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Abstract—In this paper we study surface slick characterization
in polarimetric C-band synthetic aperture radar (SAR) data.
The objective is to identify the most powerful multi-polarization
SAR descriptors for mineral oil spill versus biogenic slick discrimination. A systematic comparison of eight well-known multipolarization features is provided. The analysis is performed on
data we collected during a large scale oil spill exercise at the Frigg
field situated northwest of Stavanger, in June 2011. Controlled
oil spills and simulated look-alikes were simultaneously captured
within fine quad-polarization Radarsat-2 acquisitions during this
experiment. Multi-polarization features derived from only the copolarized complex scattering coefficients are explored. We find
that the two most powerful multi-polarization features extracted
from this data set are the geometric intensity, measuring the
combined intensity based on the determinant of the coherency
matrix, and the real part of the co-polarization cross-product,
which is related to the scattering behavior of the target. We show
that these two features can distinguish between the simulated
biogenic slicks and mineral oil types such as Balder and Oseberg
blend, and that the discriminative power seems to be persistent
with time.
Index Terms—look-alike, multi-polarization features, oil spill,
surface slick characterization, synthetic aperture radar
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I. I NTRODUCTION

ARINE oil spills, whether caused by accidents during oil production, by accidents in connection with
transportation, or by illegal releases from ships, represent an
important environmental problem. For this reason there is a
big effort by authorities and satellite based industry around
the world on developing surveillance systems, which can
efficiently detect and monitor oil spills on the ocean surface. In
this regard, synthetic aperture radar (SAR) sensors have proven
to be valuable tools. A recent review on oil spill monitoring
by SAR is found in [1].
In conventional oil spill detection services, oil slicks are
detected in SAR imagery as areas of reduced backscatter compared to the surrounding clean sea. This reduction is caused
by the oil reducing the small scale surface roughness, and
potentially by a reduction in the effective dielectric constant
[2]. However, several natural phenomena may produce similar
dark spots in SAR imagery, leading to false oil spill detections.
These are called look-alike phenomena and include natural
films produced by marine organisms, grease ice, low wind
areas, rain cells, shear zones, internal waves and ship wakes
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[3]. False oil spill detections due to look-alikes limit the
accuracy of conventional oil spill services based on singlepolarization SAR imagery, e.g. the CleanSeaNet provided by
the European Maritime Safety Agency (EMSA).
Several current SAR sensors have dual- and/or quadpolarization capabilities, herein referred to as multipolarization SAR modes. These systems transmit and receive
electromagnetic pulses in pairs of two or four combinations
of the linear horizontal (H) and vertical (V) polarizations.
By exploiting the combined information in the backscattering
coefficients, features describing physicochemical properties
and scattering behavior of the observed target surface can
be extracted. Surface slick characterization, i.e. the discrimination between oil spills and look-alikes and the extraction
of slick properties, may hence be possible. Studies over the
last decade utilizing SAR polarimetry for this purpose show
promising results. Multi-polarization SAR data is exploited for
oil versus look-alike discrimination in e.g. [4]–[10], and for
extraction of slick information in e.g. [11], [12]. However, a
majority of these previous investigations were performed on
data from discontinued missions, like the SIR-C/X-SAR, or
from systems with restricted availability, like the UAVSAR.
We also note that changes in imaging geometry and environmental parameters could affect results when oil spill
observations are compared to look-alikes recorded at different
times and locations.
This work adds to the existing literature within the field
by identifying the most powerful C-band multi-polarization
features for mineral oil versus look-alike discrimination. The
data is collected in a large scale experiment, where controlled
oil spills and simulated look-alikes are repeatedly captured
within fine quad-polarization Radarsat-2 images. This allows
for a direct comparison of the multi-polarization features of the
different surface slick types, largely independent of variations
in sensor geometry and environmental conditions. In the
analysis, a comparison of eight well-known multi-polarization
descriptors showing promise for slick type discrimination is
carried out. The discrimination potential is investigated by
evaluating between-region contrasts and within-region variance. The feature selection is performed on one scene and
subsequently applied for classification of a second test image.
A noise analysis showed that only the co-polarization channels (HH and VV) are feasible to apply in marine dark slick
analysis, as the cross-polarization channels in this data set
are severely contaminated by noise. Hence, multi-polarization
features derived from only the co-polarized complex scattering
coefficients are explored. We find that the two most powerful
multi-polarization features for this data set are the geometric
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intensity, which is a measure of the combined intensity in
the co-polarization channels, and the real part of the copolarization cross-product, which is related to the scattering
behavior of the target. The power of this feature pair in
discriminating simulated biogenic slicks from mineral oil spills
is demonstrated through a simple clustering experiment, which
includes two acquisitions separated in time by 11.5 hours.
The study indicates that some crude oil types, such as Balder
and Oseberg blend, can be distinguished from monomolecular
natural occurring slicks.
The paper is organized as follows. Section II introduces
surface slicks and some important properties of these. The
experimental setup and the data set are described in Section III.
Section IV provides some basic polarimetric quantities, a short
literature review on polarimetry for oil spill characterization
and a discussion on the specific features used in this study.
Further analysis on slick separability and feature selection is
given in Section V, and classification results are provided in
Section VI. Section VII concludes the paper.
II. O CEAN SURFACE SLICKS
In this work, a surface slick refers to a film floating on the
ocean surface. The slick categories here investigated include
mineral and biogenic, and we start by giving an exposition of
general chemical and physical properties related to these slick
types.
A. Slick characteristics
Natural biogenic slicks produced by e.g. algae and bacteria
are often misinterpreted as oil spills in SAR imagery. These
surface films consist of surface-active organic compounds,
which have one hydrophobic part and one hydrophilic part.
The strong tendencies both towards and against water make
the molecules spontaneously arrange at the air/water interface
with the hydrophobic part up in the air and the hydrophilic part
down in the water. A so-called monomolecular film, only one
molecule thick (∼ 2.4-2.7 nm), is then formed [13], [14].
In contrast, crude oil spills mainly consist of alkanes,
cycloalkanes and aromatic compounds, which are chemicals
with exclusively hydrophobic character. Depending on the
amount and viscosity of the oil and on the environmental
conditions, crude oil spills will spread out over time, but the
final thickness still remains orders of magnitude larger than
that of monomolecular films (µm - mm, and even cm for
freshly spilled oil) [14].
Because the crude oil composition varies, each oil type has
unique characteristics. The most important properties of the oil
affecting the fate and behavior of spills are viscosity, density
and solubility [15].
Viscosity is the liquids resistance to flow. Typical values of
viscosity lies between 5 to 50 millipascal seconds (mPa·s) for
light crude oils and between 50 and 50 000 mPa·s for heavy
crudes at 15◦ C [16]. Mineral oils have higher viscosity than
natural slicks, and hence tend to be more concentrated and
provide larger damping of surface waves [1]. Density is the
mass of a given volume. This property is used to define light
versus heavy oils, and indicates whether a specific oil will
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float or sink in water. Sea water has density 1.03 g/cm3 (at
15◦ C), while the densities of most oils are in the range
0.7 to 0.99 g/cm3 (at 15◦ C) [15]. Solubility in water measures
the amount of oil that will dissolve in the water column
on molecular basis. The solubility of oil in water is small,
generally less than 100 parts per million [15].
The dielectric constant or relative permittivity is a property
that determines the propagation of SAR signals in a medium.
The electric permittivity is denoted as
� = �� − i���

