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Abstract— Remote sensing technology is an essential link in the
global monitoring of the ocean surface, and radars are efficient
sensors for detecting marine pollution. When used operationally
by authorities, a tradeoff must usually be made between the
covered area and the quantity of information collected by
the radar. To identify the most appropriate imaging mode,
a methodology based on receiver operating characteristic curve
analysis has been applied to an original data set collected by
two airborne systems operating at L-band, both characterized
by a very low instrument noise floor. The data set was acquired
during controlled releases of mineral and vegetable oil at sea.
Various polarization-dependent quantities are investigated, and
their ability to detect slick-covered areas is assessed. A relative
ordering of the main polarimetric parameters is reported in
this paper. When the sensor has a sufficiently low noise floor,
HV is recommended because it provides the strongest slick–
sea contrast. Otherwise, VV is found to be the most relevant
parameter for detecting slicks on the ocean surface. Among
all the investigated quad-polarimetric settings, no significant
added value compared to single-polarized data was found. More
specifically, it is demonstrated, by increasing the instrument noise
level, that the studied polarimetric quantities which combine the
four polarimetric channels have performances of detection mainly
driven by the instrument noise floor, namely, the noise equivalent
sigma zero. This result, obtained by progressively adding noise to
the raw synthetic aperture radar (SAR) data, indicates that the
polarimetric discrimination between clean sea and polluted area
results mainly from the differentiated behavior between singlebounce scattering and noise. It is thus demonstrated, using SAR
data collected with a low instrument noise floor, that there is no
deviation from Bragg scattering for radar scattering from ocean
surface covered by mineral and vegetable oil.
Index Terms— Bragg, detection, instrument noise, marine pollution, noise, noise equivalent sigma zero (NESZ), noise floor,
ocean, oil, polarimetric discrimination, polarization, probability
of detection (Pd), probability of false alarm (Pfa), radar, ranking,
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I. I NTRODUCTION

S

PACEBORNE and airborne remote sensing sensors are
commonly used in the offshore domain for monitoring
natural and anthropogenic oil slicks [1]–[3]. These sensors
allow the authorities and the petroleum companies to monitor
sea shipping lanes to identify possible fuel releases, respond
to incidents occurring at surface or subsurface oil and gas
facilities, and identify the occurrence of natural hydrocarbons
(seeps) on the sea surface [4]–[6], testifying to the presence
of mature source rock on the ocean bottom.
Because of the constraints linked mainly to weather conditions and the risk of significant cloud cover, the use and
programming of synthetic aperture radar (SAR) data is usually
favored over optical imagery for oil slick detection over the
ocean surface [6]–[8]. SAR is a powerful tool for detecting
hydrocarbons or chemicals on the sea surface because of the
sensitivity of the electromagnetic (EM) scattering to surface
roughness. In calm seas, most of the transmitted energy is
reflected away from the radar and the backscattered signal
toward the instrument is very low. Wind-driven roughness
increases the total backscattered energy from the surface. Oil
films on the sea surface damp the capillary and short gravity
waves [9], [10], which are the main source of sea surface
roughness. As a consequence, slicks appear as dark areas in
the SAR image (low backscattered signal), which makes the
presence of an oil slick on the sea surface detectable in radar
imagery.
Several major issues are identified in the success of hydrocarbon detection in the offshore domain, the first of which
remains today, namely, the revisit time. Indeed, in an emergency situation, obtaining quick information from spaceborne
sensors is decisive. The latency is constrained by the repeat
orbit interval of SAR satellite systems, the trajectory of the
orbits, the location of the area of interest (e.g., there are
more possibilities of acquisition daily at high latitudes than
that toward the equator), the data recording and downlink
system, and the SAR viewing geometry agility [11]. Thus, very
large swath modes are often selected by maritime surveillance
services to the detriment of the spatial resolution or to the
amount of information potentially collected over the area of
interest, for example, with polarimetric modes. Monitoring
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services exploit mainly radar remote sensing data acquired in
a single-polarization mode, maximizing the covered surface
of the ocean. Due to a higher backscattered signal level
from the sea surface for vertically (V) polarized waves than
that for horizontal (H) polarization [12], the VV channel is
often preferred to HH for ocean studies. Because most of
the spaceborne SAR systems available today have a moderate
noise floor (between −20 and −35 dBm2 /m2 [13]), the crosspolarization (HV or VH) channels have not been used for
operational ocean slick detection.
The second major issue affecting the success of offshore
hydrocarbon detection concerns the speed of data analysis
coupled with the reliability of hydrocarbon detection. Operationally, the analysis of SAR images is mostly based on
the visual identification of dark areas corresponding to oil
slicks [14]. Many oceanic and atmospheric phenomena can
occur over the sea surface and manifest themselves on radar
images in the same way as areas covered by hydrocarbons.
These are called look-alikes, and they can originate from several sources [15]: 1) natural biogenic surface films produced by
fish or plankton; 2) young and thin sea ice; 3) low-wind areas;
and 4) upwelling of cold water. For decades, Alpers et al. [15],
Migliaccio et al. [16], and Hansen et al. [17] have attempted
to develop methodologies to differentiate ocean areas covered
by hydrocarbon from look-alikes. Today, the discrimination
between biogenic films and mineral oil slicks remains an active
area of research [15]. The method of conventional operational
SAR analysis is mainly based on the experience and expertise
of the image interpreter. In order to facilitate visual inspection, there have been many studies of the SAR signature of
hydrocarbons observed in different acquisition configurations
in order to identify the optimal detection method. Regarding
the choice of sensor, the reliability of detection depends mainly
on the frequency band and the sensor noise floor. For example,
it has been demonstrated in [18] that SAR images acquired
at high frequency (e.g., X- or C-band) are preferable to
those acquired at lower frequency (e.g., L-band) for mineral
oil slick detection. In parallel with system considerations,
it is essential to know what information is most relevant for
detection, especially information that can be obtained from the
polarization of the EM waves. Because many studies published
in the literature have suggested that multipolarization (dualpolarization or quad-polarization) or polarimetric (POLSAR,
i.e., using both amplitude and phase information) parameters
improve the detection capability of slicks compared to singlepolarization data [19]–[26], exploring various polarizationdependent SAR parameters accessible in the range of possible
SAR acquisition configurations is a valuable aid to operational
teams in ranking the acquisition modes that can be used.
The aim of this paper is to present a prioritization of
SAR parameters to enhance and facilitate slick detection in
the offshore domain. The originality of the proposed method
lies in the definition and quantitative evaluation of parameters
calculated using data obtained in quad-polarimetric mode by
two airborne SARs operating at L-band (1.275 and 1.325 GHz)
with very high signal-to-noise ratio (SNR) over controlled
releases of mineral and vegetable oil at sea. These two sensors
are Système Expérimental de Télédétection Hyperfréquence
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Imageur (SETHI) operated by ONERA [27], the French
Aerospace Lab, and Uninhabited Aerial Vehicle Synthetic
Aperture Radar (UAVSAR) operated by National Aeronautics
and Space Administration (NASA)/Jet Propulsion Laboratory (JPL) [28].
This paper is organized as follows. Section II presents the
basis of the radar scattering from the ocean surface. Section III
summarizes the state-of-the-art POLSAR parameters proposed
in the literature for slick detection. Section IV describes the
airborne SAR data used in this paper. Section V presents the
methodology used to evaluate the studied parameters and gives
the results, and main discussions are presented in Section VI.
II. R ADAR S CATTERING F ROM THE O CEAN S URFACE
Over a rough sea surface where Bragg scattering is dominant (incidence angles in the so-called “plateau region” [29],
ranging from around 30° to 60°), the co-polarized channels (HH and VV) have higher backscattered power than
that of the cross-polarized (HV and VH) channels. Higher
backscattered power means higher SNR, which makes these
channels more attractive for slick detection on the sea surface
where typical backscattered power can be low [17]. The copolarized radar backscattered power is proportional to the
normalized radar cross section (NRCS), which is defined in
the Bragg scattering theory [12] as
0
4
σpp
= 4πkEM
cos4 θi pp W (k B )
k B = 2kEM sin θi

