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Abstract

Oil spills are one of the major sources of marine pollution. They cause environmental

damage and affect marine wildlife. In order to take early action in oil spill incidents, an

automated system for the regular monitoring and detection of oil spills can be beneficial.

Spaceborne synthetic aperture radar (SAR) is suitable for the first warning of a spill

due to its wide coverage and frequent revisits. With increasing computing power and

the growing number of publicly available SAR data, deep learning-based methods have

been applied to oil slick detection applications. In the frame of this thesis, an automated

oil spill detection system has been developed and its potential for integration into an

early warning system has been demonstrated. The system identifies oil slicks with

a custom trained deep learning-based object detector and provides binary masks of

oil as output using a segmentation algorithm. The system has been tested in the

Southeastern Mediterranean Sea for a year of acquisitions in 2019. The false discovery

rate and false negative rate are 23.3 % and 24.0 %, respectively, demonstrating the

ability of using such an automated system in operation to reduce the effort of manual

interpretation. Complete records of oil spills, especially those from illegal operations,

are often missing or unavailable to the public, so collecting and annotating oil slicks

is usually the first task when developing a deep learning-based method for oil slick

detection. As a result, different published methods use different datasets, making it

difficult to compare the diverse approaches. Therefore, a ready-to-use dataset has

been published as part of this thesis, which contains oil slicks and “look-alikes” that

originate from other phenomena but may be misinterpreted as oil slicks in SAR data.

Images in the dataset were sorted into different groups using the K-means unsupervised

clustering algorithm based on image features. These groups provide a general selection

of signatures from different phenomena. This dataset includes an oil set of 1365 image

patches with a total of 3225 oil slicks and a no-oil set of 2290 image patches with look-

alikes inside. The performance of the object detector used in the developed system was

evaluated on image patches from different groups, providing a baseline for other studies

to use for comparison. In addition, this thesis provides a comprehensive explanation of

how various oceanic and atmospheric phenomena manifest in SAR scenes, thus bridging

the knowledge gap between readers with different backgrounds, such as remote sensing,

oceanography, and machine learning.
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Zusammenfassung

Ölteppiche sind eine der Hauptquellen der Meeresverschmutzung. Sie verursachen

Umweltschäden und beeinträchtigen die Meeresfauna. Um bei Ölverschmutzungen

frühzeitig eingreifen zu können, kann ein automatisiertes System zur regelmäßigen

Überwachung und Erkennung von Ölverschmutzungen von Vorteil sein. Radarsatel-

liten mit synthetischer Apertur (SAR) eignen sich aufgrund ihrer großen Reichweite und

der häufigen Überflüge für die frühe Warnung vor einer Ölpest. Durch die zunehmende

Rechenleistung und die steigenden Menge öffentlich verfügbarer SAR-Daten wurden

dazu Deep-Learning-Methoden für Anwendungen zur Erkennung von Ölteppichen einge-

setzt. Im Rahmen dieser Dissertation wurde ein automatisiertes System zur Erkennung

von Ölteppichen entwickelt und dessen Potenzial zur Integration in ein Frühwarnsys-

tem demonstriert. Das System identifiziert Ölteppiche mit einem speziell trainierten,

auf Deep Learning basierenden Objektdetektor und generiert mithilfe eines Segmen-

tierungsalgorithmus binäre Masken der Ölverschmutzung. Das System wurde im süd-

östlichen Mittelmeer mit Satellitendaten des vollständigen Jahres 2019 getestet. Die

Falscherkennungsrate und die Falsch-Negativ-Rate liegen bei 23,3 % bzw. 24,0 %.

Dies zeigt, dass der Einsatz eines solchen automatisierten Systems im operationellen

Betrieb den Aufwand für die manuelle Interpretation der Satellitendaten verringern

kann. Vollständige Aufzeichnungen über Ölverschmutzungen, insbesondere durch il-

legales Verklappen, fehlen oft oder sind nicht öffentlich zugänglich. Deshalb ist das

manuelle Zusammenstellen und Markieren von Ölteppichen in der Regel die erste Auf-

gabe bei der Entwicklung einer auf Deep Learning basierenden Methode zur Erkennung

von Ölteppichen. Infolgedessen verwenden verschiedene veröffentlichte Methoden un-

terschiedliche Datensätze, was einen Vergleich der verschiedenen Ansätze erschwert.

Daher wurde im Rahmen dieser Dissertation ein einfach zu verwendender Datensatz

veröffentlicht, der Ölteppiche und „Look-Alikes“ enthält, die von anderen Phänome-

nen herrühren, aber in SAR-Daten fälschlicherweise als Ölteppiche interpretiert werden

könnten. Die Bilder des Datensatzes wurden mit Hilfe des unüberwachten K-Means-

Clustering von Bildmerkmalen in Gruppen eingeteilt. Diese Gruppen liefern eine

generelle Auswahl charakteristischer SAR-Signaturen, die durch verschiedene Phänome-

ne hervorgerufen werden. Der Datensatz enthält einen Öl-Datensatz von 1365 Bildern

mit insgesamt 3225 Ölteppichen und einen Datensatz aus 2290 Bildkacheln, die „Look-
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Alikes“ und keine Ölverschmutzungen enthalten. Die Ergebnisse des Objektdetektors,

der in dem entwickelten System verwendet wird, wurden mit Bildern aus den ver-

schiedenen Gruppen evaluiert, um eine gemeinsame Vergleichsgrundlage für zukünftige

Studien zu liefern. Darüber hinaus bietet diese Arbeit eine umfassende Erklärung, wie

verschiedene ozeanische und atmosphärische Phänomene in SAR-Szenen zu erkennen

sind, und überbrückt so die Wissenslücke zwischen Lesern aus verschiedenen Bereichen

wie Fernerkundung, Ozeanographie und maschinelles Lernen. 1

1The translation of the German abstract was done by Dr. Christoph G. Schnupfhagn from the
German Aerospace Center (DLR).
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1 Introduction

Marine oil pollution can cause environmental damage and affect marine wildlife. Fig-

ure 1.1 highlights several oil spill incidents. Blue points indicate tanker spills, while

brown points indicate spills from other sources, including platform spills, vessel spills,

and deliberate oil spills resulting from war. Tanker spills that occurred in the past ten

years are marked yellow. The pink points show four major tanker spills of more than

200 000 tonnes (metric ton), as recorded by the International Tanker Owners Pollution

Federation Limited (ITOPF) (ITOPF, 2025). These and other incidents have raised

societal awareness of oil pollution due to the serious environmental damage that can

be seen in the news and media.

Atlantic Empress
(1979)

ABT Summer
(1991)

Castillo de Bellver
(1983)

Amoco Cadiz (1978)

Odyssey (1988)Exxon Valdez
(1989)

Khark 5
(1989)

Erika (1999)Prestige
(2002)

Tasman Spirit
(2003)

Hebei Spirit
(2003)

Sanchi (2018)

Callao
(2022)

MT Princess
Empress (2023)

Manila Bay (2024)

Kerch Strait
(2024)

Persian Gulf (1991)

DeepWater Horizon
(2010)

MV Wakashio
(2020)

Montara
(2009)

Tanker spill

Major

Recent

Other oil spill

Figure 1.1: Global oil spill incidents collected from reports, news articles, and litera-
ture. Blue points indicate tanker spills. The four major tanker spills with
spills of more than 200 000 tonnes are marked in pink, while those occurring
in the past ten years are marked in yellow. Brown points show oil spills
from other sources, such as platforms, vessels, and deliberate spills.

Section 1.1 first provides an overview of marine oil pollution, including the compo-

sition and sources of oil, as well as statistics on global oil spills. Before addressing

the impact of oil pollution, it is necessary to understand the properties of oil, how

it is physically transported on the sea, and how it weathers (see Subsection 1.1.1).



2 1 Introduction

Although the marine environment can recover from oil spills through weathering pro-

cesses, clean-up operations should still be implemented to mitigate the negative impact

of oil, especially for large incidents (see Subsection 1.1.2). However, the impact of oil on

organisms, as well as its ecological, environmental, and socio-ecological consequences,

cannot be fully mitigated. Their long-term impact can be better understood through

examination over the course of several years (see Subsection 1.1.3).

Various remote sensing techniques have been used to detect oil spills. This thesis

focuses on using spaceborne sythetic aperture radar (SAR) for the early detection of

oil spills. However, SAR sensors alone cannot provide all the information necessary for

cleaning up oil. It is therefore important to understand the information that other sen-

sors obtain about oil and how different sensors can be deployed on various platforms to

provide a comprehensive view of an oil spill. Section 1.2 first introduces different sen-

sors and explains which oil properties they can detect (see Subsections 1.2.1 and 1.2.2).

Then, it describes how these sensors are typically deployed on different platforms, us-

ing existing systems or services as examples (see Subsection 1.2.3). After providing an

overview of the role of spaceborne SAR in oil spills, Section 1.3 reviews the literature

on different oil slick detection methods using SAR and points out research gaps in

previous studies. This thesis proposes an approach that fills these research gaps, as

shown in Section 1.4. Section 1.5 summarizes the value of this thesis by addressing the

research questions it will answer.

1.1 Marine oil pollution

Petroleum is a complex mixture of hydrocarbons, organic compounds, and a trace

amount of metals. It naturally exists in gaseous state as natural gas, liquid state as

crude oil, and solid state as asphalt (Wang et al., 1964). The proportion of elements

in petroleum depends on its type and origin. Crude oil is typically composed of 84.5 %

carbon, 13 % hydrogen, and 1–3 % sulfur; the rest consists of nitrogen, oxygen, metals,

and salts (Aitani, 2004). Marine oil pollution is primarily attributable to crude oil,

refined petroleum products, petroleum by-products, fuels, and oily waste water (Zhang

et al., 2019). Such pollution is referred to as “oil slicks”, which are films of oil on the

surface of the water, and it is the result of natural seepage or oil spills. The term “oil

spill” refers to an incident involving the presence of oil that has been caused by human

intervention. Hence, a single oil spill may consist of multiple oil slicks.

Oil spills are commonly caused by discharges from ships and offshore platforms.

Operational oil discharges from ships can come from engine room waste, bilge water,

oily ballast water from the tanker, and tanker wash residues. These frequent deliberate



1.1 Marine oil pollution 3

spills may continuously pose a threat to the local environment. Monitoring and surveil-

lance of busy shipping lanes can reduce the number of illegal oil discharges by ships in

violation of international or regional conventions and agreements, such as the Interna-

tional Convention on Oil Pollution Preparedness, Response and Co-operation (OPRC),

the International Convention for the Prevention of Pollution from Ships, 1973 as mod-

ified by the Protocol of 1978 (MARPOL 73/78), and the Barcelona Convention for the

Mediterranean Sea. On the other hand, monitoring offshore platforms can be relatively

practical because they are in fixed locations. The main source of oil pollution from

platforms is produced water, a by-product extracted with oil and natural gas; however,

other activities, such as well cleaning, well abandonment, and system failure, can also

release oil (Ferraro et al., 2009). In those areas with oil and gas exploration and ex-

ploitation activities, oil seepages from seabed may also commonly occur. In addition

to these sources, the transportation of petroleum involves 10 to 15 transfer points from

oil fields to consumers, including tankers, pipelines, trains, and tank trucks; spills can

occur at any of them (Fingas, 2012).

A previous study summarized the various sources of oil entering the worldwide ma-

rine waters for the years of 1975–1985 and 1990–1999: 47 % from natural seepage,

38 % from petroleum consumption, 12 % from petroleum transportation, and 3 % from

petroleum extraction (Polinov et al., 2021). Of all the sources of oil spills, tanker spills

have the most complete record. The ITOPF organization publishes annual reports

on oil tanker spills, addressing those recorded in the previous year and providing an

overview of tanker spills since 1970. These tanker spills may result from collisions,

groundings, hull or equipment failure, explosions, or other incidents. According to

their latest report for 2024 (ITOPF, 2025), there has been a decrease in the global

tanker spill trend. From 1970 to 1979, the average number of accidents per year was

78.8. Four decades later, from 2010 to 2019, this number decreased to an average of

6.3 per year. From 2020 to 2024, the average was 7.4 accidents per year. However,

as tanker spills account for only about 8 % of oil pollution (Polinov et al., 2021), it

is essential to take into account various sources. Such information may be available

from local services. For example, the European Maritime Safety Agency (EMSA) offers

maritime surveillance services and incident reports in European waters; the Regional

Marine Pollution Emergency Response Centre for the Mediterranean Sea (REMPEC)

supports contingency plans for combating marine pollution incidents in the Mediter-

ranean Sea; the Sentinel Asia provides emergency satellite observation before and after

major disasters in the Asia-Pacific region; the National Oceanic and Atmospheric Ad-

ministration (NOAA) maintains a database of oil and chemical spills, with a primary

focus on incidents within the U.S.
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Although large accidents pose a significant environmental risk, the impact of an oil

spill depends not only on its volume, but also on its physical and chemical properties,

its weathering conditions, the clean-up strategies employed, and the ecological charac-

teristics of the area. The following subsections address these factors, and the overall

impact of oil is explained at the end of this section.

1.1.1 Properties and fate of oil

Once an oil spill has occurred, understanding its trajectory and fate is necessary to best

respond to it. The physical transport of an oil slick is mainly controlled by spreading

and advection (also known as drift). Over time, oil undergoes several weathering

processes, including evaporation, dissolution, dispersion, emulsification, sedimentation,

biodegradation, and photo-oxidation; these processes change the physical and chemical

properties of the oil (Fingas, 2017). Figure 1.2 illustrates various processes over time

following a spill.

The chemical and physical properties of the spilled oil and ambient conditions will 
determine how the oil will behave. The basic processes and their time frames are 
shown in Figure 1-11.

types of constraints are identiÀed, however, some of the actual restrictions may vary 

periods of high threat to resources. In deÀning constraints, data should be collected on:

	 The reason for restrictions on access (usage)
	 The start and end dates for the restriction
	 The activities that can continue during the restriction

Some restrictions may extend some distance away from the object or area to be 

0 1 10 100
Day Week Year

103 104
MonthTime (Hours)

Spreading

Drift

Evaporation

Dissolution

Dispersion

Emulsification

Sedimentation

Biodegradation

Photo-Oxidation

Figure 1.2: Different processes over time after the spill of an oil (ExxonMobil, 2014).
Copyright © 2014 ExxonMobil Research and Engineering Company.

After the spill, the oil begins to spread due to gravity as driving force and inertia as

retarding force. Gravity creates an unbalanced pressure distribution between the oil

and the surrounding water. This causes the oil to spread sideways, but the inertia of

the oil film, which is driven by friction, counterbalances this force. As the oil spreads

and becomes thinner, the inertia of the oil film decreases. However, the inertia of the

viscous layer of water beneath the oil increases as it grows thicker over time. Therefore,

the dominant retarding force transitions gradually from inertia to viscous force. On

the other hand, the gravity force-induced spreading diminishes as the oil continues to

become thinner. Therefore, the spreading coefficient, which pulls the oil film outward,
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becomes more dominant. The spreading coefficient is due to an imbalance in the

interfacial tension at the water–air interface compared to the oil–air and oil–water

interfaces. The interfacial tension is not related to the oil thickness, but rather to the

size of the slick (Fay, 1971; Hollebone, 2017). The above explanation of spreading is

based on the three-regime spreading theory proposed by Fay (1971): the gravity-inertia

regime, the gravity-viscous regime, and the surface tension-viscous regime; the names

of the regimes are specified as the spreading force followed by the retarding force. These

spreading and retarding forces indicate that the tendency to spread persists despite the

presence of wind and surface currents. Wind and surface currents both contribute to

the advection of an oil slick. For an oil slick close to land when the wind speed is less

than 10 km/h, the advection is calculated using 100 % of the surface current-induced

drift and 3 % of the wind-induced drift (Fingas, 2017). Note that the wind and surface

currents are usually in different directions. The drag of the wind on the surface of

the ocean induces the surface currents. In theory, due to the Coriolis force, surface

currents are deflected by about 45◦ to the right of the wind direction in the Northern

Hemisphere and to the left in the Southern Hemisphere (Knauss & Garfield, 2016).

In practice, the spreading of oil is coupled with its advection. Typically, the physical

transport of an oil spill of 1 ton (about 0.907 tonne) covers a radius of approximately

50 m within 10 min and continues to spread until it covers an area of about 12 km2,

reaching a thickness of less than 1 mm (Abou El-Magd et al., 2020).

The viscosity of the oil, as well as the interfacial tensions at the water–air, oil–air

and oil–water interfaces, can indicate how quickly and widely oil spreads on water (Fin-

gas, 2012). As the oil weathers, the evaporation of oil makes its viscosity and density

higher. In addition, oil viscosity is related to temperature; the lower the temperature,

the higher the viscosity. For most oils, this relationship is approximately exponen-

tial (Hollebone, 2017). The density of oil determines whether it sinks or floats in water;

75 % of the global seawater has a density between 1026.4 and 1028.1 kg/m3 (Knauss &

Garfield, 2016), so most oil floats on seawater. However, oil undergoes a contraction

process as the temperature decreases. As a consequence, “heavier” oils may sink in

cold water. The description as heavy or light oil depends on the composition of dif-

ferent hydrocarbon components, which is influenced by the geological conditions of its

origin. The American Petroleum Institute (API) defined API gravity as a measure of

how heavy or light crude oil is compared to water. It is defined as follows (Hollebone,

2017):

API =
141.5

s.g.15.56
− 131.5, (1.1)

where s.g.15.56 is the specific gravity of the oil or petroleum product at 15.56 ◦C. The
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following gives an idea of the typical API value: pure water is 10° API, heavy oil is

less than 25° API, medium oil is between 25 and 35° API, light oil is between 35 and

45° API (Hollebone, 2017). These oil properties, as well as environmental conditions

such as sea surface temperature (SST), wind speed, and wind direction are known

factors that affect the physical transport of oil (Abou Samra & Ali, 2024). It is also

important to be aware of other oil properties, the flash point and the pour point, in

terms of their significance for clean-up operations. The flash point is defined as the

lowest temperature at which a liquid can form ignitable vapor near its surface; it should

be considered to ensure the safety of clean-up operations. The pour point can limit the

selection of clean-up operations. It is the lowest temperature at which an oil begins

to flow. For example, if the temperature of an oil is lower than its pour point, the oil

becomes semi-solid and may be lifted directly from the sea (ITOPF, 2012a).

Figure 1.3 illustrates different weathering processes of oil. Evaporation typically ac-

counts for about 20 to 40 % of the volume loss of an oil spill within 1 to 2 days (Mackay

& McAuliffe, 1989; Spaulding, 1988), and 80 % of evaporation occurs within the first

two days (Fingas, 2017). For example, the volume of oil in the Torrey Canyon oil

spill decreased by 30 to 40 % after several days (Curl & O’Donnell, 1977). Light

oils generally lose a larger percentage of their volume than heavy oils do from evap-

oration (Mackay & McAuliffe, 1989). Several factors influence the evaporation rate,

including the size of the spill area, wind speed, vapor pressure, slick thickness, and

temperature (J. C. Huang, 1983). Although most oil loss is due to evaporation, the

soluble components that are dissolved in water cannot be ignored because they can be

particularly toxic to aquatic life (Fingas, 2017). On the other hand, since evaporation

occurs faster than dissolution and some of these soluble components are also volatile,

they may evaporate before dissolving (Harrison et al., 1975).

Waves or turbulence can break oil into smaller droplets, which then mix into the

water column. This process, known as dispersion, is primarily driven by wind speed

and direction. Other factors, such as water depth and SST, also play a role (Abou

Samra & Ali, 2024). Additionally, the properties of oil also affect its dispersibility;

lighter crude oils are generally more dispersible than heavier ones. At moderate wind

speeds, the rate of natural dispersion is about 0.5–2 % of the oil volume per hour (Abou

El-Magd et al., 2020). The process of dispersing droplets into another medium is

called emulsification. Thus, dispersed oil in water is sometimes referred to as an oil-

in-water emulsion (Mackay & McAuliffe, 1989). An increased surface area-to-volume

ratio due to dispersion may speed up dissolution, sedimentation, and biodegradation

processes (ITOPF, 2011; National Academies of Sciences, Engineering, and Medicine,

2022). The increased contact of the soluble components of oil and water allows these
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Figure 1.3: Schematic illustration of the different processes of oil weathering.

components to dissolve in water. Besides, oil droplets may collide with mineral matter

in the water column; these collisions can result in the formation of heavier aggregates

that sink to the bottom as sediment (Qi et al., 2021). In addition, the presence of

small droplets from dispersion can increase exposure to microorganisms, which drive

biodegradation, and may therefore enhance biodegradation (Loh et al., 2020). Microor-

ganisms break down hydrocarbons, resulting in the production of oxidized compounds.

Therefore, oxygen is necessary for this process, and the speed of biodegradation is

affected by its availability.

On the other hand, water-in-oil emulsion, sometimes called “mousse” or “chocolate

mousse” due to its appearance, has water droplets dispersed in oil. Most oil spill re-

lated studies refer to this kind of emulsion when they mention “emulsification”. The

natural emulsifying agents in crude oil, mainly asphaltenes and resins, tend to attach

to dispersed water droplets at the emulsion interface, preventing them from coales-

cence (Wong et al., 2015). Generally, water-in-oil emulsions can contain up to 80 %

water (Overstreet et al., 1995). Research has shown that emulsions with higher water

content remain stable for longer periods of time (Fingas & Fieldhouse, 2004). In other

words, oils in this form can be really stable and difficult to degrade, so they tend to

oxidize (ITOPF, 2011). Oil can be oxidized by sunlight through a process known as



8 1 Introduction

photo-oxidation. During this process, hydrocarbons absorb sunlight and produce in-

termediate or end products; one such product is tar balls, which are semi-solid blobs of

petroleum. Note that except for water-in-oil emulsions, thicker layers of very viscous

oil also tend to oxidize (ITOPF, 2011).

1.1.2 Clean-up strategies

The marine environment has its own ability to recover from oil spills through various

oil weathering processes explained in the previous subsection. However, different clean-

up strategies can be implemented to mitigate the negative impact on the environment

and marine wildlife. Figure 1.4 gives an overview of common clean-up strategies. Since

most oil floats on seawater, floating booms can be used to create physical boundaries

around oil slicks and constrain their movement. These oil slicks can be removed by

using sorbents, skimmers, chemical dispersants, or controlled in-situ burning. Sorbents

and skimmers are physical methods for removing the oil slicks. Sorbents are placed

on oil slicks to absorb the oil. The absorption capacity of sorbents depends on the

material they are made of. Skimmers remove oil from the water by either collecting

or pumping it into storage. Oleophilic (“oil-attracting”) skimmers use materials to

which oil adheres to collect oil from the sea surface and release it into a sump. Weir

skimmers, on the other hand, are placed at or slightly below the interface of oil and

water. This allows the oil to flow into the center hopper, where it is then pumped into

storage (ITOPF, 2012b). In addition, hydraulic treatment methods are sometimes

used for cleaning up stranded oil at rocky beaches. After the Exxon Valdez oil spill

(see Figure 1.1 for its location), the oil was washed off the beach with high-pressure

hot water. However, it is believed that such clean-up treatment has brought negative

biological consequences to the intertidal zone (C. H. Peterson, 2001).

As mentioned in Subsection 1.1.1, dispersed oil may speed up dissolution, sedimen-

tation, and biodegradation processes. Therefore, chemical dispersants are commonly

applied to facilitate the dispersion of oil. The dispersed oil droplets are stabilized by

surfactants in dispersants, which are mixtures of surfactants and solvents (Kleindienst

et al., 2015). However, the use of dispersants can increase the exposure of some organ-

isms to oil, resulting in a greater toxic effect (Boyd et al., 2001). Therefore, previous

studies have examined how dispersants facilitate weathering processes, such as dissolu-

tion (Sørensen et al., 2014), sedimentation (Qi et al., 2021), and biodegradation (Brak-

stad et al., 2018; Prince et al., 2013), as well as their effectiveness (Loh et al., 2020)

and their impact on composition and activity of microbial communities (Kleindienst

et al., 2015).
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Figure 1.4: Schematic illustration of the different cleaning strategies.

In-situ burning is another method that provides an efficient response to a large

area (Fingas, 2012). Ideally, it requires less equipment and labor than other clean-up

methods. For example, after oil is collected with skimmers, it has to be transported and

disposed of. However, in-situ burning is a final solution that can prevent the oil from

spreading to other areas. It can also be used in remote areas, and is sometimes the only

option, such as when oil is mixed with or on ice. On the other hand, there is the obvious

disadvantage of toxic emissions in the form of large plumes of black smoke produced

by burning. In addition to these clean-up strategies, bioremediation technologies have

been studied to mitigate the negative impact of clean-up operations (Mapelli et al.,

2017), such as the increasing toxic effect from chemical dispersants. The general idea is

to enhance the metabolism of microorganisms in order to break down oil. There are two

approaches: biostimulation, which supplies nutrients to indigenous microorganisms to

enhance their degradation activities, and bioaugmentation, which introduces beneficial

microorganisms for oil degradation.

Generally, the selection of clean-up strategies depends on the type of oil, available

response resources, local regulatory framework, ambient and seasonal spill conditions,

and the physical and ecological characteristics of the incident area (Walker, 2017). In

practice, the environmental sensitivity index (ESI) maps indicating areas vulnerable

to oil pollution due to their physical and biological resources are especially helpful for
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contingency planning. These ESI maps can be created by considering different fac-

tors, such as the concentration of wildlife, human facilities, natural features, types of

shoreline, and containment strategies within a given area (B. Chen et al., 2019; Fingas,

2012). Guidelines for defining sensitivity indices and creating maps have been estab-

lished by several organizations, including the Association of Oil, Gas and Renewable

Energy Companies of Latin America and the Caribbean (ARPEL) (Wotherspoon et

al., 1997), NOAA (J. Peterson, 2002), and the International Petroleum Industry Envi-

ronmental Conservation Association (IPIECA) (IPIECA et al., 2012). A more recent

paper provides a thorough review of the development of the ESI, supported by various

sources of literature (D’Affonseca et al., 2023).

1.1.3 Environmental impact

Oil pollution can be harmful to marine organisms due to its toxic effect if the oil

components are bioavailable. As the oil weathers, it is transported into the air and

water column, making it more biologically available to organisms. On the other hand,

bioavailability also depends on the composition of the oil. For example, some com-

ponents may be considered harmful but are less soluble in water, resulting in lower

bioavailability (Boyd et al., 2001). The composition of the oil, its physical and chem-

ical properties, and the weathering conditions all affect its concentration and toxicity.

Organisms can be exposed to and affected by oil directly or indirectly through vari-

ous routes, including physical contact, ingestion, inhalation, and absorption (Saadoun,

2015). Fingas (2012) provided examples of the impact of oil on different animals, some

of which are presented in the following paragraphs.

The most common route of exposure is physical contact, during which organisms are

coated with oil on their feathers or furs (Saadoun, 2015). These organisms, typically

birds and furred mammals, rely on their coats for buoyancy and warmth. Therefore,

oil can cause them to drown and lose body heat. The influence of oil on seals, sea lions,

and walruses varies depending on their age. Adult specimens can withstand a lot of

oiling without dying, but young ones may not have a well-developed coat that provides

enough insulation yet. Additionally, their mothers may refuse to feed them, causing

them to starve to death. On the other hand, seabirds covered in oil might lose heat

and thus stay in land areas where they would not lose as much body heat. However,

this could keep them away from their food source, causing them to starve.

Physical contact with oil also increases the likelihood of exposure through ingestion,

inhalation, and absorption. Oil can be directly ingested by an organism in two ways:

either by eating food that has been coated with it or by ingesting the oil directly. For

example, otters and polar bears tend to groom themselves after being oiled and there-
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fore ingest oil. In addition, polar bears are attracted to lubricating oil and will even

drink it. Similarly, birds ingest oil when they preen their oily feathers. Ingestion of oil

can change their behavior, such as stopping to lay or laying fewer eggs, or can decrease

hatchability of their eggs. Oil can also be ingested indirectly by eating prey or food

contaminated with oil. For example, an animal could eat prey that swallowed oil a week

ago. This allows toxins to pass through the food chain and become bioaccumulated.

As oil weathers, volatile oil components can evaporate and be inhaled by mammals

and birds. This can lead to irritation of the respiratory tract and narcosis (Saadoun,

2015). On the other hand, oil can collide with mineral matter, forming aggregates that

sediment to the bottom of the water column. Benthic invertebrates, fish, and plants

may therefore absorb oil and die when the concentration of hydrocarbons is high. Such

biological impact has been analyzed after some large oil spill accidents, such as the

DeepWater Horizon oil spill (see Figure 1.1 for its location). According to a report

from NOAA, it is estimated that approximately 56 100–102 400 birds of at least 93

species, 4900–7600 large juvenile and adult sea turtles, and 55 000–160 000 small ju-

venile sea turtles were injured or died as a result of the spill (Westerholm & Rauch

III, 2016). The report also included the impact on other organisms, such as benthic

resources, nearshore and shoreline resources, and marine mammals.

In addition to the biological impact on individual organisms, oil spills can have

serious ecological, environmental, and socio-economic consequences. In 2020, the bulk

carrier Wakashio ran aground on a coral reef off the southeastern coast of Mauritius

and began to leak its engine fuel around two weeks later (see Figure 1.1). The spill has

impacted several highly ecologically sensitive areas, including Blue Bay Marine Park,

a designated Wetland of International Importance under the Ramsar Convention; Île

aux Aigrettes, a coral island home to many rare and endangered species of plants and

animals; and a mangrove forest, protected under the Ramsar Convention (Seveso et

al., 2021). It caused huge environmental damage, which, in turn, affected the economy

of Mauritius, as tourism based on natural resources has played a major role in their

economy. However, the long-term ecological and environmental impacts would require

examination over the course of several years. A previous study examined the long-term

impact of some major oil spills (Barron et al., 2020). The Exxon Valdez oil spill in

March 1989 (see Figure 1.1) affected the intertidal zone due to the oil itself and the

clean-up operations. As of October 1992, about 2 % remained on intertidal shorelines

and about 13 % remained in subtidal sediments (Wolfe et al., 1994). Even 10 years after

the spill, oil remained buried under the most contaminated beaches, posing a potential

hazard to organisms. Conversely, the extensive and rapid removal of oil following

the Hebei Spirit spill (see Figure 1.1) limited its long-term impact and facilitated the
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recovery of the affected ecosystem. Barron et al. (2020) summarized that the long-

term ecological impacts are controlled by factors including the composition, volume,

and trajectory of oil, as well as response actions and environmental conditions.

1.2 Oil slick detection with remote sensing

In order to perform a proper clean-up, several measurements should first be made to

obtain the properties of the oil in question. Such information can be obtained with

the help of remote sensing techniques. Remote sensing sensors receive electromag-

netic (e.m.) radiation from the ocean surface within their field of view (FOV). For

sensors mounted on a satellite or an aircraft, as e.m. radiation passes from the sea sur-

face through the atmosphere to the sensor, certain constituents of the atmosphere, such

as water vapor (H2O), ozone (O3), carbon dioxide (CO2), and aerosols, absorb the ra-

diation (Robinson, 2004). For example, most radiation with wavelengths shorter than

300 nm is absorbed, and ozone is considered the primary absorber (Horvath, 1993);

carbon dioxide and water vapor are principal absorbers for wavelengths at around

2.5–3 µm and 5–8 µm (Schowengerdt, 2007); for wavelengths between about 20 µm and

3 mm, there is almost complete absorption (Robinson, 2004). In other ranges of the

spectrum, the transmittance of e.m. waves through the atmosphere is high; these re-

gions are referred to as atmospheric windows. Therefore, most remote sensing sensors

operate in the spectral regions within these windows. Figure 1.5 illustrates parts of the

e.m. spectrum on which sensors operate for oil spill detection. The gray background

indicates ranges with high atmospheric absorption. Note that because the atmosphere

varies from place to place and day to day, the transmittance of e.m. waves through these

optical windows also varies. The horizontal bars show the spectral regions used by var-

ious passive and active sensors for oil spill detection. Detailed explanations of optical

and microwave sensors are provided in Subsection 1.2.1 and Subsection 1.2.2, respec-

tively. A combination of different sensors deployed on ships, aircrafts and satellites can

provide a complete and comprehensive view of the oil, as explained in Subsection 1.2.3.

1.2.1 Optical sensors for oil slick detection

The term “optical” comes from the ancient Greek word optikós, meaning visible or

visual. However, the optical spectrum is commonly considered to include the visible,

ultraviolet (UV), and infrared (IR) spectra. The majority of solar radiation reaching

the Earth’s surface has wavelengths ranging between 300 nm and 2500 nm. Therefore,

sensors operating in UV, visible, and near infrared (NIR) are based on the reflectivity

of sunlight. In general, the visibility of an oil slick depends on the contrast between
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Figure 1.5: The parts of the e.m. spectrum on which the sensor operates for oil spill
detection. The gray shaded areas indicate regions of high atmospheric
absorption.

the slick and the surrounding water, which is affected by the position of the sun and

the sensor, sea state, and the spectral characteristics and conditions of the oil (Pisano

et al., 2015). Most of the thermal radiation is observed in the thermal infrared spec-

trum, that is, mid-wave infrared (MWIR) and long-wave infrared (LWIR). Since the

far infrared (FIR) is mostly in the complete absorption range of the e.m. spectrum,

sensors do not observe this range for oil slick detection purposes. The only active sen-

sor used in the optical spectrum for oil slick detection is the laser fluorosensor, which

emit illumination in the UV spectrum but receives the fluorescence emission in the

visible spectrum. Table 1.1 summarizes the optical spectral regions used to observe

oil slicks. The following paragraphs explain how oil slicks can be observed in differ-

ent optical spectra. Most studies use short-wave infrared (SWIR) for color composite

image assembly. NIR and SWIR sensors are commonly used along with visible bands

observed by an imaging spectroradiometer or spectrometer (Adamo et al., 2009), or

by hyperspectral and multispectral imaging (Zakzouk et al., 2024). However, studies

focusing on oil signatures in the SWIR spectrum are limited. Since SWIR is domi-

nated by both solar and thermal radiation, the concept of which will be covered in the

following paragraphs about radiation in the visible and thermal spectra.

Visible & Near infrared

Photos taken in the visible spectrum can provide evidence of oil spills and are generally

straightforward to interpret, since the human eye is also a passive sensor that receives

radiation in the visible spectrum, ranging between 380 nm and 750 nm. According

to the Bonn Agreement Handbook (Bonn Agreement, 2022), the visual shape of an
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Table 1.1: Summary of optical sensors used for oil slick detection.

Spectral region Wavelength Passive Active

Ultraviolet 10–380 nm ✓ (320–380 nm) ✓ (300–355 nm)

Visible 380–750 nm ✓

Infrared NIR 0.75–1.4 µm ✓

SWIR 1.4–3 µm ✓

MWIR 3–8 µm ✓ (3–5 µm)

LWIR 8–14 µm ✓

FIR 14–1000 µm

oil slick can suggest the probable cause of pollution. For example, long and thin oil

slicks are likely the result of illegal discharges from ships; triangular slicks, with one

side aligned with the wind and another aligned with the prevailing current, possibly

originate from subsea releases, such as those from oil pipelines or sunken ships; a slick

with some distance from a platform may result from produced water discharges; large

areas covered in oil are most likely the result of an accident. In addition, the color of oil

may provide hints about its volume. Table 1.2 shows the estimated oil volume based

on its appearance as defined by the Bonn Agreement Oil Appearance Code (Bonn

Agreement, 2022). Thinner oils tend to be silver/gray, rainbow, or metallic in color.

Therefore, they are often found at the edges of thicker oils. However, visual observations

may be affected by factors such as sunlight, sea state, and viewing angle. In particular,

sun glint can be mistaken for oil sheens (Fingas & Brown, 2017). Depending on the

conditions of the sun glint, oil can either enhance or absorb radiance, making it appear

brighter or darker than its surroundings (Pisano et al., 2015). Sun glint influences

images not only in the visible spectrum but also in the NIR spectrum, ranging from

0.75 µm to 1.4 µm, as the reflectivity of sunlight is a dominant factor. A previous

study proposed using spectroscopic analysis of reflectance spectra to identify absorption

caused by organic compounds in oil, as well as to distinguish oil from other materials in

images (Clark et al., 2010). The study also found that reflectance levels and absorption

due to organic compounds vary with oil thickness in the NIR spectrum. On the other

hand, only minor changes were observed in the visible spectrum. This highlights the

advantage of using both the visible and NIR spectra.

Thermal infrared

All objects emit thermal radiation when their temperature is above absolute zero (0 K).

The radiant exitance (or radiant emittance) of a black body at certain wavelength is
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Table 1.2: Estimation of oil volume based on oil appearance according to the Bonn
Agreement (2022).

Appearance Thickness [µm] Quantity [L/km
2]

Sheen (silver/gray) 0.04–0.30 40–300

Rainbow 0.30–5.0 300–5000

Metallic 5.0–50 5000–50 000

Discontinuous True Oil Color 50–200 50 000–200 000

Continuous True Oil Color > 200 > 200 000

proportional to the fourth power of its absolute temperature according to the Stefan–

Boltzmann law. That is, higher temperature results in greater radiant exitance. The

exitance is a function of wavelength and absolute temperature, and can be described by

the Planck’s law. To put it another way, the exitance varies at different wavelengths for

a constant temperature. According to Wien’s displacement law, the wavelength with

the highest exitance is inversely proportional to the absolute temperature. The global

average SST is approximately 300 K, and the exitance peak occurs at wavelengths

ranging from 9 µm to 11 µm (Robinson, 2004). Therefore, LWIR, ranging between

8 µm and 14 µm, is optimal for observing SST. However, 3–5 µm in MWIR are also

used, but limited by the fact that the radiation in this range is a combination of solar

and thermal radiation, resulting in ambiguous results (Grierson, 1998).

Note that all of the above explanations assumed a black body as the emitter. For

a gray body, a non-perfect object or surface, spectral emissivity should be considered.

The spectral emissivity at a certain wavelength is defined as the ratio of its exitance

to that of an ideal black body emitter at the same temperature. Combined with the

information above, the exitance of a gray body (M) is proportional to its spectral

emissivity (ε) and the fourth power of its absolute temperature (T ). This relationship

can be formulated as follows:

M = ε · σ · T 4, (1.2)

where σ = 5.699×10−8 W m−2 K−4 is the Stefan–Boltzmann constant. Previous studies

have shown that the IR emissivity of oil is lower than that of water and seawater (Buet-

tner & Kern, 1965; Salisbury et al., 1993): in the 8–12 µm range, the expected emissivity

is 0.993 for water, 0.986 for seawater, 0.972 for a thin film of petroleum oil, and 0.966

for a thin film of corn oil; in the 10.4–12.5 µm range, the expected emissivity is 0.989

for seawater and 0.96 for an aged crude oil slick. The difference in emissivity results

in variations in the measured emitted radiance, also known as brightness temperature,

which enables oil slicks to be detected with an IR radiometer. However, the emissivity

also varies with the incidence angle of the sensor and surface wind speed, and these
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factors should be considered (Masuda et al., 1988; Watts et al., 1996). Additionally,

seaweed, sediment, organic matter, shorelines, and oceanic fronts may be mistaken for

oil slicks.

Ultraviolet

Thermal IR sensors are used for oil slick detection based on the difference of brightness

temperature between seawater and oil. Similarly, the difference in the reflectivity of

sunlight in the UV range between oil slicks and seawater makes it possible to use

UV sensors to detect oil slicks. Since most radiation with wavelengths shorter than

300 nm is absorbed by ozone, UV sensors typically observe wavelengths between 320 nm

and 380 nm (Shi et al., 2015). Even thin oil with thickness of about 0.1 µm can have a

high reflectivity of UV radiation (Catoe, 1973; Fingas & Brown, 2017). The reflectivity

depends on oil type, water quality, and illumination conditions (Catoe, 1973). However,

phenomena such as wind slicks, sun glints, and biogenic material can mistakenly be

regarded as oil slicks. Therefore, UV is rarely used alone, but rather, it is commonly

combined with IR because the phenomena that can be mistaken for oil slicks differ

between the two sensors (Fingas & Brown, 2017).

