical, geological, and geotechnical data, as
well as on numerical modelling, Sultan et al. (2010) proposed that hy-
drate dissolution is a potential mechanism leading to sediment collapse
and, subsequently, the formation of pockmarks. However, the gas hy-
drate stability zone is unlikely present along the Italian continental
margins and therefore is not part of the proposed modelling.

The ANN learns a mapping from the input features x to the proba-
bility of pockmark occurrence via a function fNN, parameterized by the
network weights and biases:

P(Y=1|x)= fNN(x)

where fNN encapsulates the sequence of transformations performed by
the network, including linear projections, non-linear activations, and

regularization layers. This probabilistic representation allowed the
model to quantify the likelihood of pockmarks occurring at a specific
location based on the input geospatial predictors x. Continuous pre-
dictors, including distance to fault, slope, aspect, bathymetry, and
sediment thickness, were normalized to have zero mean and unit vari-
ance using the formula:

xʹ=
x − μ

σ

where x is the original value, μ is the mean, and σ is the standard de-
viation of the predictor. Sediment type, being a categorical variable, was
transformed using one-hot encoding, which converted it into a binary
vector with one element set to 1 (representing the given sediment type at

Fig. 1. Bathymetric map of the Italian seas with areas where pockmark were documented (Aiello et al., 2017; Camafort et al., 2022; Cattaneo et al., 2017; Cuffaro
et al., 2016; Dalla Valle and Gamberi, 2011; Franchi et al., 2017; Ingrassia et al., 2015, 2019; Miramontes et al., 2016; Monecke et al., 2019; Nardelli et al., 2017;
Soulet et al., 2016; Spatola et al., 2018a, 2018b, 2023a; Donda et al., 2019; Rovere et al., 2017; Ligi et al., 2018; Ferrante et al., 2022; Micallef et al., 2011, 2019;
Tonielli et al., 2019; Taviani et al., 2013). Background bathymetry from EMODnet website (http://www.emodnet-bathymetry.eu).
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a given pixel) and the remaining elements set to 0. The combined set of
processed predictors was then represented as an input vector x ∈ R6 and
fed into the artificial neural network (ANN).

Within the ANN, each block began with a fully connected layer that
performed a linear transformation of the input. Mathematically, this
transformation was expressed as:

zi=Wi⋅x+ bi

where Wi is the weight matrix, bi is the bias vector, and zi is the inter-
mediate output of the i-th block. The fully connected layer allowed the
network to learn linear relationships between the input features. To
prevent vanishing or exploding gradients and ensure efficient training,
the weights in this layer were initialized using Glorot uniform initiali-
zation.

The output of the fully connected layer was passed to a batch
normalization layer (Bjorck et al., 2018), which standardized the acti-
vations by adjusting and scaling them to have zero mean and unit
variance. This normalization step stabilized the learning process and
reduced sensitivity to initialization (Ioffe and Szegedy, 2015). A dropout
layer (Baldi and Sadowski, 2013) followed, where neurons were
randomly deactivated with a probability of 0.5 during training, acting as
a regularizer to mitigate overfitting (Srivastava et al., 2014). Next, the
rectified linear unit (ReLU) (Nair and Hinton, 2010) activation function,
defined as:

ReLU(z)=max(0, z)

was applied to introduce non-linearity, enabling the model to learn
complex relationships between the predictors and the pockmark pres-
ence/absence labels. After the eight neural blocks (Moon and Kong,

2001) transformed the input features, the final output layer of the
network produced a single value representing the raw score. This score
was passed through a sigmoid activation function (Han and Moraga,
1995), defined as:

σ(z)= 1
1+ e− z

to convert it into a pseudo-probability within the range [0, 1]. This
output represented the probability of pockmark occurrence at a given
location. For instance, a value closer to 1 indicated a higher likelihood of
pockmarks, whereas a value closer to 0 suggested their absence. To
optimize the model, we used the Adam optimizer (Kingma and Ba, 2014)
with a binary cross entropy loss function. The binary cross-entropy loss
was computed as:

L = −
1
N

∑N

i=1
[yi log (pi)+ (1 − yi)log (1 − pi)]

where yi represents the true label for the i-th sample, pi is the predicted
probability, andN is the batch size. The training data was split into mini-
batches of size 1,024, and the initial learning rate of 10− 3 was decayed
every 9000 steps to improve convergence. The model was trained over
100 epochs with early stopping to interrupt training when overfitting
was detected, ensuring the final model generalized well to unseen data.
This sequence of transformations and optimizations allowed the
network to map the input predictors to a probabilistic output, reflecting
the spatial probability of pockmark presence. This whole pipeline of
ANN model and its training is shown in the flowchart represented
showed in Fig. 2.