(1)

where � is the real part, which describes the mediums ability
to store electrical energy. ��� is the imaginary part, called
the loss factor, and describes the electromagnetic loss in
the medium [17]. The dielectric constant is the ratio �/�0 ,
where �0 is the vacuum permittivity. Over the frequency
range 0.1 to 10 GHz, also covering the Radarsat-2 frequency
of 5.405 GHz, the relative dielectric constant for sea water
has real component greater than 60 and absolute value of
imaginary component greater than 40. Biogenic slicks and
mineral oils have real components in the range 2.2-2.35 and
imaginary components less than 0.02 [11], [18].
The ability of a SAR sensor to detect changes in apparent
dielectric constant due to presence of oil, depends on the
thickness of the oil layer relative to the radar wavelength.
In the presence of a sufficiently thick layer of oil, or if
oil is mixed with water in high enough concentrations in a
layer below the surface, the reduction in effective dielectric
constant can lead to a decrease in backscattered energy. This is
addressed in Minchew [2], where a method for decoupling the
effects of reduced dielectric constant and damping of surface
roughness is exploited.
In the experimental part of this work, the substances released on the sea were exposed to the elements for hours
before the first radar measurements were acquired. A review
of weathering processes affecting the fate and behavior of oil
spills is given next.
�

B. Weathering of mineral oil spills
Crude oils released into the marine environment are immediately subjected to weathering processes, including evaporation,
emulsification, spreading, dissolution, dispersion, oxidation
and biodegradation, which transform its physical and chemical
characteristics. Oil and sea water properties and weather
conditions affect the weathering, and the relative contribution
of each mechanism changes with time. Evaporation, emulsification and dispersion are especially important for slick
detection by SAR [19].
Evaporation is in many cases the most important process in
terms of mass balance. Within a few days, up to 75% (40%)
of the original volume of light (medium) crudes can be lost.
Heavy or residual oils will lose no more than 10% in the first
days after the spill [15]. The density and viscosity increase
during the evaporation process [20].
Emulsification is the formation of various states of water in
oil. The water content in stable emulsions is between 60% and
85%, expanding the volume by three to five times. The density
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and viscosity increase with increasing emulsification, the latter
typically by three orders of magnitude [15]. By increasing the
viscosity and thickness, emulsification contributes significantly
to the persistence of oil spills [21].
When subjected to turbulent wave energy, parts of the oil
spill can break up into drops of varying sizes that are mixed
down into the water column. This process is called dispersion.
For slicks of low viscosity oil under high sea state conditions,
dispersion becomes the dominating process for removal of
oil, and 90% or more of the slick may be dispersed. As the
viscosity of the slick increases, the dispersibility decreases
[20]. Dispersion can be enhanced by applying a chemical
dispersant.
Spreading is especially important in the initial phase after
release. The oil does not spread uniformly, and areas of thinner
and thicker oil will form [20]. A rule of thumb is that more
than 90 % of the oil is contained in less than 10% of the
slick area [22]. High viscosity or high density of the oil will
decrease the spreading in the first stage of the process [19].
The weathering processes depend more on the oil type
than on environmental conditions. However, most weathering
processes are highly temperature dependent and will often
slow to insignificant rates as the temperature decreases towards
zero [15]. The presence of breaking waves, occurring at a wind
speed > 5 m/s, is set as a lower limit for water uptake, and the
dispersion rate varies proportional to the square of the wind
speed [19]. Winds and currents can enhance spreading [23].
The slicks investigated in this study were subjected to
weathering processes here discussed. Releases were done at
least a few hours before the satellite passes to allow spreading
to take place. The wind speed measured during the exercise
was quite low, hence the process of natural dispersion may
be insignificant in our case. Evaporation and emulsification is
likely to take place in the mineral oil slicks, and the expected
impacts of these processes are further discussed in Section III.
III. E XPERIMENTAL SETUP AND DATA ACQUISITION
From 6-9 June 2011, the Norwegian Clean Seas Association
for Operating Companies (NOFO) conducted their annual oilon-water exercise in the North Sea (N 59◦ 59’, E 2◦ 27’).
The controlled discharges of oil at sea provided a unique
opportunity to acquire satellite images of marine oil slicks.
Three different substances were released during the exercise,
i.e. oil emulsion, crude oil and plant oil. An aerial photo of the
crude oil spill is shown in Fig. 1. As the main purpose of the
exercise was to test equipment and procedures, the mineral oil
releases were subjected to mechanical recovery and dispersion
before the SAR acquisitions took place. Table I describes the
three oil releases.
TABLE I: Properties of released oils at spillage and intervene
between releases and satellite data acquisitions.
Date
(release time)
Volume
Subject to

Emulsion
7 June 2011
(12.15)
20 m3
Mechanical recovery
(∼ 1 m3 left on surface)

Plant oil
8 June 2011
(04.10)
0.4 m3
Untouched slick

Crude oil
8 June 2011
(08.23)
30 m3
Dispersion
(on-going)

3

Fig. 1: Aerial photo of the
Photo: Kystverket/NOFO/Sundt Air.

crude

oil

slick.

A. Water-in-oil emulsion
20 m3 emulsion of Oseberg blend crude oil mixed with 5%
IFO3801 were released and subjected to mechanical recovery.
Laboratory analysis of a sample taken during the release
measured the water content to be 69% and the viscosity to
be 4860 mPa·s (shear rate 10s−1 , 10◦ C). About 1 m3 of
emulsion was not recovered, and the remains were imaged by
SAR the next day. From boats close to the slick, the thickness
of free-floating emulsion was estimated to be 0.1-1.5 mm.
B. Plant oil
0.4 m3 of Radiagreen ebo plant oil were released, and
left on the surface untouched. The plant oil had a dynamic
viscosity of about 6.92 mPa·s (based on the measured density
of ca. 865 kg/m3 (at 20◦ C) and a kinematic viscosity of ca.
8 mm2 /s (at 40◦ C)). The plant oil is a 2-ethylhexyl oleate, a
monoalkyl ester of an oleic acid. The ester group makes up the
hydrophilic part of the molecule, and the plant oil will have
similar ambiphilic structure as the surface active compounds
in natural slicks described in Section II-A. The plant oil is
here used to simulate a natural monomolecular biogenic slick.
C. Crude oil
30 m3 of evaporated Balder crude oil were released and
subjected to chemical dispersion. According to a lab study
of Balder 2001, the oil is characterized by a density of 0.914
g/mL and a dynamic viscosity of 219 mPa·s (shear rate 10s−1 ,
13◦ C) [24].
A look-up table of weathering data for Balder 2001 is used
to predict how the properties of this oil slick may change
over time. For summer conditions and a slick age of 9 hours,
which is approximately what we have in our SAR data, the
water content is expected to be 21% (55%) in wind speeds of
2 m/s (5 m/s) respectively. In the same conditions, 9% (11%)
of the oil is expected to be evaporated, and 0%(1%) to be
mixed down in the water for 2 m/s (5 m/s) [25]. Balder 2001
crude oil will produce stable emulsions with high viscosity,
and a terminal slick thickness of 1 mm is predicted [24].
1 Intermediate

Fuel Oil with viscosity ≤ 380 cSt (<3.5% sulphur).
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Information on neither variation in oil concentration with
depth nor spatial distribution of oil on the surface (other than
aerial imagery) were available close in time to satellite passes
for any of the three slicks.
D. Dataset overview
A unique data set, including data from several remote sensing satellites, aerial photos, weather data, and other ancillary
data on e.g. oil properties, was acquired during the exercise.
In this paper, we examine two C-band Radarsat-2 Fine quadpolarization scenes from 8 June. The morning scene (RSa)
contains two of the releases, while all three slicks are present
in the evening scene (RSb). The SAR data is further described
in Table II.
The weather data given in Table II are observations made
from ships participating in the exercise and from the closest
oil platform. The weather observations differ somewhat in
time and space from the SAR acquisitions, providing some
uncertainty to these figures. However, large deviations from
these measurements are not expected.