Laser fluorosensors

Laser fluorosensors are active sensors, which can be operated day and night. They en-

able the monitoring of oil spill and exploration of marine petroleum resources already

since the 1970s (Measures & Bristow, 1971). Generally, they are operating between

300 nm and 355 nm in UV range (Brown & Fingas, 2003). Laser fluorosensors emit a

signal that electronically excites certain compounds in a material to a higher energy

state. Then, as these excited molecules return to a their ground state, they return

fluorescence with longer wavelengths. For crude oil, the fluorescence emission is within

the wavelengths of 400 nm to 550 nm in the visible band (Brown & Fingas, 2003).

Another study measured the peak of fluorescence emission of various oils (Yamagishi

et al., 1999): light oil at around 350–400 nm, Bunker A heavy fuel oil (marine diesel

oil) at around 400–450 nm, and Bunker C heavy fuel oil (bunker oil) at around 450–

500 nm. At the operating wavelengths, suspended and dissolved organic matter, such

as chlorophyll and colored dissolved organic matter (CDOM), can also be excited. The

peak of chlorophyll fluorescence emission is at around 685 nm, which is significantly

different from the fluorescence of crude oil (Brown & Fingas, 2003). CDOM, also

known as gelbstoff or yellow matter, absorbs radiation ranging from the UV to blue

light spectrum, giving it a yellow-brown appearance. The dominant source of CDOM
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in the coastal area is river runoff (Grüner et al., 1991). The return fluorescence has a

wavelength centered at approximately 420 nm, which may interfere with the detection

of thin oil films or light oil; however, for thicker oils ranging from 10 µm to 20 µm,

CDOM becomes less visible or disappears from the image (Brown & Fingas, 2003).

Additionally, Raman scattering of water molecules is observed, which corresponds to

the concentration of fluorescent substances. The ratio of the measured Raman scat-

tering intensity above the slick to that in the surrounding oil-free water is related to

the light absorption coefficient within the oil film and thickness of the oil film (Grüner

et al., 1991). Therefore, this property has been used for oil thickness estimation.

1.2.2 Microwave sensors for oil slick detection

The microwave spectrum ranges from wavelengths of 1 mm to 1 m. It is usually referred

to by frequency rather than by wavelength. That is, it ranges from 300 GHz down to

300 MHz. Microwave sensors are less dependent on the weather compared to the optical

sensors mentioned in the previous subsection. Additionally, they are not dependent on

sunlight, allowing them to operate day and night. Both passive and active microwave

sensors are used in oil slick detection.

Microwave radiometer

A microwave radiometer is a passive sensor that detects naturally occurring radiation.

It typically operates at a fixed frequency ranging from 1 to 200 GHz (i.e. 300 down

to 1.5 mm in wavelengths) (Robinson, 2004). The emitted spectral radiance at certain

frequencies can be formulated with the Planck’s law and further simplified with the

Rayleigh–Jeans approximation since the microwave frequency is low. It turns out

that the measured emitted radiance, also referred to as brightness temperature, has

a linear relationship with the absolute temperature of the emitting surface and the

emissivity of the surface. Differences in emissivity between seawater and oil slicks could

result in differences in brightness temperature. Previous studies have shown that the

brightness temperature is higher in areas covered by oil slicks than in the clean seawater

surrounding them, and it can be regarded as a function of oil thickness (Hollinger

& Mennella, 1973). Another study found that the relationship between brightness

temperature and oil thickness follows a periodic pattern (Skou, 1986). Therefore, using

a multiple-frequency radiometer to estimate oil thickness has been suggested (Fingas,

2018; Skou, 1986). A previous study has suggested that a radiometer operating at

30–40 GHz can provide a good estimation of the thickness of thin oil films; however,

accurately determining the volume of certain films would also require a lower-frequency
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radiometer, such as one operating at 10–18 GHz (Skou, 1986). Another study noted

that the limitation of the microwave radiometer to the estimation of oil slick thickness

is for oil thicknesses greater than about 0.05 mm (Hollinger & Mennella, 1973).

Radar

Radar, short for radio detection and ranging, is an active sensor that operates in the

microwave part of the e.m. spectrum to detect objects and measure their distance

from the sensor. A radar can be placed directly below the platform to observe in the

nadir or near-nadir direction, as with a radar altimeter. Radar altimeters are used

over the ocean to determine the topography of the ocean surface and estimate local

wind speeds and significant wave heights. Alternatively, it can be placed slanted, as

with a scatterometer or an imaging radar, to cover a larger area. This makes them

suitable for oil spill detection. The general idea is that radar sensors emit pulses toward

the sea surface at a certain incidence angle and then receive the radar backscatter.

The reflected signals are a combination of specular reflections and diffuse scattering,

depending on sea surface roughness, which responds to wind stress. Wind stress can

be explained as the horizontal flux of momentum from the atmosphere to the ocean,

driving turbulent mixing at the air–sea interface (Robinson & Fangohr, 2010). Surface

films, such as oil slicks, can suppress such turbulence; this dampening effect results in

low radar backscatter (Robinson, 2004).

The Bragg resonance model is widely used for interpretation of radar backscatter

from the sea surface for incidence angles (θ) between 20◦ and 70◦. Figure 1.6 illustrates

a periodic wave with orange circles indicating the specific phase of the wave that have

radar backscatter to the sensor. These scatterers will form constructive interference if

they satisfy the Bragg condition:

λw sin θ =
nλ

2
n = 1, 2, ... (1.3)

where λ is the wavelength of radar. Since ocean surface waves are a combination of

waves ranging from short capillary waves with wavelengths of a few millimeters to

wind-generated waves with wavelengths of hundreds of meters, λw denotes the ocean

wavelength that fulfills the Bragg resonance for a given radar wavelength, λ. For

example, considering a C-band Sentinel-1 SAR scene acquired in Interferometric Wide

mode with a wavelength of 5.6 cm and an incidence angle between 29.1◦ and 46◦, the

obtained λw/n is between 5.8 cm and 3.9 cm. It shows that the waves that induce

Bragg resonance have a wavelength similar to the radar wavelength. These waves are

typically classified as gravity-capillary waves with wavelengths of a few centimeters.
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Such waves are driven by wind stress, but affected by surface tension and gravity. The

presence of surface films can reduce surface tension and therefore dampen the waves.

However, in addition to oil slicks, other oceanic and atmospheric phenomena such

as wind shadows, internal waves, upwelling, biogenic surface films, and current shear

zones can also result in low radar backscatter and are known as “look-alikes”. In theory,

both scatterometers and imaging radars can detect oil spills. However, scatterometers

measure radar backscatter over a wide FOV. On the other hand, imaging radars,

such as side-looking airborne radar (SLAR) and SAR, provide finer resolution and are

therefore more commonly used. Radar backscatter varies with the incidence angle.

It is usually not possible to distinguish an oil slick from its surrounding clean water

at incidence angles lower than 30◦ (Gade et al., 1998). Although radar bandwidths

ranging from X-band to P-band are commonly used in SAR, oil spill detection most

often uses the L-, C-, and X-bands (Jafarzadeh et al., 2021).

λw

θ

λw sinθ

θ

Figure 1.6: Illustration of the Bragg resonance geometry. The orange circles indicate
the specific phase of the periodic waves that spectrally reflect back to the
sensor. The sensor emits the signal at an incidence angle, θ. These scat-
terers are spaced λw apart and form constructive interference when they
satisfy the Bragg condition in Equation 1.3.

It is usually expected that radar sensors cannot provide oil thickness estimation.

However, a previous study used a series of scatterometers in an experiment to show the

capability of active radar to measure oil spill thickness when the oil type is known (True

et al., 1994). The study examined how various factors contribute to the radar backscat-

ter of oil, such as oil thickness, viscosity, incidence angle, wind angle, radar frequency,
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and polarization. Another study used SAR data with different bandwidths, including

L-, S-, C-, and X-band, from airborne and spaceborne platforms to verify the possibil-

ity of identifying thicker oil in a slick (Jones, 2023). This could enable a more targeted

clean-up response.

1.2.3 Existing oil spill monitoring systems

Oil spill monitoring systems can detect oil spills and assist the responsible authorities

with decision making and emergency response, and prevent the further spreading of the

oil. The sensors described in Subsections 1.2.1 and 1.2.2 can be deployed on shipborne,

airborne, or spaceborne platforms to support different phases of an oil spill response.

Shipborne radar can be operated almost continuously in time and repeatedly at the

oil spill sites at a low cost, providing real-time observations that are particularly useful

during the clean-up period (Xu et al., 2019). A commercial shipborne oil spill detection

system, the Miros OSD system, has been tested in three field trials for its ability

to detect and track oil spills through continuous observation (Nost & Egset, 2006).

Depending on the height of the antenna, a shipborne radar typically has a detection

range of between 8 and 30 km (Fingas & Brown, 2017). With the advantages of being

able to observe in fog, rain, darkness, and even in relatively high sea states (Tennyson,

1988), shipborne radars have been used in several commercial oil spill detection systems,

such as Miros (Nost & Egset, 2006), SeaDarQ (Swinkels et al., 2012; van Gils, 2014)

and SHIRA (Saleh, 2004). However, recent improvements and developments of these

technologies have not been reported in the literature due to commercial competition and

corporate confidentiality policies. Still, some studies utilized the radar data collected

in oil spill accidents from shipborne radar. On 16 July 2010, two pipelines ruptured

in the Xingang Port, China, causing an oil spill into the Yellow Sea. A few days after

the accidents, a teaching-training ship, YUKUN, collected data from X-band radar

and LWIR sensors during the clean-up operation. These data allowed researchers to

develop oil spill detection methods to obtain the extent of oil slicks from shipborne radar

imagery, such as thresholding (Zhu et al., 2015), adaptive thresholding (Liu et al., 2019;

Xu et al., 2019), and active contour models (Xu et al., 2021), and validate their results

with LWIR imagery. In addition to radar and LWIR, laser fluorosensors have also been

deployed on the shipborne platforms, as presented in another study (Yamagishi et al.,

2001).

Shipborne systems can be helpful for tracking the oil; however, the airborne system

still plays an important role in emergency response because of its flexibility in sensor

selection, allowing a combination of sensors to be used to provide essential information

(e.g., oil type and oil thickness) for clean-up operations (Brown & Fingas, 2005). Ever
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since the 1980s, there has been a suggested collection of sensors used for airborne oil

spill monitoring, including a SLAR, IR/UV imaging devices (e.g. IR/UV line scanners),

microwave radiometers, and laser fluorosensors (Robbe & Hengstermann, 2006). Some

commercial software has been developed to analyze data from such multi-sensor plat-

forms and provide an interface to support pollution management, such as the MEDUSA

system (Robbe & Hengstermann, 2006) and the MSS 6000 system (Dyring & Fäst,

2004). Previous studies have also shown that unmanned aerial vehicles (UAVs) offer

a more cost-effective solution than traditional aircraft and could therefore be helpful

in emergency response (Brown, 2025; T. Chen & Lu, 2017; de Laurentiis et al., 2021;

Jiao et al., 2019).

As for regular monitoring, the high cost and limited coverage of airborne systems

typically limits their focus to areas of frequent spills, such as from ships, pipelines

and oil rigs (Brown & Fingas, 2005). On the other hand, satellites have the capabil-

ity for surveillance over large areas due to their wide coverage. Several early studies

demonstrated the use of satellite SAR data for routine observations over certain wa-

ters (Biegert et al., 1997; Gade & Alpers, 1999; Ivanov & Ermoshkin, 2004; Ivanov

et al., 2002; Lu et al., 1999; Pavlakis et al., 2001). Long-term monitoring of specific

areas can provide information on the level of pollution in different zones; for exam-

ple, pollution in some areas may be well aligned with major shipping routes (Gade &

Alpers, 1999). It can also help to narrow down areas at risk where increased moni-

toring coverage is suggested, raise societal awareness, and put pressure on responsible

authorities to take action (Ferraro et al., 2009; Lu et al., 1999).

These and other studies have pointed out the role of spaceborne SAR in early warn-

ing of oil spills. However, they have less flexibility in terms of observation time due

to their fixed orbit; therefore, the combination of spaceborne SAR and other passive

optical sensors can fill spatial and temporal gaps and enhance temporal resolution. For

example, an operational system for the Southern Gulf of Mexico uses multiple space-

borne optical and radar sensors (Uribe-Martínez et al., 2024). Another study used

multiple spaceborne sensors to detect and track an oil spill after a tanker accident in

the Red Sea in 2019 (Vankayalapati et al., 2023). Spaceborne optical sensors use mul-

tispectral and hyperspectral imaging to acquire reflected radiation from surfaces across

different spectral bands. For example, a combination of bands from Landsat-8, includ-

ing green, blue, NIR, SWIR, and coastal/aerosol bands, has been used for oil slick

detection (Schmidt et al., 2024). Spectral analysis can provide information about oil

properties, such as thickness and type, and help distinguish actual oil spill from other

features such as algal blooms (Brekke & Solberg, 2005). However, several features, in-

cluding thin clouds, cloud shadows, dust, suspended sediments, and areas with shallow
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water, can have reflectance like oil (Schmidt et al., 2024). Consequently, spaceborne

optical data alone may not be sufficient to identify oil spills. Therefore, combining

optical and SAR sensors can enhance their collective ability to detect oil spills and

distinguish them from natural seepage. An example of this was presented in Bayramov

et al. (2018) for long-term monitoring of the Caspian Sea.

Different platforms have different advantages and disadvantages; each plays a unique

role in the overall oil spill surveillance system. In short summary, spaceborne SAR is

suitable for regular surveillance over a larger area and provides early warning of an

oil spill incident. Spaceborne optical images can help improve the spatial and tempo-

ral coverage and provide additional information about oil. Afterwards, a multi-sensor

airborne system can collect the necessary information about the oil for clean-up op-

erations. Combined with the local information, such as ESI maps showing vulnerable

resources in the area, clean-up strategies can be implemented. During the clean-up op-

erations, shipborne radars can help with the real-time tracking of the oil. Additionally,

the automatic identification system (AIS), along with oil spill trajectory model, can

be included to identify the polluters (Busler et al., 2015). The ENVISYS project was

one of the early projects to connect oil spill detection using SAR with emergency man-

agement units for better decision support in the Mediterranean Sea (Theophilopoulos

et al., 1996).

Since 1994, the Norwegian Kongsberg Satellite Service (KSAT) has provided a man-

ual oil spill detection service, delivering results provided by trained operators. The

operators analyze SAR images and use supporting information, such as wind speed

and direction, the location of oil rigs and pipelines, national borders, and coast-

lines (Brekke & Solberg, 2005). Similarly, the Global Monitoring for Environment and

Security (GMES) programme, a joint program of the European Commission and Euro-

pean Space Agency (ESA), has supported several projects such as MARCOAST (Cot-

ton, 2007) and the CleanSeaNet service (European Maritime Safety Agency, 2017).

The latter is run by the EMSA and has been operational since 2007 with a focus

on European waters. Together with the African Union Commission, GMES also sup-

ported the NAfcoast project, which focused on oil spill contingency planning along the

North African coast, in particular the potential threat to fishing areas (Abou El-Magd

et al., 2020). This project emphasized the importance of cooperation with regional

stakeholders. Although these oil spill monitoring services are either semi-automated

or fully automated, alerts are only issued after confirmation by experienced operators.

This helps avoid false alerts and the resulting costs of clean-up operations. However,

these services can already provide information such as wind speed, sea state, and the

location of offshore oil and gas infrastructure.
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1.3 Oil slick detection using spaceborne SAR

Early experiments were conducted to evaluate and demonstrate the capability of space-

borne SAR for early detection of oil spills (Bern et al., 1993) and to investigate the

damping effect of oil slicks observed with different bandwidths (i.e. C-band, X-band,

and L-band), different polarizations, and different wind speeds (Gade et al., 1998; Ma-

suko et al., 1995). Later, several studies focused on mapping oil spills in specific pollu-

tion hotspots such as the Gulf of Mexico (Biegert et al., 1997), European waters (Gade

& Alpers, 1999), the Caspian Sea (Ivanov & Ermoshkin, 2004), the Mediterranean

Sea (Pavlakis et al., 2001), and Asian waters (Ivanov et al., 2002; Lu et al., 1999).

These studies evaluated oil spill monitoring using spaceborne SAR. They also pointed

to its ability to support risk management systems, as demonstrated by another study

that focused on possible monitoring during an oil spill incident (Werle et al., 1997).

In order to detect spills efficiently, researchers tried to automate the oil slick detec-

tion process. As oil slicks appear as dark formations in SAR imagery, the identification

of pixels containing oil can be extracted using segmentation methods, such as thresh-

olding (Kanaa et al., 2003; Solberg et al., 1999) and edge detection based on the image

histogram (Del Frate et al., 2000). However, the visibility of oil slicks decreases over

time due to weathering, which affects the detectability of oil in SAR imagery (Brekke &

Solberg, 2005). In addition, discriminating between oil slicks and look-alikes has been a

challenging task. Previous studies used various characteristics, such as texture and geo-

metric features of the dark formations, physical characteristics of the radar backscatter,

and other contextual information (e.g., wind speed), to classify dark formations in SAR

images as oil slicks or look-alikes (Brekke & Solberg, 2005; Topouzelis, 2008). In ad-

dition, the use of dual co-polarization and quad-polarization scenes has been claimed

to improve classification with their additional polarimetric features (Fortuny-Guasch,

2003; Migliaccio et al., 2007); however, these polarization combinations are limited to

specific missions such as SIR-C/X-SAR, RADARSAT, and TerraSAR-X. Therefore,

machine learning techniques were applied for feature selection and helped to improve

the accuracy of classification of oil slicks and look-alikes (Singha et al., 2013; Topouzelis

et al., 2007).

Although SAR imagery has sufficient spatial resolution to detect small illegal dis-

charges from vessels that are a few to tens of kilometers in length and less than 1 km in

width (Konik & Bradtke, 2016), oil spill monitoring mostly focused on areas at high risk

of oil pollution or on specific oil spills due to the high cost of commercial SAR data. In

this regard, SAR data were acquired from various satellite platforms following accidents

to track the spatial and temporal changes of oil slicks; examples of accidents include
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the Hebei Spirit tanker accident in 2007 (D.-J. Kim et al., 2010; T.-S. Kim et al., 2015)

and the DeepWater Horizon oil spill in 2010 (Garcia-Pineda et al., 2017; Marghany,

2015; Wan & Cheng, 2013) (see Figure 1.1 for their locations). These SAR data also

enabled studies to compare observations from different radar bandwidths and to apply

machine learning techniques for better classification of oil slicks and look-alikes. Af-

ter the launch of the Sentinel-1 mission from ESA under the Copernicus Programme

in 2014, the number of available and free SAR scenes has increased. From 1990 to

2020, 42 % of the research papers related to oil spill detection were published between

2016 and 2020; note that these statistics only include papers published by September

2020 (Jafarzadeh et al., 2021). The authors suggested that the launch of Sentinel-1

was the possible reason. The large amount of available Sentinel-1 data also enables the

introduction of data-driven deep learning methods in remote sensing applications.

Most deep learning-based methods for SAR oil slick detection can be categorized as

image classification, object detection, semantic segmentation, or instance segmentation,

as shown in Figure 1.7. The general objective is to identify objects of interest in the

images, such as oil spills, look-alikes, and ships. Some of the methods also define

non-object classes, such as sea and land. Image classification algorithms categorize

images into different classes based on the likelihood that an image belongs to each

class. Object detection algorithms identify objects in images and return bounding

boxes of the objects along with their corresponding classes. Semantic segmentation

algorithms classify each pixel in an image as belonging to a specific class of object or

non-object. Instance segmentation algorithms provide the exact boundaries of detected

objects; each object has a segmentation mask showing its exact location.

Semantic segmentation methods are the most commonly used deep learning-based

method for SAR oil slick detection. They directly provide the boundaries of objects

of interest; however, since SAR images are large and pixel-wise classification is com-

putationally expensive, an additional step, such as patch-based image classification, is

suggested to refine the area of interest. For example, the given SAR image is divided

into patches, which are then classified using a convolutional neural network (CNN)

model. If the results of the patch-based classification indicate a high probability of

oil presence in a given patch, a different CNN model is applied to obtain a pixel-wise

classification of that patch (Shaban et al., 2021; Trujillo-Acatitla et al., 2024). On

the other hand, object detection algorithms can also be used to identify regions with

potential oil slicks. This would provide smaller regions of interest for the semantic

segmentation method. A previous study proposed a similar idea, focusing on detect-

ing oil slicks with SLAR and using coarse detection prior to pixel-wise classification

to improve detection efficiency (Nieto-Hidalgo et al., 2018). Semantic segmentation
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(a) Image classification (b) Object detection

(c) Semantic segmentation (d) Instance segmentation

Figure 1.7: Illustration of deep learning-based methods for SAR oil slick detection.
In this example, oil spill (oil), look-alike (alike), and ship are defined as
objects, while sea and land are defined as non-objects.

networks, such as U-Net, AlexNet, LinkNet, PSPNet, the DeepLab series, and SegNet,

have been used in literature. Some of this literature has provided comparisons between

different models (Krestenitis et al., 2019; Shanmukh & Priya, 2024). Another chal-

lenge in applying semantic segmentation methods is that oil spills typically occupy a

relatively small portion of an image patch. Therefore, the imbalance of different classes

should be considered during model training.

Based on the concept of object detection and semantic segmentation, instance seg-

mentation methods offer the segmented results of objects of interest. Unlike semantic
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segmentation methods, instance segmentation methods assign a mask to each individ-

ual object. This can be beneficial for oil trajectory simulation because one image may

contain oil slicks from different sources. Each oil slick can have its own parameter. A

commonly used instance segmentation model is Mask region-based convolutional neural

network (R-CNN), which has been applied for oil slick detection but is not yet widely

used (Amri et al., 2020, 2022; Yekeen & Balogun, 2020; Yekeen et al., 2020). One pos-

sible reason is that instance segmentation methods are typically more computationally

complex than semantic segmentation.

These are different deep learning methods for developing an oil slick detection system.

Each method has its own advantages and disadvantages depending on the purpose. For

example, when it comes to an operational system, computational efficiency is one of

the important factors to consider. A common challenge for all these methods is the

limited availability of oil spill datasets for training models. This is due to the fact

that records of spill locations and times are not always publicly accessible. Therefore,

most studies have had to collect their own datasets for model training. This makes

comparing results from different studies difficult. It should be noted that this thesis

collected its own dataset for training and testing the system. Since it is generally

not possible to obtain the type of oil, the system may consider pollution from other

chemicals as oil spills, such as land-sourced wastewater.

1.4 Approach in this thesis

This thesis provides an automated oil spill detection system using spaceborne SAR

data. For such a system to be useful to society, it is important and essential to cooper-

ate with regional stakeholders. Therefore, the system is designed for the Southeastern

Mediterranean Sea, in close cooperation with the Israel Oceanographic and Limnolog-

ical Research (IOLR), where researchers have expertise in oil trajectory estimation.

Early studies on the automated detection of oil spills using SAR generally applied

the following procedure: dark spot segmentation, feature extraction, and classification.

Therefore, it may be inefficient for SAR scenes that are covered with large areas of dark

formations due to look-alikes, in which case the algorithm would try to extract all the

features of the dark formations for classifying them. Figure 1.8 shows an example of a

SAR image covered by a large area of dark formations, which is likely due to low wind

conditions. The figure illustrates the two-step approach proposed in this thesis. First,

a deep learning-based object detection algorithm finds the areas of possible oil slicks,

shown as bounding boxes in the figure. In this step, a sliding window is used to gener-

ate image patches for the object detection algorithm. In addition, SAR normalization
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was applied by rescaling to 8-bit to optimize processing time and eliminate differences

in radar backscatter between different acquisitions. The advantages of normalization

have been demonstrated in previous studies (Bayramov et al., 2018; Espedal & Jo-

hannessen, 2000; Hasimoto-Beltran et al., 2023; Karathanassi et al., 2006). Second, a

segmentation method is applied to obtain the final binary masks of oil slicks. Ideally,

the object detection algorithm would only target oil objects. Instead of using another

deep learning-based model for segmentation, this thesis uses a segmentation method

based on statistical features obtained from the backscatter coefficient. Sea surface

roughness is a key factor that affects radar backscatter. Therefore, radar backscatter

reflects sea states and carries meaningful information (Pleskachevsky et al., 2024). For

this reason, this step uses the radar backscatter coefficient instead of the normalized

SAR.

Figure 1.8: Illustration of the two-step approach proposed in this thesis. Possible oil
slicks are targeted by the object detector, and the final oil binary masks
are extracted by a segmentation method that focuses on these regions of
interest. Sentinel-1 SAR scene taken at 03:52 UTC on 31 August 2023.
The figure contains modified Copernicus Sentinel data [2023].

In theory, the proposed approach could offer a more computationally efficient de-

tection chain than the semantic segmentation method. Additionally, different study

areas have different sources and types of oil spills and look-alikes. Therefore, adapting
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the developed system to a new study area may require a smaller dataset for transfer

learning. Preparing a training dataset for an object-oriented method should take less

time than preparing a dataset for a pixel-wise method, such as semantic segmentation.

Consequently, this approach is well-suited to the objective of building an operational

oil spill detection system that can easily be transferred to a different study area.

1.5 Research questions

Regular surveillance over certain areas using spaceborne SAR can contribute to pro-

viding a first warning of the occurrence of oil spills. Oil slicks dampen the gravity-

capillary waves and therefore have low radar backscatter compared to the surrounding

clean seawater, resulting in dark formations in SAR scenes. However, dark formations

are not necessarily oil slicks; other oceanic phenomena should also be considered and

understood before building an oil spill monitoring system based on SAR. The follow-

ing research questions must be answered in order to develope an operational oil slick

detection system using SAR:

1. How can different oceanic phenomena manifest in SAR imagery?

2. How can oceanic phenomena be discriminated from oil slicks in SAR?

3. Can deep learning-based object detectors be used to detect oil slicks

and distinguish between oil slicks and look-alikes?

4. What are the look-alikes that could lead to confusions for deep learning-

based object detectors?

5. How well do deep learning-based methods perform when applied to an

operational oil spill monitoring system?

This thesis focuses on the Southeastern Mediterranean Sea as a study area, answering

the research questions based on experience in this region. However, the experience from

the Southeastern Mediterranean Sea can be further extended to other regions.
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2 Southeastern Mediterranean Sea

The Mediterranean Sea is a semi-enclosed marginal sea. Some consider it a miniature

ocean because many of the processes that occur in other oceans also occur in the

Mediterranean Sea (Chiggiato et al., 2023). The Mediterranean Sea is composed of

four primary basins: the Algerian, Tyrrhenian, Ionian, and Levantine basins (Elbessa

et al., 2022); their locations are shown in Figure 2.1. The bounding box in Figure 2.1

shows the extent of the zoomed-in map in Figure 2.2, which indicates the focused

area in this thesis. From a tectonic perspective, the zoomed-in area can be further

divided into several basins, as shown in Figure 2.2 (Aksu et al., 2014; Roberts &

Peace, 2007; Tassy et al., 2015). The Levantine and Herodotus basins are located in

the south and are separated by the Eratosthenes Seamount. The northern basins are

the Rhodes, Antalya, Cilician, and Latakia basins. Studies with a broader focus refer

to the Levantine Basin as the area annotated in Figure 2.1; to avoid confusion, this

area will be referred to as the Levantine Sea throughout the rest of this thesis. On the

other hand, the Levantine Basin refers to the area based on regional tectonic structure,

as shown in Figure 2.2.

This thesis focuses on the area outlined in red in Figure 2.2, which extends from

the coastline northward to 34.7° N and westward to 30° E. The study area includes the

northern entrance to the Suez Canal, which has heavy maritime traffic, resulting in a

high risk of oil pollution from ships. Section 2.1 introduces the possible sources of oil

pollution in the study area. The fate of oil spills and SAR signatures are both related

to circulation. Therefore, Section 2.2 explains the main forcings that drive circulation

and mentions factors that manifest notable SAR signatures. Section 2.3 summarizes

the phenomena that may resemble oil slicks.

2.1 Oil pollution hotspot

The study area has heavy maritime traffic due to shipping through the Suez Canal

and the transport of crude oil between the Mediterranean Sea and the Red Sea. This

increases the possible operational oil discharges, usually associated with shipping lanes.

In addition, the discovery of gas fields in the Levantine Basin since 2009 has led to

increased offshore oil and gas exploration and exploitation activities, thereby raising
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Figure 2.1: A bathymetry map of the Mediterranean Sea, which illustrates its four
primary basins. The bounding box shows the extent of the zoomed-in
map in Figure 2.2. The base map was plotted using the topographic and
bathymetric model obtained from the General Bathymetric Chart of the
Oceans (GEBCO Bathymetric Compilation Group 2023, 2023).

the risk of oil pollution. On 17 February 2021, about 550 tons (about 454 tonnes) of

tar from an unknown oil spill source first beached along the central-northern shores of

Israel. From 11 to 13 February, three pairs of oil slicks were observed from Sentinel-1.

According to trajectory simulations, two of the slicks were likely related to the beaching

on the coast, while the other pair was either unrelated or too small and had weathered

by the time they reached the shoreline (Herut et al., 2024). Unfortunately, the incident

occurred during the initial phase of the study, before the automated oil slick detection

chain had been developed. These and other oil pollution incidents have highlighted the

importance of having an oil slick detection system for early warning.

The following subsections provide an overview of shipping density (see Subsec-

tion 2.1.1) and the oil and gas exploration and exploitation activities (see Subsec-

tion 2.1.2) in the study area. On top of these factors, regional political instability,

extensive coastal oil facilities, and a lack of cooperation among countries may also

contribute to the Levantine Sea being an oil pollution hotspot (Polinov et al., 2021).

2.1.1 Shipping

Each year, about 600–800 million tons (about 544 to 726 million tonnes) of crude oil

are transported in the Mediterranean Sea, accounting for about 30 % of the global

maritime transport of crude oil (Danovaro, 2003). A later study provided a different

estimate, showing that 18 % of global crude oil shipments travel through the Mediter-
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Figure 2.2: A zoomed-in map of the area within the bounding box of Figure 2.1 in the
Southeastern Mediterranean Sea, which provides an overview of its different
regions based on bathymetry. The enclosed areas outlined in red indicates
the study area. The borders were derived from the Global Self-consistent,
Hierarchical, High-resolution Geography Database (GSHHG) (Wessel &
Smith, 1996).

ranean Sea (Carpenter & Kostianoy, 2018). Most of the crude oil transported from

the Middle East to Europe and North America goes through the Suez Canal (Abdulla

& Linden, 2008). According to the Suez Canal Authority (2025), approximately 12 %

of global shipping trade has transited the Suez Canal for over 150 years. The high

traffic in the Mediterranean Sea has led to high risks of operational oil discharges. On

average, approximately 1–10 tonnes of oil are spilled from ships almost daily in the

Mediterranean Sea (Carpenter & Kostianoy, 2018).

A recent study examined the geographic distribution of oil spills observed by Sen-

tinel-1 SAR from 2014 to 2023 in the Levantine Sea, with a particular focus on the

Egyptian coast (Baghdady & Abdelsalam, 2024). The study revealed that oil spills

were concentrated along shipping routes and close to the Egyptian coast. Addition-
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ally, oil spill incidents follow a seasonal trend. They primarily occur in the spring and

summer, peaking in August, which coincides with increased maritime traffic associated

with tourism and commercial shipping. However, the effectiveness of SAR observa-

tions in different seasons should also be considered. Figure 2.3 presents the number

of commercial ships in each grid cell per day. These numbers were calculated from

hourly AIS positions received between January 2015 and February 2021, which are

provided by Cerdeiro et al. (2020). Each grid cell has a dimension of 0.005 degree by

0.005 degree, which is approximately 500 m by 500 m at the equator. The histogram

shows how many pixels correspond to different numbers of commercial ships per day.

Typically, regions with heavy shipping traffic can have about 330–420 ships per day.

Noted that these numbers may include both moving and stationary ships.

The previous study also pointed out that many oil spill incidents occurred in the ex-

clusive economic zone (EEZ), which extends 200 nautical miles from the coast (Bagh-

dady & Abdelsalam, 2024). Oil spills happened frequently in the area within about

19 km (about 10.3 nautical miles) off the coast. However, oil spills within the Egyp-

tian territorial waters (12 nautical miles off the coast) were usually smaller than those

occurring further from the coast. Similar results were found in another study, which

stated that most oil slicks are distributed along the coast, with 50 % of the oil slicks

observed within 38 km (about 20.5 nautical miles) off the coast and 90 % within 160 km

(about 86.4 nautical miles) (Dong et al., 2022). Therefore, the oil slick detection sys-

tem should be tested in different zones from the coast, such as territorial waters and

EEZ.

2.1.2 Discovery of oil and gas in the Levantine Basin

The discovery of several gas fields in the Levantine Basin since 2009 has driven an

increase in oil and gas exploration and exploitation activities in the region. Figure 2.4

shows the approximate locations of the discovered gas fields. From 1990 to 1999, the

annual release of petroleum from platforms in worldwide marine waters accounted for

about 3 % of total petroleum pollution (National Research Council, 2003). However, oil

pollution from offshore oil and gas platforms in the Mediterranean is likely to account

for less than 1 % of the total oil pollution, and is therefore not often discussed in the

literature (Carpenter & Kostianoy, 2018).

2.2 Environmental factors

The Mediterranean Sea is governed by large-scale horizontal and vertical circulation.

The main forcings driving this circulation are the exchanges through the Strait of
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Figure 2.3: Ship density in the Levantine Sea. The map shows average numbers
of commercial ships per day, calculated from the hourly AIS positions
recorded from January 2015 to February 2021. The histogram shows how
many pixels correspond to different numbers of commercial ships per day.
Data source: IMF’s World Seaborne Trade monitoring system (Cerdeiro et
al., 2020); available at https://datacatalog.worldbank.org/search/dataset/
0037580/Global-Shipping-Traffic-Density (access: 2025-05-22), licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). The
basemap is obtained from Stevens (2020).

https://datacatalog.worldbank.org/search/dataset/0037580/Global-Shipping-Traffic-Density
https://datacatalog.worldbank.org/search/dataset/0037580/Global-Shipping-Traffic-Density
https://creativecommons.org/licenses/by/4.0/
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Figure 2.4: Discovery of gas fields in the Levantine Basin. The red circles indicate the
approximate locations of gas fields that were discovered since 2009. The
gray lines indicate the boundaries of the exclusive economic zone, which
were obtained from Flanders Marine Institute (2023). These lines should
not be considered the actual boundaries of any political claim. The borders
in the land areas were derived from GSHHG (Wessel & Smith, 1996).

Gibraltar and the climatological mean surface flux fields (Schroeder et al., 2023).

The Atlantic Water enters the Mediterranean Sea through the Strait of Gibraltar and

flows along the North African coast. After reaching the Sardinian Channel, the water

typically splits into two routes. Some of the water circulates cyclonically through the

Tyrrhenian Sea in the Western Mediterranean Sea as the Northern Current. Other wa-

ter crosses the Sicily Channel to enter the Eastern Mediterranean Sea. It travels to the

eastern part of the basin, where it is ultimately transformed into warm, saline Levantine

Intermediate Water or Cretan Intermediate Water. The formation of the Intermedi-

ate Water can enhance vertical mixing in the basin and influence the phytoplankton
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population. Such a journey of the Atlantic Water across the Eastern Mediterranean

basin is influenced by the strong meandering currents that drive mesoscale dynamics.

Another forcing that drives circulation is the climatological mean surface flux field,

which include wind stress, heat (or thermal) flux, and surface freshwater flux.

These forcings can trigger certain phenomena, which manifest signatures in SAR

images, making distinguishing oil slicks more difficult. Therefore, understanding these

forcings can help improve the interpretation of SAR images. The following subsections

provide an overview of these factors in the Levantine Sea.

2.2.1 Oceanographic forcing

Once the Atlantic Water enters the Mediterranean Sea, it undergoes continuous modi-

fication through air–sea interaction and mixing with other water masses. Strong evap-

oration in the Mediterranean increases the salinity and temperature of the Modified

Atlantic Water, eventually leading to the formation of warm, saline Levantine Surface

Water in the Levantine Sea. Depending on the location, this water then contributes to

the formation of either Levantine Intermediate Water or Cretan Intermediate Water.

The cyclonic Rhodes Gyre is known to be the main source of the Levantine In-

termediate Water. It covers an area ranging from 28◦ to 30◦E and from 34.5◦ to

36◦N (Malanotte-Rizzoli et al., 2003). However, other regions in northern Levantine

Sea have also been identified as sources of the Levantine Intermediate Water, such as

along the Turkish coastline (i.e. Antalya Bay) to the west of Cyprus (Lascaratos et al.,

1993; Malanotte-Rizzoli et al., 2003) and the Cilician Basin (Fach et al., 2021). Some

studies have suggested that the Levantine Intermediate Water only forms at the end of

winter (Fach et al., 2021; Habib et al., 2023). During winter, convection events cause

the Levantine Surface Water to cool down and increase in density. This dense water

then sinks and forms the Levantine Intermediate Water (Hecht et al., 1988; Taillandier

et al., 2022).

The surface layers of the Cretan Sea are dominated by Atlantic Water, Black Sea

Water, and Levantine Surface Water. Black Sea Water with low density enters the

northern Aegean Sea and follows a general cyclonic path. By the time it reaches

the western Cretan Sea, it has mixed with the water masses in the Aegean Sea. This

increases its salt content, giving it a salinity and temperature similar to that of Modified

Atlantic Water, which enters the Cretan Sea through the eastern and western Cretan

Straits and is considered to have low salinity (Velaoras et al., 2014). On the eastern

side, the warm, saline Levantine Surface Water enters the Cretan Sea through the

eastern Cretan Straits via the Asia Minor Current. Similar to the formation of the

Levantine Intermediate Water, the Cretan Intermediate Water forms during the winter
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convection as the Levantine Surface Water cools down and sinks. Inside the Cretan Sea,

the Cretan Intermediate Water is generally considered to be slightly cooler, more saline,

and denser than the Levantine Intermediate Water (Astraldi et al., 1999; Theocharis

et al., 1999).

A part of the Intermediate Water enters the Aegean Sea and the Adriatic Sea, where

it combines with the Modified Atlantic Water and forms the Eastern Mediterranean

Deep Water (Schroeder et al., 2023). Other studies have presented findings on the

formation of deep waters in the Cretan Sea (Gertman et al., 2006) and in the Rhodes

Gyre (Malanotte-Rizzoli et al., 2003; Özsoy et al., 1993). The other part of the Inter-

mediate Water crosses the Sicily Channel and some of it contributes to the formation

of the Western Mediterranean Deep Water in the northwestern part of the basin, while

some of it contributes to the Mediterranean outflow through the Strait of Gibraltar

to the Atlantic Ocean (Schroeder et al., 2023). Because the Sicily Channel is shallow,

the Eastern and Western Deep Waters do not mix. Figure 2.5 illustrates the vertical

distribution of the water masses in the Mediterranean Sea, along with their salinity

and temperature. Figure 2.6 provides a summary of the surface circulation in the

Mediterranean Sea explained above.

Figure 2.5: Vertical distribution of water masses in the Mediterranean Sea. Source:
UNEP/MAP (2012); created by GRID-Arendal and available at: https:
//www.grida.no/resources/5885.

https://www.grida.no/resources/5885
https://www.grida.no/resources/5885
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Figure 2.6: Surface circulation in the Mediterranean Sea. Source: UNEP/MAP
(2012); created by GRID-Arendal and available at: https://www.grida.
no/resources/5915.