We recall once more that the classification we tasked the neural

Fig. 2. Graphical representation of artificial neural network framework.
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network with is meant to probabilistically distinguish locations where
pockmarks appear, from locations where this phenomenon is spatially
absent. The required response variable needs to also reflect such con-
ditions. Therefore, we selected all the available 5932 pockmark loca-
tions and combined them with a balanced sample of absence instances,
randomly extracted across the Italian continental margins. From our
experience and the literature, we have been exposed to, a sample size of
~6000 presence data is quite large and enough to support any modelling
procedure (see Titti et al., 2021). The combined 11,864 locations served
as the reference structure to populate the data matrix with information
about the predictor set, used to discriminate between the two classes.
Specifically, our neural network architecture solves the classification
task where the spatial distribution of pockmarks across the Italian
continental margins is explained according to a set of temporally sta-
tionary predictors. In other words, the predictors we use minimize to six
maps, four (shape, distance to fault, slope, aspect and bathymetry) of
which convey the morphometric information of the submarine land-
scape, while the remaining two convey geological information in the
form of sediment type and thickness. Notably, only the sediment type
represents a discrete property and has therefore been used as a cate-
gorical predictor. The other five are continuous in nature and have
therefore been considered as numerical predictors.

The resulting data matrix has a dimension of 11,864 rows and 6
columns, for a total of 71,184 elements. This constitutes the data
structure we fed our model with. Specifically, the data was initially split
into two random components. The first one consisted of 70% of the data
(49,829 elements) whereas the second hosted the remaining 30%
(21,355). We built our model using the first sample, by further splitting
it into two, 80% (39,863) for training and 20% (9966) for testing. In this
way, we could constantly monitor whether the model overfitted the data
across the subsequent training epochs. Once we converged to the best
solution, we used the 21,355 elements we initially set aside for the ul-
timate validation. We stress here that this procedure is of particular
relevance because the final performance is obtained from a 30% random
subset of the original matrix, which was never seen by the model during
the training and testing process. Therefore, the associated performance
is diagnostic of the prediction skill the model provides. As for the model
diagnostics we opted to compute, we started by generating the Receiver
Operating Characteristic curves (Thompson and Zucchini, 1989). These
curves lead to standard performance metrics used to assess any classi-
fication. In fact, by further computing the integral of the ROC curves,
one can generate the Area Under the Curve (AUC) (Ahmed et al., 2023),
upon which performance classes can be obtained according to the
standard proposed by (Hosmer et al., 2000). This translates into poor
predictions skills for AUC values between 0.5 and 0.7, which improve
towards 1.0, producing acceptable performance in the range between
0.7 and 0.8, excellent performance between 0.8 and 0.9, and
outstanding ones between 0.9 and 1.0.

3. Geological setting

The geology of the central Mediterranean region is a consequence of
the final evolution of the Tethys Ocean (Stampfli and Borel, 2002).
Specifically, the convergence of the Eurasian and African plates played a
pivotal role in shaping the circum-Mediterranean thrust belts and caused
the formation of back-arc basins (Horvath and Berckhemer, 1982).
These tectonic interactions led to considerable geological complexities,
high sedimentation rate, extensive volcanism, and a relatively high level
of seismicity. Remnants of the Tethys Ocean persist in the Ionian Sea and
in the Eastern Mediterranean. Fold-and-thrust belts, as well as foreland
and back-arc basins, exhibit notable differences in terms of timing,
tectonic regime, and internal structure (Catalano et al., 2000). The
central Mediterranean Sea is a region shaped over millions of years by a
combination of tectonic activity, sediment deposition, and erosion. This
area features a gathering of geological structures, including basins,
ridges, and volcanic formations, which collectively define its distinctive

geological character.
At its core lies the Italian Peninsula, whose current landscape is

primarily influenced by the Alpine and Apennine mountain ranges, as
well as the surrounding seas. The evolutionary stages of the Italian
Penisula region vary, with some foreland/back-arc basins having
completed their development, while others are still evolving. Conse-
quently, the diverse seas within the Mediterranean region are charac-
terized by a range of different geodynamic condition and lithospheric
structure (Carminati and Doglioni, 2005), including: (I) remnants of the
Tethyan oceanic domains (e.g., Ionian Sea), (II) Neogene oceanic crust
(Algero-Provençal Basin and Tyrrhenian Sea), (III) thinned continental
lithosphere (Strait of Sicily), and (IV) thick continental lithosphere
(Adriatic Sea). In this paper, we focus on the Italian seas, describing the
four main basins: Tyrrhenian Sea, Adriatic Sea, Ionian Basin, and Strait
of Sicily.

• Tyrrhenian Sea: The opening of the Tyrrhenian Sea occurred between
7 and 2 million years ago, progressing from northwest to southeast
(Dalla Valle and Gamberi, 2011). It is interpreted as a back-arc basin
formed above the subducting Ionian oceanic slab, resulting from the
slow (5–10 mm yr-1) convergence between the African and Eurasian
plates (Dewey et al., 1989). The passive rollback of the Ionian slab
led to the southeastward migration of rifting, volcanism, ocean crust
emplacement, and deformation of the Apennine belt (Malinverno
and Ryan, 1986). The back-arc basin is floored by Plio-Quaternary
oceanic crust in its southern sector, while the northern part did not
reach the oceanization stage (Loreto et al., 2021). In the continental
margin and peri-tyrrhenian basins huge number of Plio-Pleistocene
sediments accumulated (Loreto et al., 2021).