(1)
(2)

where subscript p denotes either H (horizontal) or V (vertical)
polarization; kEM = 2π/λEM is the EM wavenumber corresponding to the radar wavelength λEM ; pp is the reflectivity;
W (k B ) is the spectral density of ocean surface roughness
evaluated at the Bragg wavenumber k B ; and θi is the radar
local incidence angle. The spectral density of the sea surface
describes the components of the ocean wave spectrum that
contribute to the scattering of the radar pulses [30], while the
reflectivity describes the total power scattered from the surface.
This formulation of the NRCS (1) does not fully explain
the EM signal backscattered by a rough sea surface
because it takes into account only the polarized components
of the backscattering from the ocean surface. Deviations
between model estimation (Bragg theory) and real observation [31], [32] are often explained through nonresonant
mechanisms, called non-Bragg or nonpolarized effects [33].
Those mechanisms are generally associated with breaking
waves or whitecaps, and they contribute to the total backscattered energy from the sea surface. However, the contribution
of non-Bragg scattering to the total NRCS is frequency
dependent, and it has been reported in [34] that at low EM
frequency (e.g., L-band), the relative contribution of this nonpolarized component with respect to the total power scattered
from the ocean surface is negligible. For this reason, we do
not consider nonpolarized effects in the rest of this paper.
The local incidence angle of the EM wave θi is defined [12]
as
θi = cos−1 [cos(θ + ψ) cos ξ ]

(3)
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TABLE I
D IELECTRIC C ONSTANT OF S EAWATER F ROM [38] AND
M INERAL O IL F ROM [39] AND [40]

Fig. 1.
Penetration depth as a function of water content (volumetric
percentage) based on a linear mixing model for the dielectric constant at
L-band (red), C-band (green), and X-band (blue); dielectric constants are
specified in Table I.

where θ is the EM angle of incidence relative to the local,
untilted surface vertical direction and ψ and ξ are defined in
the following paragraph.
The sea surface is modeled as a set of slightly rough tilted
facets that contributes to the backscattering of the incident
radiation. Each facet has superimposed small-scale surface
roughness that creates a Bragg scatterer when the roughness
scale is commensurate with the radar wavelength. Small-scale
roughness is randomly distributed on the scattering surface
and responds to the strength of local wind, which generates
capillary and short gravity waves whose wavelengths are of the
order centimeters to decimeters with periods less than 1 s [35].
The tilt of the facet is caused by larger scale gravity waves
on the ocean surface that change the local orientation, or tilt,
of the short waves [36]. The orientation of the facet of the
sea surface is defined by two angles: ψ, which is the angle
between local up and the projection of the facet normal onto
the radar scattering plane (in-plane tilt), and ξ , which is
the angle between local up and the projection of the facet
normal onto the vertically oriented plane perpendicular to the
scattering plane (out-of-plane tilt) (see [37, Fig. 1]).
The co-polarized reflectivity pp is a function of the local
geometry and the electrical properties of the scattering surface (e.g., seawater and films) such that
2




 sin(θ + ψ) cos ξ 2
sin ξ 2


 pp = 
α pp +
αqq  (4)


sin θi
sin θi
where subscript q( p = q) denotes either H or V polarization.
The co-polarized Bragg scattering coefficients, introduced
in (4), are defined [12] as

cos θi − εr − sin2 θi

αHH =
(5)
cos θi + εr − sin2 θi
(εr − 1)(sin2 θi − εr (1 + sin2 θi ))

αVV =
.
(6)
(εr cos θi + εr − sin2 θi )2
They depend only on the local incidence angle of the EM
wave θi and the complex-valued relative dielectric constant of
the imaged surface εr .

The relative dielectric constant εr defined as the ratio
between the material dielectric constant and the electric constant in a vacuum is a complex number. Its value is material
dependent and varies with the radar frequency. The imaginary
part characterizes how far an EM wave can penetrate into a
conducting medium. The penetration depth δ p is defined as
the depth where the power of the propagating EM wave is
attenuated by a factor of 1/e such that
δp =

1
√
2kEM Im( εr )

(7)

where Im(.) selects the imaginary part of a complex number.
Typical values of dielectric constant of seawater [38] and
mineral oil [39], [40] are given in Table I. Note that the value
of the dielectric constant for mineral oil is nearly constant in
the range 1–10 GHz, with a loss factor (imaginary component)
close to 0, suggesting a nonnegligible penetration of the EM
wave through this medium.
Assuming a linear mixing model, the effective dielectric
constant of a water-in-oil emulsion (εem ) is given by
εem = υεw + (1 − υ)εoil

(8)

where υ, ranging from 0 to 1, is the water content by volume
of the oil–water mixture, and εw and εoil are the relative
dielectric constants of seawater and oil, respectively. It follows
from (8) that the effective dielectric constant of a mixture of
oil and seawater is lower than that of seawater alone [41].
From values given in Table I and from (7) and (8), it is seen
that the penetration depth decreases with increasing frequency
and water content, with typical penetration depth of the order
of millimeters for water content greater than 50% (Fig. 1).
When hydrocarbons are spilled into a marine environment,
the oil can be mixed with seawater within the upper few centimeters of the water column or can behave like a viscoelastic
film floating on the surface. In the first case, mixing of oil
with seawater will lead to a reduction of the relative dielectric
constant of the contaminated sea surface compared to the
surrounding slick-free area. This will contribute to a decrease
in the total radar backscattered power, along with suppression
of the Bragg-wavelength gravity–capillary waves that are
present due to the difference in surface tension and density.
In the second case (thin film), radar-backscattered power is
mainly diminished through mechanical damping of Braggwavelength gravity–capillary waves. The capability of radar
imagery to distinguish between varying substances that manifest as a thin film on the sea surface or that mix with seawater
near the surface has already been demonstrated in the case of
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mineral oil [42] and chemicals [43]. If the thickness of the film
on the top of the sea surface is thin compared to the penetration
depth δ p , the EM wave is not altered and will penetrate the film
to scatter from the seawater below the film, so the effective
dielectric constant will remain that of seawater, and not be
changed by different, generally lower, dielectric constants of
that product which forms the film. When the film becomes
thicker (relative to the penetration depth), the dielectric properties of the film/seawater mixture will be reduced compared
to seawater itself, with the mixture acting as a separate layer
on the ocean surface with intermediate dielectric values that
will also impact the power of the backscattered signal.
Mineral oil films can form multilayers, whose thickness can
vary considerably within oil patches, from less than 1 μm to
more than 1 mm [44]–[46]. When released at sea, mineral
oil mixes quickly with seawater under the action of wind and
waves and will result in water-in-oil mixture (emulsion) with
water content generally between 50% and 75% [47].
Results shown in Fig. 1 suggest that the backscattered signal
from ocean surface covered by a mineral oil film will only
be impacted by the dielectric properties of the medium in
the case of very thick slick, with greater effect on highfrequency imaging radar. Otherwise, damping of the sea surface roughness will be the primary mechanisms for decreasing
radar-backscattered power. Because the dielectric constants
of biogenic films and mineral oil are similar [48], [49] and
because biogenic films can be observed on the ocean surface
only in the form of monolayers [15], [18], i.e., they are only
one molecular layer thick (typical thickness of 2.4–2.7 nm),
the same phenomena will be observed as in the case of mineral
oil film, namely, reduced backscattered power caused by
mechanical damping of the Bragg-wavelength surface waves
with little dependence on the effective dielectric constant.
III. S TATE - OF - THE -A RT POLSAR PARAMETERS
Radar remote sensing techniques are of great interest for
monitoring slick-covered ocean surface for two primary reasons. First, EM waves are sensitive to the modification of
the sea surface induced by oil. Second, SAR sensors can
be used any time of day or year and in almost any weather
conditions [50]. The physical interaction between an EM wave
and a slick-covered area has been established by analyzing
airborne and spaceborne data acquired over ocean surfaces
covered by mineral oil and biogenic film [18], [51], [52].
Many studies [19]–[26] have analyzed the added value of
polarimetric SAR data for slick monitoring. A review of
SAR parameters used for this purpose is given in [14],
where most of the methods published in the literature for
oil slick detection are presented. Since this publication in
2012, many researchers have attempted to assess the utility
of POLSAR parameters for slick detection. These works
exploit either accidental events [53] or controlled releases
of pollutant at sea, the latter of which includes experiments managed by the Norwegian Clean Seas Association
for Operating Companies (NOFO) in the North Sea [17],
[25], [26], [54]–[57] or the POLLUPROOF experiment whose
objective is to establish a procedure for collecting evidence of

illegal maritime pollution by chemicals using remote sensing
sensors [43]. In the following, we focus on polarizationdependent parameters that have been found to be efficient
for slick detection in the offshore domain [13], [14] and we
organize them by input data type. These are separated into
categories that use backscattered amplitudes only (incoherent
systems) and those that use both amplitude and phase of the
backscattered signals (coherent systems, i.e., POLSAR modes
of operation), and into systems that acquire dual-polarization
data (HH/HV, VV/VH, or HH/VV acquisitions) and those
that acquire quad-polarization data (HH/VV/HV/VH). Here we
consider only linearly polarized systems, which are currently
the most common in remote sensing.
A. Dual-Polarized Synthetic Aperture Radar
1) Incoherent Dual-Co-Polarized Radar Imaging System:
For slick-detection methods using a dual-co-polarized (HH
and VV) radar remote sensing system, the two relevant parameters that use amplitude data only [33] are the Polarization
Ratio (PR) and the Polarization Difference (PD), respectively,
defined within the Bragg model (in linear units) as
PR =