2.2.2 Vertical mixing and biological factors

The formation of the Intermediate Water, as explained in the previous subsection,

can enhance vertical mixing and convection in the formation area. Evaporation and

heat loss during the winter cause a convection period in the Mediterranean Sea. This

convective mixing brings nutrient-rich water from below the surface, which triggers

phytoplankton blooms (Keuter et al., 2022). Phytoplankton blooms can result in the

formation of biogenic surface films that appear similar to oil slicks in SAR imagery.

The chlorophyll a (chl-a) concentration is frequently used as a proxy for phytoplank-

ton biomass. Satellite measurements of chl-a concentration revealed that the Mediter-

ranean Sea typically exhibits concentrations below 2 mg/m3, except in blooming areas

during late winter and early spring. Even during the blooming seasons, the chl-a

concentration in the oligotrophic to ultra-oligotrophic Eastern Mediterranean rarely

exceeded 0.5 mg/m3 (Siokou-Frangou et al., 2010).

The Rhodes Gyre is a well-known area of the Levantine Sea where the biomass of phy-

toplankton and biological production are higher than in the surrounding area (Habib

et al., 2023). Specifically, the supply of nutrients in the euphotic layer of the Gyre is

higher during cold winters than during mild winters (Ediger & Yilmaz, 1996). Simi-

larly, an intense phytoplankton bloom event was observed in the southeastern Cretan

Sea in early spring 2022 as a result of a cold spell, sea surface cooling, vertical mixing,

https://www.grida.no/resources/5915
https://www.grida.no/resources/5915
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fertilization, and subsequent stratification (Teruzzi et al., 2024). In addition, nutrient-

rich runoff can also cause high concentrations of nutrients in coastal waters, which may

result in eutrophication and higher chl-a concentrations (Danovaro, 2003; Kress et al.,

2019).

2.2.3 Mesoscale dynamics

The basin-scale circulation dominant in the Mediterranean Sea is cyclonic, as illus-

trated in Figure 2.6. Within this general circulation, there are numerous cyclonic and

anticyclonic sub-basin scale eddies and gyres (Menna et al., 2012; Özsoy et al., 1989;

Poulain et al., 2012), including quasi-permanent mesoscale features and strong along-

shore currents (Pegliasco et al., 2021). In contrast to the open ocean, the mesoscale

activity and circulation in the semi-enclosed Mediterranean are constrained by the mor-

phology of the basin, including its coasts, islands, and shelf breaks, as well as by the

meteorological forcing over the mountainous terrain (Pegliasco et al., 2021). Mesoscale

activities can transport physical properties and biogeochemical tracers over long dis-

tances and across frontal boundaries, and therefore impact the large-scale water mass

distribution, circulation, and ocean biology. Some areas in the Mediterranean Sea are

regarded as having intense mesoscale activities, such as the Alboran Sea and the south-

ern Algerian Basin in the Western Mediterranean Sea as well as the Levantine Sea in

the Eastern Mediterranean Sea (Mason et al., 2023). The discussion here will focus on

the Levantine Sea.

The Mid-Mediterranean Jet is a meandering current that flows eastward from about

24° E to the southeast of Cyprus (Menna et al., 2012). It can generate cyclonic and

anticyclonic eddies and interact with other currents. There are several long-lived and

recurrent eddies in the Levantine Sea, as summarized in Menna et al. (2012): the anti-

cyclonic Ierapetra eddy, located southeast of Crete and induced by the Etesian winds;

the anticyclonic Mersa-Matruh eddy, generated close to the Egyptian coast and con-

sidered a meander of the Libyo-Egyptian Current or the Mid-Mediterranean Jet; the

anticyclonic Cyprus eddy, located southwest of Cyprus near the Eratosthenes Seamount

and probably generated by the local bathymetry (Egorova et al., 2024); the Shikmona

eddy, located off the coast of Israel and Lebanon, composed of several cyclonic and

anticyclonic eddies, and regarded as a pinched-off meander from the coastal currents;

the cyclonic Latakia eddy, likely generated by the interaction between the northward

along-slope coastal current and the Mid-Mediterranean Jet. It should be noted that

different studies may approach the formation of these eddies differently. These eddies

can modulate sea surface roughness, inducing areas of surface convergence and diver-

gence. Under moderate wind conditions, these areas appear as bright and dark lines in
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SAR images (Robinson, 2010a). Additionally, surface films tend to accumulate along

current shear in eddies, enhancing the SAR signature.

2.2.4 Internal waves

Internal waves occur due to the perturbations in a stratified medium. In the Mediter-

ranean Sea, tidal forcing is the main mechanism that generates internal waves. Al-

though tides in the Mediterranean Sea are low compared to those in most ocean basins,

such as the adjacent Atlantic Ocean (Lionello, Sannino, & Vilibić, 2023), previous stud-

ies have highlighted internal waves generated by the interaction of tidal currents with

bathymetric features in straits and channels, such as the Strait of Gibraltar (Morozov

et al., 2002), the Sicily Channel (Cosoli et al., 2015), the Strait of Messina (Brandt

et al., 1999), and the eastern Cretan Arc Straits (Velegrakis et al., 1999). The straits

and channels are where water is exchanged between different seas, and such exchange

of fresh water can lead to density gradients and stratified water. However, the seasonal

pycnocline was also observed off the coast of Israel in the Levantine Basin above the

continental shelf during the summer (Rosentraub & Brenner, 2007), where internal

waves were also observed (Pelinovksy et al., 1995; Reiche et al., 2018).

Although these oceanic internal waves (OIWs) propagate within a stratified water

column, they can produce surface convergence and divergence, which can either am-

plify or attenuate gravity-capillary waves. The alternating surface convergence and

divergence result in bright and dark stripes in SAR images. Similar to the ocean, per-

turbations in the stratified atmosphere can generate internal waves, which are often

referred to as atmospheric gravity waves (AGWs). Variations in wind stress associ-

ated with AGWs can also cause small-scale changes in sea surface roughness, resulting

in similar bright and dark stripes in SAR images (Alpers & Huang, 2011). Previous

studies have examined AGWs generated by orographic obstacles, such as mountains

and islands (Miglietta et al., 2013; Papandrea et al., 2019). These waves are known

as lee waves and have been observed in the Mediterranean Sea. Therefore, areas close

to mountainous coastlines or islands are likely to experience AGWs when atmospheric

conditions are favorable.

2.2.5 Atmospheric factors

This subsection introduces the climatological mean surface flux fields, one of the main

forcings that drive circulation in the Mediterranean Sea, as mentioned at the beginning

of this section.
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Wind stress

Wind stress forces circulation at the sub-basin scale, which exhibits strong seasonal

variability (Pinardi & Navarra, 1993). In addition, the interaction between wind stress

and geostrophic stress can create conditions conducive to vertical convection (Robinson,

2010b). Wind stress expresses the horizontal flux of momentum from the atmosphere

to the ocean and drives turbulent mixing at the air–sea interface (Robinson & Fangohr,

2010). It is defined as follows:

τ = ρ · CD · u2, (2.1)

where ρ is the air density; CD is the dragging coefficient; u refers to the wind speed.

Generally, the wind speed is normalized to 10 m above the sea surface within the lower

part of a neutrally stable atmospheric boundary layer (ABL) (Robinson & Fangohr,

2010).

The movement of wind is driven by differences in air pressure, with faster winds

occurring due to higher pressure gradients. According to model data from 1981 to

2010, the sea level pressure in the Mediterranean Sea tends to be lower in the summer

than in the winter, and especially low pressure was observed in the Levantine Sea

in July (Schroeder et al., 2023). Therefore, the dominant wind over the Levantine

Sea in summer is the west-northwesterly wind (Akpinar et al., 2016). Wind speeds

in the Levantine Sea are generally higher during the winter months, as evidenced by

long-term wind speed estimates derived from data collected at coastal meteorological

stations and numerical weather prediction models from 2009 to 2018 (Hadjipetrou &

Kyriakidis, 2024). The study also found that the lowest average wind speeds typically

occur in April and between October and November. The SKIRON atmospheric model,

developed by the University of Athens, provides hourly wind estimates at 10 m above

the sea surface in Europe (Kallos et al., 1997; Papadopoulos et al., 2001). Such a model

is useful for oil trajectory simulation because winds are relevant to oil advection and

weathering, such as dispersion. In addition, the optimal sea surface wind speed for

SAR oil slick detection is suggested to range between 2–3 m/s and 7–12 m/s (Brekke

& Solberg, 2005; Gade et al., 2000; Robinson, 2004).

Heat and freshwater fluxes

Overall, the net freshwater flux (P-E) in the Mediterranean Sea is negative throughout

the year, meaning that evaporation (E) is higher than precipitation (P) (Lionello, San-

nino, & Vilibić, 2023). Rain drops can dampen or roughen the sea surface, resulting

in weaker or stronger radar backscattering than the surrounding area. Therefore, pre-

cipitation over the study area should also be considered to avoid misinterpreting the
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SAR signatures. In general, the Mediterranean Sea follows a seasonal cycle of mean

temperature and total precipitation, experiencing more precipitation and evaporation

in the winter than in the summer. However, large areas near the coasts of North Africa

and the Middle East remain dry throughout the year (Lionello, Giorgi, et al., 2023).

The freshwater loss induces the formation of saltier and denser water masses than the

Atlantic Water. For example, cool, dry winds blow from the mainland to the Rhodes

area in January or February. The resulting heat loss and increased evaporation cause

negative buoyancy flux. Consequently, the cool, saline surface water sinks, resulting in

vertical mixing and formation of the Levantine Deep Water (Pinardi et al., 2023). Such

vertical mixing can reach depths greater than 1000 m (Malanotte-Rizzoli et al., 2003).

Similarly, large buoyancy losses in winter induced the deep water formation observed

in the Aegean Sea and the Adriatic Sea in the Eastern Mediterranean Sea (Lascaratos

et al., 1999; Ozer et al., 2020; Potiris et al., 2024).

Additionally, heat and freshwater fluxes can drive overturning circulation in verti-

cal and zonal or meridional planes, creating clockwise circulations in the upper water

column and counterclockwise circulations in deep and abyssal regions (Pinardi et al.,

2019, 2023). The freshwater loss (negative P-E) in the Mediterranean basin is bal-

anced by the inflow of Atlantic Water through the Strait of Gibraltar. This exchange

drives zonal overturning circulation, in which a high-salinity tongue of the Levantine

Intermediate Water flows from the eastern end of the Mediterranean Sea to the Strait

of Gibraltar along a longitudinal section. Above this tongue is a low-salinity tongue of

the Atlantic Water that flows through the Strait of Gibraltar into the Mediterranean

Sea. In the deep to abyssal zones, the zonal overturning circulation is influenced by the

transport of eddies or permanent gyres. On the other hand, the formation processes of

deep and intermediate water masses induce intense vertical circulation and drive the

meridional overturning circulation in these areas, including the Gulf of Lion, Adriatic

Sea, Aegean Sea, and the Rhodes Gyre area.

2.3 Relevance for SAR analysis

The previous section provided an overview of circulation and its various aspects, includ-

ing surface circulation, vertical distribution of water masses, vertical mixing, formation

of biological surface films, mesoscale activities, internal waves, and atmospheric factors.

Several of these oceanographic and atmospheric phenomena can create dark formations

in SAR images that may be mistaken for oil slicks. These signatures can be caused

by vertical mixing, biogenic surface films, eddies, internal waves, wind, rain cells, and

other factors. Therefore, it is essential to understand the local environmental condi-
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tions for accurate interpretation of the oil slicks. The following chapter explains how

different phenomena manifest as signatures in SAR images will be explained and is

supported by examples collected from the study area.
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3 SAR Signatures

For ocean applications, sea surface roughness, which responds to wind stress, is gener-

ally regarded as a key factor. Wind stress can also induce wind-driven surface currents

and drive turbulent mixing at the air–sea interface (Robinson & Fangohr, 2010). Over-

all, hydrodynamic modulation, surface film modulation, and ABL instability are the

dominant mechanisms that modulate the surface roughness and generate SAR signa-

tures (Robinson, 2004). Among them, hydrodynamic modulation by either surface

currents or local wind stress is the most common cause. However, most SAR ocean

signatures can result from one or more of these mechanisms. Therefore, understanding

how different oceanic phenomena manifest signatures in SAR imagery is essential. In

this chapter, a dataset with different SAR signatures is first introduced in Section 3.1.

Such dataset provides a good starting point to understand the different SAR signa-

tures and how they relate to oceanic phenomena. Explanations on the formation of

different oceanic phenomena and their SAR signatures, supported by examples and

supplementary materials, are provided in Section 3.2.

3.1 Dataset of oil slicks, look-alikes, and remarkable SAR

signatures

At the beginning of this study, Sentinel-1 SAR products from 2015 to 2019 covering

the Southeastern Mediterranean Sea were collected. Oil slicks in the SAR images were

labeled as oil objects and used for training object detection algorithms. However, only

image patches with oil objects are not enough for distinguishing different ocean SAR

signatures. Therefore, image patches with look-alikes or other remarkable phenomena

were also collected. To ensure that different sources of these SAR signatures are equally

represented in the dataset, the K-Means unsupervised clustering algorithm was applied

to sort them into different subgroups, and each subgroup has a similar number of image

patches that contributed to the final dataset.

It takes a lot of time and effort to obtain such a dataset, which hinders many research

works on applying deep learning-based methods for oil spill detection. In addition, most

studies have collected their own datasets, so the results cannot be compared with other

literature. Therefore, image patches from 2019 have been submitted to PANGAEA, a
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data publisher for Earth and environmental science. The dataset helps researchers who

are looking for an oil slick dataset to apply their object detection model by providing a

common starting point. In addition, the dataset is linked to a data description paper

that provides a performance evaluation of an object detector on the dataset, allowing

researchers to compare their work with other studies (see Section 3.2). The dataset

includes two subsets, an oil set of 1365 image patches with a total of 3225 oil slick

objects inside and a no-oil set of 2290 image patches without any oil slicks inside. The

citation to the dataset is given as follows:

Yang, Y.-J. & Singha, S. (2025). Oil Slicks, Look-Alikes and Other Remarkable SAR

Signatures in Sentinel-1 Imagery in the Eastern Mediterranean Sea in 2019 [dataset].

PANGAEA. doi: 10.1594/PANGAEA.980773

The dataset is currently under review by the data publisher, PANGAEA. The following

states the contributions made by the candidate to this dataset:

The candidate manually inspected the oil slicks in the dataset together with the co-

author. Then, the candidate created an additional collection of image patches without

oil slicks. Additionally, she used the K-means clustering method to sort the image

patches into subgroups, providing a clearer picture of the types of phenomena that

confuse object detection algorithms. She prepared all the necessary information for

the dataset submission. The general information about the dataset is listed as follows:

Title: Oil Slicks, Look-Alikes and Other Remarkable SAR Signatures in

Sentinel-1 Imagery in the Eastern Mediterranean Sea in 2019

Authors: Yi-Jie Yang and Suman Singha

Keywords: Eastern Mediterranean Sea; look-alikes; oil slick; Sentinel-1; SAR

Publisher: PANGAEA

URL: https://doi.org/10.1594/PANGAEA.980773

Location: Eastern Mediterranean Sea

Data Coverage

West-bound: 27.1212703° E East-bound: 36.0881997° E

North-bound: 36.3715771° N South-bound: 29.2991798° N

https://doi.org/10.1594/PANGAEA.980773
https://doi.org/10.1594/PANGAEA.980773
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3.2 Explanations of ocean SAR signatures

As mentioned at the beginning of this chapter, there are several mechanisms that

produce notable signatures in SAR imagery. The sources of these signatures can be

grouped:

• oil slicks,

• wind,

• internal waves in the ocean and atmosphere,

• areas of mixing and vertical advection in the ocean,

• meso- and submesoscale eddies,

• biogenic surface films,

• rain cells,

• others, such as ship wakes and radio frequency interference (RFI).

Each of these mechanisms directly or indirectly modulates the surface roughness and

therefore manifests SAR signatures. The previous section presented a dataset that can

serve as a collection of examples of these signatures. Therefore, a data description pa-

per uses the dataset to give an overview of different SAR signatures. It describes each

phenomenon in terms of its origin, then explains how it can be seen in SAR images,

and finally gives an example related to the phenomenon. The paper aims to provide

a comprehensive explanation to better understand the mechanisms of these SAR sig-

natures for readers from various backgrounds, such as remote sensing, oceanography,

and machine learning. In addition, the paper provides a performance evaluation of an

object detector on the dataset, allowing users of the dataset to compare their results

with a previous work. The citation to the data description paper is given as follows:

Yang, Y.-J., Singha, S., Goldman, R., & Schütte, F. (2025). Dataset of Oil Slicks,

Look-Alikes and Remarkable SAR Signatures Obtained from Sentinel-1 Data in the

Eastern Mediterranean Sea. Earth System Science Data. doi: 10.5194/essd-17-6807-

2025

The manuscript is published. The following states the contributions made by the

candidate to this data description paper:

https://doi.org/10.5194/essd-17-6807-2025
https://doi.org/10.5194/essd-17-6807-2025
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The candidate selected examples of different phenomena, explained the mechanisms

and their SAR signatures, and drafted the entire manuscript. However, the manuscript

would not have been possible without the contribution of the co-authors with their

comments on the manuscript and their knowledge of SAR and oceanography.
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Abstract. Publicly available datasets for oil spill detection are scarce, making it difficult to compare the perfor-

mance of different detection algorithms. To address this, this paper introduces a comprehensive labeled dataset

of oil slicks, look-alikes, and other remarkable oceanic phenomena, derived from Sentinel-1 Synthetic Aperture

Radar (SAR) products in the Eastern Mediterranean Sea in 2019. The dataset contains 3225 oil objects across

1365 image patches, along with an additional 2290 image patches featuring look-alikes or other phenomena.

Data are available at https://doi.org/10.1594/PANGAEA.980773 (Yang and Singha, 2025).

This dataset enables researchers to evaluate their oil spill detection models and compare performance with

other studies. To facilitate this, the performance of an oil spill detector from a previous study on the dataset is

provided as a baseline. In addition, to help the researchers better understand what phenomena their object detec-

tor might be confusing with oil slicks, the image patches without oil objects were sorted into several subgroups.

On the other hand, for researchers looking to apply object detection models to oil slick detection but lacking a

starting dataset, this dataset can serve as a valuable training resource. Beyond dataset presentation, this paper

also explains the formation of different oceanic phenomena and their SAR signatures, supported by examples

and supplementary materials. These insights help researchers from various backgrounds, such as remote sensing,

oceanography, and machine learning, better understand the sources of SAR signatures.

1 Introduction

Spaceborne Synthetic Aperture Radar (SAR) has been

widely applied to marine oil pollution detection. While air-

borne systems play an important role in emergency response

due to their flexibility in time of deployment and choice of

sensors, with the advantage of wide coverage and the ability

to observe at night and through clouds, spaceborne SAR can

be used to monitor oil spills on a regular basis and provide

early warning (Brown and Fingas, 2005; Brekke and Solberg,

2005). Oil slicks typically appear as dark formations in SAR

imagery, but other phenomena can also manifest dark forma-

tions that look similar and are difficult to distinguish. Dis-

tinguishing oil slicks from these look-alikes has long been a

challenge.

With the increasing computational capacity and the grow-

ing number of accessible SAR scenes since the launch of

Sentinel-1 in 2014, many recent studies have used deep

learning-based methods to detect oil spills and distinguish

them from look-alikes. However, due to the lack of publicly

available oil spill datasets, most studies had to collect their

own oil spill dataset for model training. Some studies col-

Published by Copernicus Publications.
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lected images of major accidents, such as the DeepWater

Horizon incident, the Hebei Spirit oil tanker collision, and

accidents reported in the local news, and cropped the ac-

quired SAR images into multiple image patches (Chen and

Wang, 2022; Hasimoto-Beltran et al., 2023; Mahmoud et al.,

2023). These studies employed a limited number of SAR

scenes, with less than 36 images, which means that the train-

ing dataset may not reflect the differences in radar backscat-

ter between different acquisitions well. Other studies relied

on either manual inspection by the authors (Topouzelis and

Psyllos, 2012; Amri et al., 2022; Chen et al., 2023) or lo-

cal collaboration with other institutions or services (Konik

and Bradtke, 2016; Cantorna et al., 2019; Zeng and Wang,

2020). These studies focused on the development of new oil

spill detection models, but the use of different datasets made

it difficult to compare the performance of different studies.

Recognizing the challenges posed by the absence of a

comprehensive dataset, Krestenitis et al. (2019) published

an oil spill detection dataset. It contains approximately 1000

Sentinel-1 SAR images with their corresponding ground

truth masks, indicating five classes: oil spill, look-alikes,

land, ship, and sea areas. The oil spills were reported by

the European Maritime Safety Agency (EMSA) through the

CleanSeaNet service. However, it is not openly available,

the proposal is required to obtain the dataset. On the other

hand, a recent work has contributed its training dataset to

Zenodo, an open repository for datasets (Trujillo-Acatitla

et al., 2024). The dataset includes oil spills reported by the

National Oceanic and Atmospheric Administration (NOAA)

and EMSA CleanSeaNet. There are 2850 image patches, half

with oil spills inside, half without oil spills but with back-

ground or look-alikes inside. These two datasets offer pixel-

wise classification of the images. However, in low-wind con-

ditions or in areas where there are frequent look-alikes, there

may be large areas of dark formations. For this reason, pre-

vious studies have proposed a two-step approach with coarse

detection of oil slicks over a large area and refinement of

the results to a pixel-wise level (Nieto-Hidalgo et al., 2018;

Yang et al., 2024). This approach can theoretically increase

efficiency, as the final detection is only performed if there

are detections in the first step, and may therefore be helpful

for a near real-time (NRT) monitoring system. Therefore, the

dataset presented in this paper provides an object-based an-

notation of the oil spills, which aims to support research that

follows the idea of this approach.

There are many different sources of look-alikes, such

as low-wind areas, internal waves, upwelling, and biogenic

films, that modify the ocean surface and introduce signatures

in SAR imagery. It is important to understand which types of

look-alikes the model cannot distinguish well, but this infor-

mation is not available in previous datasets. Therefore, the

published dataset includes image patches of oil slicks and

other prominent marine signatures, stored in oil set and no-oil

set, respectively. For the image patches in no-oil set, the K-

means unsupervised clustering algorithm was used to further

sort the patches into several subgroups to help users better

understand the performance of their algorithms on different

sources of look-alikes. Note that K-means categorizes each

image as a whole under a specific cluster. In other words, un-

like oil slicks in the oil set, which were labeled as objects, no

annotation is attached to image patches in the no-oil set.

In addition, previous datasets used the reports from the ex-

isting service, but in many areas such services are not avail-

able. There is a lack of clear guidance on how to distinguish

between different phenomena and what data can be used to

support them. This paper gives examples of different phe-

nomena and explains how SAR signatures are manifested

and how they can be interpreted with the help of other sup-

plementary materials.

This published dataset focuses on the Eastern Mediter-

ranean Sea, which is one of the marine oil pollution hotspots

due to its heavy maritime traffic (Carpenter and Kostianoy,

2016). There are 1365 image patches with 3225 oil objects

in oil set and 2990 image patches in no-oil set. Section 2 pro-

vides an overview of the dataset, including the spatial dis-

tribution of the data, the preprocessing steps applied to the

SAR scenes, the procedures used to collect the dataset, and

the sources of supplementary material used to understand the

dark formations. Section 3 describes in detail how the oil

slicks were annotated and the concept of the K-means clus-

tering algorithm used to classify the image patches.

The dataset and this paper can be used for different pur-

poses. For researchers wishing to start in an area where there

are no existing services for the recording of oil spills (i.e. no

ground truth oil spills available), Sect. 4 can be used as a

reference as it explains how oil slicks and different oceanic

or atmospheric conditions contribute to SAR signatures. For

studies that already have their own object detector for oil

slicks, this dataset can be used as a separate dataset to test

their model performance. Section 5.1 provides an evaluation

of the performance of an object detector used in an NRT au-

tomated oil spill detection system developed in Yang et al.

(2024). In addition, the clustered no-oil set can provide an

indication of how to improve the model. Furthermore, the

dataset can be used as a training dataset by researchers who

are just starting to apply object detection algorithms to oil

spill detection applications. Although the dataset only cov-

ers oil spills in the Eastern Mediterranean Sea, a previous

study showed that with such a locally focused oil object

detector, only a small additional dataset is needed to ex-

tend the use of the detector to another region (Yang and

Schnupfhagn, 2025). Additional technical information in the

Sect. 5.2 should be read before using the dataset. Section 7

summarizes how this data descriptor and dataset can be used

and add value to the community.
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2 Materials

This section contains information about the dataset and has

the following structure: Sect. 2.1 lists general information

about the SAR products and explains the corrections applied

to them. Section 2.2 gives an overview of the dataset and ex-

plains the procedures for preparing this dataset. Section 2.3

shows a collection of different supplementary data that could

help inspect dark formations. Note that all the time stamps

shown in this paper and the dataset are in UTC. The map

boundaries in figures were derived from Wessel and Smith

(1996).

2.1 Sentinel-1 Data

Sentinel-1 SAR Level-1 Ground Range Detected (GRD)

products were obtained from the Copernicus Open Access

Hub, which provided data through the end of October 2023.

The Copernicus Data Space Ecosystem operates as an im-

proved and updated version of it and provides Earth observa-

tion data and services, including tools, graphical interfaces,

and Application Programming Interfaces (APIs).

The dataset covers Sentinel-1A and Sentinel-1B prod-

ucts, which share the same orbit plane with a 180° or-

bital phasing difference; the repeat cycle was six days. Note

that Sentinel-1B stopped delivering data since 23 December

2021. Sentinel-1 products from 2019 covering the Eastern

Mediterranean Sea were acquired and preprocessed. The ac-

quisitions from ascending and descending orbits in the area

were taken at around 15:30–16:05 and 03:30–04:05 UTC, re-

spectively. Those scenes are in Interferometric Wide Swath

(IW) acquisition mode with a swath width of 250 km, and the

incidence angle ranges between 29.1 and 46.0°. In this area,

dual-polarization VV-VH products were provided. The data

in cross-polarization mode (i.e., VH or HV) generally exhibit

lower backscattering and, therefore, are influenced more by

background and instrument noise compared to those in co-

polarization mode (i.e., VV or HH) (Woodhouse, 2006). For

this reason, only VV-polarized products were collected in the

dataset.

A series of corrections, border noise removal, thermal

noise removal, and calibration were applied to the SAR prod-

ucts. The continuous products were assembled and multi-

looked with a factor of 2. The final backscattering coef-

ficient, σ 0, is given in decibels (dB). These preprocessing

steps were done with the help of the Sentinel Application

Platform (SNAP) Graph Processing Framework (GPF) (Eu-

ropean Space Agency, 2020). Note that the data were pre-

processed with SNAP version 8, and certain circular patterns

were produced at regions with relatively low backscattering

in a few images; Fig. 1 shows such an example from 27 Au-

gust 2019. Therefore, some image patches collected in the

dataset also contain such artifacts (see Fig. 2). As they should

not be the bottleneck of the detection algorithm, these image

patches are kept in the dataset.

Figure 1. Preprocessed data with certain artifact produced after ap-

plying thermal noise removal in SNAP version 8. Note that the fig-

ure is a zoom-in of the entire preprocessed scene. The figure con-

tains modified Copernicus Sentinel data (2019).

Afterwards, the preprocessed data were normalized to 0–

255, for training the object detector. The normalized image,

IN , was calculated by the sigmoid function:

IN =
255

1 + e

−(I − β)

α

, (1)

where I is the original image value. In this study, β and α

equal to the median and three times the standard deviation

(3 · σ ), respectively, of the original image values in the cor-

responding preprocessed data. There is no specific function

that should be applied for image normalization. The parame-

ters used to generate the dataset were determined by the au-

thors through trial and error, as they provide good contrast

between oil slicks and their surroundings according to human

eyes. The object detectors shown in Sect. 5.1 were trained us-

ing image patches for which a different image normalization

method, provided by the Geospatial Data Abstraction Library

(GDAL), was applied. Therefore, different image normaliza-

tion methods may not be the key factor in the poor perfor-

mance of the object detection algorithms. A previous study

rescaled the image with maximum value equals to mean plus

three times the standard deviation (Karathanassi et al., 2006).

2.2 Dataset

The published dataset utilized the annotation of oil objects

in the framework of our previous study (Yang et al., 2024),

where all preprocessed Sentinel-1 data covering the South-

eastern Mediterranean Sea in 2019 were inspected jointly

by two human interpreters. Only the dark formations agreed

upon by both interpreters as oil slicks were given labels. Im-

age patches including these labeled oil objects were gener-
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Figure 2. Image patches in the dataset with artifact as shown in Fig. 1. The tags for these image patches (from left to right) for referring

to their information in the provided data table are nw-0603-03-000100, nw-0609-03-000106, nw-0547-03-000044, and nw-0553-03-000050

(see also Sect. 2.2 and Appendix A). The figure contains modified Copernicus Sentinel data (2019).

ated and stored in the oil set. However, without ground truth

oil spills available, the labeled oil objects might not only be-

long to oil spills but also to other possible chemical spills.

A successful oil spill detection system should be able to dis-

tinguish oil slicks from look-alikes; therefore, it is essential

to take into account the image patches without oil slicks in

them. In addition to the oil set, the published dataset also in-

cludes a no-oil set, which provides image patches without oil

slicks but with look-alikes or other remarkable SAR signa-

tures present.

Sources of pollution and other phenomena could differ

between coastal and offshore areas. Hence, depending on

whether the image patch covers land areas or not, image

patches in the oil and no-oil sets are further split into coast

and water subsets. The structure of the different subsets can

be understood as follows:

oil/

coast/

water/

no_oil/

coast/

water/

To efficiently collect image patches for the no-oil set, an

object detector, custom-trained with oil objects but lacking

images with look-alikes, was employed to target dark for-

mations in the collected SAR scenes. These detections were

compared to the locations of the inspected oil slicks, and

those that have no intersection with the oil objects were re-

garded as look-alikes and stored in the no-oil set.

To include look-alikes from different sources equally,

these image patches were categorized by the K-means un-

supervised clustering algorithm (see Sect. 3.2 for algorithm

explanations). The water and coast subsets were first sepa-

rated with the help of a land mask, and then they were clus-

tered into 12 and 5 subgroups, respectively. Afterwards, 2100

and 500 image patches were randomly chosen from the two

subsets, respectively. As offshore regions are of more inter-

est, more image patches from the water subset were kept in

the dataset. Each cluster contains a similar number of se-

lected image patches compared to the other cluster from the

Figure 3. Numbers of image patches in different clusters by K-

mean algorithm. The vertical red lines indicate the number of image

patches randomly selected from the subsets. These image patches

were then manually inspected, and the number of image patches

in the final published dataset from each subgroup is presented in

Table 1.

same subset. Figure 3 shows the numbers of image patches in

each cluster; the red vertical lines show the number of image

patches being randomly picked. It should be noted that one

image patch might have dark formations from more than one

source due to the complex manifestation of oceanographic

phenomena on SAR imagery. Each subgroup should not be

regarded as look-alikes from one specific source; the users

should only consider the categories as a reference to help
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Figure 4. Heatmap of the image patches in the (a) oil and (b) no-oil sets. The base map was obtained from Stevens (2020), and the coastlines

and borders were obtained from Wessel and Smith (1996).

comprehend what kinds of SAR signatures are likely to be

misinterpreted by their algorithms.

Section 4 provides explanations for SAR signatures from

different ocean phenomena. The dataset includes image

patches in JPG format, and the corresponding annotations are

in Pascal VOC XML format (Everingham et al., 2010). Fig-

ure 4 shows the heatmap of image patches in the oil and no-

oil sets. The oil spill inspection area is defined from 34.7° N

to the south and 36° E to the east until the coastline and

marked as a blue boundary in the figure. However, all the

Sentinel-1 SAR products from 2019 covering the area in lon-

gitude from 30 to 36° E and in latitude from 31 to 34.7° N

were automatically examined while collecting image patches

for the no-oil set. As the oil inspection area is smaller than

the distribution extent of the image patches in the no-oil

set, these image patches were manually inspected, and the

ones with oil slicks or unknown and unsure dark formations

were removed from the dataset to avoid confusion. Table 1

gives the final statistics of the published dataset. Information

about image patches in the dataset is recorded in a data table

in Excel format; different subsets are recorded in separate

sheets. Appendix A provides an extracted data table record-

ing the information of image patches displayed in this article.

For users who would like to preprocess SAR products them-

selves, Sentinel-1 product IDs and the corner coordinates of

the image patches are provided. The data table includes the

following fields relating to image patches:

– patch name,

– Sentinel-1 product start and stop date time,

– Sentinel-1 product ID,

– dimension of the image patch in pixels,

– corner coordinates of the image patch in longitude and

latitude (WGS84).

The patch name follows the naming convention:

MM_YYYYMMDD_HHMMSS_HHMMSS_PP_i

where MM refers to satellite mission, in this dataset, all the

data are from Sentinel-1 mission, S1; YYYYMMDD shows the

date of the product and HHMMSS shows the start and stop

time of the product; PP indicates the polarization mode (e.g.,

VV); i is a series of numbers assigned when generated the

image patches.

In the preprocessing step, continuous SAR products were

assembled. Therefore, image patches might be located at the

overlapping areas of the two products; in this case, both

Sentinel-1 product IDs would be listed in the data table. The

dimension of the image patch is default to 640 × 640 px,

which is the same as the model input size for our object

detector; but to keep the original shapes of some large oil

slicks, there are a few image patches that have dimensions

greater than the default. In this case, the object detector

would rescale these image patches, but oil slicks should still

be detectable.

The tie points grids in Sentinel-1 products provide the ge-

olocation information in WGS84 geocentric coordinate sys-

tem. To calculate the geolocation of the four corner points,

upper left (ul), upper right (ur), bottom right (br), and bot-

tom left (bl), of each image patch, its surrounding tie points

were loaded, and the corner coordinates were estimated by

the least squares fitting. The same procedure was used to ob-

tain the object coordinates in oil set. For the oil set, additional

fields for oil objects are provided:
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Table 1. Statistics of the oil set and no-oil set.

Dataset oil set no-oil set

Subset water coast water coast

Number of

image patches
990 375

00 172 00 76

01 171 01 84

02 160 02 75

03 162 03 44

04 81 04 72

05 166

06 166

07 171

08 175

09 168

10 174

11 173

1939 351

Number of oil

objects
2284 941

n/a n/a

n/a – not applicable

– corner coordinates of the oil objects in longitude and

latitude (WGS84),

– image coordinates of the oil objects referred to their cor-

responding image patch,

– the size (in pixels) of the bounding box annotating the

oil object.

The data tables for oil set are sorted by objects; that is, if

there are four oil objects in one image patch, there will be

four separate rows for the four oil objects, and they should

have the exactly same image patch information, such as patch

name, Sentinel-1 product ID, and geolocation of the image

patch. On the other hand, as there is no object in the no-oil

set, each row refers to the information of its corresponding

image patch. On top of all the fields explained earlier, each

row in the table is referred to a unique tag with one image tag

and an additional object tag or cluster tag.

The image tag is a two-letter subset tag followed by four-

digit image serial number. The first letter of the subset tag is

either o or n, referring to oil set and no-oil set, respectively;

the second letter, w or c, stands for the subset water or coast.

The image serial number is a sequence of numbers starting

from 0001 for each subset, ordered by patch names.

In the oil set, each object gets an object tag with a two-

digit object index and a six-digit object serial number. The

object index numbers the objects in each image patch, count-

ing from 01; the object serial number is a sequence of objects

for all the objects in one subset, counting from 000001. As

an example, ow-0795-01-001867 is a tag with an image tag

ow-0795 and an object tag 01-001867, meaning that the ob-

ject is the first object in the 795th image patch and the 1867th

object in the ow subset.

To follow the same tag format, a cluster tag with two-digit

cluster index and a six-digit cluster patch serial number is as-

signed to each image patch in the no-oil set. The cluster index

refers to the class assigned by K-means clustering methods,

with 12 and 5 classes for nw and nc subsets, respectively; the

index counts from 00. The cluster patch serial number is a

sequence of image patches for all the image patches in one

class, counting from 000001. Take nc-0308-04-000029 as an

example, the image tag nc-0308 shows that this is the 308th

image patch in the nc subset and the cluster tag tells that this

is the 29th image patch in the 04 class.

The patch name was assigned when the image patch was

generated; it contains information about the date and time

of the acquisition. Since the data publisher prefers a dataset

without folders, the tags are used as filenames and the fold-

ers have been removed. However, users are encouraged to

rename the filenames to the patch names if they prefer. How-

ever, it should be noted that image patches from the oil and

no-oil sets were generated separately, so in some rare cases

the image patches may have the same names. Therefore, it is

recommended to create a folder structure as explained at the

beginning of this subsection.

2.3 Supplementary Data

Dark formations in SAR imagery can be caused by oil spills

or look-alikes. Deliberate oil spills are mainly associated

with human activities, such as offshore oil operations and

oil transport. Some existing services, such as the Global Oil

and Gas Extraction Tracker (GOGEC) and the European Ma-

rine Observation and Data Network (EMODnet), provide lo-

cations of oil, gas and offshore installations. These services

can help to identify areas with a high potential for platform

spillage. On the other hand, look-alikes can be related to a

variety of oceanic, atmospheric, and geological factors that

modulate the roughness of the sea surface. Supplementary

materials may be used to help in cross-comparison to better

comprehend the sources of dark formations. Table 2 directs

the reader to various services that the authors found valuable

in explaining SAR signatures or that are used in the examples

shown in Sect. 2.1.

Ocean information such as wind speed, waves, sea sur-

face temperature (SST), and chlorophyll a (chl a) concen-

tration can be obtained from satellite, model, and in-situ

data. The Ocean Virtual Laboratory (OVL) portal, funded

by the European Space Agency (ESA), provides a quick and

broad overview of ocean monitoring through its visualiza-

tion tool. Additional information such as SAR roughness and

bathymetry is also available. The other service, the Coperni-

cus Marine Data Store (MDS) from the E.U. Copernicus Ma-

rine Service Information (CMEMS; acronym derived from

its former name, Copernicus Marine Environment Monitor-

ing Service), is an ocean data catalog with products at global
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Table 2. Platforms for supplementary data.

Platform url Reference

Ocean Virtual Laboratory (OVL) portal https://ovl.oceandatalab.com/ (last ac-

cess: 21 June 2024)

Copernicus Marine Data Store (MDS) https://data.marine.copernicus.eu/ (last

access: 21 June 2024)

– Mediterranean Sea – High Resolution and Ultra High

Resolution L3S Sea Surface Temperature

https://doi.org/10.48670/moi-00171 CMEMS and MDS (2024a)

– Mediterranean Sea, Bio-Geo-Chemical, L3, daily Satel-

lite Observations (1997–ongoing)

https://doi.org/10.48670/moi-00299 CMEMS and MDS (2024b)

– Global Ocean Hourly Sea Surface Wind and Stress from

Scatterometer and Model

https://doi.org/10.48670/moi-00305 CMEMS and MDS (2024c)

Copernicus Climate Data Store (CDS) https://cds.climate.copernicus.eu/ (last

access: 21 June 2024)

Israel Meteorological Service https://ims.gov.il/en (last access: 31

July 2024)

Ministry of Transport and

Road Safety, Israel (2024)

General Bathymetric Chart of the Oceans https://www.gebco.net/ (last access: 21

June 2024)

GEBCO Bathymetric Compi-

lation Group (2023)

and regional scales. Similar to the OVL portal, MDS provides

MyOcean Viewer, which allows users to add different prod-

ucts to the map viewer. Moreover, the dataset can be easily

retrieved with commands using the Copernicus Marine Tool-

box.

Another Copernicus service, the Climate Data Store

(CDS), provides climate data such as global precipitation

data; this service is implemented by the European Centre

for Medium-Range Weather Forecasts (ECMWF). However,

the rainfall data used in this article were obtained from the

coastal weather stations obtained from the Israel Meteorolog-

ical Service, provided by the Ministry of Transport and Road

Safety, Israel. The service provides daily rainfall and rainfall

automated recorded every 10 min. Note that these systems

tend to underestimate the rainfall in major events according

to the information provided by the service.