• Adriatic Sea: The Adriatic Sea is a foreland basin resting on a conti-
nental crust that is 30–35 km thick. The upper part of the crust
consists of a sequence of Permian to Paleogene limestone. In the
broader context of the collision between Africa and Europe, the
Adriatic Sea serves as the foreland and foredeep of both Apennine
and Dinarid mountain belts (Argnani, 2018). As a relatively shallow
sea, with an average depth of 50 m, the northern Adriatic Sea
experienced drammatic environmental changes during Quaternary
glacial-eustatic cycles, due to repeated subaerial exposure and
erosion. The Mid-Adriatic Deep (MAD in Fig. 1) is a crucial transition
zone between the shallow Northern Adriatic shelf and the deeper
Southern Adriatic basin. The foredeep setting and the thick sedi-
mentary cover caused the development of biogenic and thermogenic
gas, evolving into significant hydrocarbon reservoirs, exploited at
present (Rovere et al., 2020).

• Ionian Sea: The Ionian Sea is a deep oceanic basin, considered to be a
remnant of the Meso-Cenozoic Tethys Ocean (Catalano et al., 2000).
It is characterized by an old, approximately 10 km thick, oceanic
crust, covered by 5–7 km of sedimentary deposits (Speranza et al.,
2012), made up of Messinian evaporites, and Plio-Pleistocene hem-
ipelagic sediments, characterized by an exceptionally high sedi-
mentation rate (Spatola et al., 2020). Within the Ionian Sea, the
Calabrian accretionary wedge is the key structure, formed by the
NW-dipping Calabrian–Tyrrhenian subduction zone (Faccenna et al.,
2014). It is bordered by a STEP fault to the SW and a thrust fault
system to the east, resulting from the collision with the Western
Mediterranean Ridge (Argnani and Bonazzi, 2005).

• Strait of Sicily: Strait of Sicily, bounded from the Ionian Sea by the
Malta Escarpment, is part of the Pelagian limestone platform.
Comprising 6–7 km-thick Meso-Cenozoic limestone with inter-
spersed igneous formations, this platform exhibits shallow and deep
water formations (Todaro et al., 2021). During the Mio-Pliocene, a
sedimentary sequence, encompassing 2–2.5 km of siliciclastic sedi-
ments, evaporites, and carbonates, was deposited. Since the
Neogene, continental rifting led to crustal thinning (15–18 km) and
fragmentation of the Pelagian carbonate platform. This rifting pro-
cess generated elongated bathymetric grabens, such as the

D. Spatola et al.
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Pantelleria, Malta, and Linosa basins, bounded by NW-SE sub--
vertical normal faults (Micallef et al., 2019). Concurrently, wide-
spread subaerial and submarine volcanic activities ensued, giving
rise to the volcanic islands of Pantelleria and Linosa (Sulli et al.,
2024), numerous shallow water volcanic banks like the Nameless
Bank (Coltelli et al., 2016), Ferdinandea, and Foerstner volcanoes
(Coltelli et al., 2016; Spatola et al., 2018b), as well as alkaline to
peralkaline volcanism associated with anorogenic magmatism. The
Strait of Sicily is also known as important petroleum region, with a
number of oil fields extracting hydrocarbons from Triassic dolomites
and Lower Jurassic–Oligocene carbonate sequences (Todaro et al.,
2021). Methane has been identified at various shallow seep-related
seafloor features and mud volcanoes such as in proximity to the
Vega oil field (Savini et al., 2009).

4. Results & discussions

4.1. Pockmarks on the Italian continental margins. Distribution and size

On the Italian continental margins, pockmarks are rather frequent,
indicating active fluid flow at the seafloor. They are located from
shallow (e.g., Adriatic Sea, Strait of Sicily) to deep-sea areas at both
active (e.g., Ionian Sea) and passive (e.g., Tyrrhenian Sea) continental
margins (Table 1).

For this study, 5932 pockmarks were geo-referenced (Fig. 1) from
original data and scientific literature, and we summarized all the main
information that are tabulated in Table 1. In the following section, we
provide an overview of the relationships between their occurrence and
the geological factors such as the physical environment and geological
features/processes potentially controlling their formation and provide a
detailed analysis of their distribution as well (Fig. 1). In Fig. 3 the fre-
quency distribution of pockmarks versus the main geological factors
driving their formation is shown.

On the Italian continental margins, approximately 93% of pock-
marks are concentrated at seafloor depths shallower than 800 m (Figs. 1
and 2a). This spatial distribution may reflect a technological bias due to
the exponential decline in resolution of vessel-mounted multibeam
echosounders with increasing water depth; as well, it could be influ-
enced by the limited availability of high-resolution bathymetric data in
the deep sea. The inset in Fig. 3a highlights that nearly 48% of the
pockmarks are located at depths less than 200 m; it is noteworthy that
just a small part of that rests on the continental shelf (such as in the
southern Tyrrhenian Sea, (Nardelli et al., 2017). Therefore, pockmarks
can be as small as a few meters. However, susceptibility reflects the
likelihood of a phenomenon occurring, regardless of the size of the
mapped unit (in this case, the pockmarks). Therefore, this factor does
not compromise the quality of the model.