0
σHH
αHH
≈
0 ≤ PR ≤ 1
0
αVV
σVV

0
0
− σHH
PD ≥ 0.
PD = σVV

(9)
(10)

As backscattered power over the sea surface in the Bragg
regime is stronger in VV polarization than that in HH [12],
it follows that PR varies between 0 and 1 and PD takes
positive values. As reflectivities at VV and HH are always
different when the SNR is greater than 0 dB, there is
no realistic scenario in which backscattered power is
nonzero and PD is equal to 0. It follows from (9) that PR,
commonly referred to as the Bragg ratio when written in this
simplified form, is independent of sea surface roughness (W )
and depends only on the local incidence angle and the
relative dielectric constant [41], [42]. Because the relative
dielectric constant is lower for slick-covered areas than for
uncontaminated seawater [41], the Polarization Ratio (PR)
can detect sea surface slicks through the decrease in the
relative dielectric constant. It is also considered an effective
parameter to distinguish between slick-covered sea surface
and oceanographic phenomena [17].
When the ocean surface is covered by a thin film (like
biogenic or thin mineral oil film), the surface layer is
transparent to the EM waves, and thus the radar will sense the
dielectric constant of the seawater under the film, which will
have no effect on the Polarization Ratio [58]. However, for
thick oil film (relative to the radar wavelength) or emulsions,
the dielectric constant of the imaged product will affect the
radar backscattering and its effect will manifest itself on the
Polarization Ratio. Thus, Polarization Ratio could be used
to discriminate between thin film and emulsion/thick film.
However, at least one major issue occurs when using the
Polarization Ratio for slick characterization at sea. The contrast, which is defined as the ratio of the values obtained over
contaminated and uncontaminated areas, is low. This limitation
is evident in Fig. 2 where, for example, there is little difference
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in PR between pure seawater (line labeled 100%) and
a 50–50 or a 25–75 mixture of seawater and oil.
The PD parameter is of interest for slick detection at
sea [17], [33], [43] because it is proportional to the spectral
density of the ocean surface roughness [59], which is altered
even by thin films [9], [10]. As discussed in [33], the nonpolarized part of the backscattered signal (see Section II)
is removed using PD. Therefore, the Polarization Difference
mostly contains contributions due to the presence of short
wind-driven waves around the Bragg wavenumber (2), making
PD an attractive parameter for slick detection at sea [33], [43].
2) Coherent Dual-Co-Polarized Radar Imaging System:
The Polarization Difference (PD) and the Polarization
Ratio (PR), introduced above, use only the backscattered
power of the complex dual-polarized signals. With a
remote sensing system collecting coherent acquisitions,
the phase between the two co-polarized channels is
measured. In this case, the following parameters are generally
recommended in the literature for slick detection over the
ocean surface: the modulus of the co-polarized complex
coherence (ρHHVV ) [22], [25] and the Bragg likelihood
ratio (BLR) [25], [26]


∗
SHH SVV
ρ = 
= ρHHVV e j φ
|SHH |2 · |SVV |2
0 ≤ ρHHVV ≤ 1
(11)

are both orders of magnitude smaller than the surface decorrelation time and assure no temporal decorrelation between
HH and VV (ρTemp close to 1). Thus, the only remaining
decorrelation term is that induced by the noise defined as
1
ρSNR =
.
(14)
1 + SNR−1
Equation (14) exhibits the strong dependence of the modulus
of the co-polarized complex coherence (ρHHVV), as well as the
BLR, on the SNR. Following (14), an SNR equal to 10 or 5 dB
induces a decorrelation between the two co-polarized channels
of 10% and 25%, respectively.
In addition to their strong dependence on the SNR, being
normalized by the amplitude of the co-polarized backscattering
coefficient, both ρHHVV and BLR are more strongly affected
by the noise (low SNR) than the intensities alone. To overcome
this limitation while exploiting the potential of these parameters, we propose in this paper to use the Hermitian product (HP) between the two co-polarized channels, defined as


∗
HP = SHH SVV
.
(15)

BLR = max{ 0, Re(ρ)} 0 ≤ BLR ≤ 1.

3) Coherent Dual-Polarized Radar Imaging System: A way
to represent polarimetric information collected by a coherent
dual-polarized (HH and HV or VV and VH) remote sensing
system is the Stokes formalism [63]–[65]. The Stokes parameters are a set of four values (S0 , S1 , S2 , and S3 ) describing
the polarization state of an EM wave

(12)

S0 = |E H |2 + |E V |2

∗

In (11) and (12), superscript denotes the complex conjugate, . denotes spatial averaging, Re(.) denotes the real part
of a complex number, and Spp represents the complex scattering coefficient. In the case of an EM signal backscattered
by rough surface, the co-polarized channels (HH and VV)
are correlated and in phase [12], [60]. It follows that the
complex correlation of the co-polarized channels is a real
number (imaginary part close to 0) and the modulus (ρHHVV )
takes values close to 1. Thus, these two parameters have the
same behavior, namely, the value is high (close to 1) when
the Bragg scattering mechanism is dominant and the value is
low (close to 0) otherwise. However, when the backscattered
signal is corrupted by noise, the phase between the co-polar
channels becomes uniformly distributed between 0 and π and
the modulus of the co-polarized coherence reaches 0. The
polarimetric coherence between the co-polarized channels can
be written as the product of three terms
ρHHVV = ρScattering ρTemp ρSNR

(13)

where ρScattering denotes the correlation between HH and VV
due to scattering mechanism (close to 1 over ocean surface)
and ρTemp and ρSNR denote temporal decorrelation and decorrelation due to noise, respectively. The decorrelation time
of a moving sea surface is of the order of 1 × 10−2 s at
X-band [61] and 1 × 10−1 s at L-band [62]. For sensors
operating at low pulse repetition interval (PRI), the decorrelation due to time lag between transmitted pulses (alternatively
polarized H and V) can be neglected. For the two sensors
investigated in Sections IV-A and IV-B, the PRIs are equal to
1 × 10−7 s for SETHI and 2.3 × 10−6 s for UAVSAR, which

2

S1 = |E H | − |E V |


S2 = 2Re E H E V∗


S3 = 2Im E H E V∗

2

(16)
(17)
(18)
(19)

where Re(.) and Im(.) select the real and the imaginary values,
respectively, of a complex number. E is the measured complex
scattering coefficient in the subscripted polarization and is
independent of the polarization state of the transmitted wave.
Using this formalism, Touzi et al. [19], Shirvany et al. [23],
and Nunziata et al. [24] have proposed to use the degree of
polarization (DoP) for ship or marine pollution detection
DoP =

S12 + S22 + S32

0 ≤ DoP ≤ 1.
(20)
S0
Over ocean surface, the EM wave is well polarized [60] and
the DoP is close to 1 [23]. When the received signal is dominated by the noise, as in the case for slicked surfaces imaged
by most of spaceborne SARs available today, the measured
signals appear depolarized and the DoP reaches values close
to 0.
These last four parameters (ρHHVV, BLR, HP, and DoP),
derived from co-polarized coherent acquisitions, are recommended in the literature for oil slick detection and the proposed
justification comes from their ability to distinguish Bragg
scattering (over clean sea surface) to another scattering mechanism that may occur over slick-covered area [19], [22]–[25].
However, the impact of the noise on these parameters is often
omitted even though, as we have just seen, it can have a
predominant effect. An analysis of the impact of the noise
is presented in Section V-D.
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Fig. 2. PR (Bragg theory) as a function of incidence angle (a) at L-band for a water content of 0% (black dashed line), 25% (green line), 50% (red line),
and 100% (blue line) and (b) at X-band (red line) and L-band (blue line) for a water content of 50%. A linear mixing is assumed between mineral oil and
seawater. Values of dielectric constants are from Table I.