The General Bathymetric Chart of the Oceans (GEBCO)

has released several global bathymetric and topography grids

with a spatial resolution of 15 arcsec since 2003. This model

is especially useful for providing context to SAR data in ar-

eas with varying bathymetry, which can affect the interpreta-

tion of ocean surface roughness in satellite imagery.

Section 4 explains different SAR signatures and provides

examples of explanations on different dark formations with

the help of the supplementary data. A summary list for those

examples along with the supplementary data is provided in

Sect. 4.9 (see Table 3). Note that not all the data in the dataset

were confirmed with the supplementary data but with the ex-

perience of the human inspectors and their understanding of

the study area.

3 Methods

3.1 Manual Inspection

As stated in Sect. 2.2, the annotations were initially done

in the framework of our previous study (Yang et al., 2024)

with the help of an open source image annotation tool, Labe-

lImg (Tzutalin, 2015). Those image patches were geolocated,

as in this case, referring to other supplementary materials and

understanding the location of the spills is easier. However,

the image patches and the oil objects in the published dataset

were provided in the range and azimuth direction of the cor-

responding SAR products.

Continuous oil spillage from one source can be like mul-

tiple oil slicks after the physical processes. Therefore, defi-

nitions of those oil objects might be tricky; one can interpret

them as one oil object or several oil objects. In addition, the

extent of an oil slick might not be easy to define; for exam-

ple, the evaporation of oil could make it look like it is fading

away in SAR scenes. It shall be noted that different defini-

tions of the extent of one oil object can play a vital role in

model performance calculations. For example, if there is one

oil object in the dataset, but the object detector considers it

to be two nearby objects, they may be considered false posi-

tives if they do not pass the threshold used to define true posi-

tives (see Sect. 5.1 for performance evaluation). Figure 5 pro-

vides some image patches inside the published dataset with

oil object labels to illustrate how the authors annotated the oil

slicks. The tags of these image patches are provided as cap-

tions, and the explanations for tags are shown in Sect. 2.2;

readers can find an extracted data table in Appendix A.
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3.2 K -means Clustering

K-means (Lloyd, 1982; MacQueen, 1967) is an unsupervised

algorithm to partition a set of observations into a specific

number, k, of clusters. The concept is to obtain k clusters

by satisfying that the sum of the distance between each ob-

servation and the mean vector (centroid) of its corresponding

cluster is minimum; the Euclidean distance is a common way

of calculating such distance. To achieve this idea, the algo-

rithm first randomly partitions observations into k sets and

calculates their centroids. Based on these centroids, each ob-

servation is assigned to its nearest cluster. Afterwards, the

algorithm iteratively updates the centroid and assign obser-

vations of each cluster to a new cluster until convergence is

achieved.

In image clustering, each image is represented as a fea-

ture vector in the vector space that contains the features

of the image, such as texture and shape. To extract fea-

tures of the image patches in the no-oil set, the InceptionV3

model (Szegedy et al., 2015) pre-trained with a large visual

database, ImageNet (Deng et al., 2009), was used. K-means

clustering was then applied to categorize the image patches

with the help of the Scikit-learn K-means module. Figure 6

shows examples of image patches from each cluster (see Ap-

pendix A for the patch information).

The purpose of using the K-means clustering method is to

provide a no-oil set in which the signatures of different phe-

nomena appear more balanced. In other words, the clustering

method categorized the dataset, and then the same number

of image patches from each class were randomly selected.

However, for better understanding the performance of the ob-

ject detector on different kinds of SAR signatures, it would

be ideal if all image patches within each class have similar

sources of phenomena that could be explained by humans.

Therefore, human interpretation was considered when select-

ing the number of classes, which was adjusted by reviewing

image patches in different classes.

Sea states in coastal areas are often complicated by fac-

tors such as bathymetry and interaction with land. However,

open water typically experiences larger-scale dynamics that

can manifest a variety of different SAR signatures. There-

fore, the offshore subset is expected to have a greater variety

of sources of SAR signatures. Thus, the K-means clustering

method was given 12 and 5 classes for the nw and nc subsets,

respectively.

4 SAR Signatures

The radar transmits microwave pulses and some of them are

reflected back to the radar, the normalized power of the re-

ceived signals over the actual ground area is known as radar

backscatter, σ 0. The radar backscatter depends on radar sys-

tem characteristics (e.g., polarization, wavelength, and radar

geometry) and the properties of the target (e.g., shape, dielec-

tric constant, and roughness) (Woodhouse, 2006).

For ocean applications, sea surface roughness is gener-

ally regarded as a key factor; variations in surface roughness

are closely related to wind speed and direction (Robinson,

2004; Woodhouse, 2006). Winds form friction between air

and water and cause small capillary waves in millimeter-to-

centimeter scales. These wind-induced capillary waves are

usually regular over a large area and act as resonant Bragg

scatterers, which can interfere constructively if the Bragg

condition is satisfied as defined:

2d · sinθ = nλ, (2)

where d is the spacing of the scatterers, θ is the incidence an-

gle, λ is the radar wavelength, and n is an integer. The spac-

ing of the scatters can be regarded as ocean wavelength. The

incidence angle of Sentinel-1 IW mode ranges between 29.1

and 46.0°; therefore, according to the equation, the resonant

ocean wavelength is at a similar scale as radar wavelength.

In addition, the waves should travel along the range direction

(either parallel or anti-parallel) to obtain the strongest reso-

nance. This constructive interference is also known as reso-

nant Bragg scattering or the coherence scattering mechanism.

On the other hand, if the condition is not fulfilled, destructive

interference occurs, and the scattered power is reduced.

The ocean surface contains small-scale capillary waves,

gravity waves in meter scales, swell, and large-scale currents;

therefore, the ocean surface is considered a complicated sum-

mation of a wave spectrum of different wavelengths. How-

ever, the radar returns come from these short capillary waves,

which have wavelengths similar to the radar wavelengths,

rather than the longer waves; hence the Bragg mechanism

is often used to interpret radar backscatter at the ocean sur-

face (Robinson, 2004).

The following subsections illustrate and explain SAR sig-

natures due to oil slicks, different oceanic or atmospheric

phenomena, or human-related activities. Some supporting

materials listed in Table 2 are used to comprehend the phe-

nomena and to better interpret the SAR signatures. If users

need more detailed information about the supporting data,

they should check the descriptions in Sect. 2.3 or refer to the

websites in Table 2. Note that these examples are not pro-

vided in the published dataset. The published dataset only

includes image patches from 2019; however, the examples

are not limited to the time interval. The selections are mainly

based on the accessibility of the supplementary materials

and are to avoid SAR signatures due to multiple phenom-

ena, which make it challenging to interpret. These exam-

ples are not cropped into image patches as most phenom-

ena influence an area larger than the size of an image patch.

In addition, instead of displaying them in SAR geometry in

range and azimuth, they were projected to the World Geode-

tic System 1984 (WGS84), making it easier to compare them

with different supplementary data. All the example scenes

are listed at the end of this section (Sect. 4.9), so that users

can download SAR scenes themselves from the Copernicus

Data Space Ecosystem.
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Figure 5. Image patches from the published dataset along with the labels of the oil objects marked with white bounding boxes. Their

corresponding image tags (explained in Sect. 2.2) are also provided, the readers can find their further information recorded in the data table

(see Appendix A). The figure contains modified Copernicus Sentinel data (2019).

4.1 Oil slicks

The presence of oil slicks decreases the surface tension of

the water and lowers wind friction; therefore, short gravity

and capillary waves are dampened, which reduces the radar

backscatter and results in dark formation in SAR imagery.

Spaceborne SAR sensors can observe a large area on a regu-

lar basis; however, to investigate the quantity, type, and thick-

ness of the oil, it usually requires multiple sensors, such as

infrared, ultraviolet, microwave radiometer, and laser fluo-

rosensors (Ferraro et al., 2009; Fingas and Brown, 2017).

This dataset was inspected without data from other sensors

available; therefore, the distinction between oil spills and

other possible chemical spills is not clearly defined.

Figure 7 shows SAR scenes covering an oil slick in two

separate acquisitions taken at 15:49 on 3 November 2022

and at 03:52 on 4 November 2022. Separate charts show

the profiles of radar backscatter sampled along the red lines,

the shadowed areas mark the approximate locations of oil-

induced dark formations. Wind speeds at 16:00 on 3 Novem-

ber 2022 and 04:00 on 4 November 2022 were acquired from

CMEMS and MDS (2024c); the corresponding average wind

speeds of the shown area were 3.92 and 4.09 m s−1, both

blowing in the southeastward direction.

The first acquisition shows an oil slick with apparent dif-

ferences in backscattering compared to its surrounding areas.

Though the wind conditions seemed similar, the two acqui-

sitions had different heading and look angles; therefore, the

wind-induced signatures differed and resulted in lower over-

all backscattering in the second acquisition. This example il-

lustrates the dynamicity of an oil spill over time in SAR data

and how oil properties, ambient wind speed and direction rel-

ative to the SAR azimuth make oil slicks appear differently

in SAR data.

Reports or records are usually not provided for smaller de-

liberate oil discharges, meaning that there is no ground truth;

thus, inspecting oil slicks should carefully consider the pos-

sibilities of dark formations from other phenomena. The fol-

lowing subsections introduce those look-alikes and provide

supplementary materials to better understand the signatures.

4.2 Wind

As explained at the beginning of this section, wind is closely

related to the sea surface roughness, which is a key ele-

ment for SAR signatures. Under low winds, the sea surface

is smooth and calm, and the backscattering will be close to

the SAR noise floor; therefore, the modulation of backscat-
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Figure 6. Image patches from different clusters in the no-oil set. Their corresponding tags (explained in Sect. 2.2) are also provided, the

readers can find their further information recorded in the data table (see Appendix A). The figure contains modified Copernicus Sentinel data

(2019).

tering from oil slicks can not be revealed. On the other hand,

if the sea surface is too rough under high winds, oil slicks are

also not possible to be indicated. Previous studies suggested

optimal wind speed ranges between 2–3 and 7–12 m s−1 for

oil slick detection using SAR (Gade et al., 2000; Robinson,

2004; Brekke and Solberg, 2005). As the visibility of oil

slicks depends on not only SAR sensors but also the age and

type of the oil, the upper and lower limits differ in different

studies; this range should be considered a hint. Oil slicks can

still be observed outside this range in some circumstances.

Some atmospheric phenomena can influence ocean surface

roughness and result in certain SAR signatures; examples of

these phenomena are the atmospheric front, phenomena re-

lated to geographic features, unstable atmospheric boundary

layer (ABL), and atmospheric gravity waves (AGWs, also

known as atmospheric internal waves) (Robinson, 2004).

Since AGWs form similar patterns as oceanic internal waves

(OIWs), they are both explained in Sect. 4.3.

Sudden changes in wind speed and direction can create an

atmospheric front that separates two air masses and is shown

as a boundary between weaker and stronger radar backscat-

ter. Similar signatures of the fronts can also be seen where

winds blow from land to sea through coastal terrain. The

land usually cools down during the night, but the tempera-

ture over the adjacent sea may remain, in which case the air

pressure over the land would be higher than that over the

sea, resulting in the wind blowing offshore. This cooler and

denser air from the land rolls out to the sea and pushes the

warm air over the sea upwards, creating a cold land breeze

front (Robinson, 2004). Land breeze fronts usually create

near-shore bands of modulated surface roughness parallel to

the coast, as shown in Fig. 8. Similarly, during the night, the

cool air mass from the mountains could flow down the val-
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Figure 7. Examples of an oil slick appearing in SAR acquisitions at different time (a) 3 November 2022 15:49 (b) 4 November 2022 03:52,

showing its changes overtime. The profiles illustrate the radar backscatter along the red line, and the shadowed area highlights approximately

where the oil-induced dark formation is located. The figure contains modified Copernicus Sentinel data (2022).

ley driven by the density flow; this is known as the katabatic

wind. If the mountains are located in coastal areas, the winds

would blow toward the sea and spread out in a fan shape, as

shown in Fig. 9a. Figure 9b indicates the topography with

mountains and valleys close to the shore in Lebanon; the ter-

rain and bathymetry model is obtained from GEBCO Bathy-

metric Compilation Group (2023). These katabatic wind-

induced signatures tend to reoccur at roughly the same places

since they are related to the topography (Robinson, 2004).

Note that the bright pixels are especially distinct at the bot-

tom part of Fig. 9a was due to radio frequency interference

(RFI), which will be explained in Sect. 4.8.

Figures 8 and 9a were both taken at about 03:44 UTC,

which should be 06:44 local time (UTC+3, considering day-

light saving time); shortly after sunrise at about 06:03 and

06:29 local time, respectively. Land breeze and katabatic

winds usually occur during the night, when the land has

cooled down a lot, and before the air warms up during the

day. Based on our experience inspecting SAR images in this

area, the katabitic wind fronts are commonly observed in

SAR images in the descending orbit (taken at around 03:45

UTC) covering the coastal areas of Lebanon and Israel. In

addition, wind shelters and wind shadows can also appear as

low radar backscatter along the coast or off an island.

Dynamics in the ABL driven by surface wind can increase

surface roughness and lead to phenomena seen in SAR im-

agery. When the air is heated by a warmer sea surface, it

expands and becomes less dense than the air above it. The

resulting ABL instability drives convective cells in which

warm and humid air rises in updrafts and is replaced by de-

scending cooler air. The downflow of the cold air induces a

radial outflow; coupled with the wind flow, they lead to the

fluctuations of surface roughness and form cellular patterns

in SAR images (Robinson, 2004); such patterns can be ob-

served in Figs. 8 and 9a.

Thermodynamic instability in ABL, mainly determined by

temperature and humidity, can lead to wind streaks form-

ing streak-like patterns in SAR (Zhou et al., 2025). These

wind streaks enable the estimation of wind direction by us-

ing SAR (Lehner et al., 1998). Similar streak patterns may

also result from the intersection of wind-driven surface cur-

rents and Stoke’s drift of surface waves. This intersection can

lead to Langmuir circulation, producing helical roll vortices

that are approximately parallel to the wind direction (Lang-

muir, 1938; Etling and Brown, 1993). These helical rolls ap-

pear alternatively as the right and left helices, resulting in

upward and downward flows between the rolls, which lead

to higher and lower surface roughness and are shown as

dark and bright streaks in SAR (Langmuir, 1938; Robinson,

2004). Figure 10 shows an example of such streak patterns

alongside the wind speed and direction.
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Figure 8. An example of land breeze fronts in the SAR scenes taken

at 03:44 on 2 August 2023 near Egypt, plotted with the simulated

wind speed at 04:00 obtain from CMEMS and MDS (2024c). The

figure contains modified Copernicus Sentinel data (2023). The plot-

ted coastline was obtained from Wessel and Smith (1996).

4.3 Internal Waves in the Ocean and Atmosphere

Internal waves can occur in any stratified medium, such as

fluids with varying density. In the ocean and atmosphere, two

restoring forces act on internal waves: gravity and the Corio-

lis force. Thus, perturbations of the vertical density gradient

will generate internal waves with frequencies between the

Brunt-Väisälä frequency and the Coriolis parameter.

The primary drivers of internal waves in the ocean are

tides, closely followed by the wind. The particle motion of

the oceanic internal waves (OIWs) produces surface conver-

gence and divergence that modulate the short gravity and

capillary waves, resulting in amplification and attenuation of

these waves, respectively. As a result, the alternating con-

vergence and divergence zones on the sea surface lead to

patterns of bright and dark strips in SAR imagery (Alpers

et al., 2008; Robinson, 2010; Alpers and Huang, 2011). Sim-

ilar to the ocean, disturbances in atmospheric stratification

also generate internal waves, often referred to as atmospheric

gravity waves (AGWs).

When for example external forces push the air upward, the

air gets cooler, and the water vapor saturation point is likely

to be reached, which leads to the formation of clouds. On

the other hand, when the air gets warmer, water evaporates,

resulting in a clear sky. Therefore, when the moisture content

of the air is sufficient and the amplitude of the AGW is large

enough, cloud streets and clear skies are expected to appear

over the crests and troughs of the AGW, respectively. The

variations of wind stress at the sea surface disturb the small

surface roughness and result in dark and bright strips in SAR

scenes, similar to OIW (Alpers and Huang, 2011).

Internal waves play a crucial role in energy transport

within the ocean and atmosphere. The interactions of internal

waves with itself, topography and other ocean or atmosphere

dynamics are highly complex and not yet fully understood.

Through the SAR images and the identification and cluster-

ing of possible OIW and AGW signatures by the algorithm,

there is now a high number of images available, providing

a better spatial and temporal resolution of the internal wave

field and allowing for a deeper understanding of these pro-

cesses. However, it can be challenging to distinguish between

OIWs and AGWs in general and within the presented dataset.

Nevertheless, the shape and structure of the wave patterns

provide hints for their differentiation (Alpers and Huang,

2011), as summarized in the following. In general, OIWs

are observed in low-wind areas since otherwise their SAR

signatures are too weak to be detected, especially in condi-

tions with wind speeds greater than 10 m s−1; contrastingly,

AGWs can be observed at all wind speeds. In addition, OIWs

mostly appear near an upwelling area or at locations where

rough topography, shallow underwater ridges, sea mounts, or

steep shelves are present. On the other hand, AGWs usually

appear in areas where wind interacts with mountain ranges,

different air masses collide, strong wind shear occurs, or con-

vective activities are associated with cold fronts (e.g., thun-

derstorms).

A previous study presented OIWs propagating from the

edge of the continental shelf and supported their explana-

tion with temperature, salinity, and density profiles from a

CTD probe (Liu et al., 1998). Figure 11 shows the SAR

scenes taken at 15:41 on 28 March 2024 at the coast of

Lebanon, plotted with the contour of bathymetry and ter-

rain model obtained from GEBCO Bathymetric Compilation

Group (2023). The bathymetry profile along the red line is

shown in a separate chart. Dark and bright strips can be seen

east of the continental slope (between points B and A). The

strips appear to be parallel to the both the coastline and the

continental slope. Therefore, the stripes me be due to oceanic

internal waves generated in the interaction between currents

and the slope, or due atmosperic internal waves generated as

lee waves from the mountain topography. Without additional

data, such as vertical profiles of ocean and atmosphere, it is

difficult to determine the sources of internal waves in this

example.

Figure 12 shows the SAR scenes taken at 03:52 on 27 May

2023 and a separate profile of radar backscattering along the

red line. On top of the SAR scene, the hourly sea surface

wind at 04:00 on 24 May 2023 obtained from the scatterom-

eter and model (CMEMS and MDS, 2024c) is plotted; the

wind speed in this area was around 2.87 to 10.18 m s−1, and
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Figure 9. (a) An example of katabatic wind-induced signatures in the SAR scenes taken at 03:43 on 24 September 2022 near Lebanon,

plotted with the simulated wind speed at 04:00 obtain from CMEMS and MDS (2024c). The figure contains modified Copernicus Sentinel

data (2022); the coastline and borders were obtained from Wessel and Smith (1996). (b) Bathymetry and terrain models obtained from

GEBCO Bathymetric Compilation Group (2023).

Figure 10. An example of streak patterns in the SAR scene taken

at 03:52 on 27 January 2023 near Egypt, plotted with the simulated

wind speed at 04:00 obtain from CMEMS and MDS (2024c). The

figure contains modified Copernicus Sentinel data (2023).

the average wind speed was 7.97 m s−1. The higher the wind

speed, the less likely it is to be OIWs; therefore, the strip

patterns are more likely to come from AGWs. Based on the

consecutive scenes taken before (i.e., northern to) the shown

scene, the wave patterns cover large ocean areas, which are

commonly observed in SAR scenes with AGWs (Li, 2004).

In addition, streaks from AGWs are usually approximately

perpendicular to the direction of the wind (Robinson, 2004;

Li, 2004) and are expected to show up as narrow dark bands

followed by broad bright bands alternatively (Alpers and

Huang, 2011).

4.4 Areas of mixing and vertical advection in the ocean

In the ocean, there are a variety of processes that can lead to

mixing or vertical advection, especially near shallow topog-

raphy or the coast. In the deeper layers of the ocean, more

nutrients and colder water can be found compared to the

upper layers. This means that mixing or vertical advection

typically results in a colder sea surface and a vertical nutri-

ent flux, which in turn promotes chlorophyll growth. Mixing

can be caused, for example, by the mentioned OIWs, which,

like surface waves, can break, leading to mixing. Vertical ad-

vection typically occurs due to strong, steady winds, which

create a force on the surface layer of the sea, causing it to

move in the wind direction. The Coriolis force then deflects

this motion to the right in the northern hemisphere (left in

the southern hemisphere), a process called Ekman transport.

This results in a 90° shift in the surface layer’s movement.

This divergence of Ekman transport brings cooler, nutrient-

rich water from deeper layers to the surface, known as up-
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Figure 11. An example of internal waves in the SAR scene taken at

15:40 on 28 March 2024 near Lebanon, plotted with the contour of

bathymetry obtain from GEBCO Bathymetric Compilation Group

(2023). A separate chart illustrates the bathymetry profile along

points A and C, sampled every 50 m. The figure contains modified

Copernicus Sentinel data (2024).

welling, often seen along coastlines where winds blow paral-

lel to the shore (Robinson, 2010; Knauss and Garfield, 2016).

Previous studies have shown areas of enhanced mix-

ing and/or vertical advection in SAR imagery with various

causes, such as coastal parallel winds or mixing within cy-

clonic eddies (Clemente-Colon and Yan, 1999; Alpers and

Zeng, 2021). In upwelling regions, low backscatter in SAR

imagery can be observed due to increased stability of the

ABL (due to reduced wind stress from the lower SST), in-

creased surface water viscosity (which enhances the damp-

ening effect), and the presence of biogenic surface films (see

Sect. 4.6) (Clemente-Colon and Yan, 1999). In addition to

these mechanisms, the surface divergence and convergence

may also play a role (Liu et al., 2016). Previous studies pro-

vided a comprehensive explanation of the areas of enhanced

mixing or vertical advection in the Mediterranean Sea, for

Figure 12. An example of AGWs in the SAR scene taken at 03:51

on 27 May 2023 near Egypt, plotted with the sea surface wind ve-

locity obtain from MDS (CMEMS and MDS, 2024c). A separate

chart shows the profile of radar backscatter along the red line, sam-

pled every 250 m. The figure contains modified Copernicus Sentinel

data (2023). The coastline was obtained from Wessel and Smith

(1996).

example Bakun and Agostini (2001). In the region of our

dataset, the following areas (mostly wind-induced upwelling

zones), can be found near the coast: The coastal divergent

zone on the south side of Cyprus tends to induce upwelling,

especially in summer. On the other hand, the north side

of Egypt is dominated by coastal convergence with down-

welling, where surface water is brought downward with the

flow throughout the year but is most intense in winter. Along

the eastern boundary of the Mediterranean Sea, the coasts of

Syria, Lebanon, and Israel, the wind generally blows east-

ward toward the coast. However, the slight right turnings of

the wind induce some areas of upwelling.

Figure 13a shows SAR scenes covering Cyprus at 03:51

on 12 May 2019 and illustrates a possible coastal upwelling

area at the southern coast of Cyprus. As suggested in Alpers

and Zeng (2021), SST and chl a data can be used to help

indicate upwelling areas; Fig. 13b and c present the corre-
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sponding data at 00:00 on 12 May 2019 obtained from the

SST MDS (CMEMS and MDS, 2024a; Buongiorno Nardelli

et al., 2013) and chl a MDS (CMEMS and MDS, 2024b;

Berthon and Zibordi, 2004; Volpe et al., 2019). In most areas,

the patterns of both data were similar to each other. How-

ever, the southwestern coast of Cyprus had a lower chl a

concentration than the southeastern coast, though the south-

western and southeastern coasts had similar SST. On the

other hand, SAR scenes showed low radar backscatter at both

the southwestern and southeastern coasts. Wind speeds were

about 2–3 m s−3 in the coastal areas according to the hourly

sea surface wind velocity from scatterometer and model at

04:00 on 12 May 2019 obtained from MDS (CMEMS and

MDS, 2024c). Therefore, the low radar backscatter could re-

sult from low wind speeds coupled with surface divergence

due to upwelling. Additionally, SAR scenes indicate possible

surface films that have accumulated as linear features to the

west of the dashed red line in the figure. This aligns well with

the patterns of SST and chl a concentration.

4.5 Meso- and Submesoscale Eddies

Mesoscale eddies (the prefix “meso” means “intermediate”)

describe features with radii of about 10 to 200 km and a life-

time of a few days to one year or even longer (Chelton et al.,

2007). Submesoscale is defined as slightly smaller than the

mesoscale, with horizontal scales of 100 m to 10 km (or less

than the first baroclinic mode Rossby radius of deformation

(Rd)), vertical scales smaller than the depth of the main py-

cnocline and a life- time of one day (McWilliams and Mole-

maker, 2011; Lévy et al., 2012).

Despite a long history in studies of eddy activity, various

aspects regarding processes and impacts of meso- and sub-

mesoscale eddies still remain unclear. One difficulty in the

past and still today is the acquisition of a sufficient database

to study these short-lived and small-scale phenomena, espe-

cially in the submesoscale regime. Satellite radar altimeter

observes sea surface height (SSH); the difference between

SSH and mean sea surface is known as sea surface height

anomaly (SSHA), indicating the small displacement of sea

surface elevation due to mesoscale eddies. For example, in

anticyclonic eddies, the core is less dense (warm core) and

has a high SSHA. On the contrary, in cyclonic eddies, the

SSHA is lower and the density in the core is higher than in

the surrounding area. Chlorophyll, suspended particulates, or

other optically reflective materials in the water can reveal the

motion in the visible channels (Robinson, 2010). In practice,

an altimeter is commonly used for monitoring mesoscale ed-

dies (Alpers et al., 2013), whereas submesoscale eddies are

observed with infrared and optical sensors or SAR (Alpers

et al., 2014). As the sea surface roughness could be mod-

ulated by eddies, SAR can also manifest signatures of ed-

dies on an even smaller scale. Eddies can result in areas of

surface convergence and divergence, which under moderate

wind conditions appear as bright and dark lines in SAR im-

Figure 13. An example of possible coastal upwelling in southern

coast of Cyprus observed by (a) SAR at 03:51 on 12 May 2019 and

the supporting materials, (b) SST and (c) chl a, simulated at 00:00

on 12 May 2019 (CMEMS and MDS, 2024a, b). The linear fea-

tures to the left of the red dashed line in SAR indicates the possible

surface films accumulations, which aligns well with the patterns of

SST and chl a. The figure contains modified Copernicus Sentinel

data (2019). The plotted coastline and borders were obtained from

Wessel and Smith (1996).
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ages (Robinson, 2010). In addition, surface films tend to ac-

cumulate along the current shear in eddies. These films can

dampen capillary waves and, in this way, enhance SAR sig-

natures of the spiraling shear lines. They are sometimes re-

garded as “black” eddies in literature; on the other hand,

“white” eddies refer to bright curved lines from eddies in-

teracting with waves and current along the shear line at high

wind speeds ranged between 7 and 12 m s−1 (Karimova and

Gade, 2013).

Pegliasco et al. (2021) provided mesoscale eddy detec-

tion and tracking methods in the Mediterranean Sea based

on products from radar altimeter data from 2000 to 2015 and

gave an overview of eddy occurrence in the Mediterranean

Sea; the Levantine basin is dominated by anticyclone ed-

dies (warm core rings), which last longer than six months.

In the southeastern Levantine basin, SAR observations in-

dicated that the recurrent Cyprus and Shikmona eddies, lo-

cated south of Cyprus at around 34° N and west and east

of 33.5° E, respectively, are dominant (Zodiatis et al., 2005;

Gertman et al., 2007; Menna et al., 2012). However, the area

is quite complex with cyclonic and anticyclonic eddies in-

teracting with the alongshore cyclonic current and with each

other (Gertman et al., 2007; Menna et al., 2012). Figure 14

illustrates such an example of mesoscale eddies forming spi-

ral lines; the SAR scene was taken at 03:52 on 29 September

2022.

4.6 Biogenic Surface Film

There are two types of biogenic surface films that can reduce

radar backscatter. Surface active organic molecules with hy-

drophobic and hydrophilic parts can form a molecular mono-

layer at the sea surface. The surface waves compress and di-

late the molecular monolayer, leading to surface tension and

surface potential gradients and thus generating the longitudi-

nal Marangoni waves. The interaction of these waves and the

transverse gravity capillary waves can result in Marangoni

damping and reduce the radar backscattering (Hühnerfuss,

2006; Alpers et al., 2017). These surfactants usually origi-

nate from the wastewater or remnants of organisms in the

water. Another type of biofilm consists of a much thicker

layer with a high concentration of viscous floating materi-

als such as phytoplankton, e.g., Sargassum and cyanobacte-

ria (Qi et al., 2022). The accumulation of these floating mate-

rials decreases the surface tension of the water and dampens

the gravity and capillary waves; this effect is similar to the

effect of oil discussed in Sect. 4.1.

Marine phytoplankton are ubiquitous in the sunlit layer

of the oceans as they obtain energy through photosynthesis.

Satellite-based studies have shown that the Mediterranean

Sea generally has low chl a concentration (a useful proxy

for phytoplankton biomass), with concentrations often less

than 0.2 mg m−3 with the exception of some blooming areas

in the late winter and early spring (Siokou-Frangou et al.,

2010). The overall chl a concentration from satellite and in

situ data shows a decline in the trends of west-to-east and

north-to-south over the Mediterranean Sea (Siokou-Frangou

et al., 2010). Even in blooming seasons, the chl a concen-

tration was rarely greater than 0.5 mg m−3 in the Eastern

Mediterranean Sea (Siokou-Frangou et al., 2010), and sim-

ilar concentrations have been reported from time-series in

the Northwestern Mediterranean sea (von Jackowski et al.,

2024).

Under a light wind condition, the convergent surface cur-

rents accumulate surface films (e.g. algae) along the current

shear in fronts and eddies (Gade et al., 2013); these films can

dampen the short gravity capillary waves and reduce SAR

backscatter. On the other hand, the divergent surface currents

make the films less concentrated and the dampening effect

is less pronounced (Robinson, 2004). The chl a concentra-

tion at the corresponding time and location of Fig. 14 had a

maximum of 0.059 mg m−3 and an average of 0.010 mg m−3

(CMEMS and MDS, 2024b), which suggests that the spi-

ral patterns of eddies in Fig. 14 were not due to accumula-

tions of surface films. It is possible that the patterns were

enhanced by a molecular monolayer, but this can not be con-

firmed without in situ water samples.

4.7 Rain cell

The rain-induced SAR signatures are contributed by a com-

bination of surface scattering, volume scattering and atten-

uation of radar pulse. Modulations of the sea surface rough-

ness can come from several causes related to the rainfall. The

impinging rain drops can either dampen or roughen the sea

surface, leading to strong or weak backscattering. In addi-

tion, splash products from rain drops can cause scattering.

Rain cells usually produce downward airflows (i.e., down-

draft), which roughen the sea surface (Alpers et al., 2016).

However, splash products from rain drops cause scattering

and behind where the rain cell dropped on the sea surface

in the direction of wind, the wave is damped (Atlas, 1994).

Figure 15 shows such an example of rain cell associated

with downdraft, which roughened the sea surface and was

shown as bright elliptical area. On top of that, hydrometeors

also play important roles in the SAR signatures as they can

cause volume scattering and attenuation of the radar pulse,

which strengthen and weaken the radar backscattering, re-

spectively (Danklmayer et al., 2009; Alpers et al., 2016).

At C-band, radar signatures for rain are complicated as the

decrease or increase of the radar backscatter relative to the

background is related to rain rate, wind speed, incidence an-

gle, and time evolution of the rain event (Alpers et al., 2016).

For low to moderate high rain rate (smaller than 50 mm h−1),

the attenuation is negligible; for heavier rain, the attenuation

can be greater than 1 dB (Lin et al., 2001).

Figure 16a shows a SAR scene covering the Israeli coast

taken at 03:42 on 24 January 2018. The bright patches, lo-

cated 5.5 to 15 km away from the coast and quasi-parallel to

it, indicate possible rain-induced signatures. To get an idea
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Figure 14. An example of mesoscale eddies observed by SAR at 03:52 on 29 September 2022. The right figure shows the zoomed-in area

marked in blue in the left figure. The figure contains modified Copernicus Sentinel data (2022). The base map of the left figure was obtained

from Stevens (2020), and the coastline and borders were obtained from Wessel and Smith (1996).

Figure 15. An example of a rain cell with downdraft patterns ob-

served by SAR at 03:43 on 18 October 2022. The figure contains

modified Copernicus Sentinel data (2022).

of the weather conditions in this region, daily and 10 min

rainfall measurements from the four coastal rain stations

were obtained from the Israel Meteorological Service (Min-

istry of Transport and Road Safety, Israel, 2024). The lo-

cations of these stations are plotted in Fig. 16a, and their

daily rainfall measurements on 24 January (one day in Is-

rael time, UTC+2) are written in brackets. Though the auto-

mated 10 min rainfall data tend to underestimate the rainfall

in major events, they provide an overview of rainfall distri-

bution for the day; Fig. 16a illustrates the 10 min rainfall data

from 00:00 to 07:00 on 24 January (UTC). The Hadera Port,

Tel Aviv coast, and Ashdod Port stations all reported some

rainfall between 02:30 and 05:30. As the rain stations are not

directly at the location of rain cells observed from SAR, rain-

fall at the coasts could be delayed or earlier than rainfall at

the water.

4.8 Others

This section has explained oil slick and a variety of ocean and

atmospheric phenomena as origins of SAR signatures. How-

ever, wakes and radio frequency interference (RFI), which

are related to human activities, also cause remarkable SAR

signatures. The following illustrates examples of those sig-

natures, and related literature is provided to help users better

understand them.

Moving vessels left tracks in the water as wakes; their

structures can be categorized as surface waves (narrow-V

wakes and Kelvin wake), turbulent wakes or vortices, and

internal waves (Lyden et al., 1988). Although ships can be

observed as bright patches in SAR image, ship wake patterns

can provide further information such as size, direction, and

speed (Rey et al., 1990); therefore, several previous studies

focused on detection of ship wakes in SAR images (Lyden

et al., 1988; Rey et al., 1990; Shemdin, 1990; Copeland et al.,

1995; Graziano et al., 2017; Tings et al., 2023). Figure 17

shows a SAR scene taken at 03:52 on 18 October 2023 near

the Port Said off the Egyptian coast. The bright pixels aligned
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Figure 16. An example of rain cells observed by SAR at 03:42 on 24 January 2018, along with (a) daily and (b) 10 min rainfall data obtained

from the Israel Meteorological Service (Ministry of Transport and Road Safety, Israel, 2024). Panel (a) contains modified Copernicus Sentinel

data (2018). The coastline and borders were obtained from Wessel and Smith (1996).

in the south and north directions in the middle of the fig-

ure show vessels, along with dark linear features attached to

them, which were likely due to wakes. Previous studies also

pointed out that wakes from offshore wind turbines could

form similar dark formations in SAR images (Christiansen

and Hasager, 2005; Li and Lehner, 2013; Ahsbahs et al.,

2020); however, they were not commonly seen in this study

area.

As SAR is active radar, other radio services (such as

communication systems, television networks, surveillance

radars for air traffic control, military facilities, meteorolog-

ical radars, and other spaceborne SAR sensors) with their

transmitters on the same or adjacent frequency band to SAR

could result in RFI, which usually appear as bright linear

signatures in SAR (see Fig. 18). Several previous studies

discussed the influence of those RFI on different frequency

bands and proposed removal methods (Miller et al., 1997;

Rosen et al., 2008; Meyer et al., 2013; Natsuaki et al., 2017;

Monti-Guarnieri et al., 2017; Franceschi et al., 2021). Thanks

to researchers working on the detecting and identifying RFI

in Sentinel-1 data, the operational RFI detection and mit-

igation was activated in the SAR processor on 23 March

2022 (Franceschi et al., 2022; Hajduch et al., 2022). In other

words, since then, Sentinel-1 Level-1 data has been pro-

duced under consideration of RFI mitigation. However, read-

ers should keep the effect of RFI in mind as they might still

find some data with certain RFI not being mitigated; such

examples are shown in Fig. 19.

4.9 Example List

This subsection lists all Sentinel-1 SAR scenes used in the

examples provided in this section. Some of the signatures

covered a larger area than how they are shown in the paper;

however, if readers wish to see the original SAR scenes, the

information provided in Table 3 should be enough for ob-

taining them from the Copernicus Data Space Ecosystem. In

addition, the corresponding supplementary materials used in

the explanations are also listed; however, users should not

limit themselves to the selection of supplementary data.

5 Usage Notes

5.1 Performance Evaluation

To make it possible for users who wish to compare their

model performance with other studies, the performance of a

custom-trained object detector from a previous study (Yang

et al., 2024) was evaluated and is shown in this subsection.

The performance on image patches with and without oil ob-

jects (i.e. oil set and no-oil set) are evaluated separately. In

the following, the annotations from this published dataset are

regarded as ground truth and abbreviated to gt. However, it

shall be noted that even though the authors who prepared the

dataset tried to avoid human errors, these annotations might

still include false annotations. Note that this data descriptor

is not intended to have a comprehensive discussion on the

performance; therefore, this subsection only shows the mea-
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Table 3. List of Copernicus Sentinel-1 scenes used as examples provided in Sect. 4, along with their corresponding supplementary data.

Fig. Signature Start Date & Time Abs. Mission Product Supplementary Data

(YYYY-MM-DD hh:mm:ss) orbit ID ID

7a Oil slick 2022-11-03 15:49:28 045732 057835 D069

7b Oil slick 2022-11-04 03:52:42 045739 057870 6C96

8 Wind 2023-08-02 03:44:34

03:44:59

049691 05F9AE 7321

D5EB

– Sea surface wind velocity (CMEMS

and MDS, 2024c)

9a Wind 2022-09-24 03:43:41 045141 056512 74D8 – Sea surface wind velocity (CMEMS

and MDS, 2024c)

03:44:06 F1AB – Bathymetry and terrain chart

(GEBCO Bathymetric Compila-

tion Group, 2023)

10 Wind 2023-01-27 03:52:39 046964 05A1FB 3A5D – Sea surface wind velocity (CMEMS

and MDS, 2024c)

11 Internal waves 2024-03-28 15:41:26

15:41:51

053184 0671A3 05B8

B6E5

– Bathymetry and terrain chart

(GEBCO Bathymetric Compila-

tion Group, 2023)

12 AGWs 2023-05-27 03:52:16

03:52:41

048714 05D8D7 EF08

2FEB

– Sea surface wind velocity (CMEMS

and MDS, 2024c)

13 Upwelling 2019-05-12 03:51:18 027189 0310AB EEF7 – SST (CMEMS and MDS, 2024a)

03:51:43 00AD – chl a concentration (CMEMS and

MDS, 2024b)

– Sea surface wind velocity (CMEMS

and MDS, 2024c)

14 Eddies 2022-09-29 03:52:17 045214 056776 5889

03:52:42 04BC

15 Rain cell 2022-10-18 03:43:42 045491 057070 3FB9

03:44:07 DC74

16 Rain cell 2018-01-24 03:43:41 020291 022A5B C066 – Rainfall observation from

03:44:06 A779 Ministry of Transport and Road

Safety, Israel (2024)

17 Wakes 2023-10-18 03:52:47 050814 061FD2 6D11

18 RFI 2018-10-21 03:43:02 013245 0187C4 ABBF

19 RFI 2023-09-24 03:52:47 050464 0613CC CF0D

sures, but readers can refer to Yang et al. (2024) for interpre-

tation of the results.

