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Identification of an oil spill is essential to evaluate the potential spread and float from the source to coastal
terrains, and their continued monitoring is essential for managing the environmental protection actions to
confine the pollution and avoid further damage. The SAR sensor is perceived as the most significant remote
sensing apparatus for the oil slick examination. One of the main aspects of oil spreading over sea surface is
that it dampens the capillary waves and so, the backscatter radio waves are suppressed. As a result, oil spills
are represented as black spots, while the brighter regions are usually related with unspoiled polluted sea
areas. Additionally, the wide coverage that the sensor can provide is highly significant including long-range
fate, as well as contextual information, such as sensitive coastal areas or vessels, which can be enclosed in
the acquired image. However, oceanic natural phenomena such as low wind speed regions, weed beds and
algae blooms, wave shadows behind land, grease ice, etc. can also be depicted as dark spots. These dark
regions are commonly categorized as “look-alikes and their discrimination is very challenging. Machine
Learning techniques are the most appropriate choice to classify oil spills and look-alikes. In the present work,
a comparison between decision trees models and NN is performed to identify and extract the appropriate set
of features characterizing an oil spill allowing effective evolution monitoring and setting up proper emergency
actions.

1. Introduction
The International Maritime Organization (IMO) estimates that 90% (by volume) and 60% (by economic value)
of the world's trade is currently carried by sea. Accordingly, some coastal regions are widely affected by trade
routes due to their strategic locations. Oil spills occur as a consequence of accidents, collisions, intentional
dumping, or natural causes (Vairo et al., 2018), or during ship loading unloading activities (MIlazzo et al.,
2017) and are harmful to marine ecosystems, especially when sensitive areas might be involved (Vairo et al.,
2017), impacting as well on economic sectors like fishing, or tourism (Cantorna et al.2019). The occurrence of
oil spills has escalated in recent times, due to intensive oil exploration and transportation, which is attributable
to increase in demand caused by rapid population growth globally (Yekeen et al., 2019). The severity of oil
spills may be increased by the slow response of disaster response teams due to the inability to rapidly identify
the source of the spill. Additionally, in case of port and congested areas proximity, a possible escalation to fire
scenarios is posed by the presence of actual immediate, or delayed ignition sources (Pesce et al., 2012).
Recalling organization resilience pillars, a timely warning for impending risk is of the utmost importance
(Pasman et al., 2020), as early warning allows management to be prepared and responding adequately and
damage at a given threat may be less deep and recovery more rapid (Vianello et al., 2021). Mitigation
associated with oil spill events in sea environment, largely depends upon the design and implementation of
adequate contingency plans, which should incorporate the simulation of the spill dispersion patterns and the
characterization of marine and coastal areas that could be affected (Palazzi et al., 2004). A model-based
emergency response plan, following a major sea accident verified in the Liguria Sea and causing a fuel spill of
3
nearly 600 m was recently proposed (Magrì et al., 2019). According to the approach outlined in the study, the
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1 satellites, obtaining reliable forecasting results. Many authors highlighted the usefulness of Synthetic
Aperture Radar images (SAR) obtained by satellites for the detection of oils spills (e.g., Solberg, 2012;
Genovez et al., 2017). In a recent study on Deepwater Horizon spill, Garcia-Pineda et al.(2017) scanned and
analysed the library of SAR imagery collected during the event to determine which images intersected
shorelines and appeared to contain oil: they demonstrated the reliability of the method also in attaining nearshore oiling persistence maps. SAR sensors can scan wide areas, are not affected by clouds and do not
depend on solar illumination so that they remain operative at night. To obtain the images, the satellite emits
microwaves and subsequently detects the reflected waves. Oil spills affect the marine surface so that the
energy reflected towards the satellite is less and appears in images as dark areas. The image analysis is
further complicated with phenomena, generally called lookalikes, which have a similar effect and occur in
areas with low wind or algae (Fingas and Brown, 2018). These considerations highlight that there is need for a
more accurate technique to precisely discriminate the false observations from oil spill to aid prompt decision
making in oil spill emergency disaster response situations. To produce false-free oil spill detection maps,
several classification methods have been introduced over time. The segmentation classification of oil spills
and look-alikes is the most prominent of these approaches, comprising of three stages: dark spots
segmentation, where each oil spill candidate is highlighted from the SAR image background, feature
extraction, and feature classification (Brekke and Solberg, 2005, Krestenitis et al.2019). The feature extraction
is a critical stage in oil spill detection systems; extracted features should have a good discriminatory power to
take advantage of the classifier. Feature Selection is a dimensionality reduction technique for obtaining a
subset of features that properly describes the given problem. This paper evaluates comparatively a range of
clustering, logistic regression and neural network algorithms applied to Sentinel-1 satellites images.