Fig. 3.

Map of the POLLUPROOF’2015 and NOFO’2015 experimental sites.

B. Coherent Quad-Polarized Synthetic Aperture Radar
Many methods using quad-polarized remote sensing data
are proposed in the literature to detect ocean surface covered
by a slick. For a review, the reader is referred to [13]
and [14]. Here we consider a few parameters dependent on
all polarizations, namely, the Conformity Coefficient (μ) [66],
originally proposed in [67] for remote sensing application
over land surfaces, the first eigenvalue (λ1 ) [41], and the
Entropy (H ) [25], [66] based on the eigenvalue decomposition
of the covariance matrix C [68], [69]
 
∗
2 Re SHH SVV
− |SHV |2
μ≈
−1≤μ≤1
(21)
2
2
|SHH | + 2|SHV | + |SVV |2

√ 
 

⎤
∗
∗
2
|S
SHHSVV
√ HH

 | ∗ 2 SHH SHV 2 √
∗
⎦.
C = ⎣ 2 SHV SHH√ 2|SHV |

 2 SHV2 SVV


∗
∗
2 SVV SHV |SVV |
SVV SHH
⎡

(22)

Over the ocean, because the cross-polarized signal is very low,
the Conformity Coefficient can be interpreted in the same way
as the co-polarized coherence (11) or the BLR (12). A simple
algorithm with a threshold equal to 0 is proposed in [66]
for oil slick detection. The Entropy has similar interpretation
to that of the Degree of Polarization (DoP), but with values
near 0 corresponding to one dominant scattering mechanism
and values close to 1 when multiscattering occurs or when the
signal is corrupted by noise [68], [69].
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TABLE II
E NVIRONMENTAL C ONDITIONS AND P ROPERTIES OF R ELEASED S UBSTANCES

TABLE III
P ROPERTIES OF SAR S CENES I NVESTIGATED IN T HIS PAPER . I NCIDENCE A NGLE AND NESZ VALUES A RE
THE M INIMUM AND M AXIMUM A CROSS THE I MAGING S WATH

Fig. 4.
SETHI—POLLUPROOF’2015 and NOFO’2015 experiments—
instrument noise floor (NESZ) plotted by increasing incidence angle.

The main issue when working with quad-polarized SAR
data is the low power of the backscattered signal in the crosspolarization channels (HV and VH). For most of spaceborne
SAR sensors available today, the backscattered signal measured in cross-polarization over slick-covered area is close
to or below the instrument noise floor [17]. This low SNR
values strongly impact the values of the polarimetric parameters measured over oil slicks.
IV. E XPERIMENTAL DATA
Two experimental campaigns of measurements are used in
this paper: NOFO’2015 and POLLUPROOF’2015 (see Fig. 3).
POLLUPROOF’2015 was conducted in May 2015 over the

Mediterranean Sea (off the French coast, near 42°45 N,
5°45 E) and focused on the release and subsequent observation of several hazardous and noxious substances (HNS)
that are meant to represent the majority of chemicals commonly transported by sea. The primary goal of this experiment is to establish a procedure for collecting evidence
of illegal marine pollution by HNS using airborne sensors [43]. SAR images of controlled releases of fatty acid
methyl esters (FAME) and rapeseed oil, conducted during
the POLLUPROOF’2015 experiment, are investigated in this
paper (Table II). Vegetable oils (like plant oil or rapeseed oil)
have already been imaged by SAR sensors as they are often
used to simulate a natural monomolecular biogenic slick [15],
[18], [25]. NOFO’2015 was conducted from June 8, 2015 to
June 14, 2015, during NOFO’s oil-on-water exercise. This
experiment aims at testing recovering systems of pollution
at sea by hydrocarbons. During the exercise, airborne and
spaceborne acquisitions were collected over the offshore spill
areas (North Sea, near 59°59 N, 2°27 E—see Fig. 3 and [56,
Fig. 2]). In the following, we use SAR images collected
by the French and American airborne sensors on June 9,
2015. For the investigated experiment, the released product
is an emulsion of mineral oil in water, with a water content
of 60% (Table II). It consists of a mixture of seawater,
Oseberg crude oil, and a small addition of intermediate fuel
oil (IFO) 380 (IFO or marine diesel oil, with a viscosity
of 380 mm2 ·s−1 ). For the trial, 45 m3 of mineral oil emulsion
was discharged at sea. Large swath remote sensing data collected by UAVSAR (see Section IV-B) imaged the full extent
of the hydrocarbon-covered area, namely, 5.4 km2 . Assuming
all the 45 m3 of mineral oil emulsion released at sea was on
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TABLE IV
S IGNAL - TO -N OISE R ATIO —SETHI, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 10:01 UTC

Fig. 6. Overview of histogram thresholding for ROC curve computation
based upon separation of two classes.

as well as experimental data acquired by UAVSAR [28],
the airborne sensor of JPL/NASA. Sections IV-A and IV-B
briefly present the two SAR systems used here. Table III
summarizes all SAR scenes investigated in this paper.
A. SETHI: Airborne Quad-Polarized SAR Sensor

Fig. 5. UAVSAR—NOFO’2015 experiment, June 09, 2015, 09:56 UTC.
(a) VV image and (b) instrument noise floor (NESZ) plotted by increasing
incidence angle for the corresponding acquisition. The oil slick is located
across the range of incidence angles from ∼56° to 67° in the image.

the surface, the upper limit of the average slick thickness is
greater than 1 μm. The actual thickness is likely to be lower,
shown through modeling of slicks released in the same area
on June 10 during another spill experiment and under higher
wind conditions that indicate only ∼50% of the released oil
was on the surface a few hours after the release [70].
Wind and waves information was obtained from
Météo-France, the French national meteorological service
(POLLUPROOF’2015 campaign), and from the Norwegian
Meteorological Institute (NOFO’2015 campaign) and is given
in Table II.
The methodologies and the results presented in the following are based on SAR data collected by SETHI [27],
the remote sensing imaging system developed by ONERA,

SETHI is the ONERA airborne remote sensing laboratory designed to explore the science applications of remote
sensing [27]. It is a pod-based system operating onboard a
Falcon 20 Dassault aircraft flying at an altitude of 9000 ft.
For both POLLUPROOF’2015 and NOFO’2015 campaigns,
POLSAR data were acquired by SETHI at L-band, with a
range resolution of 1 m (bandwidth from 1.25 to 1.4 GHz).
Images are processed with an azimuth (along track) resolution
equal to the range resolution. Imaged area is 9.5 km in azimuth
and 1.5 km in range, with incidence angles from 34° to 52°.
The instrument noise floor has been estimated using the
method proposed in [71], and the results are shown in Fig. 4.
The estimated noise equivalent sigma zero (NESZ) is very
low, ranging from around −51 to −53 dBm2 /m2 , allowing
a sufficiently high SNR over slick-covered areas for valid
analysis of surface characteristics. Examples of high-resolution
polarization-dependent images acquired by SETHI at L-band
are shown in Section V.
B. UAVSAR: Airborne Quad-Polarized SAR Sensor
During the NOFO’2015 experiment, UAVSAR (developed
by NASA [28]) acquired POLSAR data at L-band over controlled releases of mineral oil at sea, flying at an altitude
of 35 100 ft. The data used in this analysis were acquired
on June 9, 2015, within 5 min of SETHI and over the same
area. They are processed with a resolution of 5 m in range
and 7.2 m in azimuth (multilook format). The incidence angle
ranges from 19.5° to 67.5° across the swath. The instrument
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Fig. 7. SETHI NOFO’2015—L-band SAR data acquired over mineral oil released at sea—June 09, 2015, 10:01 UTC. (a) HH, (b) VV, (c) PD, and (d) PR
quantities. Multilook 7 m × 7 m.