For performance evaluation of object detection algorithms,

intersection over union (IoU) is commonly used to indicate

how accurate the detection (or known as prediction, which

is a common term used in the object detection field) is com-

pared to the ground truth and is defined as (Everingham et al.,

2010):

IoU =
area(Bdetn ∩ Bgt)

area(Bdetn ∪ Bgt)
, (3)

where Bdetn ∩ Bgt and Bdetn ∪ Bgt refer to the intersection

and union of the bounding boxes of the detection (Bdetn) and

the ground truth (Bgt), respectively.

Based on IoU, the detections can be categorized as true

positives (TP) or false positives (FP). TP shows the detec-

tions intersecting with the ground truth and with their IoU

greater than a given threshold. On the other hand, FP shows

the detections with no intersection with the ground truth, or

their IoU values are smaller than the threshold. If we change

the perspective and focus on ground truths, TP and false neg-

atives (FN) are used, showing the ground truths with and

without corresponding detections, respectively. The defini-

tion of one oil object might differ between ground truths and
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Figure 17. An example of ship wakes observed in a SAR scene

taken at 03:52 on 18 October 2023 near the Port Said. The figure

contains modified Copernicus Sentinel data (2023).

Figure 18. An example of RFI observed in a SAR scene taken at

03:43 on 21 October 2018, along with some rain cell signatures.

The figure contains modified Copernicus Sentinel data (2018). The

plotted coastline and borders were obtained from Wessel and Smith

(1996).

detections for some complicated cases, resulting in more than

one detection referring to one ground truth. Therefore, the

numbers of TP for detections and ground truths might dif-

fer; in the following, they are referred to as TPdetn and TPgt,

respectively. To easily focus on the negative results of the

models, the false discovery rate (FDR) and false negative rate

Figure 19. An example of RFI observed in a SAR scene taken at

03:52 on 24 September 2023; the RFI was not detected and miti-

gated by the SAR processor. The figure contains modified Coperni-

cus Sentinel data (2023). The plotted coastline were obtained from

Wessel and Smith (1996).

(FNR) are provided, they are defined as follows:

FDR =
FP

TPdetn + FP
,

FNR =
FN

TPgt + FN
. (4)

Table 4 shows the performance of the two object detec-

tors applied to a near real-time automated oil spill detec-

tion and early warning system as YODA-enh and YODA-

enh-aug1, which were claimed to perform well in a previ-

ous study (Yang et al., 2024). Thresholds for filtering out the

objects which have low confidence scores and IoU were ap-

plied. Note that due to different image patches used in the

performance evaluation and a slightly different way of calcu-

lation, these numbers differ from those shown in the paper.

Regarding the performance on the no-oil set, as there are

no objects inside, the measures for object detection algo-

rithms are not appropriate. Here, image patches are sim-

ply marked as two categories, one with no detections inside

and another with one or more detections inside. The former

shows that the detector performs well and is not confused by

the look-alikes. The latter indicates that the detector can be

confused with specific signatures inside the image patches.

Figure 20 shows the results of the two models on the no-oil

set with different confidence score thresholds.

5.2 Technical Notes

There are some additional technical notes for the users:

– The annotation of the objects follows the Pascal VOC

XML format; users who have their labels in different

annotation format, should carefully convert the labels

into the format they used.
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Table 4. Performance evaluation of the models from a previous study (Yang et al., 2024) on the oil set.

Model Subset # img # gt # detn # TP # FP # FN FDR [%] FNR [%]

(gt) (detn)

YODA-enh (a) ow 990 2284 1029 1154 1023 6 1249 0.58 51.98

oc 392 941 344 353 296 48 623 13.95 63.83

(b) ow 990 2284 468 515 468 0 1782 0.00 77.58

oc 392 941 137 148 130 7 798 5.11 84.36

(c) ow 990 2284 468 426 425 43 1858 9.19 81.35

oc 392 941 137 125 125 12 816 8.76 86.72

YODA-enh-aug1 (a) ow 990 2284 787 1487 787 0 877 0.00 37.10

oc 392 941 147 296 146 1 655 0.68 68.87

(b) ow 990 2284 318 520 318 0 1765 0.00 77.24

oc 392 941 55 101 55 0 842 0.00 89.29

(c) ow 990 2284 318 42 42 276 2242 86.79 98.16

oc 392 941 55 18 18 37 923 67.27 98.09

(a) thresscore = 0.0, thresIoU = 0.0; (b) thresscore = 0.5, thresIoU = 0.0; (c) thresscore = 0.5, thresIoU = 0.5

Figure 20. Numbers of image patches in the no-oil set that the models return detections (in red) and without any detection (in blue).
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– The published dataset has only one class (i.e. oil) ob-

jects; if users have different definitions of classes in

their work, they would have to make sure the perfor-

mance evaluation is still valid.

– For training an object detector, the authors would sug-

gest using a dataset without masking out the land area as

some coastal information might be helpful for the detec-

tors to learn as background information. If users wish to

apply land masks to the published dataset, they can gen-

erate the corresponding mask out scenes by loading the

geoinformation provided along with the dataset. A pro-

gram for land masking is also provided in the GitHub

repository associated with this paper.

– For an operational oil slick detection system, land

masks should be considered as they can help improve

the efficiency of the system and avoid false positives in

the land areas. Global land masks can be obtained from

sources such as Wessel and Smith (1996) and Karin

(2020).

– For studies focusing on different study areas, the

sources of oil slicks and geographic settings might be

different from the dataset and, therefore, result in poor

performance. However, it could help understand how

one local model performs in a different area and lead

to further discussion.

– Even though the authors aim to provide a published

dataset as a test set for comparing models with differ-

ent studies, users can also use the dataset to (further)

train their algorithms.

– Users are encouraged to check the dataset themselves

and adjust the labels when they do not fit the “style” of

annotations from the users.

6 Code and data availability

The dataset with oil slicks, look-alikes, and other

remarkable phenomena covering the Eastern Mediter-

ranean Sea in 2019 can be accessed through PANGAEA

via https://doi.org/10.1594/PANGAEA.980773 (Yang and

Singha, 2025). The image patches are normalized to 0–

255 and saved in an 8-bit JPG format. The oil annota-

tions are in Pascal VOC XML format. A data table record-

ing the Sentinel-1 ID of all the image patches inside the

dataset is also provided; therefore, the original Sentinel-

1 products can be downloaded via the Copernicus Data

Space Ecosystem. The code related to working with the

dataset, including the evaluation of performance, is available

on a public github repository published with Zenodo under

https://doi.org/10.5281/zenodo.17789853 (Yang, 2025).

7 Summary

This data descriptor presents a dataset containing oil slicks,

look-alikes, and other notable ocean phenomena, collected

for the purpose of SAR image analysis. It provides explana-

tions and examples of various ocean SAR signatures, sup-

ported by supplementary materials, to help users better un-

derstand the sources of these signatures.

The descriptor also includes a performance evaluation of a

model from a previous study (Yang et al., 2024), which was

tested on this dataset. This allows users who have trained

their own oil spill detectors to compare their model per-

formance with other studies. Additionally, the dataset is a

valuable resource for newcomers to the oil slick detection

community, providing a ready-made dataset for starting their

work.

Recent research in SAR oil spill detection has increasingly

focused on machine learning techniques. Given the diverse

backgrounds of researchers in this field – ranging from re-

mote sensing and machine learning to oceanography – this

data descriptor aims to bridge the knowledge gap for those

less familiar with oceanographic concepts. Readers are en-

couraged to consult specialized textbooks on SAR signal pro-

cessing (Woodhouse, 2006), physical oceanography (Knauss

and Garfield, 2016), and SAR oceanography (Robinson,

1983, 2004, 2010) for more comprehensive explanations.

Appendix A: Data Table

Section 2.2 provides explanations on how the dataset is or-

ganized and how their information is stored in the data ta-

ble. To explain better and provide information about the im-

age patches shown in this article, the data information of

those image patches is extracted and displayed in the fol-

lowing tables; the original data table can be found in the

published dataset. Tables A1 and A3 show the patch names,

patch dimensions, and corner coordinates of the patches in

the WGS84 geocentric coordinate system. Tables A2 and A4

are continuous from Tables A1 and A3, respectively, show-

ing the product start and stop date time and the product ID.

Table A5 contains the object information, including corner

coordinates of the objects in the WGS84 geocentric coordi-

nate system, object positions referring to the corresponding

image patches along the range and azimuth direction, and

the bounding box size in pixels. Tables A1 and A3 record

the information of image patches from no-oil set, which are

mentioned in Figs. 2 and 6. On the other hand, Tables A3,

A4, and A5 indicate the information of image patches from

oil set, which are mentioned in Fig. 5.
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4 Development of an Automated Oil Slick Detection

System

The automated oil spill detection system proposed in this thesis first targets the oil

slicks with an object detection algorithm and then applies a segmentation method to

obtain the exact locations covered by oil. To verify whether this procedure is feasible,

the annotated oil slicks from 2015 to 2018 were used to custom train an object detector,

and the corresponding result is shown in Section 4.1. Then, the custom-trained object

detector was used to build the automated oil spill detection system. The system was

tested on all SAR scenes covering the study area in 2019, as shown in Section 4.2.

4.1 Custom-trained oil object detector

Sentinel-1 SAR scenes covering the study area were pre-processed and manually in-

spected. Oil slicks in the images were manually inspected and annotated as oil objects,

and a dataset of cropped images matching the input size of the object detector con-

taining oil objects was generated. A total of 9768 oil slicks were collected from 5930

Sentinel-1 images taken between 2015 and 2018. The study used the You Only Look

Once (YOLO) object detection algorithm, and also compared its performance with

another well-known object detection algorithm, the Faster R-CNN. The detailed in-

formation on object detector training, object detector performance evaluation, and oil

detection examples are described in the paper presented in this section. The citation

to the paper is given as follows:

Yang, Y.-J., Singha, S., & Mayerle, R. (2022). A deep learning based oil spill detector

using Sentinel-1 SAR imagery. International Journal of Remote Sensing, 43(11), 4287–

4314. doi: 10.1080/01431161.2022.2109445

The manuscript is published. The following states the contributions made by the

candidate to this paper:

https://doi.org/10.1080/01431161.2022.2109445
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The candidate pre-processed all Sentinel-1 SAR scenes. The manual inspection and

annotation of the oil slicks was done together with a co-author. The training and

performance evaluation of the object detection algorithms were performed by the can-

didate. The entire manuscript was written by the candidate and further improved

based on the comments and suggestions of the co-authors.
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ABSTRACT

The Eastern Mediterranean Sea has been known as an oil pollution 
hotspot due to its heavy marine tra�c and an increasing number of 
oil and gas exploration activities. To provide automatic detection of 
oil pollution from not only maritime accidents but also deliberate 
discharges in this region, a deep learning-based object detector 
was developed utilizing freely available Sentinel-1 Synthetic 
Aperture Radar (SAR) imagery. A total of 9768 oil objects were 
collected from 5930 Sentinel-1 scenes from 2015 to 2018 and 
used for training and validating the object detector and evaluating 
its performance. The trained object detector has an average preci
sion (AP) of 69.10% and 68.69% on the validation and test sets, 
respectively, and it could be applied for building an early-stage oil 
contamination surveillance system.
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1. Introduction

Marine oil pollution has long been a serious problem for the maritime environment. 

Sources of oil pollution can be categorized into several groups: natural seepage, con

sumption of petroleum, transportation of petroleum and extraction of petroleum. 

Figure 1 shows the global average contributions of sources in marine waters for the 

years of 1975–1985 and 1990–1999 (Polinov, Bookman and Levin 2021). Most of the large 

oil spills come from tanker accidents, however they cover only around 8% of the total oil 

pollution. Illegal discharges, such as the release of oily ballast water, tanker washing 

residue, fuel oil sludge, engine waste and foul bilge water, account for the majority of 

human-caused oil pollution. Large oil spills in particular pose a great risk of environmental 

damage, but deliberate illegal discharges pose a constant threat to marine wildlife with 

potentially severe long-term consequences. The inhalation of volatile petroleum by 

mammals and birds at sea can cause irritation to their respiratory tract and narcosis 

(Saadoun 2015). Oil spill detection is therefore important not only for those maritime 

accidents, but also for tracking deliberate oil pollution.

Marine oil pollution ‘hotspots’ usually coincide with areas of high maritime tra�c 

(Polinov, Bookman and Levin 2021). O>ering the shortest shipping route from Asia to 

Europe, approximately 30% of all international merchant vessels pass through the 
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Mediterranean Sea (REMPEC 2002). The Mediterranean Sea is also an important oil transit 

centre for transporting crude oil from the Middle East, North Africa and the Black Sea to 

Europe and North America. Around 20% to 25% of the world’s oil tankers transit the 

Mediterranean Sea (REMPEC 2002). A previous study showed that the frequent oil spills in 

this area are usually related to shipping routes, oil terminals and transboundary shipping 

ports (Abdulla and Linden 2008). After the discovery of natural gas and oil in the Levantine 

basin in late 2010, there has been an increase in o>shore oil and gas exploration and 

exploitation activities in the Eastern Mediterranean Sea. The Levantine region has thus 

become known as an oil spill hotspot. The situation is exacerbated by a lack of oversight 

due to the regional political instability (Polinov, Bookman and Levin 2021). One such oil 

spill event, which seriously inAuenced the coastline of Israel, was reported on 

17 February 2021, but it could actually have already been found on satellite images on 

11 February (Surkes, 28 February 2021). This and other events highlight the importance of 

having a reliable surveillance system for locating oil spills in the early stages in order to 

support the clean-up operations.

With the advantage of wide coverage and the capability of monitoring at night and 

during cloudy weather, spaceborne Synthetic Aperture Radar (SAR) is suitable for setting 

up such an early warning system. Water surface roughness is a key factor for the radar 

sensor to receive enough backscattered microwave energy. Small wind-induced friction 

between the air and the water surface causes gravity-capillary waves in the range of 

millimetres to centimetres (Woodhouse 2006). Oil spills dampen these waves and thus 

reduce radar backscatter, resulting in dark formations in contrast to the surrounding spill- 

free sea surface (Pavlakis, Tarchi and Sieber 2001). However, there are many other 

phenomena, which can also manifest as dark regions in the radar image, such as low 

wind areas, natural Dlms, wave fronts, wind sheltering by land, rain cells, wave current 

interaction along shears, internal waves, upwelling and eddies (Hovland, Johannessen 

and Digranes 1994; Topouzelis 2008). Distinguishing oil spills from these ‘look-alikes’ has 

long been a challenging task for oil spill detection with SAR.

The general procedure of detecting oil spills includes dark spot segmentation, feature 

extraction and classiDcation (Solberg and Solberg 1996). Dark formations on SAR imagery 

are Drst separated from their surroundings. The features of each dark spot are then 

extracted and used to identify the di>erences between oil spills and look-alikes. 

Figure 1. Main sources of petroleum entering worldwide marine waters with their average contribu
tions for the years of 1975–1985 and 1990–1999 (Polinov, Bookman and Levin 2021).
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Commonly used features are statistical, geometric, textural, contextual and SAR polari

metric characteristics (Al-Ruzouq et al. 2020). The exploitation of polarimetric features, such 

as standard deviation of co-polarization phase di>erence, entropy, geometric intensity, co- 

polarization power ratio and polarization span, seem to be beneDcial (Solberg 2012; Singha 

et al. 2016); however, the unavailability of quad-pol or dual-pol acquisitions on a regular 

basis and the limited swath of those images make it hard to be applied in an operational 

system. With all the extracted features, the dark spots are Dnally classiDed using 

a probabilistic approach as possible oil spills or look-alikes (Solberg et al. 1999; Fiscella 

et al. 2000). Depending on the present local sea state, oil spill composition, age of oil spill, 

image resolution and incidence angle of the acquisition, the backscatter properties of oil 

spills vary (Topouzelis 2008). Thus, machine learning algorithms are introduced to solve this 

challenging classiDcation problem. Machine learning algorithms learn the relationships 

between the features given by previous experiences and the class (i.e. oil spill or look- 

alike) of each dark spot. The most commonly applied machine learning algorithms for oil 

spill detection are decision tree (Topouzelis and Psyllos 2012), support vector machine 

(SVM) (Brekke and Solberg 2008) and artiDcial neural network (ANN) (Singha, Bellerby and 

Trieschmann 2013). Deep learning is also considered as a subset of machine learning 

techniques. Unlike traditional machine learning algorithms, which rely on predeDned 

features, deep learning algorithms learn directly from the data. Deep learning networks 

contain many layers, which are capable of constructing a hierarchy of features to increase 

the complexity. As deep learning is completely data driven, it requires large amounts of 

data for training. In the past, most of the spaceborne SAR data was acquired for oil spill 

detection when there were known marine accidents. However, with the advent of the 

Sentinel-1 mission by the European Space Agency (ESA) launched in 2014, it is now 

possible to detect oil spills from di>erent sources on a regular basis with its frequent 

acquisitions. With the increasing volume of accessible SAR data and improvements in 

computational power, deep learning algorithms have been applied in oil spill detection 

as well.

Some studies applied U-Net to classify each pixel into a di>erent class, such as oil spill, 

look-alike, ship, land and sea (Shaban et al. 2021) or simply oil spill and sea (Ronci et al. 

2020). U-Net follows an encoder-decoder architecture, where the encoder gradually 

extracts features from low-level details to high-level information as it becomes deeper, 

and the decoder propagates information back to the original image dimension. As the 

encoder-decoder structure helps capture features at di>erent scales, several architectures 

have been applied on image segmentation. DeepLabv3+ outperformed the other deep 

convolutional neural network (DCNN) models, U-Net, LinkNet, PSPNet and DeepLabv2, 

with its improvements in producing distinctive object boundaries (Krestenitis et al. 2019). 

Adapting the network from DeepLabv3+, an improved version was carried out and 

achieved better capability for multi-scale targets (Ma et al. 2022). Another study presented 

CBD-Net; it includes spatial and channel squeeze excitation, which collects contextual 

information and enhances the network’s ability to distinguish boundary details. With this 

optimization, CBD-Net showed better completeness and correctness than U-Net, 

D-LinkNet and DeepLabv3 (Zhu et al. 2022). For applying deep learning-based methods, 

the preparation of a labelled dataset is usually the most time-consuming work, especially 
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for training pixel-based classiDers, which require a pixel-based mask of di>erent classes. 

Therefore, there were only 35 and 21 SAR scenes used in Ma et al. (2022) and Zhu et al. 

(2022), respectively.

Object detectors on the other hand can only provide a detection of oil spills at 

a target level, but the dataset labelling work is less complex for each image, which 

means a larger dataset can be compiled in the same amount of time. Thus, more oil 

spills from di>erent sources and of di>erent types and sizes could be included, which 

might result in a higher ability to detect not only maritime accidents but also regular 

deliberate oil pollution. A previous study investigated a two-stage CNN to perform an 

initial coarse detection of objects, and based on that applied a precise pixel-wise 

detection on side-looking airborne radar (SLAR) imagery (Nieto-Hidalgo et al. 2018). 

The study pointed out the feasibility of detecting oil spills with object detection 

algorithms. Two other studies applied Mask-region-based convolutional neural net

work (Mask-RCNN) and used a total of around 2000–3000 images (Emna et al. 2020; 

Yekeen and Balogun 2020). Mask-RCNN can be regarded as a combination of object 

detection and semantic segmentation, as it Drst detects objects along with their 

classes and further segments objects into masks. However, to build a near real-time 

(NRT) oil spill detection system, highly e�cient one-stage object detection algorithms 

such as You Only Look Once (YOLO) may be considered to keep the processing 

latency at a minimum. Following the idea that humans can easily recognize objects 

in an image at a glance, the YOLO object detection algorithm only looks at an entire 

image once to detect all objects inside along with their class probabilities (Redmon 

et al. 2016). It has been used in ship detection with SAR images in previous studies 

(Chang et al. 2019; Devadharshini et al. 2020), and one other study applied it on oil 

spill detection with optical imagery (Ghorbani and Behzadan 2021). However, apply

ing YOLO on oil spill detection with SAR imagery is presented for the Drst time in this 

study.

This study developed a deep learning-based oil spill detector for the Eastern 

Mediterranean Sea using the YOLOv4 object detection algorithm. The object detector 

was trained with a total of 5930 Sentinel-1 images from 2015 to 2018, including 9768 oil 

spills from di>erent sources and with di>erent sizes collected and labelled as oil objects. 

With the use of such a large dataset, the capability of detecting deliberate oil spills is 

highlighted. CleanSeaNet is an existing service provided by the European Maritime Safety 

Agency (EMSA) using spaceborne SAR data to detect possible oil spills on the sea surface in 

European waters and sending oil spill alerts to national authorities (European Maritime 

Safety Agency 2017), but it is highly reliant on manual inspection, which is costly and time 

consuming. Therefore, this study aims to develop a deep learning-based oil spill detector 

for setting up an early-stage surveillance system. Di>erent scenarios are carried out for 

training the object detector, and the detection results are discussed in the following 

sections.

The paper Drst introduces the used data and methods in section 2. Detailed informa

tion about the acquired SAR images is shown in subsection 2.1. Collecting oil spills and 

procedures of building the dataset are explained in subsections 2.2 and 2.3, respectively. 

The deep learning-based object detection algorithm YOLOv4 is introduced in subsection 

2.4. Subsections 3.1 and 3.2 describe di>erent scenarios for training the object detector. 

A further improved trained model and examples of detections are provided in subsection 
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3.3; the subsection also includes a comparison between the YOLOv4 custom trained 

model with one trained with another object detection algorithm, Faster RCNN. 

Section 4 summarizes the Dndings in this study.

2. Methodology

Oil spills in di>erent areas might have varying patterns due to di>erent origins, meteor

ological conditions, currents and circulation systems. This study focused on oil spills in the 

Eastern Mediterranean Sea, between longitudes 30–36°E and latitudes 31–34.7°N. The 

enclosed area with blue outline in Figure 2 shows the location of the study area, together 

with the number of collected oil spills between 2015 and 2018.

Figure 3 gives an overview of the workAow. Sentinel-1 SAR data was Drst pre-processed 

with a series of corrections, and oil spills in the images were labelled as oil objects. Then 

the pre-processed results were cropped into smaller images to Dt the image input size of 

the object detector. The cropped images were categorized into di>erent size groups (i.e. 

small, medium and large) to enable performing extra data augmentation on speciDc 

groups in order to increase the complexity of oil objects in the dataset. The labelled 
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Figure 2. Visualization of study area with heat map of the amount of oil spills collected inside. The 
blue outline marks the study area. The red color map shows numbers of oil spills collected and 
manually annotated in this study from 2015 to 2018; see subsection 2.2 for detailed descriptions of 
manual inspection. Note that the oil spills were annotated with rectangular bounding boxes showing 
their extent, which are not exact polygons showing the oil spill positions. The basemap was obtained 
from Stevens (2020).
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data was then split into training, validation and test sets with proportion of 7 : 2 : 1. There 

is no common deDnition on the proportion of di>erent sets, but all training, validation and 

test sets need to be representative for the task (i.e. covering di>erent types of oil spills in 

di>erent sets). Afterwards, the annotations of oil objects smaller than certain sizes were 

regarded as tiny objects and were removed to avoid confusing the model with 

Figure 3. Workflow of this study. Oil spills inside Sentinel-1 SAR data were manually inspected and 
labelled as oil objects after a series of corrections in the pre-processing step. In order to fit the defined 
model input size for training the YOLOv4 object detector, the images were cropped into N � N px 
according to the object sizes and model input size. Then, images containing larger oil objects were 
augmented with rotation in order to increase the complexity of oil spills in the dataset; the 
corresponding scenario is shown in subsection 3.2. Afterwards, the dataset was split into training, 
validation and test sets for training, fine tuning and evaluating the model. To avoid that some labelled 
oil objects are too small to be detected by the object detector, the annotations of oil objects below 
certain threshold were removed; the corresponding scenario is shown in subsection 3.1.
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undetectable oil objects. During the training stage, the training set was used to train the 

object detector, and the validation set was used to Dnd the optimal values for the hyper- 

parameters of the model and avoid model over-Dtting on the training set. Finally, the 

model performance was evaluated with the test set.

Detailed information on the Sentinel-1 data used in this study can be found in 

subsection 2.1. The labelling work is explained in subsection 2.2. Subsection 2.3 gives 

the details of building up the dataset, and the object detection algorithm is introduced in 

subsection 2.4.

2.1. Sentinel-1 data

Sentinel-1 SAR Level-1 Ground Range Detected (GRD) Interferometric Wide mode products 

covering the study area were obtained from Copernicus Open Access Hub, which provides 

data within 24 h after observation without special subscription. For establishing an NRT 

warning system, the DLR collaborative ground segment will also be considered in the 

operational stage of the study as data inside its reception cone could be acquired within 

an hour. There were in total 5930 scenes from January 2015 to December 2018 used. 

Sentinel-1 GRD data provides dual polarization VV-VH products in the study area. In practice, 

cross-polarization (i.e. VH and HV) has much lower intensity and is inAuenced more by 

background and instrument noise than the co-polarization (i.e. VV and HH) (Woodhouse 

2006). For this reason, SAR data from VV channel was used. The data was pre-processed with 

a series of corrections, including border noise removal, thermal noise removal, calibration, 

ellipsoid correction and conversion to decibels (dB). Note that continuous scenes in the same 

track were merged during the pre-processing. The pre-processing step was done automa

tically in a series of Python programs with the use of the Sentinel Application Platform 

(SNAP) Python API provided by ESA (European Space Agency 2020). The resolution of the 

pre-processed SAR results is 20 m × 20 m, which is similar to the original products.

2.2. Manual labelling work

To prepare the oil spill dataset for the training procedures, all the oil spills inside the pre- 

processed images were labelled as oil objects jointly by two authors who are experienced 

human interpreters. The oil objects were deDned by bounding boxes, which show the 

extent of oil spills, with the open-source image annotation tool LabelImg (Tzutalin 2015). 

Note that look-alikes were not labelled but regarded as background information. Manual 

inspection of oil spills is based on experience and prior information including location, 

wind and weather condition, the period of the year and di>erences in their shapes 

compared to surroundings (Solberg et al. 1999; Topouzelis 2008). In the Eastern 

Mediterranean Sea, algal bloom is a common reason for look-alikes due to nutrient 

sources of coastal origins (e.g. increasing use of fertilizers) and strong current systems 

(Barale, Michel Jaquet and Ndiaye 2008). Figure 4 shows an example of preprocessed data 

including look-alikes due to di>erent reasons along with some visible land sourced oil 

spills. Algae blooms appear as dark formations with spiral patterns, which are driven by 

surface currents (e.g. north of the image). Dark formations surrounded by algal blooms 

might be low wind areas. The blue rectangle marks a region with regular oil spills from 

land sources. Red bounding boxes show locations of oil spills, and dark formations near 
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coastal areas are possibly induced by wind and waves. Look-alikes make it more di�cult 

to tell if there are oil spills in the scene and to annotate them correctly. Oil spills can be 

distinguished from look-alikes due to their di>erent patterns, and also from experience of 

collecting regular oil spills from the area (see Figure 5 for examples).

Figure 2 shows a heat map based on the amount of oil spills collected and annotated in 

this study; there are in total 9768 labelled oil objects from 2015 to 2018. Regions with 

frequent oil spills might be related to shipping routes, locations of oil Delds and oil 

terminals, and some regular pollution from land sources. The Dgure shows relatively 

frequent oil spills at the northern access of the Suez Canal, which has high density of 

ship tra�c especially due to tankers transiting between Suez Canal and ports in the 

Eastern Mediterranean or Western Europe (O’Hagan 2007). It shall be noted that the 

amount of oil spills was calculated from the labelled oil objects, which are not exact 

polygons showing the oil spill location but the extent of the spill deDned by its bound

ing box.

2.3. Dataset

The pre-processed images cover areas with dimensions of around 18796 � 24521 px and 

18455 � 24521 px for the ascending and descending tracks, respectively. However, most 

of the labelled oil objects only occupy areas of less than 128 � 128 px, which makes it 

di�cult for the object detector to target objects. In addition, the object detector requires 

a certain model input size, which might change the aspect ratios of images. To avoid 

training the object detector on distorted images, the pre-processed images were cropped 

into smaller sizes to Dt the model input size. The images were cropped based on the 
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Figure 4. An example of look-alikes shown in Sentinel-1 SAR data along with some visible land 
sourced oil spills. The blue rectangular area has regular land sourced oil spills, which are annotated 
with red bounding boxes. Apart from oil spills, there are dark formations due to algae blooms (spiral 
patterns), low wind areas (near algae blooms) and possible wind and wave effects (in coastal area near 
oil spills).
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positions of the labelled oil objects. Each oil object has one corresponding cropped 

image; however, it might happen that there are several oil objects in one cropped 

image generating several cropped images with similar coverage. To avoid the same oil 

objects appearing in multiple images, this study Dltered out most of the duplicated ones 

manually. Checking the labels in the dataset and Dltering out the duplicated oil objects 

required around 40 h of work for each year (e.g. from 1 January 2017 to 31 

December 2017). As the cropped images were designed based on labelled oil objects, 

each cropped image includes at least one oil object. Note that this does not mean that 

every image must contain an object during the detection process. The object detector 

learns not only the given objects but also the regions without annotations as background 

during training. Therefore, it is expected to return no object if there is none to detect. The 

cropped images have dimensions of N � N px, where N is equal to the maximum of the 

model input size and the edge lengths of the object bounding box. The model input size 

in this study is 640 � 640 px. Large oil objects could therefore result in images with sizes 

greater than the model input size, so they will be resampled when put into the model. 

With this approach, however, long and slim oil objects in such images might become 

undetectable when they are resampled. Figure 6 shows examples of long and slim oil 

spills, which possibly resulted from ships. The images cover areas of around 1220 km2 and 

770 km2, respectively. These kinds of oil spills are usually discharged from moving ships. In 

the beginning, there is a larger amount of oil released, and as the ship keeps moving the 
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Figure 5. An example showing clear oil spills coming from land sources. This figure has the same 
extent as the blue outlined area shown in Figure 4.
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amount decreases resulting in the oil trace becoming gradually slimmer. The slimmer part 

of oil spills might be barely visible to the object detector. Hence, these kinds of images 

were manually examined again, and images with long and slim oil objects were tiled into 

several sub-images in order to avoid the oil spills becoming undetectable. On the con

trary, if the oil objects inside the image were long and wide, they were not altered to let 

the model learn the entire shape of the oil spill.

The cropped images (including the tiled images after examination) were then put into 

di>erent size groups based on the sizes of the largest oil objects inside. Oil spills in 

bounding boxes with an area smaller than 12,500 px (i.e. 5 km2) were categorized as small 

oil objects, and those with bounding boxes greater than or equal to 100,000 px (i.e. 40  

km2) were categorized as large oil objects. The rest of the oil spills with areas in-between 

were regarded as medium objects. However, certain small objects were regarded as 

undetectable tiny objects and had their annotations removed. In this study, tiny objects 

were deDned as follows: 

if hobj < himg � Ttiny=hmodel ½px�[

wobj <wimg � Ttiny=wmodel ½px� ) Obj 2 Objtiny

(1) 

where hobj, himg and hmodel respectively refer to the heights of the object, image and 

model input; w refers to the corresponding width. Ttiny is the pixel threshold for deDning 

tiny objects. The Drst scenario in subsection 3.1 aims to Dnd a suitable value for Ttiny.

Table 1 shows the amount of oil objects per size category in the dataset after removing 

the tiny objects with Ttiny ¼ 20 px. An imbalance with regard to the amount of objects per 

category can be observed because there are comparatively fewer larger oil spills than 

smaller ones. In addition, the larger oil spills seems to have higher shape complexity, 

which might be more di�cult to detect. To alleviate the imbalance of oil spills in di>erent 

sizes and enhance the ability of detecting larger oil spills, data augmentation was applied, 

focusing on images with larger oil objects. The idea of data augmentation is to increase 

Figure 6. Examples of long and slim oil spills. The areas of the images are around 1220 km2 and 
770 km2, respectively.
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the amount of data by applying slight modiDcations to the original dataset. The second 

scenario in subsection 3.1 provides a comparison of model performance when applying 

rotation data augmentation on speciDc groups before model training.

After data augmentation, the whole dataset was split into training, validation and test 

sets. Di>erent-sized oil objects were balanced between the sets and the objects were put 

into the di>erent sets with a relative proportion of 7 : 2 : 1. Considering that there are 

seasonal algae in the study area, it was ensured that training, validation and test sets all 

contained images from di>erent seasons and images in di>erent sets should not originate 

from the same SAR acquisitions.

2.4. Yolov4 object detection algorithm

Deep learning-based object detection algorithms work in three essential stages: feature 

extraction, object localization and classiDcation. Feature extraction, the so-called back

bone of an object detector, Dnds the representation of the input images as feature maps 

by using a backbone network. The network has di>erent layers to learn multiple levels of 

features, and is usually trained on a large labelled dataset (e.g. ImageNet (Deng et al. 

2009)). The object localization stage Dnds the area of the image that potentially contains 

an object, which is also known as the region of interest (ROI). Then, the classiDcation stage 

Dne tunes the proposed region and outputs the Dnal prediction with the class of the 

objects. The object localization stage and the classiDcation stage are usually called the 

head. An additional stage for collecting feature maps might also be included between the 

backbone and the head, which is regarded as the neck.

Two-stage object detection algorithms refer to those using two di>erent networks to 

achieve object localization and classiDcation in two di>erent steps, which means that the 

classiDer needs to detect the object class in each ROI. This step makes the object detection 

comparatively slow and uses a high amount of computational resources. However, one- 

stage object detection algorithms combine object localization and classiDcation into one 

step with only a single deep neural network. YOLO is an example of a one-stage object 

detection algorithm (Redmon et al. 2016). One-stage object detectors are usually 

regarded as more e�cient but less accurate. However, the accuracy and speed of the 

recent one-stage object detector YOLOv4 has been improved by implementing a new 

architecture, introducing Bag-of-Freebies (BoF) and Bag-of-Specials (BoS), and including 

mosaic, a new data augmentation method (Bochkovskiy, Wang and Mark Liao 2020; 

Wang, Bochkovskiy and Mark Liao 2021). In the preliminary stage, this study compared 

Table 1. Amount and percentage of oil objects with different 
sizes in the dataset from 2015 to 2018 after removing tiny 
objects.

Category Size (px) # Objects %

Small < 12500 7885 72.3
Medium 12,500–100,000 2420 22.2
Large � 100000 595 5.5
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the model performance of the trained objectors with and without applying mosaic data 

augmentation; the AP of the trained detectors on test set is 55.54% and 30.34%, respec

tively. The results highlight the improvement of the model from applying mosaic.

Figure 7 shows the overall structure of YOLOv4. YOLOv4 uses CSPDarknet53 as its 

backbone, which applies Cross Stage Partial Network (CSPNet) (Wang et al. 2020) to 

update the previous YOLOv3 backbone Darknet53. It further reduced the need of com

putational resources as CSPNet proposes a richer gradient combination while reducing 

the requirement of computational resources to solve the vanishing gradient problem 

during the training stage (Wang et al. 2020). CSPDarknet53 extracts feature maps through 

Dve residual blocks (Bochkovskiy, Wang and Mark Liao 2020), followed by Spatial Pyramid 

Pooling (SPP) and a modiDed Path Aggregation Network (PANet) as the neck. SPP 

enhances the receptive Deld, which represents all the pixels from feature maps with an 

impact on results. PANet has the ability to keep spatial information in order to improve 

the object localization. In the last stage, three yolo layers are applied as the head. Feature 

maps of di>erent scales are collected in order to Dnd objects with di>erent sizes. The 

model input size in this study is 640 � 640 px, and detection feature maps down-sampled 

by factors of 8, 16 and 32 are generated. Therefore, the detection feature maps have 

dimensions of 80 � 80, 40 � 40 and 20 � 20 px. In order to picture how much information 

can be obtained in di>erent scales, Figure 8 shows the down-sampled images. The idea is 

that large objects can be detected with smaller scale (e.g. 20 � 20 px) and small objects 

need larger scale (e.g. 80 � 80 px) to include the necessary details.

Figure 7. Overall structure of YOLOv4. The backbone CSPDarknet53 extracts feature maps through 5 
residual blocks. SPP and PANet are applied to enhance the respective field and improve the object 
localization, respectively. Feature maps of different scales are extracted by three yolo layers in the last 
stage in order to detect objects with different sizes. The figure incorporates elements modified from 
(Li et al. 2020; Hu and Wen 2021).
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3. Results

This section presents the results obtained from training the deep learning model for oil 

spill detection. Di>erent scenarios are considered and shown in the following subsections. 

Subsection 3.1 determines the parameter Ttiny in Equation (1) to Dnd a suitable measure to 

remove tiny oil objects. Subsection 3.2 then investigates if adding additional rotation data 

augmentation can help improve the model performance. For training the model an Nvidia 

GeForce RTX 3080 GPU with 10 GB VRAM was used, which took around 7.5 h for each 

training run with 6000 iterations. As an initial estimation, it would require at least around 

(a) 640 × 640 px (b) 80 × 80 px

(c) 40 × 40 px (d) 20 × 20 px

Figure 8. Images with oil spills in different scales. The images were downsampled to different 
dimensions. Note that the original image has a size of 1145 � 1145 px, which is greater than the 
model input size; thus, the image was downsampled to 640 � 640 px as shown in (a) (see 
Subsection 2.3 for detailed explanation).
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1838 image patches with a size of 640 � 640 px and overlap of 40 px to cover the whole 

study area. Detecting oil spills in these images by the trained model would take around 

1 min.

To evaluate the performance of an object detector, its predictions are compared to 

ground truth data. As there is no real-world ground truth oil spill data available, ground 

truth data refers to the manually inspected objects described in subsection 2.2 in this 

study. The comparison between predictions and ground truth can be summarized by 

a confusion matrix with four components: True Positive (TP), False Positive (FP), False 

Negative (FN) and True Negative (TN). TP shows oil objects that are correctly detected by 

the object detector. FP refers to cases where oil objects are detected but they do not 

match the ground truth. On the contrary, undetected oil objects are regarded as FN. TN is 

generally not applied in object detection as background is not deDned in ground truth 

and also not present in detections.

Figure 9 shows di>erent detections of the same oil spill. The red bounding box denotes 

the manually inspected oil object and the yellow bounding boxes mark the detections. 

Figure 9(c) is the best match because it shows the largest overlap with the ground truth 

data. However, a concrete deDnition of correct detection should be deDned. Intersect over 

union (IoU) is therefore used as it indicates how close the predicted area of an object is to 

the ground truth bounding box. It is deDned as follows (Everingham et al. 2010): 

IoU ¼
areaðBp \ BgÞ

areaðBp [ BgÞ
(2) 

where Bp \ Bg and Bp [ Bg respectively refer to the intersection and union of the bound

ing boxes of the prediction (Bp) and the ground truth (Bg). The IoU threshold is usually 

applied to deDne whether a detection is TP or FP. In this study, the IoU threshold is 

deDned as 50%, which means that only detections with IoU � 50% and have the same 

class prediction (i.e. oil) are TP.

Based on TP, FP and FN, the recall and precision measures are used and given as 

follows (Goutte and Gaussier 2005): 

(a) IoU = 30% (b) IoU = 45% (c) IoU = 75%

Figure 9. Examples showing detections with different IoU.
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Recall ¼
TP

ðTP þ FNÞ

Precision ¼
TP

ðTP þ FPÞ

(3) 

Recall represents the sensitivity to detect objects, that is, among all the ground truth data, 

the amount of objects that are correctly detected. Precision describes the number of 

correctly detected objects in comparison to the ground truth data. It is desirable that the 

object detector has both high precision and recall. Based on these two measures, AP is 

deDned as an average of precision values from a set of recall for a single class as follows: 

AP ¼

ð1

0

PðRÞdR (4) 

where R is recall, P Rð Þ is the precision at discrete recall values R. In this study, AP is 

calculated as an average of precision values from 11 equally spaced recall values as 

discrete approximation of Equation (4) analogous to the VOC2007 challenge 

(Everingham et al. 2010).