(a) Radarsat-2 scene 8 June 2011, 05.59 UTC (RSa).

TABLE II: Properties of the SAR scenes. E, P, and C denote
emulsion, plant oil and crude oil respectively.
Scene ID
Date
Time (UTC)
Mode
Incidence angle
Resolution (Rg × Az) [m]
Pixel spacing (Rg × Az) [m]
Slicks present (age [∼hours])
Wind speed
∗
nominal value for Fine-Quad

RSa
8 June 2011
05.59
Fine Quad
46.1◦ - 47.3◦
5.2 × 7.6∗
4.7 × 4.7
E (18), P (2)
1.6-3.3 m/s
mode [26].

RSb
8 June 2011
17.27
Fine Quad
34.5◦ - 36.1◦
5.2 × 7.6∗
4.7 × 4.8
E (29), P (13), C (9)
1.6-3.3 m/s

Intensity images (VV channel) of the relevant sub scenes
are shown in Fig. 2, with the oil types indicated. The left
slick in RSa is the plant oil released ∼ 2 hours before the
acquisition, while the remaining part of the emulsion, released
∼ 18 hours prior to the satellite pass, is seen on the right.
These slicks are also contained in RSb, with the plant oil
slick (∼ 13 hours old) to the left, the emulsion (∼ 29 hours
old) in the middle and the crude oil (∼ 9 hours old) to the
right. Dispersion of the latter is ongoing at the time of image
acquisition. The slicks are clearly visible, despite the low wind
speed of 1.6-3.3 m/s. Ships participating in the exercise are
seen as bright point targets within and near the slicks. Fig. 2
shows how biogenic films, here simulated by plant oil, may
visually be falsely interpreted as oil spill.
The yellow boxes in Fig. 2 indicate the selected regions used
in the data analysis. In RSa, regions of size 20 × 20 pixels are
used, while 50 × 50 box sizes are used in RSb where the slicks
are larger.
E. Noise analysis
The usefulness of SAR imagery for oil slick characterization
is highly affected by the noise equivalent sigma zero (NESZ),
which is the background noise (noise floor) in the SAR system.
The NESZ must be lower than the measured normalized radar
cross section (NRCS) to make sure that the signal is not

(b) Radarsat-2 scene 8 June 2011, 17.27 UTC (RSb).

Fig. 2: Intensity images (σ0V V [dB]), multi-looked by 9 × 9
window. Yellow boxes indicate regions used in the analysis.
Wind directions are based on measurements at 06.00 for RSa,
and at 17.00 and 18.00 for RSb. RADARSAT-2 Data and
c
Products �MDA
LTD. (2011) - All Rights Reserved.
corrupted by noise. Some sensors are known to have a very
low NESZ, like the UAVSAR used e.g. in [11], with NESZ of
-53 dB at its minimum. Current satellite-borne SAR sensors
have higher noise floors. Radarsat-2 quad-polarization modes
have NESZ values in the range -27.5 dB to -43 dB [26]. On
the everyday basis, this is the type of data available for oil
spill detection services. Hence, it is important to investigate
the signal level over marine targets relative to the noise floor,
and to develop algorithms for oil spill monitoring where the
impact of the noise on value added products is minimized.
Signal-to-noise analyses are performed based on the two
scenes described in Table II. Fig. 3 presents the noise analyses
for the VV and HH channels. The vertical bars show the mean
and standard deviation of the backscatter values σ0 computed
based on the regions indicated by yellow boxes in Fig. 2. The
signal levels are compared to the sensor noise floor, which is
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compared to 34.5◦ -36.1◦ for RSb, as we know that the ocean
backscatter decreases with increasing incidence angle [27].
The backscatter decreases faster in HH than in VV, which
can explain the larger difference between the two channels in
RSa [27].
Similar noise analyses for the VH channels are presented
in Fig. 4. In this paper, the transmit-receive polarimetric
combination is defined so that the first and second letter
represent transmit and receive polarization respectively, e.g.,
VH means vertical transmit and horizontal receive. In Fig. 4,

(a) RSa.

(b) RSb.

(a) RSa.

Fig. 3: Signal-to-noise analyses of HH and VV channels. Each
vertical line shows the mean ± one standard deviation of the
backscatter signal in the regions indicated by yellow boxes in
Fig. 2.
For RSa (Fig. 3(a)), the mean VV signal values lies mostly
above the noise floor while the mean HH levels lies closer to
and partly below the NESZ for the slick regions. Mean values
for plant oil lies from 0.5 dB below to 1.3 dB above the noise
floor in HH channel and 3.1-5.3 dB above NESZ in VV. In
emulsion regions, the mean values ranges from 1.4 dB below
to 0.7 dB above the noise floor in HH and from 0.1 dB below
to 5.7 dB above in VV. Clean water regions have mean signal
values 2.5-3.8 dB and 7.4-9.6 dB above the noise floor in HH
and VV respectively.
For RSb (Fig. 3(b)), most of the signal values lie within
one standard deviation of the noise floor. The bars of both
crude oil and emulsion crosses the noise floor, but the mean
VV values are still 10.1-12.3 dB, 5.9-7.2 dB, 3.8-5.6 dB and
14.1-15.8 dB above the NESZ for plant oil, emulsion, crude
oil and clean water respectively. The mean HH values lies
about 0.7-1.5 dB below the mean VV signal in slick-covered
areas. For both scenes, signal-to-noise ratios (SNRs) are larger
for the plant oil than in mineral oil slicks.
The NESZ is higher in RSa compared to RSb, and a larger
part of the signal is contaminated by noise. This may be
explained by the larger incidence angle of RSa, 46.1◦ -47.3◦ ,

(b) RSb.