noise floor has been estimated using the same methodology as
that used for the SETHI one [71], and it is shown in Fig. 5. The
NESZ is very low, ranging from around −35 to −51 dBm2 /m2 ,
allowing a sufficient SNR over sea surface covered by slicks
for valid analysis of surface properties.
V. M ETHODOLOGY AND P ERFORMANCE A SSESSMENT
We use receiver operating characteristic (ROC) [72]
curves to characterize the detection capabilities of the

parameters discussed in Section III. This is an extension of
the methodology published in [26] using a much larger data
set and a more comprehensive set of parameters. ROC curves
are obtained by plotting the probability of detection (Pd)
against the probability of false alarm (Pfa), which quantifies
the performance of a detector as its discrimination threshold is
varied. In other words, ROC graphs depict the tradeoff between
hit rates and false alarm rates of detectors [72]. The procedure,
shown in Fig. 6, is as follows: we manually select areas of
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clean sea surface (i.e., the background) and slick (i.e., the
area of interest) and compute for each investigated parameter
the histograms of values within the two regions. Then, for all
possible values of the detection threshold, we calculate Pd
as the fraction of samples within the area of interest that are
below the threshold and Pfa as the fraction of samples in the
background that are below the threshold. We will use these
results to develop an instrument-independent ranking of the
detection capabilities of each investigated parameter.
A. Sea Surface Slick Observation
We begin by evaluating the quad-pol SAR data acquired
by SETHI (Fig. 7) over a controlled release of mineral
oil (NOFO’2015 experiment). In Fig. 7, images of HH and
VV channels are given as well as the PD and the PR maps.
Visually, there is no significant difference between the crosspolarized and the co-polarized images, so the HV channel
is not shown here. For these images, the wind direction is
from the top right (see green arrow in Fig. 7(a); black arrow
indicates the north direction). Wind information was obtained
from the Norwegian Meteorological Institute and is given
in Table II. The oil slick is observable as a dark area, with a
ship’s wake running through the slick. Within the lower part
of the slick, the passage of a mechanical recovery boom (MOS
sweeper [73]) appears to have left a relatively clean sea
surface. Images show a feathered structure along the top of
the slick (upwind) and a smooth edge on the downwind side
of the slick, the expected appearance of the slick based on the
wind direction.
Interestingly, while the upper limit of the slick thickness (greater than 1 μm) has been estimated to be at least
one-hundredth of the penetration depth at L-band (typically
of the order of millimeters for water content greater than
50%—see Fig. 1), the mineral oil slick is observable in the
PR images [Fig. 7(d)]. An explanation could be that there is
a dielectric change due to the presence of oil in the water
column that will impact the Polarization Ratio.
Low backscattering values from slick-covered areas can lead
to low SNR values. Therefore, it is critical that we ensure
sufficiently high SNR values before undertaking any analysis.
SNR values along a transect through data obtained by SETHI
during the NOFO’2015 experiment are shown in Fig. 8. The
curves have been computed across a range transect at azimuth
2.1 km. The slick is between 3.85 km (incidence angle 44.2°)
and 4.2 km (incidence angle 49.4°). The SNR values are
high (even in cross-polarization), which enables polarimetric
analysis of the surface properties.
B. Evaluation of Polarimetric Parameters for Slick
Detection: Mineral Oil
We first focus on SAR data collected by SETHI over
mineral oil spill (NOFO’2015 experiments). Fig. 9 shows
areas selected for ROC curves computation where the
uncontaminated sea surface (background) is outlined by the
blue box and the contaminated area of interest is outlined
by the red box. Note that the average SNR computed
over the two regions (Table IV) is greater than 10 dB.

Fig. 8. SETHI signal-to-noise ratio (SNR) in polarization HH (red), HV
(green), VV (blue)—range transect for azimuth 2.1 km (see Fig. 7)—June 09,
2015, 10:01 UTC.

ROC curves (Fig. 10) show that the Polarization Difference
and VV are the most efficient parameters for mineral oil slick
detection (i.e., for a given value of Pfa, they exhibit the greater
value of Pd). The first eigenvalue (λ1 ) is also very efficient
for detecting slick-covered area, as it gives a performance
of detection similar (slightly lower for low values of Pfa)
to that obtained with VV and PD. They are then followed
by the Hermitian Product between HH and VV (HP) and
HH and HV. HV has good performance of detection and is
even better than that of HH for low values of Pfa. This result
for HV, which is consistent with the results obtained with
UAVSAR data in stronger wind conditions obtained one day
later (June 10) [57], is possible because of high SNR over
the entire image. Then, we found that the Polarization Ratio
and the studied quad-polarimetric parameters have low Pd
values for all Pfa values. So, the co-pol coherence, the Bragg
Likelihood Ratio, the Degree of Polarization, the Entropy,
and the Conformity Coefficient are the parameters that give
the worst performances of detection. These results seem to
indicate that the same main scattering mechanism occurs over
both contaminated and uncontaminated sea surface, namely,
surface reflection and Bragg scattering [41]. To confirm
this, we note that the polarimetric entropy, computed with a
high SNR even over the polluted area, is low over both the
clean sea surface and the slick; the mean entropy values are,
respectively, equal to 0.18 and 0.17. This indicates that only
one dominant scattering mechanism occurs, which confirms
previous observations [56], [57] for the NOFO’2015 exercise
and the original observation based on UAVSAR L-band data
acquired over the Deepwater Horizon oil spill accident [41].
We now investigate SAR data collected with UAVSAR
during the same NOFO’2015 experiment (mineral oil). As for
SETHI, the UAVSAR instrument is characterized by a very
low noise floor, which suggests a good complementarity
of the results obtained with the two airborne sensors.
The imaged ocean surface is the same as for the previous
SETHI analysis (Fig. 9), and the time lag between the two
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Fig. 9. Areas selected for ROC curve computation—blue box: clean sea surface and red box: slick area. SETHI, NOFO’2015 experiment, June 09, 2015,
10:01 UTC; VV channel; multilook 7 m × 7 m.

Fig. 10. SETHI, NOFO’2015 experiment, June 09, 2015, 10:01 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the vertical
axis on the top figure.
TABLE V
S IGNAL - TO -N OISE R ATIO —UAVSAR, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 09:56 UTC

acquisitions is 5 min. For UAVSAR ROC graph analysis,
the contaminated sea surface is close to that selected for
SETHI (Figs. 9 and 11). Clean sea regions are selected to be at

the same range as the selected oil-covered areas, but they are in
different places for SETHI and UAVSAR due to different flight
directions. For the chosen regions of interest, the NESZ is
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TABLE VI
S IGNAL - TO -N OISE R ATIO —SETHI, POLLUPROOF’2015 E XPERIMENT, M AY 22, 2015, 16:07 UTC

Fig. 11. Areas selected for ROC curve computation. Blue box: clean sea
surface and red box: slick area. UAVSAR, NOFO’2015 experiment, June 09,
2015, 09:56 UTC—VV channel.

around −45 dBm2 /m2 (incidence angle around 57°). The SNR
in the selected regions are given in Table V. As for SETHI,
the levels are high (>5 dB), which ensures a reliable analysis
of surface backscatter over both slick-free and oil-covered
sea surfaces. ROC graphs shown in Fig. 12 demonstrate
that the best performance of detection is given by the crosspolarized channel (HV), followed by VV, the Polarization
Difference, and the first eigenvalue (λ1 ), then HH and the
Hermitian Product between HH and VV (HP), and finally
the conventional quad-polarimetric parameters of Entropy,
Polarization Ratio, Degree of Polarization, dual-pol coherence,
Bragg Likelihood Ratio and Conformity Coefficient. These
results are very close to those obtained by SETHI.
C. Evaluation of Polarimetric Parameters for Slick
Detection: Vegetable Oil
We now investigate Fatty Acid Methyl Esters (FAME)
and rapeseed oil releases imaged by SETHI during the
POLLUPROOF’2015 experiment (Fig. 13). Because of their
physicochemical properties, these two substances have different behaviors once released into the ocean. FAME forms a
cloud in the water column composed of microdroplets, and
rapeseed oil forms a film on the surface [43]. These two
behaviors have been highlighted in [43], using the oil–water
mixing index introduced in [42].
The slick contains both substances. FAME appears on the
left part of the spill and covers a surface of 0.29 km2 [see
red box in Fig. 13(a)]. Rapeseed oil corresponds to the
right part of the spill [green box in Fig. 13(a)] and covers
a surface of 1.26 km2 . In between, there is a mixture of
the two products [blue box in Fig. 13(a)]. From the amount