The Italian continental margins show a very complex seafloor
topography due to the region’s geology and is characterized by alter-
nating negative and positive morphologies (see Supplementary Material
Fig. S1 online), Most (61%) of the pockmarks are located on very gentle
sloping/flat seafloor, respect to the general morphology. Fig. 3b shows a
regular decline in the number of pockmarks as the slope gradient in-
creases. It is important to remember that these results are strongly
conditioned by data input that have data biases due to several factors
such slopy seafloor and depth. On the contrary, the aspect value seems to
have no correlation with the presence of pockmarks.

Pockmarks appear to be also correlate with seafloor sediment li-
thology (see Supplementary Material Fig. S2 online). Most of the 5932
pockmarks used in this paper develop in areas of muddy sandy (~41%),
sand (~28%), and the remanent 31% on the other sedimentological
classes (Fig. 3c and. 2 in supplementary material). This fact is in
agreement with geotechnical analysis indicating that sediments hosting
free gas and pockmarks are usually under-consolidated sandy muds
(Lafuerza et al., 2009).

Pockmarks located in Plio-Quaternary sedimentary basins show a

counterintuitive trend with an inverse relation with sedimentary
thickness (Fig. 3d and Supplementary Material Fig. S3 online).
Approximately 42% of the pockmarks are in areas where the basin
thickness is less than 400 m. It is important to notice that thickness data
are derived from low resolution raster data after (Sampietro et al.,
2023).

Scientific literature lacks compelling evidence of a significant rela-
tionship between pockmarks and evaporites, despite Messinian evapo-
rites are widespread along the Italian continental margins (Rovere et al.,
2014). We used raster data of the base of Messinian sediments obtained
by Sampietro et al. (2023), and we plot on it the locations of the pock-
marks used in this study (see Supplementary Material Fig. S5 online).
This approach appears to demonstrate a robust spatial correlation, at
least on a regional scale, between the depth of the base of the Messinian
evaporites and the occurrence of pockmarks.

Faults are extensively distributed along the Italian continental mar-
gins (Fig. 4). The histograms in Fig. 3e and its zoom in Fig. 3f showing
that a large number of the pockmarks (~41%) are located in proximity
of important fault systems, at a maximum distance of ~10 km highlight
an high relationship between them. The types of faults in terms of ki-
nematics do not appear to be relevant to the model.

Seismic activity is variable on the Italian continental margins; spatial
correlation between earthquakes and pockmark (see histograms and
Supplementary Material Fig. S4 online) does not indicate systematic
correlation among the two parameters. Such evidence may be attributed
to either small magnitude earthquakes being unable to cause fluid
mobilisation (Lapham et al., 2013) or dispersed seismic energy in the
area (Römer et al., 2016).

4.2. Predicted Pockmark susceptibility map of the Italian margins

All the above-mentioned observations, descriptive statistics, and
considerations form the expert-based understanding of pockmark for-
mation and the identification of environmental factors controlling their
presence. In other words, the predictors we listed in the previous sec-
tions constitute broadly what we consider as predisposing factor of
pockmark formation, as per current scientific knowledge. However, this
knowledge separately addresses the pockmark formation and, to predict
the likelihood of presence of pockmark and thus fluid escape hazard
(Cathles et al., 2010), a multivariate data-driven approach is required. In
this sense, the Neural Network we implement, is a multivariate machine
learning technique capable of simultaneously learning the statistical
dependence between a set of predisposing factors and a set of pre-
sence/absence pockmark instances. This is the basis from which, a
pockmark susceptibility map is generated to highlight locations where
pockmarks are probabilistically likely to form. To do so, we: i) present
the first pockmark susceptibility map of the Italian continental margins
(Fig. 5), ii) summarize the procedure and model performance used to
create it, and iii) discuss the implications of this map, particularly for
risk assessment. Fig. 5 presents our model result through ROC curve
(Ahmed et al., 2023), with an associated classification performance
summarized in an AUC of 94%, and an accuracy quantified in 87%.

We recall here that the accuracy is defined as the sum of the correct
labels (True Positives and Negatives), divided by the sum of all labels
(Observed Positive and Negatives). Notably, once any data-driven model
is fully trained, it can be used as a simulator (Lombardo and Tanyas,
2022). In other words, the weights estimated for each predictors’ values
constitute a prediction equation. This can then be solved for any new
data, as long as it shares the same predictor information as the training
set. We therefore chose to extend the pockmark occurrence probability
from the 11,864 locations used for the model building procedure to the
entirety of the study area. This is how we generated the pockmark sus-
ceptibility shown in Fig. 6. Each pixel has been grouped into five classes
marking i) very low, (ii) low, (iii) moderate susceptibility, iv) high and
v) very high susceptibility conditions. Their frequency distribution per
class suggests that the majority of the Italian continental margins is

D. Spatola et al.
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Table 1
List of pockmarks located on Italian margins used in the study with summary of their characteristics.