Fig. 4: Signal-to-noise analysis of VH channel. Each vertical
line shows the mean ± one standard deviation of the backscatter signal in the regions indicated by yellow boxes in Fig. 2.
the VH signal is seen to fluctuate around the noise floor for
both scenes, and all mean values lie below the NESZ.
The results presented in this section shows that copolarization channels provide larger SNRs than the cross-
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polarization channels. Due to the high noise contamination
observed in cross-polarization channels, the multi-polarization
analysis presented in the next sections is confined to the VV
and HH channels.
IV. M ULTI - POLARIZATION SAR FOR SLICK
CHARACTERIZATION

A. SAR polarimetry
The full scattering matrix is given as
�

S
S = HH
SHV

� �
SV H
|SHH |ejφHH
=
SV V
|SHV |ejφHV

|SV H |ejφV H
|SV V |ejφV V

�

(2)

where | · | and φxx denote the amplitudes and the phases
of the measured complex scattering coefficients. Assuming
reciprocity, SHV = SV H , the Pauli scattering vector, k, can
be extracted from the scattering matrix as [28]:
1
T
k = √ [SHH + SV V SHH − SV V 2SHV ]
(3)
2
where T denotes transpose. When utilizing only the two copolarization channels, the scattering vector is reduced to:
1
T
k = √ [SHH + SV V SHH − SV V ]
(4)
2
The d × d multi-looked coherency matrix T is defined based
on k [28]:
T=

L
1 �
kn k∗T
n
L n=1

(5)

where kn is the single look complex measurement corresponding to pixel number n, L is the number of samples
included in the averaging and the super-index ∗ denotes
complex conjugate. d = 2 or 3 for dual- and quad-polarization
respectively. When only co-polarization measurements are
used, the coherency matrix is given by (6). < · > denotes ensemble averaging. By a comparable procedure as
represented by (5), the 2 × 2 multi-looked covariance matrix
C2 can be extracted based on the Lexicographic scattering
vector l = [SHH SV V ]T . The coherency- and covariance
matrices are used as basis for target decompositions and
feature extraction.
The dual-polarization coherency matrix given in (6) does
not incorporate the full scattering information contained in
quad-polarization data. In general, by excluding the crosspolarization channels, some information is lost. However,
for our purpose, the residual signal is expected to contain
the valuable information. Multi-polarization features extracted
from (6) are applied for oil spill observation in Section IV-C,
Section V and Section VI.
B. State-of-the-art on polarimetry for slick characterization
By combining several polarization channels, features directly related to the physical properties and scattering behavior
of the observed surface can be extracted. Studies done over the
last decade have demonstrated the benefit of multi-polarization
measurements for ocean slick characterization.

Nunziata et al. [8] proposes a simple filtering technique
based on the Mueller matrix, which is applied to C-band SIRC/X-SAR data. The filtering distinguishes areas characterized
by Bragg scattering (biogenic slicks and slick-free sea) from
areas of non-Bragg scattering (oil-covered sea surfaces). The
method is applied to L-band PALSAR data by Migliaccio et
al. [7]. The standard deviation of co-polarized phase difference
is proposed for slick characterization by Migliaccio et al. [5].
The method is observed to emphasize the presence of oil, while
de-emphasizing the presence of look-alikes in C-band [5] and
X-band [6] SAR. Nunziata et al. [9] exploit the pedestal
of the co-polarized signature as a measure of unpolarized
backscatter energy, for oil spill monitoring by C- and L-band
SAR. A larger pedestal is found in oil-covered areas compared
to slick-free surfaces and look-alikes, explained by a nonBragg scattering mechanism when an oil spill is present. One
common multi-polarization parameter is the span, which is
the total power of the polarimetric channels. Span is applied
for oil slick detection in e.g. [29]–[31].
The H/A/ᾱ (entropy/anisotropy/mean scattering angle)
decomposition proposed by Cloude and Pottier [32] is
found useful for surface slick monitoring in several
studies [4], [10], [33], [34]. The entropy is seen to discriminate between some cases of biogenic and anthropogenic slicks
in C-band SIR-C/X-SAR data in Migliaccio et al. [4]. A brief
study by Tian et al. [10] find H-ᾱ-plots useful for discrimination between sea surface, biogenic slick and anthropogenic oil
with different viscosity in Radarsat-2 data. These findings were
not confirmed for L-band SAR by Minchew et al. [11] who
find no significant contribution from a non-Bragg scatterer
in UAVSAR data over the Deepwater Horizon oil spill. H
and ᾱ values of the oil spill are found comparable to those
of clean sea, and an increase in H is seen only when the
NRCS approaches the noise floor. The authors conclude that
the H/A/ᾱ parameters are likely to be beneficial to oil slick
classification only in low noise instruments.
Some studies indicate a potential for extraction of slick
properties based on multi-polarization SAR measurements.
Shirvany et al. [12] investigate the degree of polarization
in UAVSAR L-band SAR data from the Deepwater Horizon
oil spill. Different regions in the depolarization maps are
interpreted as areas of different thicknesses [12]. Minchew
et al. [11] estimate the volumetric oil concentration in the
Deepwater Horizon oil slick from L-band UAVSAR data
by determining the effective dielectric constant from the copolarization ratio.
Other multi-polarization parameters exploited for oil spill
monitoring include the conformity coefficient [33], the major
eigenvalue [11], circular polarization coherence [35], Shannon
entropy [36] and co-polar correlation coefficient. A feature
combination is investigated in [29], [31].
Most published studies investigate individual multipolarization parameters. In this study, a systematic comparison
of eight multi-polarization features extracted from multiple
Radarsat-2 scenes is presented, and the most useful features for
oil spill versus look-alike discrimination are identified. Several
of the above mentioned features, together with some other
well-known multi-polarization parameters, are applied to the
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1
2

�
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< |SHH + SV V |2 >
< (SHH + SV V )(SHH − SV V )∗ >
∗
< (SHH − SV V )(SHH + SV V ) > < |SHH − SV V |2 >

data set described in Section III next.
C. Feature definitions and analysis
Eight well-known multi-polarization features are here investigated for ocean surface slick characterization. Specifically,
we look for a potential to discriminate between simulated
biogenic look-alikes (plant oil) and mineral oil spills (emulsion
and crude oil). Each feature is defined in this section and
discussed with reference to Fig. 5 and Fig. 6. These figures
present features extracted from the two scenes in Fig. 2. A
sliding window of size 9 × 9 is used in the feature computations, as this window size was found empirically to give a
good compromise between speckle reduction and preservation
of details.
Entropy:
d
�
H=−
pi logd pi
(7)
i=1

is one component of the H/A/ᾱ decomposition [32] based on
the expansion of the coherency matrix into a sum of d targets:
T=

d
�
i=1

λi Ti =

d
�

λi ei eTi ∗

(8)

i=1

d is the polarimetric dimension, λi (λ1 > λ2 ) are the
eigenvalues of T, representing the statistical weight of the ith
target Ti occurring with pseudo-probability pi = λi /(λ1 +λ2 ),
and ei is the corresponding eigenvector. The entropy is a
measure for the randomness of the scattering process and takes
values between 0 and 1 [28].
In this study, only co-polarization channels are included
(d = 2). Hence, the coherency matrix has only two eigenvectors, and the entropy parameter used here will differ from
the traditional definition where also the cross-polarization
channels are included. The superscript � is used throughout
the study to distinguish the co-polarization version of e.g. the
entropy (H � ) from the conventional definitions. We have that
p2 = 1 − p1 . For p1 close to 1, H � tends to zero, and a
dominant scattering mechanism can be identified. For higher
entropy values, a mixture of possible scattering mechanisms
must be considered from the full eigenvalue spectrum. On the
other hand, if p1 = p2 , then H � = 1. In this case, we have
random scattering and the polarization information becomes
zero [28].
In Fig. 5(a) and Fig. 6(a), the slicks are clearly distinguished
from the clean sea surface as areas of increased entropy,
suggesting a more complex scattering event may be found
in the slick-covered regions [28]. Increased entropy values
in oil-covered areas compared to the clean sea surface is in
accordance with the findings of [4], [7], [10], [33], [34] (note
that H based on the full 3D coherency matrix is used in these
studies). Minchew et al. [11] on the other hand, find increased
H values only when the signal level approaches the noise floor.
This could explain why RSa (Fig. 5(a)) has higher entropy