released product (1 m3 ) and the area covered by the spill,
the average thickness of the rapeseed oil spill is estimated
to be equal to 0.8 μm. This is approximately three orders of
magnitude thinner than the penetration depth at L-band. Thus,
the relative dielectric constant measured by the radar should
be unaffected by the oil slick, and no signature of the rapeseed
oil is observed in the Polarization Ratio image [Fig. 13(d)].
FAME, which mixes in the seawater column [43], slightly
appears on the Polarization Ratio image, probably due to a
decrease of the effective dielectric constant of this mixture
compared to that of the surrounding clean sea area.
Clean sea surface and surface covered by rapeseed oil have
been chosen and ROC curves computed for the selected areas.
As for mineral oil analysis, the SNR is high (see Table VI),
at least 14 dB, over both covered and free sea surfaces.
Similar to the results from mineral oil slicks,
we observe (see Fig. 14) that for the rapeseed oil release,
most of quad-polarimetric parameters (BLR, Entropy, and copolarized coherence) give very poor performance of detection
while amplitude channels are very powerful: HV gives the
best performance of detection, followed closely by VV,
the first eigenvalue (λ1 ), HH, the Hermitian Product between
HH and VV (HP), and the Polarization Difference (PD).
As obtained above for mineral oil, we find here again that
the Polarization Ratio (PR) and the conventional quadpolarimetric parameters (co-pol coherence, Bragg Likelihood
Ratio, Degree of Polarization, Entropy and Conformity
Coefficient) give the worst detection performance. We note
finally that an identical ordering of the investigated parameters
is obtained when selected sea surface contaminated by FAME
instead of rapeseed oil (ROC curves not shown here).
This analysis, based on ROC graphs obtained with SAR data
acquired by two airborne remote sensing sensors, both characterized by a very low instrument noise floor, demonstrate that,
in the three cases shown, the VV and HV amplitude channels
provide the best overall performance of detection. Sometimes,
a slight improvement could be obtained with polarizationdependent parameters like the Polarization Difference.
Speckle affects the performances of detection, and multilooking is the most common method to reduce its effect. In this
paper, we study the performances of detection offered by
several polarization-dependent parameters, all calculated with
the same window size, namely, multilooking by 7 × 7 in range
and azimuth directions. The size of the window influences the
detection performance of each of the parameters, but since the
same window size is always used, the result obtained herein
can be generalized to other window sizes.
When SAR data are collected with a very low NESZ,
the backscattered signal is not corrupted by noise, the EM
wave is well polarized, and only one scattering mechanism
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Fig. 12. UAVSAR, NOFO’2015 experiment, June 09, 2015, 09:56 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the vertical
axis on both figures.

occurs over both clean and contaminated sea surface (low
entropy values over both surfaces). When the SNR over slickcovered area is not as high as with the airborne acquisitions
analyzed here, as for the spaceborne SARs available today, the
instrument noise must be considered when evaluating the performance of detection of polarimetric parameters. Section V-D
focuses on the influence of instrument noise.
D. Instrument Noise Effect
To study how the NESZ impacts the ROC curves obtained
for the investigated features, we added increasing levels of
Gaussian white noise, from 5 to 30 dB, to the raw SAR
data collected by SETHI during the NOFO’2015 experiment. We then processed the noisier data using the standard processing software (Fig. 15). We note that when the
noise is increased by 15 dB [Fig. 15(d)], its detrimental effect in the VV image is apparent. When 30 dB of
noise is added, the slick is no longer observable in the
VV image [Fig. 15(f)].
We now assess the detection performance for all simulated instrument noise levels. ROC curves are computed over
the areas shown in Fig. 9. The results for some selected

radar quantities are given in Fig. 16, and conclusions are as
follows.
1) For a given Pfa, Pd for HH, VV, and HV decreases
as SNR decreases. When the additive noise is less
than or equal to 10 dB, the ROC curves are largely
unchanged.
2) For a given Pfa, Pd increases for the polarimetric parameters for additive noise values less than 20 dB. Then,
performance of detection decreases with greater levels
of additive noise.
Thus, in contrast to the amplitude values, the Pd for the polarimetric parameters increases with the instrument noise so long
as the SNR is sufficiently high over clean sea surface (∼15 dB
added noise) and then decreases for decreasing SNR. As the
SNR decreases, the received signal is increasingly corrupted
by noise and the combined noise plus scattered EM signal
becomes randomly randomly polarized (DoP goes to 0 and
Entropy goes to 1 as the total signal approaches noise only).
With sufficiently high noise levels, both contaminated and
uncontaminated sea surfaces will appear randomly polarized
and no further separation between the two regions is possible.
SNR values as well as mean values of DoP and Entropy over
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Fig. 13.
SETHI POLLUPROOF’2015—L-band SAR data—May 22, 2015, 16:07 UTC. (a) HH, (b) VV, (c) PD, and (d) PR quantities—multilook
7 m × 7 m. FAME is indicated by the red box and rapeseed oil by the green box, and the blue box corresponds to a mixture between the two products.

clean sea and the oil slick are given in Tables VII and VIII.
Despite the increase in Pd with increasing noise component
for the polarimetric parameters, the Pd remains highest for the
single-polarization HH and VV parameters at any given level
of added noise. For a noise level increased by less than 20 dB,
HV has higher Pd than all polarimetric parameters.
VI. D ISCUSSION
Our analysis of L-band SAR data collected by SETHI
and UAVSAR, two airborne sensors that have low instrument
noise floor, allows us to formulate the following ordering

of polarization-dependent parameters for region-based slick
detection, whether vegetable films or mineral oil slicks.
1) Group 1: VV, HV, the Polarization Difference (PD), and
the first eigenvalue (λ1 ).
2) Group 2: HH and the Hermitian Product between HH
and VV (HP).
3) Group 3: The Entropy (H ), the Polarization Ratio (PR),
the Degree of Polarization (DoP), the co-polarized
coherence (ρHHVV ), the Bragg Likelihood Ratio (BLR),
and the Conformity Coefficient (μ).
The parameters in the first group all provide high performance
of detection based on the ROC curve results. The presence
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Fig. 14. SETHI, POLLUPROOF’2015 experiment, May 22, 2015, 16:07 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the
vertical axis on the top figure.
TABLE VII
S IGNAL - TO -N OISE R ATIO —SETHI, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 10:01 UTC

of each parameter in group 1 can be understood through
the Bragg scattering model. In this framework, VV always
has the highest amplitude and HH and VV have different
reflectivities, ensuring that PD takes positive values. In the

tilted-Bragg-scattering model, HV can have a nonzero
amplitude that is always less than both HH and VV. As a
result, the first eigenvalue of the covariance matrix is
dominated by VV and, to a lesser extent, HH. The control
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Fig. 15. Noise effect—SETHI polarization VV. (a) Original data and instrument noise increased by (b) 5 dB, (c) 10 dB, (d) 15 dB, (e) 20 dB, and
(f) 30 dB—NOFO’2015 experiment, June 09, 2015, 10:01 UTC.
TABLE VIII
D O P AND E NTROPY—SETHI, NOFO’2015 E XPERIMENT,
J UNE 09, 2015, 10:01 UTC

of VV on the value of the first eigenvalue explains why the
first eigenvalue is a high-performing parameter. As previously
reported in [57], HV performs well where the instrument
noise floor is low because, to a good approximation in the
tilted-Bragg model, the HV amplitude is proportional to PD.
The second group of parameters, composed of HH and the
Hermitian Product between HH and VV channels, gives good
performance of detection, although slightly lower than the performance of group 1. We show that HH channel is slightly less
effective than VV for slick detection. However, we emphasize

that HH is effective for distinguishing slicks from relatively
clean sea surfaces. HP suffers from the decrease in detection
performance of HH compared to that of VV.
We place all remaining parameters in group 3, which
has the worst capabilities of detection. The parameters in
group 3 are the Polarization Ratio (PR), the co-polarized
coherence (ρHHVV), the Bragg Likelihood Ratio (BLR), the
Entropy (H ), the Degree of Polarization (DoP) and the
Conformity Coefficient (μ). For these parameters, detection
performance seems to be very strongly correlated with the
instrument noise and their applicability in a sea pollution
detection scheme is instrument dependent. For a sufficiently
high SNR, the EM wave backscattered by the slick-free sea
surface remains well polarized (DoP close to 1 and Entropy
close to 0). It becomes less polarized over the contaminated
area (DoP decreases and Entropy increases) and the performances of detection increase. When the instrument noise
becomes a significant fraction of the measured signal (low
SNR), the apparent backscattered signal becomes randomly
polarized for contaminated and uncontaminated sea surfaces,
and no further separation between the two regions is possible.
The instrument noise issue for oil spill detection using quadpolarimetric SAR data has been recently addressed in [15].
In this paper, the authors hypothesize that the often-stated
claims that non-Bragg scattering occurs over slick-covered
areas is due to a misinterpretation of SAR images collected
with too low an SNR. Our study presented in this paper is in
agreement with this hypothesis and goes even further since,
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Fig. 16. Noise effect on ROC curves—SETHI (a) HH, (b) HV, (c) VV, (d) dual-pol coherence, (e) DoP, and (f) Entropy—NOFO’2015 experiment, June 09,
2015, 10:01 UTC.