2. Methodology
Machine Learning algorithms offers valid opportunities to automate rapid detection of oil spills and clearly
distinguish oil spills from look-alikes thereby overcoming limitations of conventional methods. Neural networks
have been largely investigated in real domains for enhancing the generalization capabilities of the classifiers,
while discarding the existing irrelevant features (e.g., Mera et al., 2017), Wan and Cheng, 2013) and
recognized as robust tools for oil spill classification, even if at the burden of high time computational costs.
Moreover, the probability of misclassification does not always decrease as the number of features increases.
On these grounds, the present work focuses on developing a machine learning algorithm customized for
small-size sample and based on support vector machine (SVM). The main appeal of SVM relies in its ability of
achieving highly accurate classification based on limited samples. Upon validation, it has been successfully
applied in the classification of remote sensing data allowing the attainment of promising and reliable results
(Inglada, 2007, Chi et al., 2008, Maulik et al., 2011), which demonstrate the high potential of SVM as an
appropriate classifier tool also for the unexplored domain of oil spill detection.
2.1 Data Acquisition
Sentinel-1 is a constellation of two polar-orbiting satellites, under the EC “Copernicus environmental
monitoring program, operating day and night performing C-band synthetic aperture radar imaging, enabling
them to acquire imagery regardless of the weather. Since radar measures surface texture, in the images the
oil slicks show up well – as black smears on a grey background, while other dark areas show patterns
featuring low reflectivity of the radar signal, for instance very calm waters. Sentinel-1 images are used by the
European Maritime Safety Agency as part of CleanSeaNet, the European satellite-based oil spill and vessel
detection service. Sentinel-1 has also various modes of acquisition. In this study, images in Interferometric
Wide Swath mode are used as they provide a wide spatial coverage (250 km swath) in connection with high
spatial resolution (5 m × 20 m). The classification framework detailed in the following sections is applied to a
th
th
dataset consisting in SAR images between 2018 October 8 and 10 , collected from Sentinel 1A Mission and
related to the oil spill previously described.
2.2 Machine learning framework
In machine learning, feature selection, or variable selection, is the process of selecting a subset of relevant
features (predictors) for use in model construction. Feature selection techniques are used for several reasons:
•
easier interpretation of models,
•
shorter training times,
•
dimensionality reduction,
•
reducing overfitting (by reduction of variance)
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Figure 1: Logic diagram for optimal feature selection
Most of the datasets contain some features that are either redundant or irrelevant and can thus be removed
without incurring in a consistent loss of information.
Feature selection techniques are very valuable in domains where there are many features and comparatively
few samples (Bermingham et al., 2015).
The feature selection process is summarized in the step-by step block diagram shown in Figure 1.
2.3 Feature selection
Commonly used shallow features for identifying, detecting, and classifying oil spills can be categorized into the
following five broad categories (Al-Ruzouq et al., 2020):
physical (related to the object backscatter value),
geometric (related to shape),
texture (related to gray-level),
contextual (proximity to ships),
SAR polarimetric (from quad-, dual-, and single-polarimetric images).
The incorporation of features with reliable discriminatory power contributes to the improvement of
classification accuracy in oil spill detection.
The detection of oil spills from optical images mainly focuses on the extraction of statistical, textural, and
geometrical features. Spectral, thermal, and textural properties are among the widely extracted features from
optical images to differentiate oil spill and surface targets.
The most useful features, which ensure a reliable spill recognition, are geometrical, statistical and contextual
one. Indeed, the use of an excessive number of features in a classification scheme may result in the
introduction redundant details, increased processing time and reduced classification accuracy. In the present
work, the geometrical and contextual characteristics are used. Two morphological characteristics that can best
distinguish oil spill and look-alikes for the data-set were determined – complexity (C) and the ratio (R) between
length and width of the dark patches. Complexity (C) is the ratio between Perimeter (P) squared and Area (A).
Since mineral hydrocarbons have larger tension force compared with seawater, a small amount of oil has
usually more regular and smooth boundaries. Morphological characteristics C and R are extracted from the
low-level segmentation result. Those features were conveniently used as the training input of the classifier. In
the following step, the SVM is used to generate a model for representing these training samples points in
space, in order to be classified; the characteristics of dark spots are mapped into the same feature space, and
predictions of oil spill or lookalikes can be differentiated based on which side of the space are located (Yu et
al., 2014).
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Table 1: List of relevant features extracted from SAR images
Feature Category
Geometric