�

(6)

values than RSb (Fig. 6(a)), as the signal lies closer to the
noise floor in this scene. However, note that, we also observe
increased values of H � in areas with mean signal levels more
that 6 dB above the noise floor (see Section III-E), which is
the threshold used in [11].
The plant oil is seen to have entropy values more similar to
clean sea than the mineral oils.
Anisotropy:
λ1 − λ 2
A� =
(9)
λ 1 + λ2
As we work on the 2 × 2 coherency matrix given in (6), the
anisotropy A� is calculated from the two largest eigenvalues
of T2 , and measures the difference in size between these
two. This differs from the conventional definition using the
two smallest eigenvalues [28]. It should be noted that the copolarization versions of entropy and anisotropy represent the
same information, and A� can be written as A� = 2p1 − 1.
As seen in Fig. 5(b) and Fig. 6(b), the clean sea has large
anisotropy values, indicating λ1 >> λ2 , i.e. one scattering
mechanism dominates. Lower values of A� are observed within
the slicks, pointing to a higher relevance of the second
eigenvalue in these areas compared to the clean sea. This may
be interpreted as a scattering mechanism different from the
pure surface scattering found in the slick-free areas. As for
H � , a difference in anisotropy between the plant oil and the
mineral oils can be observed.
Alpha angle of the largest eigenvalue:
α1� = cos−1 (|e1 (1)|)

(10)

indicates the type of scattering mechanism that is dominating,
and is computed from the eigenvector of the largest eigenvalue,
e1 .
Conventionally,
the mean scattering angle, defined as
�d
ᾱ = i=1 pi αi is used together with entropy and anisotropy
to describe the underlying scattering mechanism. ᾱ takes values between 0◦ and 90◦ , indicating surface scattering at small
ᾱ values, volume scattering at intermediate angles and double
bounce at high ᾱ values. From the conventional definitions of
H and ᾱ (3-dimensional), all random scattering mechanisms
can be represented in the H/ᾱ plane. In this plane, Bragg
scattering is identified as the area with H < 0.5 and ᾱ < 42.5◦
[28, p. 240]. In [37], it is shown how the ᾱ for slightly rough
surfaces can be written as function of the co-polarization ratio
only. This ratio is a function of the surface dielectric constant,
and ᾱ is expected to increase towards 45◦ with increasing
dielectric constant and incidence angle [37].
In our case, only two αi angles are extracted, with
α1� + α2� = 90◦ . It is more interesting to look at the dominating
scattering mechanism than the mean of the two, hence α1�
is here presented. As described in Section II, the dielectric
constant of water is much larger than that of oil, hence
a smaller value of α1� is expected in slick-covered areas
compared to the clean sea. α1� extracted from RSb is shown in
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(a) Entropy, H � .

(b) Anisotropy, A� .

(c) Alpha angle of largest eigenvalue, α�1 .

(d) Geometric intensity, log(µ).

(e) Co-pol power ratio, log(γCO ).

(f) Std. of co-pol phase difference, σφCO .

(g) Magnitude of the co-pol correlation coefficient,(h) Real part of the co-pol cross-product, log(rCO ).
ρCO .

Fig. 5: Multi-polarization features computed from RSa. The features µ, γCO and rCO are log transformed for visualization
purposes. The legend shows the feature values as given by each caption.
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(a) Entropy, H � .

(b) Anisotropy, A� .

(c) Alpha angle of largest eigenvalue, α�1 .

(d) Geometric intensity, log(µ).

(e) Co-pol power ratio, log(γCO ).

(f) Std. of co-pol phase difference, σφCO .

(g) Magnitude of the co-pol correlation coefficient,(h) Real part of the co-pol cross-product, log(rCO ).
ρCO .

Fig. 6: Multi-polarization features computed from RSb. The features µ, γCO and rCO are log transformed for visualization
purposes. The legend shows the feature values as given by each caption.
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Fig. 6(c), with the ship pixels (pixels with α1� >45◦ ) masked
out to better display the relative difference between slicks and
sea. The slicks have mainly lower values than the clean sea
areas. In the case of RSa (Fig. 5(c)) however, parts of the
slicks also have α1� values larger than the surrounding sea.
The proximity to the noise floor may cause these unexpected
values in RSa.
Geometric intensity:
µ = (det(T))1/d

(11)

is computed based on the determinant, det(·), of the coherency
matrix T of dimension d × d, and is a measure for the
combined intensity in the co-polarization channels. µ is similar
to the span, but is computed as the geometric mean of the
eigenvalues rather than the sum. By using the determinant,
µ utilizes the full coherency matrix and therefore contains
information on the cross-products in addition to the intensities
used in the span. A comparison of span and µ has been
carried out for the scene given in Fig. 2(b). Based on the
empirical results, µ was selected for the subsequent analysis.
As seen in Fig. 5(d) and Fig. 6(d), µ provides good contrast
between slicks and sea. The oil-covered areas have lower
values of µ than the surrounding water, reflecting the low
backscatter from these areas. Ships are seen as very strong
point targets. No clear difference between the slick types are
observed visually.
Co-polarization power ratio:
γCO =

< |SHH |2 >
< |SV V |2 >

(12)

is the ratio between the amplitudes of the complex scattering
coefficients in the HH and VV channels. In the tilted Bragg
model, the co-polarization ratio is independent of the damping
of gravity-capillary waves by oil, and is only a function of
the dielectric constant, the root mean square (RMS) slope
due to ocean waves of long wavelengths (which is largely
unaffected by oil) and the incidence angle. Hence, a difference
in co-polarization ratio between oil and clean sea shows that
the reduction in backscatter in oil-covered regions is at least
partly caused by differences in dielectric constant [11]. As
discussed in Section II, the dielectric constants of mineral
oils and biogenic slicks are similar and much lower than the
dielectric constant of clean sea. This corresponds well with
Fig. 5(e) and Fig. 6(e), where γCO discriminates the slicks
from the background, but little variation is observed among
the slicks.
Co-polarization cross-product:
< SHH SV∗ V > = < |SHH ||SV V |ej(φHH −φV V ) >

(13)

is the basis for the next three features, i.e. the standard
deviation of co-polarized phase difference, the magnitude of
the co-polarization correlation coefficient and the real part of
the co-polarization cross-product.
Standard deviation of co-polarized phase difference:
�
σφCO = (< (φHH − φV V )2 > −(< φHH − φV V >)2 )
(14)