for the first time, we quantify in a systematic way the effect of
instrument noise on polarization-dependent SAR parameters
when applied to oil spill detection. As previously reported
in [15] and [41], we demonstrate that there is no deviation
from Bragg scattering for radar scattering from ocean surface
covered by mineral and vegetable oil.
The hierarchy that we propose here is obtained from L-band
airborne SAR data collected over vegetable and mineral oil
slick released during moderate wind conditions. A similar
study is proposed in [56] and [57], with [57] evaluating the
parameters during transport and evolution of mineral and plant
slicks. The major differences between all these studies are the
proposed method of measuring the capabilities of detection

of different quantities investigated and the fact that the slicks
studied in [56] and [57] were thinner, formed from the release
of 0.2–0.5 m3 of material rather than 45 m3 as the slick in our
study. In [56], SAR data acquired by UAVSAR, TerraSAR-X,
and RADARSAT-2 at nearly the same time over mineral oil
spills under high-wind conditions are investigated using many
of the same parameters as herein. They found likewise that
VV intensity is the most efficient parameter for the detection of
oil slick on sea surface. The HV channel was not investigated
in [56] because of the low SNR of the satellite data. The
UAVSAR image investigated in [56] is also studied in [57],
combined with 17 other images covering the evolving slicks
over an 8-h period. In the latter, the proposed methodology
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to order the polarimetric parameters is slightly different than
in [56], and the authors also found that VV intensity is very
efficient for slick–sea discrimination. The HV channel was
studied in [57] and, similar to our results, those authors found
that the cross-polarized channel is attractive for slick detection
over ocean surface when employed SAR data are acquired
with a very low instrument noise floor. Comparing [56], [57],
and the results that we report here, there is a clear consensus
on the use of VV or HV channels for slick detection at sea.
The main difference between results obtained in this paper and
those reported in [56] and [57] concerns the performances
of detection given by the Polarization Difference. Indeed,
we found here, and as already reported in [17], [33], [43],
and [54], that the Polarization Difference is one of the
most efficient parameters for slick–sea discrimination. This
difference could be due to different wind conditions, sea
state, or slick thicknesses, and highlights the complexity of
slick detection across a range of variables under which they
can occur.
VII. C ONCLUSION
To guide the selection of the most appropriate SAR imaging
mode for marine pollution detection, a methodology based
on the analysis of ROC curves has been reported in this
paper. The ROC analysis accounts for the non-Gaussian tails
of the probability distribution of parameter values, which are
particularly important for the slick-covered areas. We compare
the probabilities of detecting a slick with the probabilities
of a false alarm for a range of detection thresholds to rank
various polarization-dependent parameters in the order of
slick-detection performance, from best to worst. A key aspect
of the results reported in this paper lies in the analysis of the
instrument noise effect on the performance of detection offered
by the studied parameters. This is done by progressively
adding Gaussian white noise directly to the raw SAR data and
then processing the noisier data using the standard processing
software. The other important aspects of this paper derive
from three factors: the quantitative evaluation of a dozen
common parameters used for detecting marine slicks; the
uniqueness of the studied data set collected by two airborne
sensors operating at L-band, both of which are characterized
by an instrument noise floor that is much lower than the one
that is currently available from spaceborne SARs; and the
evaluation of detectability of both vegetable and mineral oil
slicks with the same low-noise instrument. Low noise makes
the parameters more sensitive to the surface properties and
less influenced by the sensor.
We find that HV amplitude can outperform all other investigated amplitudes and polarimetric settings whenever the
instrument noise is sufficiently low (at least 5 dB in this
paper). However, as instrument noise increases, HV amplitude
and all polarimetric parameters that rely on HV become
corrupted by the noise and their slick-detection performance
diminishes. HV is closely followed by the investigated copolarized settings (ordered as follows: VV, the Polarization
Difference, HH, and the Hermitian Product between HH and
VV), while being more robust to a lower SNR than the crosspolarized channel.

We note that this relative ordering is determined from a
single combined set of sea state, meteorological conditions,
and slick properties, and further work is needed to expand to
other conditions, in particular lower wind speeds and different
slick thicknesses.
For detecting slicks on the sea surface, we propose that
VV parameter offers the best tradeoff between the benefit
of detection performance and the instrument and data
requirements.
We find that the co-pol amplitudes (HH and VV) and two
polarimetric parameters, the Polarization Difference and the
first eigenvalue of the quad-pol covariance matrix, are more
robust in the presence of instrument noise than the crosspol (HV) amplitude and quad-polarimetric parameters. This
disparity in robustness is due to higher co-pol amplitudes
relative to the cross-pol amplitude and the strong impact of
instrument noise on POLSAR parameters. This implies that
polarimetric quantities which combine the four polarimetric
channels have performances of detection mainly driven by the
instrument noise level (NESZ).
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SAR Imagery for Detecting Sea Surface Slicks:
Performance Assessment of PolarizationDependent Parameters
Sébastien Angelliaume , Pascale C. Dubois-Fernandez, Senior Member, IEEE, Cathleen E. Jones,
Benjamin Holt, Brent Minchew, Emna Amri, and Véronique Miegebielle
Abstract— Remote sensing technology is an essential link in the
global monitoring of the ocean surface, and radars are efficient
sensors for detecting marine pollution. When used operationally
by authorities, a tradeoff must usually be made between the
covered area and the quantity of information collected by
the radar. To identify the most appropriate imaging mode,
a methodology based on receiver operating characteristic curve
analysis has been applied to an original data set collected by
two airborne systems operating at L-band, both characterized
by a very low instrument noise floor. The data set was acquired
during controlled releases of mineral and vegetable oil at sea.
Various polarization-dependent quantities are investigated, and
their ability to detect slick-covered areas is assessed. A relative
ordering of the main polarimetric parameters is reported in
this paper. When the sensor has a sufficiently low noise floor,
HV is recommended because it provides the strongest slick–
sea contrast. Otherwise, VV is found to be the most relevant
parameter for detecting slicks on the ocean surface. Among
all the investigated quad-polarimetric settings, no significant
added value compared to single-polarized data was found. More
specifically, it is demonstrated, by increasing the instrument noise
level, that the studied polarimetric quantities which combine the
four polarimetric channels have performances of detection mainly
driven by the instrument noise floor, namely, the noise equivalent
sigma zero. This result, obtained by progressively adding noise to
the raw synthetic aperture radar (SAR) data, indicates that the
polarimetric discrimination between clean sea and polluted area
results mainly from the differentiated behavior between singlebounce scattering and noise. It is thus demonstrated, using SAR
data collected with a low instrument noise floor, that there is no
deviation from Bragg scattering for radar scattering from ocean
surface covered by mineral and vegetable oil.
Index Terms— Bragg, detection, instrument noise, marine pollution, noise, noise equivalent sigma zero (NESZ), noise floor,
ocean, oil, polarimetric discrimination, polarization, probability
of detection (Pd), probability of false alarm (Pfa), radar, ranking,
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I. I NTRODUCTION