The trained models are evaluated by a comparison of their AP on the test sets with an 

IoU threshold of 50%, which was calculated with the help of a tool developed in Cartucho, 

Ventura and Veloso (2018) and modiDed by the authors. Based on results emerging from 

di>erent scenarios, an improved trained model along with a selection of detection results 

on di>erent types of oil spills are described in subsection 3.3. This study also compares the 

performance of the models trained by YOLOv4 and the well-known two-stage object 

detection algorithm Faster RCNN.

3.1. Remove annotations of tiny objects

In the preliminary stage of the study, the trained model generated spurious detections 

where no oil spill was visible. One possible explanation is that during the training 

procedure of the object detector, the input image is down-sampled by factors of 8, 16 

and 32 in the object detection stage. Small objects need a larger scale (i.e. smaller 

downsampling factor) to capture their features, and objects below a certain size might 

be undetectable. There are tiny oil spills regularly released in the Eastern Mediterranean 

Sea, and hence it is possible that some of the labelled objects are invisible for the model 

but their annotations are in the training dataset. As a result, the trained model lacks the 

capability of detecting the extents of objects correctly and generates some random 

detections with oil spills improperly framed or even exceeding the image boundary (see 

Figure 10(a)).

As an initial test for removing the annotations of objects satisfying Equation (1) with 

Ttiny equal to 0, 28 and 48 px, Figure 10 shows examples of detections from di>erent 

trained models (Yang, Singha and Mayerle 2021). In Figure 10(a) the model regards the oil 

object to cover an area larger than the oil spill of interest. It seems that the model was 

‘guessing’ the extent of the oil object as it could not Dnd the margin of the object well. 

Generally, applying a pixel threshold seems to help prevent excess detections when 

comparing Figure 10(a) with Figure 10(b) and Figure 10(c). Comparing Ttiny equal to 28 

and 48 px, the trained object detector in Figure 10(b) more clearly deDnes the extents of 
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oil spills than the one in Figure 10(c). Based on this result, the removal of the annotation 

for tiny objects with smaller thresholds was examined further. Table 2 shows the amount 

of objects used in di>erent cases and the model performance achieved. The four test 

cases are all, rm_tiny_14, rm_tiny_20 and rm_tiny_28 where Ttiny equals 0, 14, 20 and 28 px, 

respectively. When no object annotation is removed (all), the AP on the test set was 

61.64%. After removing tiny objects, the AP was slightly improved. However, with Ttiny ¼

28 px the model performance actually decreased to 55.54% AP on the test set. A possible 

reason is that there were some removed objects observable in the image but without any 

annotation, so the model was misled. Overall, the test case rm_tiny_20 with Ttiny ¼ 20 px 

showed the best performance.

This scenario outlines the limitation of the object detector when targeting tiny objects. 

Small oil spills are not always clearly distinguishable from their surroundings due to the 

resolution of satellite imagery, making it di�cult to properly deDne their extents. 

However, this limitation is in line with the capability of human observers who may 

disregard the detected tiny oil spills because of the described uncertainty. Nevertheless, 

the imbalance among oil spills of di>erent sizes (see Table 1) might lead to a lower 

capability of detecting larger oil spills although they lead to more serious environmental 

damage. Therefore, decreasing the false-negative rate on detecting larger oil spills seems 

to be more important than increasing the ability of tiny object detection. The following 

subsection compares the model performance on oil spills of di>erent sizes and provides 

scenarios to improve the oil spill detector.

(a) Ttiny = 0 px (b) Ttiny = 28 px (c) Ttiny = 48 px

Figure 10. Examples for removal of tiny objects with varying Ttiny from a previous study. The yellow 
bounding boxes denote the detections with the confidence scores, and the red bounding boxes mark 
the ground truth oil spills (Yang, Singha and Mayerle 2021).

Table 2. Amount of objects in the training, validation and test sets for 
different cases that were used in scenario 1 (subsection 3.1), along with 
the AP of the trained models on the respective validation and test sets.

# Objects AP@IoU=0.5%)

Case (train/val/test sets) (val set) (test set)

all 9947/2863/1443 64.85 61.64
rm_tiny_14 9026/2597/1308 69.12 64.08
rm_tiny_20 7616/2185/1099 64.60 65.69
rm_tiny_28 6063/1741/870 71.99 55.54
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3.2. Additional data augmentation

Table 1 shows the absolute and relative amount of oil objects used after the annotations 

of the tiny objects have been removed with Ttiny ¼ 20 px. As there are small oil spills 

regularly appearing in the study area, 72.3% of all oil objects in the dataset have 

a bounding box area smaller than 12,500 px (i.e. 5 km2). In order to let the model detect 

oil spills of di>erent sizes, additional rotation data augmentation was applied to images 

with larger oil objects in this scenario. All images were Drst categorized into large, medium 

and small image groups in relation to the size of the largest oil object inside. Images in the 

groups large and medium were rotated by 90° along with their annotations; the augmen

ted image sets are noted as L90_aug and M90_aug, respectively. Table 3 shows the model 

performance for three di>erent cases and the amount of oil objects per size group. The 

case orig is the same as case rm_tiny_20 in subsection 3.1. The cases L90 and L90_M90 

include the images from the case orig along with the additional augmented images from 

L90_aug and both L90_aug and M90_aug, respectively. Note that these di>erent cases 

were tested on the same test set for model performance assessment. In these cases, there 

were in total 576 images in the test set.

Among the three cases, the case L90 shows the best model performance with an AP of 

69.53% and 70.55% on the validation and test sets, respectively. On the other hand, the AP 

of the trained object detector in the case L90_M90 on the validation and test sets is 

69.99% and 65.05%, respectively, which shows that the model is not well generalized and 

indicates possible model over-Dtting to random patterns in the validation set. To further 

examine the models for their behaviours when detecting oil spills of di>erent sizes, the 

test set was then split into three di>erent subsets according to oil spill sizes (following the 

deDnition in Table 1). There were 387, 141 and 48 images in small, medium and large test 

subsets, respectively. Table 4 shows AP in the di>erent cases and on the three subsets. The 

Table 3. Amount of objects in the small, medium and large size groups 
for different cases that were used in scenario 2 (subsection 3.1), along 
with the AP of the trained models on the respective validation and test 
sets.

# Objects AP@IoU=0.5%)

Case (small/medium/large) (val set) (test set)

orig 7785/2500/615 64.60 65.69
L90 9076/2718/1255 69.53 70.55
L90_M90 11,162/5188/1272 69.99 65.05

Table 4. The AP of the trained models on the test sets with oil spills of 
different sizes in scenario 2 (subsection 3.1).

AP@IoU=0.5 [%] (test set)

Case all small medium large

orig 65.69 74.16 56.49 38.85
L90 70.55 80.65 60.00 36.99
L90_M90 65.05 71.66 57.81 43.09
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results in L90 are better on small and medium oil spills but worse on large oil spills in 

comparison to the case orig, which does not fulDl the aim of improving the model 

performance on larger oil spills. In the case L90_M90, which not only considered the 

large subset but also included the medium subset for data augmentation, the model was 

trained on a higher complexity of oil spills. The model performance has improved for 

detecting large oil spills; however, it appears to be worse on small and medium subsets. 

Supporting this observation, Figure 11 shows di>erent sizes of oil spills detected in the 

three di>erent cases with the conDdence scores as well as the manual inspections out

lined in red.

Figure 11(a) shows a large oil spill, which is manually labelled as three oil objects as 

they were not connected with each other. The oil spill was detected by the models from 

the cases orig and L90 as one object; however, the extents were not well predicted. One 

possible reason could be that images covering large areas with slim and long oil spills 

Figure 11. Examples of oil spills in (a) large and (b) medium subsets detected in different cases 
described in subsection 3.1. The red bounding boxes denote the manually inspected oil spills; the 
detection results are shown with different colors along with confidence scores. As detection results 
from the cases orig and L90 show high consistency with the manual inspection in (b), the detections 
are not shown in the image to avoid confusion.
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were tiled into several sub-images for training (see Subsection 2.3). With this approach, 

the model did not properly learn the entire shape of these oil spills and how they were 

separated from their surroundings. The IoU of the largest labelled oil object and detec

tions from these two cases is 47.46% and 34.95%, respectively. On the other hand, the 

case L90_M90 has IoU of 71.70% and 71.61% for the upper and bottom detections, 

respectively. As the case L90_M90 included more medium oil spills, the ability of detecting 

margins seems to be improved. Figure 11(b) shows examples of small and medium oil 

spills. As predictions in cases orig and L90 are similar to the manually labelled oil objects, 

only the case L90_M90 is shown. Regarding the oil spill on the left-hand side, all the 

models detect it as two oil spills; one small bounding box covers the bottom part of oil 

spill and the other large one covers the whole oil spill. The IoU of the three detections 

covering the whole oil spill from cases orig, L90 and L90_M90 is 64.67%, 76.67% and 

81.57%, respectively. Regarding the two oil spills in the middle, the model from case orig 

has respective IoU of 75.06% and 81.03% for the two oil spills (from left to right); the 

model from case L90 has IoU of 74.60% and 79.77%, respectively. However, in the case 

L90_M90 they were not detected.

In summary, by applying additional rotation augmentation on images with large and 

medium oil objects (i.e. case L90_M90), the detection of large oil spills has improved. It is 

likely that including data augmentation on di>erently shaped oil spills could help the 

performance of the object detector. However, in the dataset most of the large oil spills 

appear along with small oil spills, which means that the rotation data augmentation was 

also applied on some small oil objects. It is possible that the model was over-Dtting on oil 

objects with similar shapes, especially for small oil spills, which usually appear as round 

shapes as shown in Figure 12. As there are drawbacks for either the case L90 or the case 

L90_M90, it was decided to not apply the additional data augmentation before further 

examination. A possible approach would be to apply additional data augmentation on oil 

Figure 12. Examples of small round oil spills in the study area. The shown images cover areas of 
around 164 km2 each.
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spills with high complexity and to use fewer small round objects from the dataset and 

balancing di>erent-sized oil objects, but the total amount of objects used for training 

should also be considered.

3.3. Oil spill detection with YOLOv4

According to subsection 3.1, objects regarded as tiny objects following Equation (1) with 

Ttiny ¼ 20 px were removed. Though additional rotation augmentation was proven to be 

beneDcial for large oil spill detection, it might cause over-Dtting on small and medium oil 

spills based on the results in subsection 3.2; as a result, this technique was not applied in 

the following. YOLOv4 o>ers several built-in data augmentation techniques, which, unlike 

the rotation data augmentation discussed in the previous subsection, are applied to all 

input images. Overall, colour space data augmentation (e.g. saturation, exposure and hue 

values) seems to be beneDcial in this study. Figure 13 shows the average loss calculated 

during the training in blue and the mean average precision (mAP) on the validation set in 

red after 1000 iterations. The average loss indicates the di>erences between the ground 

truth values and predicted values from the model. In general, the training stops after the 

average loss no longer decreases. Note that mAP is the mean of the AP on di>erent 

classes. As only one class was in use, mAP is equal to AP in this study. The AP on the 

validation and test sets is 69.10% and 68.69%, respectively. The model performance is 

similar on the validation and test sets, which indicates that the object detector is not 

dependent on the given training or validation datasets.

Figure 13. Average loss calculated during the training (blue), and AP on validation set (red) after 1000 
iterations.
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As mentioned in subsection 2.4, one-stage object detection algorithms are usually 

considered to have high e�ciency but low accuracy compared to two-stage methods. To 

evaluate the performance of the YOLOv4-based model, this study uses a two-stage object 

detection algorithm, Faster RCNN, as a baseline assessment. Faster RCNN with feature 

pyramid networks (FPN) as backbone was trained with the help of the Detectron2 frame

work, which is implemented in PyTorch (Wu et al. 2019). Table 5 shows training informa

tion along with the AP on the validation and test sets of the two object detection 

algorithms. The iterative training was stopped when the average loss converged. As 

Faster RCNN requires more training iterations, it took almost double the time of 

YOLOv4. The Faster RCNN-based model has its AP on the training and validation sets of 

70.33% and 70.26%, respectively. Comparing the two trained models, the performance 

seems to be similar; however, the faster training time of YOLOv4 is advantageous for 

development stage where training has to be performed several times.

In the following, various examples of oil spills detected by the YOLOv4-based model 

will be shown in Figures 14–17. Manually inspected oil spills are denoted as red bounding 

boxes and the detection results are outlined in yellow along with conDdence scores. Note 

that some oil spills are separately annotated as they are not actually connected, but may 

appear like a continuous oil spill in the Dgures due to scaling.

Figure 14 shows examples of relatively long oil spills, which are generally detected. 

Figure 14(a,b) are examples of wide and long oil spills, which were detected similarly to 

the given annotations. Considering slim and long oil spills, Figure 14(c,d) show that they 

were not as conDdently detected as the wider ones and their margins were not well 

detected. These kinds of oil spills usually cover a large area and form complicated shapes 

due to ocean currents (see also Figure 6). As previously explained (see subsection 2.3), 

slim and long oil spills were tiled into several sub-images in case the oil spills might 

otherwise be too thin for the model to learn and to detect. Therefore, the full shape of 

these kinds of oil spills was not well learned, especially as large oil spills only occupied 

5.5% of the collected oil objects (see Table 1), so there were even less long and slim oil 

spills. As a result, especially long and slim oil spills were not as well detected as wider 

ones.

As mentioned in section 1, small oil spills regularly occurred in the study area, so 

detecting oil spills of this kind is also an aim of this study. Figure 15 shows examples of 

those oil spills, which were small but numerous. Note that there were some oil spills 

detected by the object detector but not annotated as they were regarded as tiny objects 

deDned by Equation (1) with Ttiny ¼ 20 px and removed from the annotations. It seems 

that the object detector possesses a good capability of detecting these small oil spills and 

it could actually detect tiny objects below the given Ttiny. Based on the comparisons 

Table 5. Training information along with the AP of the trained models on the 
validation and test sets from YOLOv4 and Faster RCNN, the two well-known object 
detection algorithms.

AP@IoU=0.5%)

Method # Iteration Training Time (val set) (test set)

YOLOv4 6000 7.5 h 69.10 68.69
Faster RCNN 160,000 14 h 70.33 70.26
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between di>erent Ttiny shown in subsection 3.1, applying Ttiny ¼ 20 px resulted in the best 

AP. Objects are deDned as tiny when either dimension is smaller than the given Ttiny in 

Equation (1). However, the aspect ratio of the object was not considered so that the model 

might be able to detect objects even if one dimension is smaller than Ttiny. Examining the 

behaviour of the model for detecting small oil objects more closely might help, such as 

providing some man-made oil objects with di>erent sizes and aspect ratios and designing 

a more rigorous rule for tiny object deDnition.

Figure 16 shows examples of oil spills near look-alikes. In Figure 16(a), oil spills were 

detected well even with look-alikes nearby. However, it is not clear in Figure 16(b) if the 

object detector detected the oil spill correctly as it was covered by look-alikes. Note that in 

Figure 14. Examples of long oil spills detected by the trained object detector described in subsection 
3.3 . Some long and wide oil spills were well detected in (a) and (b); however, some slim oil spills were 
not confidently detected in (c) and (d).
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order to not mislead the model, oil spills covered by look-alikes were not annotated (as 

shown in the Dgure). As look-alikes were included in the dataset only when they appeared 

near oil spills, the trained detector might recognize only limited types of look-alikes. 

Increasing the amount of look-alikes used as background information during training 

might help improve the ability of distinguishing oil spills and look-alikes.

Figure 15. Examples of areas covering numerous small oil spills, which were mostly well detected. 
Note that some oil spills were detected by the trained object detector (in yellow) but not marked as 
manually inspected oil spills (in red). These oil spills satisfy the definition of tiny object in Equation (1) 
with Ttiny ¼ 20 px and their annotations were removed.

Figure 16. Examples of oil spills which appeared near look-alikes. Oil spills were well detected in (a), 
but it was not clearly if it detected oil spills or look-alikes in (b).
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In the Eastern Mediterranean Sea, active transponders are commonly used for security 

reasons and interfere with the SAR signal, in some regions constantly. When the active 

transponders happen to be operating in similar frequency domain as SAR signal, it might 

lead to constructive or destructive interference. Figure 17 shows oil spills covered by 

these interfering signals. However, the object detector could still detect the main parts of 

the oil spills. Regular oil spills in certain areas are likely caused by the same or similar 

sources, which result in less complexity in types and shapes of oil spills. Hence, the object 

detector was able to learn and detect them well.

4. Discussion and conclusion

To tackle the need of an early warning system for detecting oil spills on a regular basis 

in the Eastern Mediterranean Sea, this study evaluated the possibility of using 

a YOLOv4-based object detection algorithm for automatic detection of oil spills. In 

this study, a total of 5930 Sentinel-1 scenes from 2015 to 2018 were used, which contain 

9768 oil spills. After carrying out a variety of scenarios to Dnd suitable parameters and 

data augmentation methods in subsections 3.1 and 3.2, the trained object detector was 

presented in subsection 3.3 . The AP of the object detector, with IoU threshold equal to 

50%, on the validation and test sets is 69.10% and 68.69%, respectively. Comparing it to 

the Faster RCNN-based model, which has AP of 70.33% and 70.26% on the validation 

and test sets, respectively, the two models have similar performance. However, training 

the Faster RCNN model took almost twice as long. In recent years, more studies have 

focused on machine learning and deep learning techniques using large amounts of SAR 

data. Some well-performing deep learning-based oil spill detection methods are dis

cussed in the following. Note that di>erent studies used di>erent measures to evaluate 

the model performance, and the deDnitions of these measures may even be slightly 

di>erent.

Figure 17. Examples of oil spills with interference caused by active transponders, which influence 
certain regions constantly. However, the object detector was still able to detect these oil spills well.
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One previous study used a total of 1112 SAR images and trained with di>erent 

semantic segmentation methods. IoU for di>erent classes is used as performance metric 

in the study, and U-Net and DeepLabv3+ achieve IoU of 53.79% and 53.38% on the class 

oil spill, respectively (Krestenitis et al. 2019). Another study presented an improved 

DeepLabv3+ and used a total of 35 Sentinel-1 scenes; it obtains IoU of 91.58% for the 

class oil spill (Ma et al. 2022). One other study used 14 ALOS PALSAR and 7 Sentinel-1 

scenes and trained the CBD-Net, where it reached 84.20% and 91.20% precision on 

datasets from the two di>erent satellite missions, respectively (Zhu et al. 2022). As 

a small amount of images leads to a lack of complexity in types, shapes and backscatter 

values of oil spills in SAR images, the models trained with fewer images performed better 

than the ones with larger datasets. However, two previous studies applied Mask-RCNN on 

similar amounts of data (i.e. 2000–3000 images) and achieved 98.7% precision on oil spill 

detection and 65% mean IoU for di>erent classes in (Yekeen and Balogun 2020) and 

(Emna et al. 2020), respectively. The various sources of oil spills, purposes of those studies 

and even the di�culties of obtaining ground truth oil spills make it di�cult to compare 

the results from these di>erent studies.

With reference to the previously mentioned studies, the trained oil spill detector 

has reasonably good performance, especially for detecting oil spills with di>erent 

sizes and even when oil spills were covered by the interference of active transpon

ders. However, long and slim oil spills as well as their extent were not conDdently 

detected. As shown in subsection 3.2, it is hard to train a model which performs well 

with a wide variety of object sizes. Increasing the amount of long and slim oil spills 

and balancing di>erent size oil spills used for training might help improve the model 

performance in future.

Oil spills near look-alikes were also distinguished well, but oil spills covered by look- 

alikes were not always clearly detected. It appeared that the model was misled as in these 

cases, it detected the whole look-alike and the oil spill covered by it as one big oil spill. In 

this study, all images used for training contained at least one oil object. This means the 

patterns of look-alikes were only learned when there were oil spills nearby, so that adding 

images with only look-alikes (i.e. without any annotation) into training as background 

information might help the object detector to di>erentiate better between oil spills and 

look-alikes caused by various sources.

The collected oil spills were mostly related to shipping routes, oil terminals and 

transboundary shipping ports, and depending on the circulation systems in di>erent 

regions oil spills may drift di>erently. It is possible that the detector may have inferior 

performance in other areas, where the majority of oil spills originate from di>erent 

sources (e.g. oil platforms and natural seepage). To detect oil spills in other regions, it is 

possible to apply transfer learning, which uses the knowledge of the existing model in 

new tasks. Instead of learning from scratch, the existing model will be regarded as a pre- 

trained model and further trained on additional datasets with oil spills of di>erent 

origins. Likewise, the capability of the current detector on di>erent SAR sensors cannot 

be guaranteed, but applying transfer learning for di>erent SAR sensors is feasible and 

should be straightforward for C-band sensors (e.g. RADARSAT Constellation Mission). 

Nevertheless, the provided trained object detector is a suitable module to set up an oil 

spill surveillance system in the Eastern Mediterranean Sea. The results of this study are 
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the basis of an improved oil spill detector, which lays the ground for building an e�cient 

early warning system in the near future.
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4.2 Automated oil spill detection and early warning system

After verifying the applicability of the object detection algorithm to oil spill detection,

an automated oil spill detection and early warning system was developed following the

approach proposed in Section 1.4 (see Figure 1.8). Based on the trained oil object

detector, a YOLO-based Oil Detection Algorithm (YODA) was developed to use dif-

ferent strategies to search the entire SAR scene(s) for oil slicks. The detected oil slicks

are then sent to a segmentation method that generates binary masks showing their

exact locations. Finally, the trajectory of the oil slicks is simulated to provide decision

makers to plan the oil spill response. A detailed description of the entire system and

its performance on one year data in 2019 is included in the paper presented in this

section. The citation to the paper is given as follows:

Yang, Y.-J., Singha, S., & Goldman, R. (2024). A Near Real-Time Automated

Oil Spill Detection and Early Warning System Using Sentinel-1 SAR Imagery for the

Southeastern Mediterranean Sea. International Journal of Remote Sensing, 45(6),

1997–2027. doi: 10.1080/01431161.2024.2321468

The manuscript is published. The following states the contributions made by the

candidate to this paper:

The candidate developed several parts of the system, from the automated download

of Sentinel-1 scenes to the delivery of oil binary masks. She also further improved

the custom-trained object detector from the paper shown in Section 4.1 and evaluated

the performance of YODA with different detectors and in different regions. The per-

formance evaluation used oil slicks in 2019. The manual inspection and annotation

of them were done together with a co-author. In addition, she collected continuous

SAR observations over the same oil slicks, and compared them with the estimated oil

trajectory provided by a co-author.

https://doi.org/10.1080/01431161.2024.2321468


A near real-time automated oil spill detection and early 
warning system using Sentinel-1 SAR imagery for the 
Southeastern Mediterranean Sea

Yi-Jie Yang a,b, Suman Singha a,c and Ron Goldmand

aMaritime Safety and Security Lab, Remote Sensing Technology Institute, German Aerospace Center (DLR), 
Bremen, Germany; bResearch and Technology Centre Westcoast, Kiel University, Büsum, Germany; cNational 
Centre for Climate Research (NCKF), Danish Meteorological Institute (DMI), Copenhagen, Denmark; dIsrael 
Marine Data Center (ISRAMAR), Israel Oceanographic and Limnological Research (IOLR), Haifa, Israel

ABSTRACT

The ecological and environmental impact of marine oil pollution 
underlines the importance and necessity of an oil spill surveillance 
system. This study proposes an operational automated oil spill 
detection and early warning system to help take quick action for 
oil combating operations. Oil slicks in the spaceborne Sentinel-1 
synthetic aperture radar (SAR) data are detected by a trained deep 
learning-based oil object detector. These detected oil objects are 
segmented into binary masks based on the similarity and disconti
nuity of the backscattering coe(cients, and their trajectory is simu
lated. The detection process was tested on one-year SAR 
acquisitions in 2019, covering the Southeastern Mediterranean 
Sea; the false discovery rate (FDR) and false negative rate (FNR) 
are 23.3% and 24.0%, respectively. The system takes around 1.5 h 
from downloading SAR images to providing slick trajectory simula
tion. This study highlights the capabilities of using deep learning- 
based techniques in an operational oil spill surveillance service.
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1. Introduction

The spreading and drifting of marine oil slicks can impact aquatic wildlife in large areas and 

have long-term biological and ecological consequences. A spill of 1 ton of oil can cover 

a radius of 50 m with a thickness of 10 mm within 10 min; as it continues spreading, even 

such a small spill could in5uence an area of around 12 km2 before it disintegrates into 

smaller fragments (El-Magd et al. 2020). To reduce the negative impact of a spill, counter

measures should be applied as soon as possible. A near real-time (NRT) detection system is 

necessary to enable such a rapid response. Due to its high maritime tra(c, the Eastern 

Mediterranean Sea is known as an oil pollution ‘hotspot’ and a vital oil transit centre 

(Kostianoy, Kostianaia, and Soloviev 2020; Polinov, Bookman, and Levin 2021; Zodiatis, 

Coppini, et al. 2017). This makes an oil spill surveillance system increasingly necessary.

CONTACT Yi-Jie Yang yi-jie.yang@dlr.de; yi-jie.yang@mailbox.org Maritime Safety and Security Lab, Remote 
Sensing Technology Institute, German Aerospace Center (DLR), Am Fallturm 9, Bremen 28359, Germany

INTERNATIONAL JOURNAL OF REMOTE SENSING 

2024, VOL. 45, NO. 6, 1997–2027 

https://doi.org/10.1080/01431161.2024.2321468

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/ 
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly 
cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or 
with their consent.

110 4 Development of an Automated Oil Slick Detection System



Remote sensing is widely used for oil spill detection since it acquires information 

without physical contact. These sensors can be categorized into optical and microwave 

sensors, and they are usually equipped on shipborne, airborne or spaceborne plat

forms. Optical images are likely to be in5uenced by weather conditions and daylight; 

thus, microwave sensors, such as spaceborne synthetic aperture radar (SAR) and side- 

looking airborne radar (SLAR), are preferable for a regular surveillance system. With 

a lower cost for observing a larger area, spaceborne SAR is commonly used in the Beld. 

Oil dampens gravity-capillary waves and reduces radar backscatter, resulting in dark 

formations in SAR scenes. However, other phenomena, such as algae, low wind areas, 

wind sheltering, and eddies, also manifest as dark regions and are regarded as ‘look- 

alikes’ (Hovland, Johannessen, and Digranes 1994; Topouzelis 2008). A previous study 

showed the possible short- and long-term contribution of oil spills on phytoplankton 

blooms (Tang et al. 2019), highlighting the importance of distinguishing algae and oil 

spills in polluted hotspots.

Conventional oil slick detection in SAR images includes dark formation segmentation, 

feature extraction and classiBcation of oil slicks and look-alikes (Solberg and Solberg 1996). 

Dark formations are Brst separated from their surroundings, and their features are then 

extracted to identify the diGerence between oil slicks and look-alikes. Previous studies applied 

artiBcial neural networks (ANN) to learn features and search for the best feature combinations 

to classify oil slicks and look-alikes (Mera, Veronica Bolon-Canedo, and Alonso-Betanzos 2017; 

Stathakis, Topouzelis, and Karathanassi 2006). However, the radar complexity, source and age 

of oil spills, and weather conditions make it di(cult to segment dark formations correctly 

(Mera, Veronica Bolon-Canedo, and Alonso-Betanzos 2017; Topouzelis et al. 2007). Therefore, 

some studies segmented dark formations with one ANN and extracted features for classiBca

tion with another ANN (Singha, Bellerby, and Trieschmann 2013; Topouzelis et al. 2007). 

Previous studies highlighted the advantages of quad-polarimetric and dual-polarimetric HH- 

VV SAR observations on discriminating oil slicks from look-alikes (Migliaccio, Nunziata, and 

Buono 2015; Singha et al. 2016); however, the limited acquisitions of these polarimetric data 

make it hard to apply in an operational system.

With a large amount of accessible SAR data after the advent of the Sentinel-1 

mission by the European Space Agency (ESA) in 2014 and the increasing computa

tional capability, deep learning algorithms have been increasingly applied in oil 

slick detection. Instead of classifying certain dark formations as oil spills or look- 

alikes, a previous study applied semantic segmentation methods to categorize each 

pixel into one of the following classes: sea surface, oil spill, look-alike, ship or land 

(Krestenitis et al. 2019). There were 1112 Sentinel-1 SAR images with 1250 � 650 px 

used, and diGerent models, such as UNet, LinkNet, PSPNet, DeepLabv2 and 

DeepLabv3+, were compared. However, another study pointed out that oil spills 

only represented around 1.2% of the total pixels, which might lead to hindrances 

in directly applying the semantic segmentation method to entire SAR scenes 

(Shaban et al. 2021). Therefore, the authors proposed a two-step approach; each 

image patch was classiBed by Convolutional Neural Networks (CNN), and patches 

with more than 1 pixel containing oil spills were fed to UNet for segmentation. 

Another study followed similar procedures but integrated oil spill classiBcation and 

segmentation into a single framework by applying multi-task Generative 

Adversarial Networks (GANs) (Fan and Liu 2023).
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Applying machine learning techniques can help reduce the work of human interpretation. 

However, extending the techniques from a limited dataset to an operational service is 

challenging. For studies using pixel-wise classiBcation or semantic segmentation, one advan

tage is that the exact locations covered with oil are predicted; however, applying them to an 

operational service might be computationally intensive as they classify each pixel of the given 

images, which are the entire SAR scenes. Therefore, previous studies have utilized the oil spill 

detection tool provided in the Sentinel Application Platform (SNAP) toolbox, which identiBes 

suspicious dark formations with thresholding and generates image patches containing areas 

of interest (Dhavalikar and Choudhari 2022; El-Magd et al. 2021). After obtaining the image 

patches, the authors applied dark spot detection, feature extraction and classiBcation meth

ods to acquire the Bnal detections of oil slicks (Dhavalikar and Choudhari 2022).

This study proposes a diGerent approach: The entire SAR scenes are cropped 

into image patches with preferable dimensions by using sliding windows, and 

a trained deep learning-based oil object detector examines these patches to 

retrieve oil slicks. Afterwards, a segmentation method separates the slicks and 

their surroundings to obtain the exact areas covered with oil. Previous studies 

have proven the capabilities of applying object detection algorithms, such as faster 

region-based CNN (Faster RCNN) and You Only Look Once version 4 (YOLOv4), for 

oil slick detection (Huang et al. 2022; Yang, Singha, and Mayerle 2022). The 

proposed oil slick detection system integrates into an early warning system, 

which helps estimate oil-contamination regions and aids in planning an oil com

batting response. The European Maritime Safety Agency (EMSA) has provided an 

NRT ‘CleanSeaNet’ service since 2007; the operators assess images, identify the 

possible pollution and send alerts to national authorities (Carpenter 2016; 

European Maritime Safety Agency 2017; Singha, Vespe, and Trieschmann 2013). 

Such a service also contributed to a decision support system, which provides oil 

slick prediction models to assist the response agencies (Zodiatis et al. 2016). This 

study aims to provide a fully automated system which only requires the operators 

to conBrm the results before sending alerts to its users.

The paper Brst introduces the structure of the surveillance system in Section 2. Detailed 

information about the satellite data is shown in Subsection 2.1. Subsection 2.2 introduces 

a custom-trained object detector from a previous study and explains the improvements 

done in this study. The utilization of the trained object detector and the segmentation 

method for oil binary mask generation are described in Subsection 2.3. The explanation of 

oil trajectory simulation is given in Subsection 2.4. Subsection 3.1 then evaluates the 

performance of the system and discusses its advantages and disadvantages in diGerent 

circumstances. The model simulations for oil trajectory are compared to SAR observations 

as a validation study in Subsection 3.2. Afterwards, Subsection 3.3 demonstrates the 

operational system and provides a latency test. Finally, Section 4 summarizes the outlook 

and limitations of the system and outlines possible future implementations.

2. Methodology

Figure 1 shows the structure of the oil spill detection and early warning system, which 

contains Bve subsystems: satellite data processing, oil spill detection, forecasts of synoptic 

conditions, oil slick trajectory simulation and web interface. In the satellite data 
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processing subsystem, Sentinel-1 SAR data is acquired and preprocessed with a series of 

corrections, and the latest coverage of preprocessed SAR over the study area is generated 

as a mosaic to make it easier to help visualize the whole area and understand the 

relationship between acquisitions better. Subsection 2.1 covers the information on 

Sentinel-1 data and the processing details.

Afterwards, the mosaic is delivered to the oil spill detection subsystem, including 

a YOLO-based oil detection algorithm (YODA) and a segmentation method. YODA auto

matically generates image patches, examines these image patches with an object detector 

from the training phase, and returns detections. The details about training the object 

detector are explained in Subsection 2.2, and the strategy of detecting oil spills over the 

whole study area is described in Subsection 2.3.1. However, as the detections are deBned 

by bounding boxes, not the exact region covered by oil slicks, the bounding boxes of 

detections are turned into binary masks by the segmentation method described in 

Subsection 2.3.2. Subsequently, the simulations of the oil slick trajectory and fate are 

performed by the MEDSLIK model (Zodiatis et al. 2012), which uses daily forecasts of 

synoptic conditions and the oil slick binary masks; detailed information regarding oil 

trajectory simulation is explained in Subsection 2.4. The oil slick trajectory simulation 

subsystem is connected to an online interface, which enables decision-makers to perform 

simulations with their annotations and information and visualize the results; examples of 

the web interface are shown in Subsection 3.3. The results can be exported as geographic 

information system (GIS) compliant Bles, allowing users to display them with their pre

ferred software. The system is currently running in the pre-operational phase.

The whole system focuses on the area between longitudes 31.5–36°E and latitudes 

31–33.7°N in the Southeastern Mediterranean Sea deBned by the dashed boundary in 

Figure 2, where the ocean circulation model for simulating oil trajectory is applicable. 

However, to increase the number of oil objects for training the detector, satellite data is 

collected in an enlarged area with longitude and latitude extended to the west at 30°E 

and north at 34.7°N, respectively (i.e. the solid boundary in the Bgure). The heat map in 

Figure 1. Structure of the oil spill detection and early warning system using the object detector from 
the training phase and comprising five subsystems: satellite data processing, oil spill detection, 
forecasts of synoptic conditions, oil slick trajectory simulation and web interface (see Subsection 2 
for detailed explanation).
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Figure 2 illustrates the chance of oil slicks occurring in a Sentinel-1 SAR observation on 

each location based on a collection of manually inspected oil objects from 2015 to 2018 

described in the previous study (Yang, Singha, and Mayerle 2022). As each SAR acquisition 

covers only part of the surveillance area, the number of scenes covering each location 

varies. There were at least 240, at most 755 and an average of 402 scenes covering each 

location from 2015 to 2018. Therefore, each pixel value on the heat map shows the ratio of 

the number of collected oil objects and the number of scenes covering that pixel.

2.1. Satellite data processing subsystem

Sentinel-1 SAR Level-1 Ground Range Detected (GRD) products are obtained from 

Copernicus Open Access Hub. Without a special subscription, the data is usually 

available within 24 hours after observation (European Space Agency 2013). Sentinel-1 

SAR was a constellation of two satellites, Sentinel-1A and Sentinel-1B. However, after 

the Sentinel-1B anomaly on 23 December 2021, ESA and the European Commission 

(EC) announced the end of the Sentinel-1B mission on 3 August 2022 (European Space 

Agency 2022a). Thus, the current Sentinel-1 mission includes only Sentinel-1A data, 

Figure 2. Study area map showing the extent of used data and model, along with a heatmap showing 
the chance of each pixel containing oil slicks collected from 2015 to 2018 in the previous study (Yang, 
Singha, and Mayerle 2022). The solid and dashed boundaries define the extent of sentinel-1 SAR 
acquisitions automatically downloaded by the system and the applicable area for oil trajectory 
simulation, respectively. Note that the oil slicks were defined by rectangular bounding boxes showing 
their extents but not the exact coverage. The base map and borders were obtained from Stevens 
(2020) and Wessel and Smith (1996), respectively.
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and the revisiting period increased from 6 to 12 days. Figure 3 indicates the coverage 

of Sentinel-1A tracks over the study area along with the passing day index in a 12-day 

period starting with 24 December 2021 (i.e. the passing day index of 

24 December 2021 is 1). The descending and ascending tracks pass the study area 

at around 03:30–04:05 and 15:30–16:05 UTC, respectively; they are usually available on 

Copernicus Data Hub at around 22:00 UTC. With the plan for the future launch of 

Sentinel-1C and Sentinel-1D (European Space Agency 2022b), it is worthwhile to have 

an operational system relying on the Sentinel-1 mission. However, adapting the 

system for using other SAR missions is also possible.

After download, Sentinel-1 SAR data is preprocessed with a series of corrections, including 

border noise removal, thermal noise removal, calibration, ellipsoid correction and conversion 

to decibels (dB). These are applied automatically using the SNAP Python API provided by ESA 

(European Space Agency 2020). Afterwards, a mosaic of diGerent preprocessed scenes cover

ing the study area is generated to make it easier to check the location of the new coming 

scenes by comparing them with the previous ones. Skipping the mosaic step and directly 

working on preprocessed images in SAR geometry is also possible. However, in the training 

stage and the pre-operational phase of the system, mosaics provide a more straightforward 

way for experts in diGerent Belds to compare SAR with additional information (e.g. wind 

speed). Therefore, the training phase and the oil spill subsystem use mosaics as input.

2.2. Training phase

In a previous study (Yang, Singha, and Mayerle 2022), oil slicks inside mosaics were examined 

and manually annotated as oil objects with bounding boxes with a total of 9768 oil objects 

(a) (b)

Figure 3. Coverage of sentinel-1A tracks in the study area defined in Figure 2, along with the 
estimated passing day index starting with 24 December 2021 in a 12-day period (i.e. 
24 December 2021 has day index 1). The descending tracks pass the study area at around 03:30– 
04:05 UTC and the ascending ones pass at around 15:30–16:05 UTC.
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from 2015 to 2018; they were collected in oil set. Based on the positions of these oil objects, 

the original mosaics were cropped into image patches with dimensions of N � N px, where N 

equals the maximum of the model input size (i.e. 640 � 640px) and the edge lengths of the 

object bounding box. Afterwards, these labelled image patches were used to custom train the 

deep learning-based YOLOv4 object detection algorithm (Bochkovskiy, Wang, and Liao 2020) 

on one-class objects (i.e. oil objects). A Bnal detector reached an average precision (AP) on the 

validation and test sets of 69.10% and 68.69%, respectively.

During training, the detector learns the features of objects and negative samples 

where no object is located. However, each image patch contained at least one oil object; 

hence, the detector only learned the patterns of look-alikes and the background signa

tures when there were oil objects nearby. In the preliminary stage of this study, applying 

the object detector trained with only oil set to YODA returned false detections focusing on 

dark signatures which were not oil slicks. To further improve the detector on targeting 

only oil slicks but not look-alikes, besides oil set, image patches without oil objects but 

with look-alikes or other remarkable signatures (e.g. radio frequency interference) were 

collected as no-oil set and used for training. Note that image patches in no-oil set were not 

given any annotation but were regarded as negative samples for object detectors to learn. 

Figure 4 gives some examples of these image patches. Take the left-most image patch as 

an example, the darker pixels show look-alikes, and the brighter pixels show clean sea 

surfaces; both are learned as negative samples. Therefore, though no-oil set did not 

intentionally collect clean sea surfaces, they were considered and learned in training. 

Table 1 shows the numbers of image patches in oil set and no-oil set.

Data augmentation is commonly applied to increase the amount of data for train

ing. The previous study has shown the improvement of object detectors trained with 

additional augmented datasets in detecting larger oil objects. However, it performed 

worse in targeting smaller oil objects; thus, the study suggested further examinations 

before applying data augmentation. In this study, the trained object detector is 

applied to YODA; hence how data augmentation might help is also examined by 

Figure 4. Examples of image patches from the no-oil set showing look-alikes and other remarkable 
features.

Table 1. Numbers of image patches collected in 
the oil set and no-oil set.