is the standard deviation of the phase of the co-polarization
cross product defined in (13). While the individual phase
angles φHH and φV V are uniformly distributed over [−π, π]
and contain no information about the geometric and dielectric
properties of a target, the phase differences may contain useful
information [38]. The distribution of the co-polarized phase
difference φCO = φHH − φV V is completely specified by two
parameters, i.e. the degree of correlation between SHH and
SV V , which measures the width of the probability density
function (pdf), and the value of φCO where the distribution is at
its maximum [38]. In the limiting cases we have i) correlation
close to one (total correlation) and the pdf of the co-polarized
phase difference tends towards a Dirac delta function, and ii)
correlation close to zero (total decorrelation) and a pdf which
is uniformly distributed between −π and π. For correlation
values between 0 and 1, the pdf of the co-polarized phase
difference resembles a Gaussian bell [5], [38].
The degree of correlation between the co-polarization
components can be measured by the standard deviation
of the co-polarized phase difference, σφCO . According to
Schuler et al. [39], the co-polarization phase difference is
small in case of resonant, highly correlated, Bragg backscatter
from slightly rough ocean surfaces. The distribution of the
phase difference will broaden with incidence angle, and when
either the surface becomes optically rough2 or there are a
number of scattering processes present. Hence, the broadening
of the distribution, i.e. the increase in σφCO , which is seen in
the slick-covered areas in Fig. 5(f) and Fig. 6(f) may be due
to a scattering process different from the Bragg scattering in
ocean areas, as is also indicated by H � and A� . As described in
Section IV-B, differences in σφCO between oil slicks and lookalikes are observed in previous studies, where this variation
is related to the presence of Bragg and non-Bragg scattering
respectively [5], [6]. Some difference between the plant oil
and the mineral oils is observed in Fig. 5(f) and Fig. 6(f).
Magnitude of the co-polarization correlation coefficient:
�
�
�
�
< SHH SV∗ V >
�
�
ρCO = � �
(15)
�
� < |SHH |2 >< |SV V |2 > �
is the magnitude of the normalized cross-product defined in
(13). A magnitude of the co-polarization correlation coefficient
equal to unity, indicates that HH and VV returns are perfectly
correlated. Lower values of ρCO imply depolarization effects.
A component of unpolarized backscatter may be due to
the presence of complex surfaces, multiple-scattering surface
layers and/or presence of system noise [41]. Similar to the copolarization power ratio, ρCO is independent of the damping
of gravity-capillary waves by oil in the tilted Bragg model; it
is only a function of the dielectric constant, the RMS slope due
to ocean waves of long wavelengths and the incidence angle.
Observations reported by Kasilingam et al. [42], suggest that
the magnitude of the co-polarization correlation coefficient is
not sensitive to changes in short scale roughness, but can be
modulated by variations in dielectric constant. ρCO is inversely
related to the incidence angle [43].

2 A surface is regarded as being optically rough when its height variations
within the resolution cell of the imaging system exceed one-fourth of the
wavelength of the light used [40].
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In Fig. 5(g) and Fig. 6(g), the magnitude of the copolarization correlation coefficient is seen to be high for clean
sea areas, while the slick-covered regions have lower ρCO .
The decreased ρCO in slick-covered regions could be due to
the presence of several scattering mechanisms or a scattering
mechanism different from the clean surface scattering. RSb
generally has higher values of ρCO than what is observed in
RSa, possibly due to the higher level of noise contamination
for the latter as seen in Section III-E. A clear difference
between plant oil and mineral oils can be noticed.
Real part of the co-polarization cross-product:

TABLE III: Contrast measure CM for the different features in
slicks from RSb. P, E, C and W refer to plant oil, emulsion,
crude oil and water, and indicate between which regions the
contrast is computed.

rCO = |�(< SHH SV∗ V >)|

TABLE IV: Within region mean value and standard deviation
of normalized features in RSb.

(16)

where � denotes the real part, is the magnitude of the real
part of the co-polarization cross-product given in (13). As
in the previous features, Fig. 5(h) and Fig. 6(h) show a
decrease in correlation when moving from slick-free to slickcovered areas, possibly explained by a difference in scattering
mechanism between the slicks and the sea. The plant oil slick
is clearly distinguished from the mineral oil slicks, with feature
values more similar to the clean sea areas. rCO is proposed
for oil spill vs. look-alike discrimination in [7], [8] as part of
the Mueller filter, where slick-covered areas characterized by
a non-Bragg scattering mechanism is distinguished from clean
sea and look-alikes where Bragg scattering is present. A more
thorough discussion on the selection of this parameter is given
in Appendix A.
A visual difference between plant oil and mineral oils is
observed in several of the features in Fig. 5 and Fig. 6. The
slick separability of the features is further investigated in the
next section.
V. F EATURE SELECTION
The most promising features for slick characterization are
selected by evaluating between-region contrasts and withinregion variance in terms of histograms, scatter plots and
quantitative measures. The features are selected based on RSb,
and subsequently applied for classification of RSa to evaluate
the appropriateness of the feature choice.
The slick-to-sea and between-slick contrasts in the different features are quantitatively investigated by computing the
Michelson contrast given as [44]:
Fmax − Fmin
(17)
Fmax + Fmin
Fmax (Fmin ) denotes the maximum (minimum) feature mean
value between the two regions being compared. The values of
CM will be in the range [0,1]. Contrasts are computed based
on the slick regions indicated by yellow boxes in Fig. 2 and
regions from the clean water at corresponding range positions.
Table III presents the contrasts between each slick and clean
sea, and between plant oil and mineral oils for all features in
RSb.
Table III shows that the slick-to-sea contrasts are larger for
mineral oils than for plant oil, as observed in Fig. 6. The plant
oil has a higher contrast to crude oil than to emulsion. For all
cases evaluated in Table III, CM is largest in rCO , µ, H � and
σφCO , in that order.
CM =

P vs. W
E vs. W
C vs. W
P vs. C
P vs. E

µ
γCO
ρCO
rCO
σφCO
H�
A�
α�1

µ
0.348
0.555
0.562
0.336
0.282

γCO
0.110
0.153
0.178
0.062
0.037

Plant oil
0.0024±0.0007
0.1030±0.0221
0.8427±0.0542
0.0077±0.0028
0.3435±0.0731
0.3586±0.0936
0.8435±0.0540
0.0656±0.0240

ρCO
0.058
0.174
0.216
0.169
0.121

rCO
0.541
0.801
0.821
0.596
0.493

Emulsion
0.0010±0.0004
0.0291±0.0746
0.6591±0.1122
0.0026±0.0014
0.5032±0.0871
0.6146±0.1300
0.6609±0.2145
0.0789±0.0411

σφCO
0.193
0.315
0.320
0.176
0.148

H�
0.318
0.480
0.481
0.264
0.220

Crude oil
0.0008±0.0003
0.1229±0.0337
0.5971±0.1195
0.0019±0.0010
0.5398±0.0829
0.6834±0.1218
0.5986±0.1168
0.0841±0.0477

A�
0.058
0.170
0.210
0.163
0.117

α�1
0.154
0.078
0.056
0.124
0.092

Water
0.0051±0.0007
0.0746±0.0126
0.9390±0.0207
0.0219±0.0043
0.2072±0.0610
0.1603±0.0474
0.9421±0.0200
0.0885±0.0167

In addition to the between-region contrast, the within-region
variation affects the discrimination ability of the features. The
mean and standard deviation of the normalized features are
computed based on the regions shown in Fig. 2, and presented
in Table IV. The lowest within-region variation is in all cases
found in µ, and the second lowest in rCO . With large betweenregion contrasts and low within-region variation, µ and rCO
seem to have the best potential for oil spill versus look-alike
discrimination among the features investigated. To further
evaluate the quality of these two parameters, the contrast
measure, CM , is computed between two water regions. CM
values of respectively 0.022 and 0.033 for µ and rCO indicate
low variation in feature values over clean sea regions, as
required.
The histograms of µ and rCO and their mutual scatter plot
are shown in Fig. 7 and Fig. 8 respectively. The features are
here log-transformed and normalized with respect to the whole
sub scenes in Fig. 2. When looking at the histograms in Fig. 7,
a good separation between the mineral oil slicks and the clean
sea surface is observed. The two mineral oils fully overlap
and a separation between these two is not possible based on
these features. The plant oil distribution lies between the two
mineral oils and the clean sea, overlapping a little with both.
This is also observed in the scatter plot in Fig. 8(a). The
two mineral oil slicks are found in the lower left part of the
diagram, with low values in both features. In the opposite part
of the plot, with larger values of rCO and µ, lies the clean
sea. The plant oil lies between these two. A density plot is
included in Fig. 8(b) to more clearly portray the clusters in
the scatter plot. We can recognize three clear cluster centers,
representing the three main regions, i.e. clean sea, plant oil
and mineral oils. Discrimination between these regions should
hence be possible using µ and rCO .
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(a) log(rCO ).