References Location Number of
Pockmarks

Mean
axis (m)

Internal
Depth (m)

Mean water
depth (m)

Cross-
section
shape

Planar view Published
seismic
images

Seafloor
slope (◦)

Gas
Geochemistry

Seafloor Sediments

(Cattaneo et al.,
2017)

Ligurian
margin

>31 – – 200–1000 – Elliptical yes – – Muddy sediments with bioturbated
intervals of thin silt to fine sand beds

(Cuffaro et al.,
2016)

Central
Tyrrhenian Sea

>134 50–300 <30 260–510 – Circular yes <15 – Coarse-grained lithified sediments

(Dalla Valle and
Gamberi, 2011)

Central
Tyrrhenian Sea

>32 <500 <35 500–1200 V-shape From circular
to elliptical

yes <6 CH4 Hemipelagic fine-grained sediments

(Donda et al., 2019) North Adriatic
Sea

>2 <15 <0.5 about 25 – – yes – CH4,N2,O2 Littoral and shelf sands, clayey sands
and sandy clays

(Ferrante et al.,
2022)

Sicily Channel >40 – – 150–300 V-shape From circular
to elliptical

yes – CH4 Shelf clayey deposits with sandy
intercalations

(Franchi et al.,
2017)

South
Tyrrhenian Sea

>79 – – – – – no – CO2, N2, CH4 Muddy sediments with concretions

(Rovere et al.,
2017)

Central
Adriatic Sea

>46 <300 5–15 180–230 – – yes – CH4 Permeable, fine-grained, soft
sediments

(Ingrassia et al.,
2015)

South
Tyrrhenian Sea

>100 <50 0.4–8.6 110–130 U/V-shape From circular
to elliptical

yes <1 CH4, CO2, C2H6 Sand

(Ligi et al., 2018) Adriatic Sea >34 10–100 – 27–41 V-shape From circular
to elliptical

yes <1 – Unconsolidated sediments: fine mud
interbedded to clay loam, clay sand,
silt and sand

Magic/Emodnet
Geology

Italian
Contintal
margins

>382 – – – – – – – ​ –

(Mancuso and
Catalano, 2020)

Sicily Channel >7 77–120 <15 40–70 U/V-shape Subcircular yes – – Poorly consolidated sediments

(Micallef et al.,
2011; Savini
et al., 2009)

Sicily Channel >500 <22 <0.6 140–150 – From circular
to elliptical

yes – CH4 Terrigenous sediments (sandy clays to
silty fine sands) mixed with pelagic
and hemipelagic sediments

(Micallef et al.,
2019)

Sicily Channel >2000 <100 <3 20–205 – From circular
to elliptical

yes – CO2, CH4 Terrigenous, pelagic and hemipelagic
sediments

(Miramontes et al.,
2016)

North
Tyrrhenian Sea

>107 – – 350–700 – – no <20 – –

(Monecke et al.,
2019)

South
Tyrrhenian Sea

>30 5–50 0.5–4 50–85 – Circular no – CO2 Sandy to gravelly unconsolidated
sediments

(Nardelli et al.,
2017)

South
Tyrrhenian Sea

>11 20–200 <5; <25 12–75 V-shape Circular yes – – Muddy sand or sandy mud

(Rovere et al.,
2014)

South
Tyrrhenian Sea

>400 10–150 <10 500–1000 – From circular
to elliptical

yes – CH4, H2S Hemipelagic muddy sediments

(Soulet et al., 2016) North
Tyrrhenian Sea

>20 – – 300–700 – Subcircular yes <11 – Hemipelagic sediments

(Spatola et al.,
2018a)

Sicily Channel >57 12 <12 3–110 V-shape From circular
to elliptical

yes <2.5 CH4 Terrigenous, pelagic and hemipelagic
sediments

(Spatola et al.,
2018b)

South
Tyrrhenian Sea

>28 400 <23 10–350 U/V-shape From circular
to elliptical

yes <2.5 CH4 Hemipelagic sediments

(Spatola et al.,
2018a,b)

Sicily Channel >18 25–580 <15 195–317 V-shape From circular
to elliptical

yes <1.5 CH4 Hemipelagic sediments

(Taviani et al.,
2013)

Sicily Channel >11 170–310 <20 800–900 U-shape Subcircular yes <3 Light
hydrocarbons

Silicoclastic-muddy sediments with
occurrence of biogenic carbonatic
production

(Tonielli et al.,
2019)

Sicily Channel >25 130–600 <50 375–750 U-shape Circular no – – Volcaniclastic sediments

D.Spatola
etal.
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characterized by very low (61.4 %) and low (15.3%) pockmark sus-
ceptibility, mainly in the continental shelves and abyssal plains. Very
highly (8.3%), high (7.1%) and moderately high (7.9%) are the sus-
ceptibility values on continental slopes usually (but not always)
decreasing with depth.