# Image patches

Dataset oil set no-oil set

training 4273 4369
validation 1218 1245
test 576 747
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comparing the performance of YODA with using diGerent object detectors. An addi

tional augmented dataset was obtained from the rotation of image patches in oil set 

and no-oil set by 90º, 180º and 270º. To ensure the dataset for performance evaluation 

is not used in the training phase, mosaics in 2019 were inspected jointly by two 

experienced human interpreters, and the annotations are used as ground truth for 

comparison in Section 3.

According the previous study (Yang, Singha, and Mayerle 2022), object detectors have 

their limitation on targeting tiny objects, which were deBned as: 

if hobj < himg � Ttiny=hmodel½px�[
wobj <wimg � Ttiny=wmodel½px�

) Obj 2 Objtiny;
(1) 

where hobj, himg and hmodel respectively refer to the heights of the object, image and 

object detector model input; w refers to the corresponding width. Ttiny is a threshold 

for deBning tiny objects, it was revealed that tiny objects with Ttiny ¼ 20px were 

di(cult to be detected by the object detector. Therefore, the threshold Ttiny is also 

applied in this study.

2.3. Oil spill detection subsystem

In the oil spill detection subsystem, YODA examines mosaics with an object detector from 

the training phase. The strategies of applying such a detector to target oil objects inside 

mosaics automatically and the followed-by segmentation method are explained in the 

following.

2.3.1. YODA

Generally, the dataset used in the training phase should be representative of the 

actual tasks in operation. For instance, if oil objects mostly occupy areas of around 

128 � 128px, however, the dimensions of images used for the training and opera

tional phases are 640 � 640px and 10240 � 10240px, respectively, then the detector 

is likely to perform poorly in operation. Thus, YODA Brst generates image patches 

from mosaic results by sliding windows with default dimensions of 640 � 640px and 

1280 � 1280px and their corresponding sliding distances of 600px and 1200px, 

respectively. These image patches are rescaled to 8-bit with pixel values from 0 to 

255 in order to eliminate the diGerence among backscatter values of diGerent 

acquisitions and to optimize the processing time (Bayramov, Kada, and 

Buchroithner 2018); note that this procedure was executed in the training phase 

as well.

After the initial image patches are generated, the trained object detector goes through 

all these patches to Bnd oil objects inside. The detections are examined again with regard 

to being too close to the border of the image patches or covering an area of more than 

75% of the respective image patch. In the former case, another image patch will be 

generated with the detected object in the centre of the image; in the latter case, an 

enlarged image patch will be used. Several iterations are executed automatically until all 

the detections Bt the criteria. The performance of YODA is evaluated by comparing the 

Bnal detections with the manual inspections in 2019 and shown in Subsection 3.1.
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2.3.2. Segmentation section

After obtaining detections from YODA, they are segmented into binary masks, deBning 

the exact locations covered by oil. Figure 5 summarizes the procedures in YODA and 

illustrates the segmentation approach. As the detector deBnes slick boundaries inaccu

rately in some cases, the bounding boxes of the detections are extended in each direction 

by a certain ratio, and the extended areas are deBned as the regions of interest (ROIs). 

Mosaics are rescaled to 8-bit images in YODA; however, the segmentation section utilizes 

the backscattering coe(cient in order to segment the oil slick pixel by pixel as accurately 

as possible. The ROIs from the mosaics are loaded as image patches, and each pixel is 

substituted by the median of all the pixels in the kernel area for reducing speckle noise. 

This procedure is also known as median blur, the kernel areas is set to 5 � 5px to 

10 � 10px depending on the size of ROI.

Discontinuity and similarity are the two basic properties used in segmentation algo

rithms (Gonzalez and Woods 2018). As oil slicks dampen the gravity-capillary waves and 

reduce radar backscatter, they usually appear as dark formations compared to the slick- 

free sea surface. To distinguish oil slicks and look-alikes, classiBers in previous studies 

learned diGerent features such as statistical, geometrical, textural, contextual and SAR 

polarimetric characteristics (Al-Ruzouq et al. 2020). As one of the statistical features, the 

power-to-mean ratio is commonly applied for deBning the homogeneity of either oil slicks 

or their surroundings (Singha, Bellerby, and Trieschmann 2013; Solberg et al. 1999). 

Therefore, it could also be employed for detecting the discontinuity of the oil slick and 

its surroundings. The power-to-mean ratio of each pixel in the ROI is calculated with its 

surrounding pixels and deBned as σ=μ, where σ and μ refer to the standard deviation and 

mean of the backscatter coe(cients, respectively. The edge between a slick and its 

surroundings is hence revealed by the discontinuity of σ=μ and extracted with a certain 

threshold.

However, in this study area, oil spills commonly appear near ships or at the coasts 

where the backscatter coe(cients are higher compared to sea surface and slicks. To 

Figure 5. Detailed structure of the oil spill detection subsystem (see Figure 1 for the structure of the 
entire system). The explanations on YODA and the segmentation step are shown in Subsections 2.3.1 
and 2.3.2, respectively.
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prevent these outliers (i.e. brighter pixels) and pixels covering land areas from interfering 

with the edge detection, they are identiBed by the constant false alarm rate (CFAR) 

algorithm (Brusch et al. 2011) and a land mask, respectively, and replaced by the average 

value of the remaining pixels in the ROI prior to the edge detection. In CFAR algorithm, 

each pixel (target pixel) in the ROI is surrounded by a guard area and then further by 

a background area. The system uses 19 � 19px and 39 � 39px for the guard and back

ground windows, respectively. The mean (μb) and standard deviation (σb) of the back

ground pixels are used to calculate a threshold for Bnding bright pixels: 

T ¼ μb þ n � σb; (2) 

where constant parameter n for scaling the threshold is set to 15.

Considering pixels lying on or near edge as a small subset, based on the distribution of 

their backscattering values, a threshold is deBned for obtaining oil pixels inside the 

subset; these oil pixels are then regarded as seed points. Afterwards, a Bnal oil slick binary 

mask can be generated by growing the seed points recursively based on similarity to their 

neighbouring pixels, which is deBned by the mean and standard deviation of the back

scatter coe(cients among the seed points and the pixels passing the criteria in the 

previous iterations. Subsection 3.2 provides examples of oil binary masks generated by 

the proposed segmentation method.

2.4. Oil slick trajectory simulation subsystem

Oil binary masks from the segmentation section in the oil spill detection subsystem are 

delivered to the oil slick trajectory simulation subsystem, which uses the forecasts of 

synoptic conditions and applies a Lagrangian 3D oil numerical MEDSLIK model to emulate 

oil advection – diGusion and weathering processes (e.g. evaporation, dispersion and 

emulsiBcation). The slick is divided into Lagrangian parcels as representations for the 

advection – diGusion processes and simulates their motion at the water surface (Zodiatis 

et al. 2012).

Advection of oil at the sea surface is driven by wind, sea currents, and waves. The 

MEDSLIK model uses the common ‘wind factor’ approach (Zodiatis et al. 2017), where the 

wind-induced drift is computed as a fraction of the wind speed (i.e. wind factor) and 

directed at a certain angle to the wind direction. In this study, the default simulations use 

3.1% as the wind factor and set the wind direction as the direction of the wind-induced 

drift. The wind-induced drift is computed from the SKIRON atmospheric model provided 

by the University of Athens (Kallos et al. 1997; Papadopoulos, Katsafados, and Kallos 2001). 

The current-induced drift is computed from subsurface sea current velocity to avoid 

double counting the wind in5uence; the simulated modelled velocity is interpolated to 

30 m depth. The forecast of subsurface ocean current, along with sea water temperature, 

is provided by the SELIPS high-resolution ocean model (Goldman et al. 2014, 2015), which 

uses the SKIRON model, the Copernicus sea surface temperature (SST) observations and 

the ALERMO ocean model (Korres and Lascaratos 2003). The wave-induced Stokes drift is 

derived from signiBcant wave height, mean wave period and mean wave direction from 

the WAM wave model (Gertman et al. 2006), which uses wind forecast from SKIRON. 

DiGusion is emulated by a random walk model calculated with a given diGusion coe(

cient; the default coe(cient is set to 2.0 m2 · s−1. Figure 1 illustrates the relations between 
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diGerent models to support the explanations above. It should be noted that wind velocity 

and sea water temperature are used to compute weathering processes in MEDSLIK 

(Mackay 1980; Mackay et al. 1980).

Once the oil slick is detected, the information of time, location, slick volume and oil 

type with default parameters is provided to the oil slick trajectory simulation subsystem 

for simulating the trajectory. It checks the availability of daily forecast datasets from each 

model (i.e. SKIRON, SELIPS and WAM) to run a simulation using the most up-to-date 

forecasts at any time. For past events, the synoptic forcing is created from the concatina

tion of the Brst day from each forecast datset. The SKIRON, SELIPS and WAM models 

provide hourly output at a horizontal resolution of 0.05°, 0:01� � 0:00833� and 0.125°, 

respectively.

The subsystem is connected to a web interface with a database and a processing 

backend. The web interface displays the oil spill simulation results, which can be down

loaded by users. It also allows users to execute simulations with their own incident 

scenarios or by modifying the existing scenarios. The incident details and simulation 

parameters are stored in the database. The processing backend manages the simulation 

queue, converts the MEDSLIK output to georeferenced Ble formats, monitors the state of 

the forecast datasets and processes new SAR observations.

The uncertain oil properties, such as oil type, slick thickness and age, from SAR 

observations make simulating oil transport and fate challenging. The default slick para

meters are thickness of 1 µm and medium crude oil type (API gravity is 33). The defaults 

are relevant to the automatic simulations, but users can use the web interface to prepare 

and execute another simulation with modiBed oil type and volume. Subsection 3.2 

compares estimated oil trajectory with continuous SAR observations to evaluate the 

performance of the oil slick trajectory simulation subsystem.

3. Results and discussion

This section Brst explains the calculation of the performance assessment of YODA in 

Subsection 3.1. Subsections 3.1.1 and 3.1.2 are then compared to the performance of 

YODA applying object detectors trained with diGerent datasets and data augmentation 

conBgurations, respectively. Afterwards, YODA is further tested on one-year data in 

Subsection 3.1.3; its advantages and disadvantages over diGerent regions are also cov

ered in the discussion. Subsection 3.2 compares SAR observations with oil slick trajectory 

simulation, supplied with several examples. In the end, Subsection 3.3 illustrates the 

whole oil slick detection and early warning system and provides a latency test.

3.1. Performance assessment of YODA

YODA goes through the input mosaics with sliding windows, targets oil objects inside 

with the custom-trained detector, and outputs the information of oil objects. Each 

detection is followed by a conBdence score, which indicates the probability of an oil 

object appearing in the bounding box and how well the box Bts the object (Redmon et al.  

2016). The conBdence score is deBned as: 

Sconf; classi
¼ PðclassijobjÞ � PðobjÞ � IoU; (3) 
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where PðobjÞ refers to the probability that the bounding box contains an object, and 

PðclassijobjÞ denotes the conditional class probability showing that if an object is located 

at the grid cell, how likely it belongs to a speciBc class i. IoU represents the intersection 

over union, indicating how accurately the box predicts and deBned as (Everingham et al.  

2010): 

IoU ¼
areaðBp \ BgÞ

areaðBp [ BgÞ
; (4) 

where Bp \ Bg and Bp [ Bg respectively refer to the intersection and union of the bound

ing boxes of the prediction (Bp) and the ground truth (Bg). In the testing, there should not 

be ground truth while running the object detector. Predictions from the object detector 

are mentioned as detections in the following paragraphs and abbreviated as detn in the 

tables. As there is no real ground truth data for oil slicks, ground truth (written as gt in the 

following tables) refers to manually inspected oil slicks described in Subsection 2.2.

Only detections with conBdence scores greater than a certain threshold, thresscore, are 

regarded as valid detections and compared to manual inspections. Suppose a valid 

detection has a corresponding manual inspection such that their IoU is greater than the 

prescribed thresIoU. In that case, it is considered a True Positive (TP) detection, and its 

corresponding manual inspection belongs to TP as well. As mentioned in Subsection 2.3, 

the detections are examined with several iterations in YODA, so that there might be 

several detections targeting the same slicks if they do not satisfy the criteria of combina

tion. Therefore, the numbers of TP in manual inspections and detections might be 

diGerent. Note that detections which have intersections with each other can be consid

ered in one ROI in the segmentation section. False Positive (FP) refers to the detections 

where there is no matched manual inspection. On the other hand, the manual inspections 

that are not targeted by the detector belong to False Negative (FN). It is relatively 

important for an operational system to focus on how negative results in5uence the 

performance of the system. Thus, false discovery rate (FDR) and false negative rate 

(FNR) are used in the following subsections, they are deBned as follows: 

FDR ¼ FP
ðTP þ FPÞ ;

FNR ¼ FN
ðTP þ FNÞ :

(5) 

Some manual inspections have intersected detections but belong to FN because 

their IoU do not pass thresIoU or the detections have conBdence scores lower than 

thresscore. On the other hand, some detections are regarded as FP due to their poor 

IoU with the manual inspections. Figure 6 shows an oil slick outlined in blue and its 

corresponding detection in pink; the smaller slick in the Bgure is not annotated to 

avoid confusion. In this example, the extent of the slick was not deBned precisely, 

which indicates the need for improvement in the precision of the object detector. 

However, this kind of FP does not target look-alikes, and the segmentation section 

can still deBne the exact coverage of the oil. On the contrary, it is especially 

important to reduce the number of FP originating from look-alikes, as they might 

lead to unnecessary cleanup operations. Therefore, the calibrated FDR and FNR are 

introduced and deBned as:
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FDRcal ¼ FPcal

ðTP þ FPÞ ;

FNRcal ¼ FNcal

ðTP þ FNÞ ;
(6) 

where FPcal shows the detections targetting at look-alikes and FNcal shows the oil slicks 

with no detection (either valid or invalid detections) intersected. The diGerence between 

original and calibrated FDR shows the ratio of detections targetting oil slicks but are not 

precise enough. Similarly, the diGerence between original and calibrated FNR shows the 

ratio of manual inspections that are not detected or detected but with a lower conBdence 

score. In the following discussion, thresscore ¼ 50% and thresIoU ¼ 50% are applied.

3.1.1. Adding additional no-oil dataset

As mentioned in Subsection 2.3.1, considering no-oil set in training might help improve 

the performance of the object detector on avoiding FP. In order to verify this assumption, 

the performance of YODA applying detector trained with oil set is compared to applying 

an enhanced detector trained with both the oil and no-oil sets; in the following, YODA-orig 

Figure 6. An example of FP, which does not lead to false alerts, is shown. The blue and pink bounding 
boxes mark the manual inspection and the detection, respectively. Note that this example focuses on 
the selected oil slick, so the smaller slick in the scene is not annotated to avoid confusion.

Table 2. Performance assessment of YODA using two custom-trained object detectors on one-month 
mosaics in June 2019 (see Subsection 3.1.1 for detailed comparison).

# TP # FP # FN FDR [%] FNR [%]

Version # detn gt detn orig cal orig cal orig cal orig cal

YODA-orig 1707 191 370 1337 1182 75 9 78.3 69.2 28.2 3.4
YODA-enh 257 124 179 78 54 142 55 30.4 21.0 53.4 20.7

#gt ¼ 266, thresscore ¼ 50%, thresIoU ¼ 50%
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and YODA-enh refer to YODA applying the two detectors, respectively. Table 2 shows the 

measures of YODA-orig and YODA-enh for testing on one-month mosaics in 2019. The 

calibrated FDR of YODA-orig was 69.2% but YODA-enh had its FDR decreased to 21.0%, 

indicating the substantial improvement of the detector on avoiding FP by applying 

additional no-oil set into training. As YODA-orig detected 1707 objects while there were 

only 266 manual inspections, the detector likely targeted most of the dark formations, 

which had similar patterns as oil slicks, and led to a low calibrated FNR of 3.4%. Regarding 

YODA-enh, the original and calibrated FNR were diGerent by 32.7%, meaning that those 

detections were not deBning the extent of the slicks well or not conBdent enough (i.e. 

conBdence scores smaller than thresscore).

To further analyze if FNR associates with the sizes of oil objects, manual inspections were 

categorized into diGerent size groups and shown in Table 3. Oil objects were sorted according 

to the area of the corresponding bounding boxes. If the area is smaller than 12500px (i.e. 

5 km2), the object belongs to the small group; on the other hand, in the large group the area is 

greater than or equal to 100000px (i.e. 40 km2). The remaining objects belong to the medium 

group. According to the table, the detector had relatively high original FNR on medium and 

large groups, meaning it works worse on detecting larger oil objects. One possible reason is 

that small oil objects occupied around 72.3% of all manual inspections; thus, the detector is 

better at detecting smaller objects. Among all the large oil objects, 14.3% of them were not 

detected, and 64.3% of their corresponding detections should be improved to pass the 

thresholds. It is likely due to the lack of examples in the dataset and the complexity of the 

larger oil objects in shapes. Therefore, to increase the number of larger oil objects in training, 

data augmentation focusing on them could be beneBcial.

3.1.2. Additional augmented dataset

The following compares the FDR and FNR of YODA applying detectors trained with diGerent 

data augmentation conBgurations; the inspection time was from January to June 2019. As 

the previous subsection has proven that adding no-oil set for training is beneBcial for 

lowering the FDR, the detectors applied to YODA in this subsection used the same dataset 

as detector in YODA-enh but included an additional augmented dataset. Image patches 

containing oil objects in large or medium groups were rotated by 90º, 180º and 270º and 

saved in the augmented dataset. Table 4 shows the numbers of image patches and data 

augmentation conBgurations of diGerent object detectors applied to YODA. The detectors 

for YODA-enh-aug1 and YODA-enh-aug3 included the augmented dataset with the rotation 

of 90º and three diGerent rotation angles, respectively. The detector for YODA-enh-aug3b 

used the same oil set as the one for YODA-enh-aug3 but considered the augmentation of the 

no-oil set to balance the numbers of scenes in the oil and no-oil sets.

Table 3. Extended comparison from Table 2 focusing on the changes in FN 
and FNR of YODA-enh for different size groups.

FN FNR [%]

Group # gt orig cal orig cal

(1) Small 208 99 39 47.6 18.8
(2) Medium 44 32 14 72.7 31.8
(3) Large 14 11 2 78.6 14.3
all 266 142 55 53.4 20.7

thresscore ¼ 50%, thresIoU ¼ 50%
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Table 5 indicates the performance of YODA using diGerent object detectors. Since it is 

better at detecting small oil objects according to Subsection 3.1.1, the performance on 

large and medium oil objects is emphasized; their FDR and FNR are listed in separate 

Table 4. Overview of the selection of datasets and the numbers of oil objects used for different 
custom-trained detectors used in YODA described in Subsection 3.1.2. The application of rotation data 
augmentation with 90º, 180º and 270º are also noted.

oil set no-oil set

Version orig aug (L+M) # orig aug #

YODA-enh ✓ 6067 ✓ 6361
YODA-enh-aug1 ✓ ✓ (90) 8555 ✓ 6361
YODA-enh-aug3 ✓ ✓ (90, 180, 270) 13531 ✓ 6361
YODA-enh-aug3b ✓ ✓ (90, 180, 270) 13531 ✓ ✓ 12722

Table 5. Performance assessment of YODA using different custom-trained object detectors on six- 
month data from January to June 2019. Detailed comparisons are explained in Subsection 3.1.2.

FDR [%] FNR [%]

# TP # FP # FN orig cal orig cal

Version # detn gt detn orig cal orig cal all L+M all L+M all L+M all L+M

YODA-enh 2099 695 1400 699 453 965 431 33.3 52.6 21.6 43.2 58.1 74.3 26.0 33.9
YODA-enh-aug1 1798 638 1165 633 410 1022 538 35.2 49.3 22.8 38.6 61.6 64.4 32.4 32.9
YODA-enh-aug3 2024 586 1136 888 683 1074 422 43.9 69.3 33.7 63.8 64.7 66.6 25.4 25.5
YODA-enh-aug3b 831 339 635 196 92 1321 929 23.6 42.9 11.1 32.6 79.6 84.4 56.0 59.7

#gt ¼ 1660, thresscore ¼ 50%, thresIoU ¼ 50%

Figure 7. The proportion of positive and negative results on large and medium oil objects with 
different custom-trained detectors for YODA applied; this figure is used as an extended comparison 
from Table 5. The proportions of TP and FP among all the detections are displayed in brown and red, 
respectively. As for the manual inspections, TP and FN are displayed in green and blue, respectively. 
The lighter colours show negative results where manual inspections and detections have intersections. 
A detailed comparison can be found in Subsection 3.1.2.
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columns, and the detection results on these objects are visualized in Figure 7. There 

seems to be a slight improvement of YODA-enh-aug1 on FNR in comparison to YODA-enh; 

however, the ratio of calibrated FP (i.e. the calibrated FDR) on large oil objects has 

decreased. Regarding FNR, YODA-enh-aug1 lowered the original FNR, but the calibrated 

one did not diGer much. It seems that diGerent detectors have similar abilities to detect 

large and medium oil objects, but there were more detections from YODA-enh-aug1 

passing the thresholds than the ones from YODA-enh.

To further investigate how diGerent rotation augmentations might help with the perfor

mance, YODA-enh-aug1 and YODA-enh-aug3 are compared. As mentioned in 

Subsection 3.1.1, adding image patches with look-alikes or other remarkable features 

could help; however, with the imbalanced numbers of images in the oil and no-oil sets for 

training the detector for YODA-enh-aug3, FDR has increased. In other words, it shall be 

essential to have similar numbers of images with and without oil objects inside, and YODA- 

enh-aug3b supports this assumption as it had the lowest FDR among all. However, there 

were only 831 detections but around 1660 manual inspections; the detector seems con

servative, which led to a relatively high FNR.

In summary, YODA-enh had the best overall performance; however, YODA-enh-aug1 

worked better on targeting larger oil objects. Considering the impact of large oil slicks on 

the environment, YODA-enh-aug1 is the most suitable for the system. However, both of 

them have pros and cons; thus, they are compared further in the following subsection, 

which focuses on the performances on one-year mosaics and discusses their competence 

in diGerent regions.

3.1.3. Performance of the YODA on one-year data

Since algae distribution, maritime tra(c and wind condition might vary monthly or 

seasonally, testing YODA for an entire year is necessary. Figure 8 shows the spatial 

distribution of the manually inspected oil slicks collected in 2019 and marks the diGerent 

zones for performance assessment in the following paragraphs. Oil could cause long-term 

biological and ecological consequences; thus, to raise the environmental awareness of the 

authorities, it is vital to highlight the pollution within the territorial waters, where it might 

damage the vulnerable coastal and marine ecosystems of its corresponding countries. The 

territorial waters are deBned as 12 nautical miles (around 22 km) oG the coast; the green 

line illustrates the region by extending the coastline for 22 km. Note that it is not deBnitive 

for the actual territorial waters boundaries.

Concerning sources of look-alikes, Figure 9 gives an example on 22 January 2023, 

illustrating possible land-sourced chemical or oil spills, ship-based discharges, wind- 

induced look-alikes and algae. Wind-induced look-alikes commonly appeared oG the 

east coast and interfered with detecting oil slicks. As they were not commonly seen oG 

the south coast, the red line in Figure 8 separates the coastal region into the Eastcoast and 

Southcoast zones. Usually, wind-induced look-alikes covered a larger area compared to 

the coastal spills; thus, the orange line, extended from the coastline by 5km, splits the 

Eastcoast zone into Eastcoast-5 and Eastcoast-22 zones.

This study focuses on the area where the ocean circulation model is applicable; the 

model area excluding the coastal zones is deBned as Sea-in zone, 47.1% of the oil objects 

in 2019 located in this zone. Unlike the coastal area, which contained diGerent sources of 

spills and look-alikes, oil spills away from the coast in the study area were mainly from 
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ships. For this reason, the non-coastal area outside the model area is included in the 

comparison and considered as Sea-out zone. Oil objects and detections are categorized 

into diGerent zones regarding the location of their centre coordinates. Table 6 sum

marizes the deBnition of diGerent zones and shows the number of manual inspections 

in each zone.

Table 7 shows the performance of YODA-enh and YODA-enh-aug1 in diGerent 

zones. Overall, they both had similar FDR, but YODA-enh had a lower FNR than YODA- 

enh-aug1, meaning that YODA-enh detected more oil objects; this aligns with the 

Bndings in Subsection 3.1.2. Similar results are also shown in the Sea-in and Sea-out 

zones but with lower calibrated FNR, possibly due to fewer wind shadows as look- 

alikes in these zones.

Previous studies suggested the ideal wind speed range should be between 3 and 7–10  

m/s for visualizing oil slicks in SAR observations since there was a high possibility of look- 

alikes due to low wind and thinner slicks might be invisible with the strong wind due to 

a combination of oil dispersion (Brekke and Solberg 2005). To better understand how wind 

speed might in5uence performance, (Figures 10 and Figure 11) illustrate the monthly 

performance and the monthly mean wind speed from the SKIRON forecast, respectively, 

in 2019. Among all the monthly performances, both YODA-enh and YODA-enh-aug1 seem to 

have the worst performance in December, where FDR and FNR were high. In December and 

Figure 8. Based on the definition of the study area shown in Figure 2, different zones are marked for 
further discussion on the performance of YODA in different locations described in Subsection 3.1.3. 
The heatmap shows the number of oil slicks collected from 2019 for testing YODA. The red line 
separates the east and south coasts.
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Figure 9. A mosaic on 22 January 2023 at 03:44 showing different sources of dark formations. Zoom-in 
areas a and B present some common wind-induced look-alikes, algae, land-sourced spills, and 
discharges from ships. Zoom-in area C shows a hotspot with regular land-sourced spills.

Table 6. Definition of different zones in the study area and numbers of manually inspected oil slicks 
are listed. The geographic locations are illustrated in Figure 8.

Zone # gt Descriptions

Eastcoast-5 287 Within 5km off the east coast in the model area
Eastcoast-22 40 Between 5km and 22km off the east coast in the model area
Southcoast 493 Within 22km off the south coast in the model area
Sea-in 731 Model area excluding the zones described above
Sea-out 747 Surveillance area excluding the coastal areas and the zones described above

2014 Y-J. YANG ET AL.
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January, the strong wind might lead to poor visibility on slimmer oil slicks and result in high 

calibrated FNR in these months. On the contrary, October was the month with the overall 

lowest wind speeds ranging from 2 to 5 m/s, especially in the regions closer to the coast 

where the mean wind speed was lower than 3 m/s. The FDR seems to be high as there might 

be more SAR observations with wind speeds lower than the recommended speed. 

Therefore, wind speed should be considered in the system to provide more reliable results.

A previous study highlighted the operational oil spills with sizes of about 1–10 tonnes 

released by ships that occurred almost daily in the Mediterranean Sea (Kostianoy, 

Kostianaia, and Soloviev 2020). Heavy shipping activities, mainly due to the Suez Canal, 

have caused the Southcoast zone to become an oil pollution hotspot, especially near the 

Port Said according to Figures 2 and Figure 8. Wind-induced look-alikes were less 

common in this zone than the EastCoast; however, the intersection of ships and the 

water surface might cause ship wakes and result in lower radar backscatter compared to 

their surroundings (Tings, Pleskachevsky, and Wiehle 2023). In other words, ship wake was 

one possible source of look-alikes in the heavy ship tra(c SourthCoast. Figure 12 shows an 

Table 7. Performance assessment of YODA-enh and YODA-enh-aug1 in different zones on one-year 
mosaics from January to December 2019.

# TP # FP # FN FDR [%] FNR [%]

Version Zone # detn gt detn orig cal orig cal orig cal orig cal

YODA-enh Eastcoast-5 342 131 231 111 77 236 116 32.5 22.5 64.3 31.6
Eastcoast-22 98 14 45 53 47 33 11 54.1 48.0 70.2 23.4
Southcoast 559 224 382 177 86 324 151 31.7 15.4 59.1 27.6

Sea-in 902 323 496 406 244 406 147 45.0 27.1 55.7 20.2
Sea-out 1021 314 619 402 227 466 168 39.4 22.2 59.7 21.5
overall 2922 1006 1773 1149 681 1465 593 39.3 23.3 59.3 24.0

YODA-enh-aug1 Eastcoast-5 281 127 194 87 65 240 152 31.0 23.1 65.4 41.4
Eastcoast-22 55 15 27 28 23 32 11 50.9 41.8 68.1 23.4
Southcoast 407 188 314 93 38 360 225 22.9 9.3 65.7 41.1

Sea-in 849 305 455 394 225 424 188 46.4 26.5 58.2 25.8
Sea-out 1052 303 555 497 280 477 214 47.2 26.6 61.2 27.4
overall 2644 938 1545 1099 631 1533 790 41.6 23.9 62.0 32.0

thresscore ¼ 50%, thresIoU ¼ 50%

Figure 10. The monthly proportion of positive and negative results of YODA-enh and YODA-enh-aug1 

illustrating the possible influence of strong wind and algae seasons explained in Subsection 3.1.3. The 
bars without annotation and annotated with aug1 refer to YODA-enh and YODA-enh-aug1, respectively.
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example of oil slicks and ship wakes in the same SAR observation where the backscatter 

values of slicks were lower than those of ship wakes.

The calibrated FDR of YODA-enh and YODA-enh-aug1 were 15.4% and 9.3%, respectively, 

which were relatively low compared in other zones. It indicated that most of the detections in 

this zone were correct; however, the calibrated FNR of YODA-enh and YODA-enh-aug1 were 

27.6% and 41.1%, respectively, which were higher than overall. As thin slicks or slicks 

propagated and evaporated after a few days on the water might lead to similar low back

scatter values as ship wakes do, the distinction between them is challenging. Therefore, the 

detectors were more conservative with sending the detections of oil, which led to low FNR. 

Considering FDR, YODA-enh-aug1 seems suitable in this zone for reducing the possibility of 

sending false alarms. However, including ship and wake information might help avoid 

possible FP; in this case, YODA-enh with lower FNR could also be applied.

Similar results are also shown in the Eastcoast-5 zone, where the calibrated FNR were 

relatively high compared to other zones, especially for YODA-enh-aug1. There were ship 

discharges near the ports in both zones but more land-sourced spills in this zone, according 

Figure 11. Monthly average of the wind speed in 2019 from SKIRON.

2016 Y-J. YANG ET AL.
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to the manual inspections in this study. On top of that, these land-sourced spills were 

commonly interfered with by wind-induced dark formations or active transponders; the latter 

are commonly used for security reasons in the Eastern Mediterranean Sea. Figure 13 shows an 

example SAR scene with radio frequency interference.

Concerning the Eastcoast-22 zone, the FDR seems to be relatively high for both YODA- 

enh and YODA-enh-aug1. As the common wind-induced look-alikes in this zone might 

confuse the interpretation of spills, dark formations near such look-alikes were not 

annotated as oil objects in the training stage unless there was clear evidence. In addition, 

image patches with these unsure dark formations were not included in either the oil or the 

no-oil sets mentioned in Table 1 for training the detectors. However, those unsure dark 

formations were not avoidable for testing the system performance on one-year data. In 

Figure 12. An example on 7 July 2022 at 03:51 showing oil slicks along with ship wakes near Port Said 
off the Egyptian coast. The bounding boxes define slicks, and dark formations near ships (bright pixels) 
are likely to be ship wakes.

Figure 13. An example on 28 February 2017 at 03:42 shows radio frequency interference on SAR, 
which constantly appears in certain regions.
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other words, some detections might target actual spills but be deBned as FP because 

those spills were not annotated as oil objects. Therefore, considering synoptic conditions 

at the corresponding time of SAR observations might help increase the quality of manual 

inspections and the conBdence of detections.

3.2. Comparison between SAR observations and slick trajectory simulation

In Subsection 3.1, the performance of YODA was evaluated. After detecting oil slicks, they 

are segmented into binary masks and delivered to the MEDSLIK model for hourly estimation 

of the slick trajectory. In some cases, the same oil slicks appeared in SAR observations from 

diGerent Sentinel-1 orbits at diGerent time, which could help understand how SAR observa

tions and simulations are similar or diGerent from each other. Several oil slicks in continuous 

SAR observations are presented in the following, the continuous observations are all around 

12 hours apart. The distance between centroids of SAR observation and trajectory simula

tion are computed and used for comparison. Both YODA-enh and YODA-enh-aug1 were 

applied to the selected cases as illustrations on how diGerent detectors target oil slicks.

The annotations of Bgures in this subsection follow the same format. Detections annotated in 

mosaics from YODA-enh and YODA-enh-aug1 are displayed as blue (light) and orange (dark) 

bounding boxes, respectively; their conBdence scores are attached to the bounding boxes (see 

Equation 3 for the deBnition of conBdence scores). In Subsection 3.1, only valid detections (i.e. 

detections passing the conBdence score threshold, thresscore) are discussed; however, all detec

tions in the selected cases are displayed in this subsection. As for comparing SAR observations 

and simulations, the black binary masks display SAR observations sent to the MEDSLIK model for 

trajectory simulation. The estimated positions are marked in light blue and compared to the 

corresponding binary masks (in grey) acquired from SAR, and the overlapped areas are shown in 

orange; their centroids are shown as black and blue crosses for SAR observation and simulation, 

(a) (b)

Figure 14. An example of several oil slicks near Port Said off the Egyptian coast continuously observed 
by SAR on 16 and 17 September 2022. The detections and simulations are compared in different 
zoom-in maps Figures 15 and Figure 16 for regions a and B, respectively.

2018 Y-J. YANG ET AL.
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respectively. The red line marks the distance between the two centroids. Note that simulations 

are calculated not only for forward but also for backward estimations.

Figure 14 shows oil slicks on 16 and 17 September 2022 at an oil spill hotspot oG the 

Egyptian coast according to the heatmap in Figure 2. Most of the slicks were located in the 

zoom-in regions A and B and presented in zoom-in maps in Figures 15 and Figure 16, 

respectively. As there were look-alikes covering areas closer to the coast on 17 September, 

the comparison between simulation and SAR observation only focuses on the northern 

slicks. Overall, most of the observed slicks covered smaller areas after 12 hours; however, 

the simulations show that they might in5uence larger regions. The oil is assumed to be 

composed of volatile component and non-volatile residue in the model. The evaporation 

of each parcel is an exponential decay process. At the same time, there is eddy diGusivity 

and spreading processes which redistribute the concentration of oil and of the oil parcels. 

Figure 15. Zoom-in maps of region a in Figure 14 showing detections on two continuous SAR 
acquisitions and a comparison between SAR observations and trajectory simulation.

Figure 16. Zoom-in maps of region B in Figure 14 showing detections on two continuous SAR 
acquisitions and a comparison between SAR observations and trajectory simulation focusing on the 
northern slicks.
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It is possible that the diGusivity is overestimated; the actual slick evaporated, dissolved 

into the water, or had low concentrations so they were not able to be detected.

However, in some cases, SAR observations and trajectory simulations did not align 

well, Figure 17 shows such an example on 28 and 29 September 2022. The shape of 

the slick has changed by the wind and currents according to SAR observations. The 

most likely reason for the misBt between forecast and detection is the uncertainty in 

the numerical forecasts of current and wind. By assimilation of velocity observations, 

the forecast may be improved. In that respect, the misBt between observation and 

forecast could potentially be used to improve the forecast quality at oil spill hot spots. 

Moreover, Li et al. (2022) have presented a machine learning approach using reanalysis 

and forecast to train a system that corrects the wind Beld and improves the error of oil 

forecast. This case is notable because the slick occurred near the centre of an eddy, so 

changes in circulation direction and the resulting deformations of the slick are more 

pronounced.

(a) (b) (c)

Figure 17. An example of an oil slick with its shape changed significantly observed by SAR on 28 and 
29 September 2022, showing the detections on two SAR scenes and a comparison between SAR 
observations and trajectory simulation.

(a) (b) (c)

Figure 18. An example of a possible oil slick appeared near look-alikes on 16 December 2022; the 
observation on the next day and its backward simulation from the following day helped confirm the slick.

2020 Y-J. YANG ET AL.
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Another example demonstrates the advantage of oil trajectory simulation, 

which helps indicate oil slicks surrounded by look-alikes. Figure 18 shows oil slicks 

on 16–17 December 2022. There were some look-alikes on 16 December, which might 

be algal blooms driven by currents and made it hard to distinguish whether there was 

a slick. SAR observation on 17 December shows a slick having similar shape to the 

possible slick on 16 December and its location Bts with the travelling direction from 

trajectory simulation. Though the size of the possible slick on 16 December covered 

much larger area than the one on 17 December, which is likely due to the evaporation 

of the oil, it is reasonable to consider those two slicks as one slick at diGerent time. 

Currently, both YODA-enh and YODA-enh-aug1 could not Bnd the slick on 

16 December as it was surrounded by look-alikes. However, for continuous surveillance 

on a speciBc study area, simulation of slicks is beneBcial for helping the system to 

focus on certain regions likely to contain possible oil slicks which are derived from the 

trajectory estimation of oil from previous scenes.

To compare YODA-enh and YODA-enh-aug1, the following discussion focuses on their 

detections in the above examples. In the Brst example (see Figures 15 and Figure 16) , 

YODA-enh performed better than YODA-enh-aug1. Most of the slicks were detected by 

YODA-enh though the continuous slicks were considered as many detections. As 

explained in Subsection 2.3, sliding windows are applied to generate image patches for 

feeding the detector. If the detections do not pass the deBned criteria, they are examined 

again in the new image patches. In some situations, the size of image patches would be 

larger than the default sizes of the sliding windows. There should be an upper limit for the 

size of image patches; otherwise, the slim and long oil slicks could be invisible to the 

object detector. Therefore, it is reasonable to return several detections for one single long 

and slim slick. In addition, the segmentation method combines the overlapping detec

tions and generates one binary mask. As one long oil slick could be regarded as several 

detections, it might lead to the poor system performance shown in Subsection 3.1.

Oil slicks in the second example (see Figure 17) appeared at the wind condition that 

was suitable for SAR observation, both oil slicks were wide and distinct from their 

surrounding. Thus, both detectors targeted the slicks correctly with high conBdence 

scores. However, in the last example (see Figure 18), both detectors did not Bnd oil 

slicks on 16 December; YODA-enh-aug1 even had a false detection on look-alikes with 

a low conBdence score of 27%. It is likely that the patterns of such look-alikes are 

similar to some oil slicks the detector learned during training. Such results align well 

with the comparison in Subsection 3.1.2 (see Table 5) that YODA-enh-aug1 has better 

performance on larger oil slicks, but YODA-enh performs better overall. Considering 

17 December (see Figure 18(b)), both detectors targeted the oil slicks, but none of the 

detections from YODA-enh passed thresscore. YODA-enh-aug1 showed higher conBdence 

scores on detecting those oil slicks.

3.3. Oil spill detection and early warning system

Figure 19 provides the approximate time stamps for the operational system and illustrates the 

system on 28 September 2022. The Sentinel-1 SAR descending and ascending tracks pass the 

study area at around 03:30–04:05 and 15:30–16:05 UTC, respectively. Usually, they are avail

able on Copernicus Open Access Hub at around 22:00 UTC. Therefore, the forecasts of the 
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synoptic conditions should be ready for the trajectory simulation using the MEDSLIK model. In 

any case, it should be possible to obtain the forecasts from the day before. From downloading 

Sentinel-1 data to delivering oil binary masks to the MEDSLIK model, two diGerent machines 

are compared in the latency test. One is a CPU-only machine which uses Intel Xeon E7-8857v2 

CPU and 256 GB RAM; another has Nvidia GeForce RTX 3080 GPU with 10 GB VRAM, AMD 

Ryzen 7 3700X CPU and 32 GB RAM. The latency of YODA highly depends on the complexity 

of SAR scenes, as the complex scenes would increase the number of iterations. The major 

diGerences are the time intervals for the preprocessing step and YODA; time stamps for the 

GPU machine are noted in brackets. Because of the limited RAM, the GPU machine is slower in 

the preprocessing section as fewer scenes can be processed in parallel; however, using GPU 

increases the e(ciency of detecting oil objects. Therefore, deploying on a machine with multi- 

core CPU, su(cient RAM and a GPU for deep learning inference can achieve optimal latency. 