(b) log(µ).

Fig. 7: Histograms of feature values within selected regions
in RSb.
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(a) Scatter plot. The ellipses indicate mean and standard deviation of
the feature values within the different regions.

(b) Density plot. The colorbar represent the number of pixels at a given
location in the feature space.

Fig. 8: Scatter plot and density plot of log(rCO ) and log(µ)
within selected regions in RSb.

VI. C LASSIFICATION
A. Clustering of the full sub scene
The two features selected in the previous section are here
used as basis for a simple unsupervised classification to further
investigate their potential for surface slick characterization.
The objective is to see if the pixel wise feature values have
within-slick similarities and between-slick differences large
enough to group the slicks into different image segments. The
clustering is first applied to the full sub scene, and a k-means
feature-based classification [45, p. 742] is compared to Wishart
clustering [46], which is considered the standard clustering
method for polarimetric data. Secondly, classification of segmented slicks is performed, to avoid the effects of the ships
and the varying sea clutter. The Wishart method is applied for
segmenting out the slicks, which are subsequently classified
by the feature-based clustering method. Classifications based
on the two individual features and their combined feature
vector are compared. Finally, the features are applied for
classification of a new and independent scene to evaluate their
generalization property.

A partitioning of the data space is done using standard
k-means clustering based on the multi-polarization features,
µ and rCO . The log-transformed versions of the features are
used in the classifications. The log-transformation enhances
the contrast and makes the data more Gaussian, which may improve the performance of the k-means algorithm. The k-means
clustering requires the number of classes to be defined in
advance. In our case, we only expect to have a few classes
present (small k), and we have repeated the classification with
k = 3 and k = 4. The feature-based classification is compared
to a standard Wishart classification of the covariance matrix,
which is considered a state-of-the-art method for classifying
polarimetric data under the Gaussian assumption. It is here
used as a reference method.
In Fig. 9 and Fig. 10, classifications of RSb into three
and four classes are presented. We first compare the three
feature-based classifications, and observe that µ, rCO and the
combined feature vector give similar results in both Fig. 9 and
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(a) k-means classification of log(rCO ).

(b) k-means classification of log(µ).

(c) k-means classification of log(rCO ) and log(µ).

(d) Wishart classification of C2 .

Fig. 9: Classifications of RSb into three classes (k = 3).
Fig. 10. In all cases, the main parts of the emulsion and crude
oil slicks are assigned to the red class and the surrounding
zone of pixels to the green class. The clean sea is a mix of
two or more classes, one of which includes the main part
of the plant oil slick. The classification based on rCO gives
less mixing between slicks and sea compared to the other two
cases. In addition, the plant oil is here better separated from
the mineral oils. Based on these results, rCO can seem to be the
most powerful feature for oil versus look-alike discrimination.
In addition, the reduced mixing between slick regions and sea
areas is beneficial for slick detection. However, the presence of
ships and sea surface variations affect the classification results,
making it difficult to draw definite conclusions.
The results of the Wishart classification are somewhat different from the feature-based clustering results. In Fig. 9(d), the
Wishart classification gives three clearly distinct classes, i.e.
ships, clean sea and slicks. Note, the plant oil slick observed
in Fig. 2(b) is only partly delineated by the Wishart clustering
in Fig. 9(d), while the whole slick is distinguished from the
surrounding sea in the feature-based clustering (Fig. 9(a), 9(b)
and 9(c)). In Fig. 10(d), the segmentation of the plant oil is

improved in the four class Wishart case. The detected slicks
seem to have similar sizes and shapes in all four classifications
presented in Fig. 10.
For the purpose of slick detection and discrimination between mineral oil spills and biogenic slicks, Fig. 9 and
Fig. 10 show that the feature-based classification with kmeans performs as well as a standard Wishart classification.
This supports our selected feature pair and indicates that even
though the features do not incorporate the full polarimetric
information, they contain sufficient information for the purpose investigated here. We emphasize that, in addition, featurebased clustering provides classes in which the properties are
already described by the feature values, and which can be
directly interpreted. The features may also be used as input to
other more sophisticated classification algorithms.
Note, a comparison of clustering algorithms is beyond the
scope of this paper, and the comparison of our feature-based
approach to the reference (Wishart) method is not further pursued. However, as the Wishart clustering gives good separation
between slicks and sea, this method is used to produce a binary
mask of the slick regions, created independent of the multi-
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(a) k-means classification of log(rCO ).

(b) k-means classification of log(µ).

(c) k-means classification of log(rCO ) and log(µ).

(d) Wishart classification of C2 .

Fig. 10: Classifications of RSb into four classes (k = 4).
polarization features. Each slick region is delineated separately
by applying a two class classification to a limited area around
the slick, after ships are masked out. The classification of these
segmented slicks are discussed next.
B. Feature-based classification of slick segments
As mentioned in the previous section, the presence of ships
and varying sea conditions affect the classification results. To
better evaluate the power of the multi-polarization features in
discriminating between the slicks, the k-means classification
based on selected features are repeated on delineated slick
segments.
In Fig. 11, k-means clustering based on µ, rCO and the
combined feature vector are presented. In all three cases, the
plant oil is mainly classified into the green class and the
emulsion and crude oil mainly assigned to the red class. As
the emulsion has been on the surface for the longest amount
of time, it is interesting to see that its properties are still more
similar to the crude oil than to the plant oil. This may indicate
that the observed differences are related to slick type (mineral
vs. biogenic) and the differences in physical properties, such

as the mineral oils having thicker films, and high viscosity and
water content due to weathering processes (see Section II-B).
Only small differences between the three classifications are
visually observed. The most important difference may be that
the classification of rCO seems to assign a slightly larger part
of the mineral oils to the green class. While rCO gave the
best results in the classification of the full scene, µ, or the
combination of µ and rCO , seems to better distinguish mineral
oil from plant oil in the case when sea areas and ships are
masked out.
Quantitative performance assessment: We identify the two
main classes in the delineated slicks as biogenic slick (plant
oil) and mineral oil slick (emulsion and crude oil). We define
the green class (G) and red class (R) to represent the biogenic
slick and mineral oil, respectively, and compute a matching
matrix of the classification results in Fig. 11. The matching
matrix is presented in Table V.
In Table V, for all three feature cases, the classification
of the pixels in the green class is more accurate than the
classification of the red class. This is also observed in Fig. 11.
A higher percentage of the pixels belonging to the red class
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(b) Classification of log(µ).

(c) Classification of log(rCO ) and log(µ).