The ranking and significance of variables used to produce the sus-
ceptibility map, as well as the map itself, can serve as an important
baseline study to identify potential factors predisposing and to better
understand the geological factors controlling the formation pockmark.
This may have implications beyond the specifics of the study area and
with respect to the formation mechanisms elsewhere. To expand on
these considerations, we extracted the distribution of each predictor
associated to the five susceptibility classes. These can be seen in Fig. 7.
What stands out the most it that the variability in the predictors’ dis-
tribution across susceptibility classes reaches its maximum in the case of
the base of the Messinian as well as the bathymetry.

The thickness of Plio-Quaternary deposits follows right after as the
third most contributing predictor, whose variability across classes
though, seems to decrease. This indicates a minor contribution to the
model compared to the first two predictors. An analogous situation is
shown for the distance to the faults, shown to be the fourth largest
contributor to the model. This could be the case because faults are
preferential pathways for fluid migration (Micallef et al., 2019). Spatial
associations of fluid expulsion sites (e.g., pockmarks) and active/recent
fault systems have been observed in many settings of the study area
(Spatola et al., 2018b), and all over the oceans (Micallef et al., 2022).
The areas with moderate/very high susceptibility are mainly concen-
trated on the continental slope are those strongly affected by faults
(Fig. 4) confirming that faults and/or fractures have a role in the
migration of fluids from the deeper sedimentary layers to the seafloor.
Finally, areas covered by muddy sandy have and/or sand (see Supple-
mentary Material Fig. S2 online), suggest that the spatial arrangement of

Fig. 3. This figure presents five histograms depicting the distribution of pockmarks located on Italian margins versus various geological factors (water depths, slope
gradient, seafloor sediment lithology, thickness of the Plio-Quaternary unit, distance from the closest fault). The different number of pockmarks reported in each
histogram depends on the availability of data from literature.

D. Spatola et al.
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seafloor sediment lithology appear to stand out as a crucial geological
factor influencing the likelihood of pockmark formation. However, we
need to remember that the map source available in EMODnet Geology is
strongly biased since it was realised by interpolation of punctual seafloor
lithology information. As for the aspect and the slope steepness, their
respective distributions across susceptibility classes shares even more
similar statistical characteristics. Even though a clear pattern does not
stand for the last three predictors, the neural network does not reject
their inclusion, which in turn indicates that they indeed spatially
contribute to variations in the pockmark susceptibility.

Ultimately, the bathymetry of the Ionian Sea appears to be mostly
not susceptible to pockmarks. This may be assumed to be an issue about
depth-resolution limitations. In fact, our inventory largely lacks pock-
marks in this area, also because the Ionian Sea is the deepest region in
our study area. With hull-mounted ship-based instruments, it is

inevitable that detecting pockmarks of even hundreds meters in size at
these depths becomes much more difficult. This is actually why our
model is a valuable tool for mapping in data-scarce regions. We recall
here two characteristics of our models, the first one being the high
performance and the second being the model transfer mentioned already
above in this section. The high performance our model produces indicate
that our neural network can detect locations likely to host pockmarks.
With this in mind, when we simulate over the whole study area, the
model exclusively relies on the functional relations estimated with
respect to the predictor set. In this sense, our model is not strictly a
spatial model. We recall here that a strict definition of a spatial model in
statistics (Opitz et al., 2022) or machine learning (Dahal et al., 2024;
Dahal and Lombardo, 2025) requires, in addition to the effects brought
by the explicit predictors, also a term related to the location or spatial
data-structure at hand. To put this simply, interpolators are spatial

Fig. 4. Bathymetric map of the study area showing the principal faults (data from EMODnet Geology (https://www.emodnet-geology.eu/), with the location of
documented pockmarks.

D. Spatola et al.
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models by definition, because in addition the effects of certain pre-
dictors, they also include an effect that account for relative distances
when predicting the given target. Looking back at our neural network
architecture and its implications for the low susceptibility estimated in
the Ionian Sea, this could possibly be a case of bias propagation if our
model would be a spatial one. In other words, if our inventory lacks
pockmarks at a given location, a spatial model would inevitably lower
the occurrence probability there. And if the lack would be due to a
mapping issue, then the low susceptibility would be artificial rather than
a natural condition. However, because our model does not feature an
explicit spatial term, the estimated probabilities are the exclusive result
of the predictors’ influence. Consequently, we are confident that the low
susceptibility pattern estimated in the Ionian sector is due to natural
conditions rather than to a case of bias propagation from a
locally-incomplete inventory. This being said, one cannot entirely
exclude that the explicit predictors we used still indirectly captured the
potential bias and propagated it in this sector. For instance, Fig. 3
showed a decline in number of pockmarks at increase depth and slope

Fig. 5. Receiver Operating Characteristic curve (and associated classification
metrics) computed over the 9966-pockmark presence/absence sample.