Description
Area of an image object (in number of pixels)
Perimeter of an image object (in number of pixels)
Measure of the intricacy of an object geometrical shape
Measures the ratio between an object’s width and length
Measure of an image object border smoothness
Measure of an image object compactness
Ratio of the perimeter to the area
Physical
Standard deviation of backscatter values an image object
computed from SAR imagery
Object mean value
Mean backscatter values of an image object
Background mean value
Mean backscatter values of a small region around the
object
Background standard
Standard deviation of backscatter values of a small region
deviation
around the object
Max contrast
Difference between background mean value and the
lowest backscatter value inside the object
Object power to mean ratio Ratio between the standard deviation and the mean of an
image object
Mean contrast ratio
Difference between background mean value and the mean
backscatter value of the object
Gradient standard deviation Standard deviation of the border gradient
Mean border gradient
Mean value of the border gradient
Max gradient
Maximum value of the border gradient
Texture (gray-level) Contrast
Contrast value computed from backscatter values of image
Homogeneity
Homogeneity value computed for an image object
Correlation
Entropy value computed for an image object

SAR polarimetric
feature

Feature
Area (A)
Perimeter (P)
Complexity (C)
Spreading (S)
Shape factor
Circularity
P/A
Object standard deviation

Dissimilarity
Variance
Mean
Entropy
Alpha angle
Degree of polarization
Conformity coefficient
Correlation coefficient
Anisotropy
Pedestal height

Contextual

Standard deviation
Number of neighboring
targets in the same image
Distance to ship/rig
Mean wind speed

Correlation value computed for an image object
Dissimilarity value computed for an image object
mean value computed for an image object
Polarimetric parameter used to measure the degree of
randomness of the scattering mechanism
Polarimetric parameter used to characterize the scattering
mechanism of the reflection
Physical parameter characterizing the light polarization
degree
Evaluates if surface scattering is the dominant among all
the scattering mechanisms
Measure that reflects the averaged phase difference
among scattering coefficients in co-polarized phases
Measures of the relative values of the second and third
eigenvalues
Measure of the amount of the unpolarized backscattered
energy
Parameter adopted to differentiate oil and biogenic slicks
Number of adjacent targets to oil slicks in the same scene
Distance from oil slick objects to ship, rig, and oil platforms
in the surrounding
Values of mean wind speed of image object

3. Results and discussion
In the following, the capability of the selected features are discussed considering to a recent case-study. On
th
October 7 , 2018 under calm weather and sea conditions (10 m wind speed < 2m/s) with perfect visibility, at
7.00 a.m. ca. two ships collided about 30 km North of Cap Corse and Capraia island, in French waters.
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Figure 2: Oil spill identification based on SAR images on October 8th, 2018, 07:28 (a) and 19:21 (b)
spill
non-spill

Figure 3: Actual oil spill and look-alike identification based on SAR images on October 9th, 2018, 19:14
The accident involved the Ro-Ro Ulysses, owned and operated by the Tunisian shipping company Cotunav,
which ran into the boxship CSL Virginia, owned by Cyprus Sea Lines, while it was anchored about 30 km off
the northern tip of Capraia island. The collision caused a major leak of 600 tonnes of fuel covering a major
th
extension of nearly 20 km. On October 8 , 2018, the Copernicus Sentinel 1A mission captured the first
satellite images of the oil spill; two visual examples of reliable oil spill identification obtained from first day data
acquisition are provided in Figure 2 a and b. Analogously with the findings by Chehresa et al. (2016), this
study highlights how an appropriate selection of features can decisively improve the differentiation process
between oil spills and look-alikes. A visual example regarding the actual capability of the approach is shown in
Figure 3. The optimum set of features for oil spill detection here identified allows to speed-up the feature
extraction phase without reducing the classifier accuracy. Increasing the number of extracted features results
in a larger search space for finding the optimum set of features, but not always the calculation effort is paid
back by a more reliable identification. Increasing the number of samples, indeed, helps in a more substantial
validation of the results and can lead to a better evaluation of the obtained optimal set of features. SAR based
method properly tuned with the features can be of particular relevance in case of large spatial and temporal
spill extent. In particular, novel and improved methods for early warning, prediction of actual risk and safety
warranty in the dynamic situation of operation may enable more precise and continuously updated predictions
(Pasman et al., 2021) providing a reliable support for critical decision making.

4. Conclusions
The main goal of FS methods is to obtain a relevant subset of features with a good discriminatory power,
allowing oil spill detection near shorelines, possibly in sheltered areas, starting from satellite-based SAR
imagery. In this study, a SVM classifier was developed to determine the best-selected subset of features for
catching and discriminating oil spills. The classifier is applied to the satellite images of a recent spill occurred
in an environmental sensitive area, following a ship collision. The selected application demonstrated SVM
superior classification capability, especially when training samples are limited. This technique can be used to
trace slicks trajectories assessing potential shoreline oil exposure, without resorting to emergency vessel or
aircraft. In the context of organizational resilience, the accuracy of oil spill identification represents a crucial
factor for effective early warning and for providing actionable information addressing timely emergency
response and remediation.
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