Fig. 11: Classifications of slick areas in RSb after ships and sea pixels are masked out.
are correctly classified based on µ, while rCO results in the
best assignment of pixels in the green class. The feature
combination gives the second best result in both cases, and
may be a good compromise. It should be noted that the clear
division into two classes as done here, is an oversimplification
of the situation. The outermost part of the mineral oil spill may
form thinner slicks over time, as discussed in Section II-B.
Hence, the green zone around the edges of the emulsion and
crude oil may be a thinner film, with properties more similar
to the plant oil slick. This can explain the higher level of
”misclassification” observed for the red class in Table V.

Actual class

TABLE V: Matching matrix derived from the classifications in
Fig. 11. G refers to the green class/plant oil, while R denotes
the red class/mineral oil.
Classification result
log(µ)
log(rCO ) and log(µ)

log(rCO )
R
G

R
72.8
0.2

G
27.2
99.8

R
G

R
79.1
1.4

G
20.9
98.6

R
G

R
78.2
1.0

G
21.8
99.0

In Table VI, a number of performance measures of the
classification results in Fig. 11 are given. The measures are
complementary and important from different perspectives [47].
The low commission error (CE) [47] of the red class tells us
that the majority of the pixels classified as red, actually is
mineral oil, while the omission error (OE) [47] tells us that
20.9-27.2% of the pixels belonging to the red class was not
assigned to this class. This means that 20.9-27.2% of the pixels
in the mineral oil slicks have feature values that are more
similar to the plant oil slick than to the rest of the mineral oil
regions. These are mainly the pixels in the outermost area of
the slick, where we indeed expect the film to be thinner and
more similar to biogenic slicks. For the green class, the OE is
very low, i.e. the majority of the plant oil pixels were correctly
classified as green. The larger CE tells us that 37.8-43.9% of
the pixels classified as green are found in the mineral oil slicks.
The omission error is inversely related to the producer
accuracy (PA), while the commission error is inversely related
to the users accuracy (UA) [47]. The high UA of the red class
tells us that the majority of the area classified as red really
belongs to this class. The lower PA indicates that only 72.8-

79.1% of the pixels in the mineral oil were classified to the
correct class. This is again due to the outermost areas of the
mineral oil slicks, which have feature values more similar to
the biogenic slick. The opposite situation is found for the green
class, with low UA and high PA. In the case of operational
oil spill services, these measures may be used in combination,
and a trade-off between detecting all oil spills (low OE and
high PA) and avoiding false detections (low CE and high UA)
may be necessary.
When comparing the three classification cases in Table VI,
we find that rCO provides the best results in some measures,
while µ performs best in others. The feature combination gives
the second best result in all cases, and seems again to be a good
option for slick characterization, compromising the strengths
of the individual features.
TABLE VI: Performance measures for classifications in
Fig. 11. OA: overall accuracy, CE: commission error, OE:
omission error, PA: producers accuracy, UA: users accuracy.
G refers to the green class/plant oil, while R denotes the red
class/mineral oil.
OA
CE, R
CE, G
OE, R
OE, G
PA, R
PA, G
UA, R
UA, G

log(rCO )
79.8
0.1
43.9
27.2
0.2
72.8
99.8
99.9
56.1

log(µ)
84.1
0.6
37.8
20.9
1.4
79.1
98.6
99.4
62.2

log(rCO ) and log(µ)
83.6
0.5
38.7
21.8
1.0
78.2
99.0
99.5
61.3

C. Testing on an independent scene
Classification is finally performed on the RSa scene, to
investigate how well the selected feature set (rCO and µ)
performs on a new, independent scene. In Fig. 12, classification
of slicks segmented from RSa is presented, with similar results
as for RSb; The plant oil in green is separated from the
main parts of the emulsion in red, and green zones along
the edges of the emulsion slick are observed. This confirms
that the suggested feature combination has the capability to
discriminate mineral oil spills from simulated biogenic slicks.
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Fig. 12: Classification of slick areas in RSa based on log(rCO )
and log(µ).
VII. C ONCLUSIONS
In the first part of this work, we presented an experimental data set collected during a campaign in the North Sea.
This dataset is unique in the sense that it contains multitemporal quad-polarimetric Radarsat-2 SAR measurements of
controlled releases of oil with different origin, where comprehensive information about the properties of these substances
and time development of the slicks are known.
In the second part, we explore the power of multipolarization C-band SAR data for the purpose of oil slick
characterization. We provide a systematic investigation of
eight well-known multi-polarization features for the specific
purpose of mineral oil slick versus monomolecular biogenic
film discrimination at open sea conditions.
A noise analysis of the measurements is given, from which
we conclude that the signal level in the cross-polarization
channels is not strong enough for the desired analysis of oil
slick characteristics. Therefore, the cross-polarization channels
are discarded in our study. Multi-polarization features utilizing only the co-polarized complex scattering coefficients are
explored.
Feature analysis and selection is performed on one of the
scenes. We find that the two most powerful multi-polarization
features extracted from this scene are the geometric intensity and the real part of the co-polarization cross-product.
Geometric intensity measures the combined intensity in the
co-polarization channels based on the determinant of the
coherency matrix, while the real part of the co-polarization
cross-product is related to the scattering behavior of the target.
For the purpose of slick discrimination, the feature-based kmeans classification is seen to perform at least as good as
a standard Wishart clustering of the covariance matrix. This
supports our feature-based approach, and indicates that the
selected features contain sufficient information for the purpose
investigated here. The features are subsequently used as basis
for image classification of a second scene, confirming the
results. In both scenes, the selected feature pair discriminates
simulated biogenic slicks from mineral oil spills.
In one scene, the emulsion slick, which has been on the
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surface for the longest amount of time (∼ 29 hours) has
properties more similar to a fresher crude oil slick (∼ 9
hours) than to the simulated biogenic slick (∼ 13 hours). This
indicates that the observed differences are related to slick type
(mineral vs. biogenic), i.e. differences in properties such as the
mineral oil having thicker oil films, and high viscosity and
water content due to weathering processes.
This study gives an important contribution to the field
indicating that some crude oil types, such as Balder and
Oseberg blend, can be distinguished from monomolecular
natural occurring slicks in North Sea summer conditions and
low winds. Future studies will be done to confirm our results
over a wider range of sensor parameters, oil properties and
environmental conditions. A study on the utilization of multipolarization features as basis for supervised classification will
be carried out. If a training set with varying sensor parameters
and environmental conditions is built up, the features may
eventually be used in operational oil spill services for discrimination between mineral oil spills and look-alike phenomena.
A PPENDIX A
O N THE SELECTION OF rCO
As described in Section IV-C, rCO was selected because
it was previously applied for oil spill observation in [7], [8].
Several alternatives for this feature were investigated as part
of this study. Table VII and Table VIII present the comparison
of normalized and unnormalized versions of the real part
and the magnitude of the cross-product. Contrasts (similar to
Table III) are given in Table VII, while the mean and standard
deviations (similar to Table IV) are given in Table VIII. We see
that rCO gives similar results as the magnitude of the crossproduct. The contrasts are slightly better in rCO , while the the
magnitude of the cross-product has slightly lower (0.0001)
standard deviation for two of the four region types. The two
normalized correlations are seen to give much lower contrast
than their respective unnormalized versions. This may be due
to the fact that the normalization will remove some of the
radiometry information [48].
Based on the empirical results, we conclude that both the
magnitude and the real part of the cross-product could be used
in the analysis. As rCO seems to give slightly better results,
and has also been used in previous studies, we choose to use
rCO in our analysis.
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TABLE VII: Comparison of contrast measures CM for alternative features not
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analysis.
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