Fig. 6. Pockmark susceptibility. The map is presented already in its reclassified form. The classification is the result of applying the Jenks method (North, 2009). The
original pockmark occurrence probability values are reported below the colorbar. This pockmark susceptibility map does not indicate existing pockmarks but rather
the potential or rather probability for their formation. This goes according to the international guidelines on susceptibility modeling, as per Feel et al. (2008).
Therefore, when reading the map and the patterns it highlights, one should consider that high susceptible areas are those that may host future pockmarks or existing
ones that have not been mapped yet. Note: The area of very high susceptibility around the Maltese islands (Strait of Sicily) is attributed to the extensive presence of
over 2000 pockmarks, as mapped by Micallef et al. (2019).
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steepness values. This could represent a mechanism where high steep-
ness could be associate with certain spatial characteristics and therefore,
a highly complex model would indirectly assign low probabilities there.
Extending the bias reflections towards the opposite side of the spectrum,
where rich data is available, one could expect that if our model would be
prone to propagate inventory biases to the susceptibility estimates, then
where the pockmark density is high, then the susceptibility would also
be high, and much higher that the surroundings. However, taking the
west Sardinia as an example, one can notice that in Figs. 4 and 5 the
susceptibility is actually much higher in the south-west of the island
compared to the actual locations where pockmarks have been originally
mapped. This is an indication that our model efficiently captures the
effect of predictors and that the spatial patterns of the susceptibility do
not necessarily match patches where pockmarks are either present or
absent. Notably, this type of considerations are usually addressed
through physics-based models (Dahal and Lombardo, 2025), as physical
laws are able to bypass certain data limitations. Unfortunately, the
geoscientific understanding of pockmark formation has not reached yet
that level of maturity, which is why we opt to trust our modelling result
and associate the high performance to actual dependencies between
dependent and independent variables, rather than biases.

4.3. Map implications

Pockmarks are significant submarine features with ecological, eco-
nomic, and geological importance. The predicted pockmark suscepti-
bility map of the Italian margins holds several implications both on a
local and regional scale and may serve as a tool for scientific studies as
well as delineate regions suitable for submarine infrastructures.

Pockmarks release substantial quantities of natural gases, such as
methane, into the hydrosphere and potentially into the atmosphere.
Their impact extends across multiple spheres, with direct implications
for the biosphere (e.g., influencing the growth and development of coral
mounds, fostering chemosynthetic communities from microbial assem-
blages to macrofauna, and serving as spawning grounds for fish). Fields
of pockmarks are therefore significant biodiversity hotspots with
ecological or biological importance, a notable case study being the
volcanic Graham Bank in the Strait of Sicily (Spatola et al., 2023b),
which serves as a spawning ground for important fish species, such as
the European Anchovy. Natural gases influence the hydrosphere (e.g.,
affecting ocean alkalinity increasing concentrations of CH4 and CO2, Sun

et al., 2020), so that the quantification of their occurrence may help in
assessing the oceanic contribute to the carbon cycle.

Recent high-resolution geophysical observations suggest that pock-
marks can be connected to the seismic activity (Hasiotis et al., 1996). A
notable case study being the large pockmark field in the Patras Gulf
where it was observed that before the Patras earthquake in 1993
(Hasiotis et al., 1996) seawater temperature increased and also in the
post-event, pockmarks continued to release gas bubbles (Soter, 1999).

Pockmarks influence sediment properties and slope stability, posing
threats to offshore infrastructures and indirectly to navigation safety
(Judd and Hovland, 2007). Fig. 8 illustrates the western Strait of Sicily
where numerous pipelines and cables have been installed in areas with
high to moderate pockmark susceptibility. The overlap between ele-
ments at risk and pockmark susceptibility highlights the significance of
the susceptibility map not only for scientific research but also for in-
frastructures planning, such as those linking Sicily with minor islands (e.
g., Pantelleria, Lipari, Linosa) and northern African shore (Fig. 8).
Similarly, a pockmark susceptibility map may help in planning the
exponentially growing emplacement of offshore wind energy produc-
tion. Over 2000 wind turbines have been installed in 69 offshore wind
farms across Europe in recent years (Bailey et al., 2014). Additionally,
pockmarks have a possible role as indicators of georesources as they are
often associated with substantial accumulations of sub-seabed hydro-
carbon deposits, gas hydrates, or freshwater reservoirs (Micallef et al.,
2022).

Finally, the map presented here should be regarded as a starting
point for pockmark assessment at local scale (with a better constrain on
controlling factors) and/or in all Mediterranean regions (with larger
regional implications). The limitation of our study is due to the limited
base data (such as seafloor lithology) and roughness of raster geological
information (base of the Messinian and Plio-quaternary thickness).
Moreover, the study is based on published data so it is crucial to enhance
this study by incorporating more and more high-resolution data to
improve the performance of our model and the predicted pockmark
susceptibility map.

4.4. Limitations and weaknesses of the model

Additionally, some reflections should be made regarding the reso-
lution of the susceptibility map and the size of the pockmarks. The two
are not necessarily dependent on each other. We recall here that the grid

Fig. 7. Univariate distributions of six predictors extracted for each susceptibility class. The colorbar used here is the same as the one selected to generate the
pockmark susceptibility map.
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structure and its size constitute the mapping unit we chose to partition
the bathymetry with, and to each of the elements in it we assign a label
indicating pockmark presence or absence. Therefore, a 100 m resolution
does not introduce a bias towards pockmarks that are larger than 100 m.
In fact, even the smallest pockmark available in the inventory implies
that the intersected grid would still be assigned with a presence label.