The trajectory simulation is set to 24 durations in the automatic system; increasing the 

duration will result in more time costs. The system also oGers tools for users to deBne their 

polygons (see Figure 20).

Figure 19. The operational chain of the proposed oil spill detection and early warning system, along 
with the time stamps for each process. The CPU-only and GPU machines are compared from down
loading sentinel-1 data to delivering oil binary masks to the MEDSLIK model. The time stamps in 
brackets show the different latency from the GPU machine. See Subsection 3.3 for further explanation.

2022 Y-J. YANG ET AL.
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However, skipping the mosaic step and working on preprocessed scenes in SAR 

geometry is possible and should accelerate the system. From preprocessing SAR scenes 

to delivery of trajectory simulation, it takes around 1.5 h for the current system. As shown 

in Figure 19, it takes 10–25 min to generate a mosaic covering the study area, which could 

be a helpful step in the pre-operational stage, as mentioned in Subsection 2.1. However, 

skipping the mosaic step and working on preprocessed scenes in SAR geometry is 

possible and should accelerate the system.

4. Conclusion

This study developed an automated system which provides regular surveillance over the 

Southeastern Mediterranean Sea and sends detections to human operators for conBrma

tion. The performance of applying diGerent custom-trained object detectors for YODA 

was evaluated in Subsection 3.1; YODA-enh and YODA-enh-aug1 stood out as performing 

better than the others and had similar overall calibrated FDR of 23.3% and 23.9%, 

respectively. However, YODA-enh had a lower calibrated FNR of 24.0% than 32.0% from 

YODA-enh-aug, meaning that YODA-enh-aug1 missed more slicks. To further compare 

them and evaluate the slick trajectory simulation from the MEDSLIK model, several oil 

slicks in consecutive SAR observations were carried out in Subsection 3.2. Both YODA-enh 

and YODA-enh-aug1 worked well in some cases but did not Bnd oil slicks in other cases; 

thus, it might be important to analyse their superiority over diGerent criteria.

Various sources of look-alikes appeared regularly in the study area and in5u

enced the performance, especially for algae, wind-induced dark formations and 

ship wakes. Algae occur seasonally, and their density could be provided by chlor

ophyll-like pigment concentration (chl) data, which might help with Bltering out 

the possible FP. In the EastCoast zone where wind-induced look-alikes appeared 

regularly, both detectors had high calibrated FDR of 48% and 41.8% for YODA-enh 

and YODA-enh-aug1, respectively. On the other hand, ship wakes commonly 

appeared in the SouthCoast zone with heavy ship tra(c also led to high calibrated 

FNR of 41.1% for YODA-enh-aug1. Therefore, including additional information, such 

Figure 20. A screenshot of the web interface showing how users can define their own oil binary masks.
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as chl, synoptic conditions and ship and wake information, is suggested for 

providing more reliable results and determination of detection conBdence and 

alert levels.

The proposed automated early warning oil spill surveillance system provides execution 

results and reports within around 1.5 h after downloading SAR observations with a GPU 

machine. To accelerate the system, future work could include wind speed and chl density 

information in YODA to focus on subareas of the given surveillance area, which have ideal 

wind speed range and low chl density. Alternatively, changing the system structure to 

work on preprocessed data in SAR geometry can also speed up the system. Oil slicks 

appear diGerently under diGerent circumstances, such as wave height, oil volume, wind 

speed, oil type, sea surface temperature and currents (Bayramov, Kada, and Buchroithner  

2018). Therefore, the proposed system might be limited to the types and sources of oil 

slicks commonly occurring in the Southeastern Mediterranean Sea. However, regarding 

the system as a prototype combining deep learning-based object detection algorithm 

and segmentation method to apply in other oil pollution hotspots is feasible.

Acknowledgements

This work is part of the DARTIS project, supported by the German Federal Ministry of Education and 

Research under grant number 03F0823B and the Israeli Ministry of Science and Technology under 

grant number 03F0823A. The authors wish to thank Copernicus for providing Sentinel-1 data on 

Open Access Hub.

Disclosure statement

No potential con5ict of interest was reported by the author(s).

Funding

The work was supported by the Bundesministerium für Bildung und Forschung [03F0823B]; Ministry 

of Science and Technology, Israel [03F0823A].

ORCID

Yi-Jie Yang http://orcid.org/0000-0002-4098-8119

Suman Singha http://orcid.org/0000-0002-1880-6868

Data Availability statement

The data that support the Bndings of this study are available from the corresponding author, 

Y.-J. Yang, upon reasonable request.

References

Al-Ruzouq, R., M. Barakat A Gibril, A. Shanableh, A. Kais, O. Hamed, S. Al-Mansoori, and M. Ali Khalil. 

2020. “Sensors, Features, and Machine Learning for Oil Spill Detection and Monitoring: A Review.” 

Remote Sensing 12 (20): 3338. https://doi.org/10.3390/rs12203338  .

2024 Y-J. YANG ET AL.

4.2 Automated oil spill detection and early warning system 137



Bayramov, E., M. Kada, and M. Buchroithner. 2018. “Monitoring Oil Spill Hotspots, Contamination 

Probability Modelling and Assessment of Coastal Impacts in the Caspian Sea Using SENTINEL-1, 

LANDSAT-8, RADARSAT, ENVISAT and ERS Satellite Sensors.” Journal of Operational Oceanography 

11 (1): 27–43. https://doi.org/10.1080/1755876X.2018.1438343  .

Bochkovskiy, A., C.-Y. Wang, and H.-Y. M. Liao. 2020. “YOLOv4: Optimal Speed and Accuracy of 

Object Detection.” ArXiv Preprint. https://doi.org/10.48550/arXiv.2004.10934 .

Brekke, C., and A. H. S. Solberg. 2005. “Oil spill detection by satellite remote sensing.” Remote Sensing 

of Environment 95 (1): 1–13. https://doi.org/10.1016/j.rse.2004.11.015  .

Brusch, S., S. Lehner, T. Fritz, M. Soccorsi, A. Soloviev, and B. van Schie. 2011. “Ship Surveillance with 

TerraSAR-X.” IEEE Transactions on Geoscience and Remote Sensing 49 (3): 1092–1103. https://doi. 

org/10.1109/TGRS.2010.2071879  .

Carpenter, A. 2016. “European Maritime Safety Agency Activities in the Mediterranean Sea.” In The 

Handbook of Environmental Chemistry, edited A. Carpenter and A. G. Kostianoy, 191–213, Vol. 83. 

Cham: Springer. https://doi.org/10.1007/698_2016_18 .

Dhavalikar, A. S., and P. C. Choudhari. 2022. “Detection and QuantiBcation of Daily Marine Oil 

Pollution Using Remote Sensing.” Water, Air, & Soil Pollution 233 (8): 336. https://doi.org/10. 

1007/s11270-022-05752-0  .

El-Magd, I. A., M. Zakzouk, A. M. Abdulaziz, and E. M. Ali. 2020. “The Potentiality of Operational 

Mapping of Oil Pollution in the Mediterranean Sea Near the Entrance of the Suez Canal Using 

Sentinel-1 SAR Data.” Remote Sensing 12 (8): 1352. https://doi.org/10.3390/rs12081352  .

El-Magd, I. A., M. Zakzouk, E. M. Ali, and A. M. Abdulaziz. 2021. “An Open Source Approach for 

Near-Real Time Mapping of Oil Spills Along the Mediterranean Coast of Egypt.” Remote Sensing 

13 (14): 2733. https://doi.org/10.3390/rs13142733  .

European Maritime Safety Agency. 2017. “The CleanSeanet Service: Taking Measurements to Detect 

and Deter Marine Pollution.” Brochure. Accessed May 31, 2023. http://www.emsa.europa.eu/csn- 

menu/download/2913/2123/23.html .

European Space Agency. 2013. “Data Distribution Schedule.” Accessed April 19, 2023. https:// 

sentinel.esa.int/web/sentinel/missions/sentinel-1/data-distribution-schedule .

European Space Agency. 2020. “SNAP - ESA Sentinel Application Platform V8.0.” http://step.esa.int .

European Space Agency. 2022a. “End of Mission of the Copernicus Sentinel-1B Satellite.” Accessed 

August 3, 2022. https://sentinels.copernicus.eu/web/sentinel/-/end-of-mission-of-the-copernicus 

-sentinel-1b-satellite/ .

European Space Agency. 2022b. “Launches Secured for Bve Sentinel Satellites.” Accessed December 

7, 2022. https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Launches_secured_ 

for_Bve_Sentinel_satellites .

Everingham, M., L. Van Gool, C. K. Williams, J. Winn, and A. Zisserman. 2010. “The PASCAL Visual 

Object Classes (VOC) Challenge.” International Journal of Computer Vision 88 (2): 303–338. https:// 

doi.org/10.1007/s11263-009-0275-4  .

Fan, J., and C. Liu. 2023. “Multitask GANs for Oil Spill ClassiBcation and Semantic Segmentation 

Based on SAR Images.” IEEE Journal of Selected Topics in Applied Earth Observations and Remote 

Sensing 16:2532–2546. https://doi.org/10.1109/JSTARS.2023.3249680  .

Gertman, I., A. Murashkovsky, V. Levin, G. Kallos, and D. S. Rosen 2006. “Wave Monitoring and Wind 

Input as Key Issues in Operational Wave Forecasting Systems.” In Proceedings of the Fourth 

International Conference on EuroGOOS ‘European Operational Oceanography: Present and Future’, 

edited by H. Dahlin, N. C. Flemming, P. Marchand, and S. E. Petersson, 743–749. Brest, France: 

EuroGOOS O(ce and European Commission.

Goldman, R., E. Biton, E. Brokovich, S. Kark, and N. Levin. 2015. “Oil Spill Contamination Probability in 

the Southeastern Levantine Basin.” Marine Pollution Bulletin 91 (1): 347–356. https://doi.org/10. 

1016/j.marpolbul.2014.10.050  .

Goldman, R., S. Efrati, Y. Lehahn, I. Gertman, and E. Heifetz. 2014. “Comparison of Remotely Sensed 

Chlorophyll and Lagrangian Coherent Structures for Velocity Field Validation.” In EGU General 

Assembly Conference Abstracts, 10332. Vienna, Austria.

Gonzalez, R. C., and R. E. Woods. 2018. Digital Image Processing. New York, USA: Pearson Education.

INTERNATIONAL JOURNAL OF REMOTE SENSING 2025

138 4 Development of an Automated Oil Slick Detection System



Hovland, H. A., J. A. Johannessen, and G. Digranes. 1994. “Slick Detection in SAR Images.” In 

Proceedings of 1994 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Vol. 

4, 2038–2040. Pasadena, CA, USA.

Huang, X., B. Zhang, W. Perrie, L. Yingcheng, and C. Wang. 2022. “A Novel Deep Learning Method for 

Marine Oil Spill Detection from Satellite Synthetic Aperture Radar Imagery.” Marine Pollution 

Bulletin 179:113666. https://doi.org/10.1016/j.marpolbul.2022.113666  .

Kallos, G., S. Nickovic, A. Papadopoulos, D. Jovic, O. Kakaliagou, N. Misirlis, L. Boukas, et al. 1997. “The 

Regional Weather Forecasting System SKIRON: An Overview.” In Proceedings of the Symposium on 

Regional Weather Prediction on Parallel Computer Environments, Vol. 15, 17. Athens, Greece: 

University of Athens, Greece.

Korres, G., and A. Lascaratos. 2003. “A One-Way Nested Eddy Resolving Model of the Aegean and 

Levantine Basins: Implementation and Climatological Runs.” Annales Geophysicae 21 (1): 205–220.  

https://doi.org/10.5194/angeo-21-205-2003  .

Kostianoy, A., E. A. Kostianaia, and D. M. Soloviev. 2020. “Oil Pollution in the Mediterranean Waters of 

Egypt” Edited by Elbeih, S. F., Negm, A. M., Kostianoy, A. Environmental Remote Sensing in Egypt. 

Springer Geophysics. Cham: Springer. 305–328. https://doi.org/10.1007/978-3-030-39593-3_11 .

Krestenitis, M., G. Orfanidis, K. Ioannidis, K. Avgerinakis, S. Vrochidis, and I. Kompatsiaris. 2019. “Oil 

Spill IdentiBcation from Satellite Images using Deep Neural Networks.” Remote Sensing 11 (15): 

1762. https://doi.org/10.3390/rs11151762  .

Li, Y., W. Huang, X. Lyu, S. Liu, Z. Zhao, and P. Ren. 2022. “An Adversarial Learning Approach to 

Forecasted Wind Field Correction with an Application to Oil Spill Drift Prediction.” International 

Journal of Applied Earth Observation and Geoinformation 112:102924. https://doi.org/10.1016/j. 

jag.2022.102924  .

Mackay, D. 1980. “Calculation of the Evaporation Rate of Volatile Liquids.” In Proceedings of 1980 

National Conference on Control of Hazardous Material Spills, 361–368. Louisville, KY, USA.

Mackay, D., I. Buist, R. Mascarenhas, and S. Paterson. 1980. Oil Spill Processes and Models. En40-980/ 

1980E-PDF. Ottawa, Ontario, Canada: Environmental Impact Control Directorate.

Mera, D., J. M. Cotos Veronica Bolon-Canedo, and A. Alonso-Betanzos. 2017. “On the Use of Feature 

Selection to Improve the Detection of Sea Oil Spills in SAR Images.” Computers & Geosciences 

100:166–178. https://doi.org/10.1016/j.cageo.2016.12.013  .

Migliaccio, M., F. Nunziata, and A. Buono. 2015. “SAR polarimetry for sea oil slick observation.” 

International Journal of Remote Sensing 36 (12): 3243–3273. https://doi.org/10.1080/01431161. 

2015.1057301  .

Papadopoulos, A., P. Katsafados, and G. Kallos. 2001. “Regional Weather Forecasting for Marine 

Application.” Global Atmosphere Ocean System 8 (2–3): 219–237. https://doi.org/10.1080/ 

1023673029000003543  .

Polinov, S., R. Bookman, and N. Levin. 2021. “Spatial and Temporal Assessment of Oil Spills in the 

Mediterranean Sea.” Marine Pollution Bulletin 167:112338. https://doi.org/10.1016/j.marpolbul. 

2021.112338  .

Redmon, J., S. Divvala, R. Girshick, and A. Farhadi. 2016. “You Only Look Once: UniBed, Real-Time 

Object Detection.” In 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 

779–788. Las Vegas, NV, USA.

Shaban, M., R. Salim, H. Abu Khalifeh, A. KheliB, A. Shalaby, S. El-Mashad, A. Mahmoud, M. Ghazal, 

and A. El-Baz. 2021. “A Deep-Learning Framework for the Detection of Oil Spills from SAR Data.” 

Sensors 21 (7): 7. https://doi.org/10.3390/s21072351  .

Singha, S., T. J. Bellerby, and O. Trieschmann. 2013. “Satellite Oil Spill Detection Using ArtiBcial 

Neural Networks.” IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing 

6 (6): 2355–2363. https://doi.org/10.1109/JSTARS.2013.2251864  .

Singha, S., R. Ressel, D. Velotto, and S. Lehner. 2016. “A Combination of Traditional and Polarimetric 

Features for Oil Spill Detection Using TerraSAR-X.” IEEE Journal of Selected Topics in Applied Earth 

Observations and Remote Sensing 9 (11): 4979–4990. https://doi.org/10.1109/JSTARS.2016. 

2559946  .

2026 Y-J. YANG ET AL.

4.2 Automated oil spill detection and early warning system 139



Singha, S., M. Vespe, and O. Trieschmann. 2013. “Automatic Synthetic Aperture Radar Based Oil Spill 

Detection and Performance Estimation via a Semi-Automatic Operational Service Benchmark.” 

Marine Pollution Bulletin 73 (1): 199–209. https://doi.org/10.1016/j.marpolbul.2013.05.022  .

Solberg, A. H. S., and R. Solberg. 1996. “A Large-Scale Evaluation of Features for Automatic Detection 

of Oil Spills in ERS SAR Images.” In Proceedings of 1996 IEEE International Geoscience and Remote 

Sensing Symposium (IGARSS), Vol. 3, 1484–1486. Lincoln, NE, USA.

Solberg, A. H. S., G. Storvik, R. Solberg, and E. Volden. 1999. “Automatic Detection of Oil Spills in ERS 

SAR Images.” IEEE Transactions on Geoscience and Remote Sensing 37 (4): 1916–1924. https://doi. 

org/10.1109/36.774704  .

Stathakis, D., K. Topouzelis, and V. Karathanassi. 2006. “Large-Scale Feature Selection Using Evolved 

Neural Networks.” In Image and Signal Processing for Remote Sensing XII, edited by L. Bruzzone, 

636513. Vol. 6365. Stockholm, Sweden: International Society for Optics and Photonics, SPIE. 

https://doi.org/10.1117/12.688149 .

Stevens, J. 2020. “NASA Earth Observatory Map.” Accessed September 8, 2020. https://visibleearth. 

nasa.gov/images/147190/explorer-base-map .

Tang, D., J. Sun, L. Zhou, S. Wang, R. P. Singh, and G. Pan. 2019. “Ecological Response of 

Phytoplankton to the Oil Spills in the Oceans.” Geomatics, Natural Hazards and Risk 10 (1): 

853–872. https://doi.org/10.1080/19475705.2018.1549110  .

Tings, B., A. Pleskachevsky, and S. Wiehle. 2023. “Comparison of Detectability of Ship Wake 

Components Between C-Band and X-Band Synthetic Aperture Radar Sensors Operating Under 

DiGerent Slant Ranges.” ISPRS Journal of Photogrammetry and Remote Sensing 196:306–324.  

https://doi.org/10.1016/j.isprsjprs.2022.12.008  .

Topouzelis, K. N. 2008. “Oil Spill Detection by SAR Images: Dark Formation Detection, Feature 

Extraction and ClassiBcation Algorithms.” Sensors 8 (10): 6642–6659. https://doi.org/10.3390/ 

s8106642  .

Topouzelis, K., V. Karathanassi, P. Pavlakis, and D. Rokos. 2007. “Detection and Discrimination 

Between Oil Spills and Look-Alike Phenomena Through Neural Networks.” ISPRS Journal of 

Photogrammetry and Remote Sensing 62 (4): 264–270. https://doi.org/10.1016/j.isprsjprs.2007. 

05.003  .

Wessel, P., and W. H. F. Smith. 1996. “A Global, Self-Consistent, Hierarchical, High-Resolution 

Shoreline Database.” Journal of Geophysical Research: Solid Earth 101 (B4): 8741–8743. https:// 

doi.org/10.1029/96JB00104  .

Yang, Y.-J., S. Singha, and R. Mayerle. 2022. “A Deep Learning Based Oil Spill Detector Using 

Sentinel-1 SAR Imagery.” International Journal of Remote Sensing 43 (11): 4287–4314. https:// 

doi.org/10.1080/01431161.2022.2109445  .

Zodiatis, G., G. Coppini, L. Perivoliotis, R. Lardner, T. Alves, N. Pinardi, S. Liubartseva, M. De Dominicis, 

E. Bourma, and A. Augusto Sepp Neves. 2017. “Numerical Modeling of Oil Pollution in the Eastern 

Mediterranean Sea.” In The Handbook of Environmental Chemistry, edited by A., Carpenter and A. 

Kostianoy, 215–254. Vol. 83. Cham: Springer. https://doi.org/10.1007/698_2017_131 .

Zodiatis, G., M. De Dominicis, L. Perivoliotis, H. Radhakrishnan, E. Georgoudis, M. Sotillo, 

R. W. Lardner, et al. 2016. “The Mediterranean Decision Support System for Marine Safety 

Dedicated to Oil Slicks Predictions.” Deep Sea Research Part II: Topical Studies in Oceanography 

133:4–20. https://doi.org/10.1016/j.dsr2.2016.07.014  .

Zodiatis, G., R. Lardner, T. M. Alves, Y. Krestenitis, L. Perivoliotis, S. SoBanos, and K. Spanoudaki. 2017. 

“Oil Spill Forecasting (Prediction).” Journal of Marine Research 75 (6): 923–953. https://doi.org/10. 

1357/002224017823523982  .

Zodiatis, G., R. Lardner, D. Solovyov, X. Panayidou, and M. De Dominicis. 2012. “Predictions for Oil 

Slicks Detected from Satellite Images Using MyOcean Forecasting Data.” Ocean Science 8 (6): 

1105–1115. https://doi.org/10.5194/os-8-1105-2012.

INTERNATIONAL JOURNAL OF REMOTE SENSING 2027

140 4 Development of an Automated Oil Slick Detection System



141

5 Summary

The aim of this thesis is to develop an oil spill detection system that can contribute

to the early management of oil spill incidents. The concept of the system has been

presented in Section 1.4: a deep learning-based object detector targets the oil spills and

is followed by a segmentation method to obtain the final oil binary masks indicating the

location of the oil. Data-driven deep learning methods generally require a large amount

of data to train the model, which hinders many research works from applying their own

architectures to oil spill detection tasks. Therefore, Section 3.1 has presented a part

of the dataset used in this thesis, which can be further used in other studies. Before

developing such an oil spill detection system, it is important to understand different

ocean SAR signatures so that false alarms of oil spills can be avoided; comprehensive

explanations were provided in Section 3.2. Afterwards, Section 4.1 has evaluated the

capability of the object detector to target oil slicks. The implementation of the oil spill

detection system was carried out in Section 4.2. Section 1.5 has addressed the research

questions that should be considered in accordance with the entire system development

process. These questions have already been implicitly answered in Chapters 3 and 4.

A summary and concise answers to these questions are provided in Section 5.1.

From the beginning of this thesis to the present, many studies have provided valuable

insights into oil slick detection. However, this thesis still makes a unique contribution

to the field, as summarized in Section 5.2. The developed system has been continuously

maintained and improved since the articles addressed in the thesis were published. Sec-

tion 5.3 summarizes the current state of the system. As mentioned in Subsection 1.2.3,

different platforms play unique roles in overall oil spill surveillance. This thesis focuses

on the benefits of spaceborne SAR; however, in addition to the spaceborne SAR oil

spill detection system, other information can be integrated to better support clean-

up operations. Therefore, Section 5.4 offers an outlook of the study, highlighting its

potential future developments that could benefit society.

5.1 Progress on research questions

A set of research questions were raised in Section 1.5, which will be answered below

based on the results presented in this thesis.
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1. How can different oceanic phenomena manifest in SAR imagery?

(Section 3.2)

Sea surface roughness is generally considered a key factor for ocean applications

using SAR. Wind speed plays an important role in oceanography because it directly

affects the surface roughness and produces certain signatures. Sudden changes in wind

speed and direction can create a wind front, shown as a boundary between weaker

and stronger radar backscatter; such signatures can be observed near the coast at

night when the wind blows offshore, resulting in land breeze wind fronts. Similarly,

the katabatic wind blows over coastal terrain toward the sea and spreads out as a fan

shape. Moreover, the instability of the ABL can lead to convective cells, which cause

fluctuations in surface roughness and create cellular patterns in SAR images, and can

also lead to the occurrence of helical roll vortices, which are seen as dark and bright

wind streaks. As for rainfall, rain-induced signatures are a combination of surface

scattering, volume scattering, and attenuation of the radar pulse. Rain cells can create

downward airflow (i.e. downdraft) and roughen the sea surface, which can be seen as

bright elliptical areas. The rain drops can either dampen or roughen the sea surface,

and the splash products from rain drops can cause strong backscatter.

In addition to atmospheric and weather conditions, various phenomena can cause

convergence or divergence of the ocean surface, roughen or smooth the gravity-capillary

waves, and thus induce high or low radar backscatter. Furthermore, the accumulation

of surface films can contribute to the dampening of the waves and result in dark for-

mations in SAR images. Disturbances in the stratified ocean or atmosphere can induce

internal waves, also known as OIWs and AGWs, respectively. The particle motion of

the internal waves creates surface convergence and divergence, which appear as light

and dark strips in SAR images. Regions of mixing and vertical advection are also likely

to have some notable SAR signatures. For example, an upwelling region is an area that

tends to exhibit increased ABL stability, increased surface water viscosity, the presence

of biogenic surface films, and surface divergence. All of these contribute to low radar

backscatter. Eddies can also induce areas of surface convergence and divergence, and

surface films tend to accumulate along the current shear, resulting in SAR signatures

of spiral shear lines.

2. How can oceanic phenomena be discriminated from oil slicks in SAR?

(Section 3.2)

Various oceanic phenomena can produce dark formations in SAR and can be difficult

to distinguish from oil slicks. However, additional data, such as sea surface wind speed,
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SST, chl-a concentration, bathymetry and topography, can be used to provide more

information. First of all, the sea surface wind speed can be used to determine whether

or not a SAR acquisition is within the optimal wind speed range between 2–3 m/s and

7–12 m/s for oil spill detection (Brekke & Solberg, 2005; Gade et al., 2000; Robinson,

2004). It can also indicate whether the conditions are ideal for observing OIWs, which

are typically observed by SAR in low wind areas. As they tend to occur close to

an upwelling area or where there is rough topography, shallow underwater ridges, sea

mounts or steep shelves, a bathymetric model can be used to help interpret possible

OIWs. On the other hand, similar signatures of AGWs usually occur in areas where,

for example, the wind interacts with mountain ranges, different air masses collide, and

strong wind shear occurs, so wind direction and terrain models can be helpful. Terrain

models also provide the possible coastal areas where katabatic winds are likely to occur

during the night and produce certain fan-shaped signatures off the coast.

Biogenic surface films are the most common look-alikes that are challenging for oil

spill detection methods using SAR to distinguish from oil slicks; chl-a concentrations

are used for phytoplankton biomass and can therefore be used to identify the biogenic

surface films. Areas of mixing and vertical advection can lead to the growth of nutrients

and hence the presence of biogenic surface films; the sea surface temperature also

changes due to vertical water exchange. In addition, biogenic surface films tend to

accumulate along the current shear in fronts and eddies. However, other suspended

particulates can also cause the eddies to become more pronounced on SAR imagery,

but they may not be reflected in the chl-a concentration.

Other sources of look-alikes that are important, especially in an area with high ship

traffic or wind farms, are the wakes from ships or wind turbines. The wakes can be

very similar to oil slicks that have remained on the ocean for a few days, whose radar

backscatter may become less distinct after physical processes such as evaporation, or

similar to tanker wash residues that are a mixture of oil and water. Since ship wakes are

associated with the movement of the ship, they tend to have relatively linear patterns.

On the other hand, the physical transport of oil is related to its properties as well as

environmental conditions. As a result, they rarely follow specific linear patterns after

physical transport. Depending on the spatial resolution of SAR sensors, ships and wind

turbines may not always be visible; thus, AIS data and offshore infrastructure maps,

such as European Marine Observation and Data Network (EMODnet), can be helpful

in determining the locations of ships and wind turbines. Note that those offshore

infrastructure maps also provide locations of oil and gas exploitation and exploration

activities, which can be the source of oil leakage.
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3. Can deep learning-based object detectors be used to detect oil slicks and

distinguish between oil slicks and look-alikes? (Section 4.1 and Section 4.2)

Many deep learning-based object detection algorithms have been pre-trained on a

large labeled dataset, such as ImageNet (Deng et al., 2009), Microsoft COCO (Lin

et al., 2014), and PASCAL VOC (Everingham et al., 2012), and users can take a pre-

trained model as a starting point to perform transfer learning on their specific tasks.

However, since these detectors focus on optical images, how they perform with SAR

images needed to be evaluated; therefore, a manually inspected oil slick dataset was

prepared.

In the preliminary phase of this study, the pre-trained YOLO model was custom

trained on the oil dataset with images in radar backscatter values in decibels and in

radar backscatter values but normalized to 8-bit integer values. The model trained

with normalized images performed better and faster because the normalization elimi-

nates the difference between the backscatter values of different images and limits the

numbers to integers. Such a detector can successfully identify oil slicks in SAR images

with average precision (AP) of 69.10 % and 68.69 % on the validation and test sets,

respectively, demonstrating the capability of object detectors to target oil slicks in

SAR. However, with a limited number of images covering look-alikes, the detector did

not perform well in distinguishing oil slicks from look-alikes. Therefore, a collection

of look-alikes and other remarkable phenomena was used to further train the model,

which decreased the false discovery rate (FDR) on one month of data from 69.2 % to

21.0 %, but the false negative rate (FNR) were increased from 3.4 % to 20.7 %. The

performance of the model was further improved by training with different data aug-

mentation configurations. In this thesis, the object detector learns only one class of

object (i.e. oil), images with look-alikes were not given any annotation and were there-

fore regarded as background information for the object detectors. The variety of oil

slicks and look-alikes that are provided in the training influences how well the object

detector can distinguish between oil slicks and look-alikes.

4. What are the look-alikes that could lead to confusions for deep learning-

based object detectors? (Section 3.2 and Section 4.2)

To evaluate the performance and limitations of the oil detection algorithm in dif-

ferent regions of the study area, it was tested on one year of data from 2019, and its

performance was assessed by zone. More examples collected during the operational

phase of the system were presented in Section 4.2 as examples for oil slick trajectory

simulation. The custom trained object detectors used in YODA were also tested on a
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no-oil dataset where image patches do not contain oil objects. The dataset was first

separated into coast and water subsets, depending on whether the image patch covered

land area or not, and then categorized into different subgroups using the unsupervised

K-Means clustering method.

Overall, there were higher proportions of coastal image patches (i.e. coast subset)

which the model returned detections. In the east coast of the Mediterranean Sea, wind-

induced signatures, such as katabatic wind-induced fan-shape signatures and wind

shadows, were common sources of look-alikes close to the coast. Oil slicks may not

be observed with high confidence, especially in combination with low wind conditions

in some months (e.g., September and October 2019). Slightly further from the coast,

OIWs in certain areas can be generated due to steep shelves. In these regions, pollution

likely comes from land-sourced spills or ship-based discharges. Note that the chemical

spills in this thesis were broadly treated as “oil” objects. In contrast to the east

coast, where wind-induced look-alikes were quite dominant, the south coast has heavy

shipping traffic and ship wakes can be a common source of look-alikes.

For the non-coastal image patches (i.e. water subset), there seem to be more de-

tections in the nw-04 and nw-06 subgroups. As the subgroups were categorized using

the unsupervised K-Means clustering method, they were not labeled as specific sources

of look-alikes. However, based on human interpretation, the image patches in these

two subgroups appear to primarily consist of filamentous dark formations that could be

small areas of mesoscale eddies. Since the Levantine Basin is dominated by anticyclonic

eddies that last longer than six months according to the literature (Pegliasco et al.,

2021), some scenes covered mesoscale eddies which showed pronounced accumulation of

surface films along the current shear. Compared to the Western Mediterranean Sea, the

chl-a concentration in the Eastern Mediterranean Sea is low, even during the bloom-

ing season in the late winter and early spring. Therefore, it is difficult to determine

whether or not the spiral patterns of eddies seen by SAR are due to the accumulation

of biogenic surface films. As a result, it may not be possible to use the chl-a concen-

tration to filter out the areas likely to contain algae rather than oil slicks. Similarly, in

the upwelling areas where chlorophyll growth is expected, the chl-a concentration was

not high enough to create a threshold for targeting these areas. Rather, it can be used

as an additional piece of information to check the detection results in the end.

5. How well do deep learning-based methods perform when applied to an

operational oil spill monitoring system? (Section 4.2)

The main motivation of this thesis is to develop an automated oil spill monitoring

system that can contribute to society. Although various services have been introduced
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in Subsection 1.2.3, the application of deep learning-based methods as part of an op-

erational system has not been shown much in previous studies. Section 4.2 presented

the system developed in this thesis; the oil spill detection unit contains YODA and a

segmentation method. Two object detectors were applied to YODA as YODA-enh and

YODA-enh-aug1 and their performance in different regions was discussed. The FDR

and the FNR were calculated to indicate the system performance; FDR shows the ra-

tio of false positives among all the detections; FNR shows the ratio of false negatives

among all the manual inspected oil slicks. Overall, YODA-enh had a FDR of 23.3 %

and a FNR of 24.0 %; YODA-enh-aug1 had a FDR of 23.9 % and a FNR of 32.0 %.

They had a similar FDR, however, YODA-enh-aug1 missed more oil slicks and had a

higher FNR. Both of them had a relatively high FDR, 48.0 % and 41.8 %, in the zone

between 5 km and 22 km off the Lebanese and Israeli coasts. Look-alikes in the coastal

areas, especially at the east coast of the Mediterranean, seemed to be more complicated

to distinguish from actual oil spills, and some of these look-alikes were also difficult

to interpret manually. Therefore, the system also had some difficulties targeting oil

slicks in this region. As explained in Section 3.2, supplementary data can help with

the interpretation. In other words, including other data sources into the system could

possibly help improve the performance of the system.

For an operational system, not only the performance is important, but also the

latency. The operational system took about 1.5 h from obtaining the Sentinel-1 scenes

to delivery of oil binary masks. Typically, four Sentinel-1 scenes are covered within the

study area for each track. They are pre-processed together and then form a mosaic of

the latest SAR coverage over the study area, which provides a more straightforward

way to visualize the entire area and compare it to the previous scenes. However, this

step took about 10–25 min, which could be skipped to speed up the system. This thesis

proved the possibility of building such an early warning system with SAR and deep

learning-based object detectors. However, further improvements on its accuracy and

latency are foreseen.

In addition to operating system latency, the time from SAR observation to availabil-

ity for download by users should also be considered. In the study area, SAR images are

typically taken at around 03:30–04:05 for descending acquisitions and 15:30–16:05 for

ascending acquisitions, with images available online at around 22:00. The ERATOS-

THENES Centre of Excellence in Cyprus and the German Aerospace Center (DLR)

teams in the EXCELSIOR H2020 project are collaborating to establish an Earth ob-

servation data acquisition station. This station will provide real-time satellite data for

the Eastern Mediterranean, Middle East, and North Africa regions (EXCELSIOR 2020,

2025). In the near future, the delay between SAR observations and user availability
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may no longer be a bottleneck in these regions.

5.2 Integration of the results into the current level of knowledge

Early studies followed a conventional workflow of dark spot segmentation, feature ex-

traction, and classification. The focus was on obtaining as much information as possible

about the features of oil. The launch of Sentinel-1 in 2014 marked a new era in the

detection of oil pollution using SAR. Since then, an increasing number of research pa-

pers have been published on using deep learning methods. Many of these studies have

proposed semantic segmentation models that provide reliable pixel-wise classification

of oil slicks. However, most of these studies approached oil slick detection as a deep

learning task, focusing primarily on developing novel model architectures. Therefore,

there is a lack of emphasis on how to apply these methods to an operational system

that can address oil pollution in the real world.

This thesis presents a two-step system that employs an object detector-based model,

YODA, to identify oil slicks and a segmentation method to generate final binary masks

of the oil. A recent study addressed a similar approach, using an object detector based

on Faster R-CNN to locate oil slicks. However, instead of using a mathematically based

segmentation method, the authors applied a semantic segmentation model, U-Net++,

to obtain the final binary masks (X. Huang et al., 2025). Another study used YOLOv8

as an object detector, followed by an adapted Segment Anything Model to obtain the

masks of categories, including oil spill, look-alike, ship, land, and sea surface. The final

results were returned from an ordered mask fusion module that fuses the masks and

categories (Wu et al., 2024). Deep learning methods are still evolving, and scientists

and engineers continue to develop computational-efficient models. Recent models can

likely provide better detection results than the one proposed in this thesis. However,

this thesis provides a basic structure that can be used with any deep learning model.

5.3 Further improvement on the oil slick detection algorithm

The oil spill detection system introduced in Section 4.2 was operational from August

2022 until the end of October 2023, regularly sending results to the local partner;

the system was tested for two months before being put into operation. All results

were double-checked by the candidate before being sent to avoid any false alarms. It

took about 1.5 h from obtaining the Sentinel-1 scenes (typically four scenes covering the

study area) to delivering the binary masks. The Sentinel-1 scenes were georeferenced in

the pre-processing step, and a mosaic of the most recent coverage of pre-processed SAR
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in the study area was then generated. The mosaics provide an easy way to compare

SAR with other information, such as wind speed and sea surface temperature, and are

particularly useful in the early stages of system development.

These mosaics cover the entire study area, which is larger than the area covered by

the most recent SAR acquisitions. Therefore, an additional step is applied to focus

only on the latest acquisitions. Spaceborne SAR is observed with an azimuth angle,

which is a non-zero angle relative to the north direction. Consequently, geolocated SAR

scenes appear as parallelograms in the mosaic image. Image patches are generated in

geocoordinates, so edge patches include both the latest and old acquisitions. Thus, an

additional step is necessary to obtain the observed date and time of the detected objects.

However, these additional steps can be eliminated if all operations are performed in

SAR geometry instead.

Therefore, the system was revised so that all operations are performed in SAR ge-

ometry, but the final oil binary masks are geocoded for easy tracking of their locations.

With such revisions, operating the system on the same four SAR scenes can be reduced

to about 17 min. This improvement was presented and published in a conference pa-

per (Yang & Schnupfhagn, 2024). Later, the latency of the system was further improved

by revision of different parameters given to the system execution. For two Sentinel-1

scenes, it took around 6 min 8 s from obtaining the scenes to delivering the oil binary

masks. A detailed explanation on the system improvements is presented in another

conference paper (Yang & Schnupfhagn, 2025).

5.4 Outlook

This thesis has presented an automated oil spill detection system using SAR with the

test area in the Southeastern Mediterranean Sea. The capability of using object detec-

tion algorithms to build such a system has been evaluated. Currently, the system only

uses Sentinel-1 SAR data because they are free of charge and follow a fixed schedule.

However, SAR data from other missions can also be included in the system either for

regular surveillance or on demand when oil slicks are detected. Moreover, the auto-

mated download and processing of spaceborne optical images before and after the SAR

observations with detected oil slicks can be considered. This can help to extend the

temporal observation of the spill.

The current system provides detections with their locations and the confidence scores

returned by the object detector. However, additional information, such as wind speed,

wind direction, offshore gas and oil installations, and AIS data, can help provide a more

complete understanding of the local conditions of the SAR observations. In addition,
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ESI maps should be provided to the system to identify environmentally sensitive areas

and address the risk level of the oil. By integrating different types of information into

the system, decision support teams can get a more complete picture of the incident.

Unfortunately, such information is not publicly available in some areas. In addition, in

order to expand the system to other study areas, the system should first be tested for

its ability to detect oil spills in those areas, as the sources and shapes of the oil pollution

may be different and affect the detection ability. Therefore, local oil spill reports can

help in collecting incidents for verification of the system, but such reports may not

be accessible or may be limited to local languages. Moreover, clean-up operations

require action by local authorities. All of these reasons underscore the necessity and

importance of local cooperation in pollution monitoring and management.

The delay between SAR observation and availability for users, as mentioned in Sub-

section 5.1, includes the time from observation to contact with the nearest ground

station for downlink and further data processing at the ground stations (e.g. the gen-

eration of Level-1 data). Oil slicks on the ocean surface change rapidly with time,

currently the fate of oil relies on model simulation. Therefore, on-board processing has

been considered for time-critical applications. Instead of processing data at ground sta-

tions, moving this step, and even the detection of oil, to the satellite can reduce overall

latency and make emergency response more efficient. However, the computing power

on-board of satellites is significantly lower compared to ground stations due to power

limitations and hardening against radiation, requiring efficient software implementation

optimized for the target hardware. Previous studies provided a prototype that mim-

icked on-board hardware resources for image formation (i.e., from raw data to Level-1

data), alert generation for ship detection and extreme weather detection (Wiehle et

al., 2022), and the application of computationally complex deep learning-based meth-

ods (Günzel & Mandapati, 2025). These studies highlighted the possibility of future

work on on-board processing of oil spill detection, which could be of great assistance

in oil spill management.
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