This being said, the selection of the best grid size to adopt may
represent an area for further investigation in the future. Intuitively, one
may be drawn to higher resolutions. However, this may not be the best
strategy as the average pockmark extent in our inventory is actually
larger than 100 m (Table 1). In this sense, one could follow a
performance-oriented criterion, where several resolutions are tested
keeping the same architecture and predictors. This is quite standard for
other geomorphological processes (Cama et al., 2017). Nevertheless,
this comes with several challenges, the first one being that further
decreasing the grid size would inevitably come with a larger dataset and
with it, a much larger burden for data management and computation
(Elia et al., 2023). In any case, a predictor description higher than 100 m
is not available for the whole study area, with very few sectors existing
where the DEM has been generated down to 20 m. Therefore, 100 m
constitute the upper limit of the possible resolution to achieve as of
today. Conversely, one could test coarser mapping units. However, this
would inevitably affect the usability of the susceptibility product.

Overall, we believe that 100 m is a good compromise, but in future at-
tempts, we see the possibility for implementing downscaling techniques
in a pre-processing phase. These could be used to increase the DEM
resolution and with it, attempting to produce more detailed maps.

5. Conclusion

Marine geological disaster susceptibility analysis is shifting from
qualitative to quantitative methods and from sampling-based to a blend
of deterministic and probabilistic approaches. This study provides a
comprehensive analysis of pockmark distribution along the Italian
continental margins, leveraging both spatial mapping and deep machine
learning techniques. The creation of the pockmark susceptibility map
represents a significant step forward in understanding the geological and
environmental factors influencing pockmark formation and fluid flow
activity in submarine settings. The georeferenced dataset of 5932
pockmarks, coupled with detailed geological parameters, allowed for an
in depth statistical and spatial analysis. Key geological factors influ-
encing pockmark formation, such as bathymetry, sediment lithology,
fault proximity, and Plio-Quaternary sediment thickness, were consider
for performing our model. The study also highlighted potential biases
due to data resolution and depth related limitations in mapping capa-
bilities. However, the deep machine learning approach mitigated these

Fig. 8. Map showing the overlapping between submarine cables, and pockmark susceptibility around western Sicily.

D. Spatola et al.



Marine and Petroleum Geology 176 (2025) 107337

13

biases, enabling the prediction of pockmark-prone areas even in data
scarce regions.

The map (or further maps based on more high-resolution data) will
be extremely useful during the design phase of offshore infrastructure
(particularly wind farms). Additionally, the map may have economic
implications, as pockmarks are often associated with hydrocarbon or
offshore freshwater. It also serves as a valuable tool for scientific
research on geological and ecological processes at the seafloor. More-
over, the map highlights the importance of considering pockmark
occurrence due to their impact on sediment properties, slope stability,
and potential hazards to offshore installations (e.g., pipelines), and
navigation safety. Finally, this study emphasizes the importance of
incorporating more high-resolution data to enhance the model’s accu-
racy and expand the assessment to higher scale such as for all the
Mediterranean regions.
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Miramontes, E., Cattaneo, A., Jouet, G., Théreau, E., Thomas, Y., Rovere, M., Cauquil, E.,
Trincardi, F., 2016. The pianosa contourite depositional system (northern
Tyrrhenian Sea): drift morphology and plio-quaternary stratigraphic evolution. Mar.
Geol. 378, 20–42.

Monecke, T., Petersen, S., Augustin, N., Hannington, M., 2019. Seafloor hydrothermal
systems and associated mineral deposits of the Tyrrhenian Sea. Mem. Descr. Carta
Geol. d’It 104, 41–74.

Moon, S.-W., Kong, S.-G., 2001. Block-based neural networks. IEEE Trans. Neural Netw.
12, 307–317.

Nair, V., Hinton, G.E., 2010. Rectified linear units improve restricted Boltzmann
machines. Proceedings of the 27th International Conference on Machine Learning.
ICML-10), pp. 807–814.

Nardelli, B.B., Budillon, F., Watteaux, R., Ciccone, F., Conforti, A., De Falco, G., Di
Martino, G., Innangi, S., Tonielli, R., Iudicone, D., 2017. Pockmark morphology and
turbulent buoyant plumes at a submarine spring. Cont. Shelf Res. 148, 19–36.

Nicu, I.C., Lombardo, L., Rubensdotter, L., 2021. Preliminary assessment of thaw slump
hazard to Arctic cultural heritage in Nordenskiöld Land. Svalbard. Landslides 18,
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Sampietro, D., Capponi, M., Thébault, E., Gailler, L., 2023. An enhanced view on the
Mediterranean Sea crust from potential fields data. Sci. Rep. 13, 8298.

Savini, A., Malinverno, E., Etiope, G., Tessarolo, C., Corselli, C., 2009. Shallow seep-
related seafloor features along the Malta plateau (Sicily channel - Mediterranean
Sea): morphologies and geo-environmental control of their distribution. Mar. Petrol.
Geol. 26, 1831–1848.
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