S

PACEBORNE and airborne remote sensing sensors are
commonly used in the offshore domain for monitoring
natural and anthropogenic oil slicks [1]–[3]. These sensors
allow the authorities and the petroleum companies to monitor
sea shipping lanes to identify possible fuel releases, respond
to incidents occurring at surface or subsurface oil and gas
facilities, and identify the occurrence of natural hydrocarbons
(seeps) on the sea surface [4]–[6], testifying to the presence
of mature source rock on the ocean bottom.
Because of the constraints linked mainly to weather conditions and the risk of significant cloud cover, the use and
programming of synthetic aperture radar (SAR) data is usually
favored over optical imagery for oil slick detection over the
ocean surface [6]–[8]. SAR is a powerful tool for detecting
hydrocarbons or chemicals on the sea surface because of the
sensitivity of the electromagnetic (EM) scattering to surface
roughness. In calm seas, most of the transmitted energy is
reflected away from the radar and the backscattered signal
toward the instrument is very low. Wind-driven roughness
increases the total backscattered energy from the surface. Oil
films on the sea surface damp the capillary and short gravity
waves [9], [10], which are the main source of sea surface
roughness. As a consequence, slicks appear as dark areas in
the SAR image (low backscattered signal), which makes the
presence of an oil slick on the sea surface detectable in radar
imagery.
Several major issues are identified in the success of hydrocarbon detection in the offshore domain, the first of which
remains today, namely, the revisit time. Indeed, in an emergency situation, obtaining quick information from spaceborne
sensors is decisive. The latency is constrained by the repeat
orbit interval of SAR satellite systems, the trajectory of the
orbits, the location of the area of interest (e.g., there are
more possibilities of acquisition daily at high latitudes than
that toward the equator), the data recording and downlink
system, and the SAR viewing geometry agility [11]. Thus, very
large swath modes are often selected by maritime surveillance
services to the detriment of the spatial resolution or to the
amount of information potentially collected over the area of
interest, for example, with polarimetric modes. Monitoring
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services exploit mainly radar remote sensing data acquired in
a single-polarization mode, maximizing the covered surface
of the ocean. Due to a higher backscattered signal level
from the sea surface for vertically (V) polarized waves than
that for horizontal (H) polarization [12], the VV channel is
often preferred to HH for ocean studies. Because most of
the spaceborne SAR systems available today have a moderate
noise floor (between −20 and −35 dBm2 /m2 [13]), the crosspolarization (HV or VH) channels have not been used for
operational ocean slick detection.
The second major issue affecting the success of offshore
hydrocarbon detection concerns the speed of data analysis
coupled with the reliability of hydrocarbon detection. Operationally, the analysis of SAR images is mostly based on
the visual identification of dark areas corresponding to oil
slicks [14]. Many oceanic and atmospheric phenomena can
occur over the sea surface and manifest themselves on radar
images in the same way as areas covered by hydrocarbons.
These are called look-alikes, and they can originate from several sources [15]: 1) natural biogenic surface films produced by
fish or plankton; 2) young and thin sea ice; 3) low-wind areas;
and 4) upwelling of cold water. For decades, Alpers et al. [15],
Migliaccio et al. [16], and Hansen et al. [17] have attempted
to develop methodologies to differentiate ocean areas covered
by hydrocarbon from look-alikes. Today, the discrimination
between biogenic films and mineral oil slicks remains an active
area of research [15]. The method of conventional operational
SAR analysis is mainly based on the experience and expertise
of the image interpreter. In order to facilitate visual inspection, there have been many studies of the SAR signature of
hydrocarbons observed in different acquisition configurations
in order to identify the optimal detection method. Regarding
the choice of sensor, the reliability of detection depends mainly
on the frequency band and the sensor noise floor. For example,
it has been demonstrated in [18] that SAR images acquired
at high frequency (e.g., X- or C-band) are preferable to
those acquired at lower frequency (e.g., L-band) for mineral
oil slick detection. In parallel with system considerations,
it is essential to know what information is most relevant for
detection, especially information that can be obtained from the
polarization of the EM waves. Because many studies published
in the literature have suggested that multipolarization (dualpolarization or quad-polarization) or polarimetric (POLSAR,
i.e., using both amplitude and phase information) parameters
improve the detection capability of slicks compared to singlepolarization data [19]–[26], exploring various polarizationdependent SAR parameters accessible in the range of possible
SAR acquisition configurations is a valuable aid to operational
teams in ranking the acquisition modes that can be used.
The aim of this paper is to present a prioritization of
SAR parameters to enhance and facilitate slick detection in
the offshore domain. The originality of the proposed method
lies in the definition and quantitative evaluation of parameters
calculated using data obtained in quad-polarimetric mode by
two airborne SARs operating at L-band (1.275 and 1.325 GHz)
with very high signal-to-noise ratio (SNR) over controlled
releases of mineral and vegetable oil at sea. These two sensors
are Système Expérimental de Télédétection Hyperfréquence
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Imageur (SETHI) operated by ONERA [27], the French
Aerospace Lab, and Uninhabited Aerial Vehicle Synthetic
Aperture Radar (UAVSAR) operated by National Aeronautics
and Space Administration (NASA)/Jet Propulsion Laboratory (JPL) [28].
This paper is organized as follows. Section II presents the
basis of the radar scattering from the ocean surface. Section III
summarizes the state-of-the-art POLSAR parameters proposed
in the literature for slick detection. Section IV describes the
airborne SAR data used in this paper. Section V presents the
methodology used to evaluate the studied parameters and gives
the results, and main discussions are presented in Section VI.
II. R ADAR S CATTERING F ROM THE O CEAN S URFACE
Over a rough sea surface where Bragg scattering is dominant (incidence angles in the so-called “plateau region” [29],
ranging from around 30° to 60°), the co-polarized channels (HH and VV) have higher backscattered power than
that of the cross-polarized (HV and VH) channels. Higher
backscattered power means higher SNR, which makes these
channels more attractive for slick detection on the sea surface
where typical backscattered power can be low [17]. The copolarized radar backscattered power is proportional to the
normalized radar cross section (NRCS), which is defined in
the Bragg scattering theory [12] as
0
4
σpp
= 4πkEM
cos4 θi pp W (k B )
k B = 2kEM sin θi

(1)
(2)

where subscript p denotes either H (horizontal) or V (vertical)
polarization; kEM = 2π/λEM is the EM wavenumber corresponding to the radar wavelength λEM ; pp is the reflectivity;
W (k B ) is the spectral density of ocean surface roughness
evaluated at the Bragg wavenumber k B ; and θi is the radar
local incidence angle. The spectral density of the sea surface
describes the components of the ocean wave spectrum that
contribute to the scattering of the radar pulses [30], while the
reflectivity describes the total power scattered from the surface.
This formulation of the NRCS (1) does not fully explain
the EM signal backscattered by a rough sea surface
because it takes into account only the polarized components
of the backscattering from the ocean surface. Deviations
between model estimation (Bragg theory) and real observation [31], [32] are often explained through nonresonant
mechanisms, called non-Bragg or nonpolarized effects [33].
Those mechanisms are generally associated with breaking
waves or whitecaps, and they contribute to the total backscattered energy from the sea surface. However, the contribution
of non-Bragg scattering to the total NRCS is frequency
dependent, and it has been reported in [34] that at low EM
frequency (e.g., L-band), the relative contribution of this nonpolarized component with respect to the total power scattered
from the ocean surface is negligible. For this reason, we do
not consider nonpolarized effects in the rest of this paper.
The local incidence angle of the EM wave θi is defined [12]
as
θi = cos−1 [cos(θ + ψ) cos ξ ]

(3)
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TABLE I
D IELECTRIC C ONSTANT OF S EAWATER F ROM [38] AND
M INERAL O IL F ROM [39] AND [40]

Fig. 1.
Penetration depth as a function of water content (volumetric
percentage) based on a linear mixing model for the dielectric constant at
L-band (red), C-band (green), and X-band (blue); dielectric constants are
specified in Table I.

where θ is the EM angle of incidence relative to the local,
untilted surface vertical direction and ψ and ξ are defined in
the following paragraph.
The sea surface is modeled as a set of slightly rough tilted
facets that contributes to the backscattering of the incident
radiation. Each facet has superimposed small-scale surface
roughness that creates a Bragg scatterer when the roughness
scale is commensurate with the radar wavelength. Small-scale
roughness is randomly distributed on the scattering surface
and responds to the strength of local wind, which generates
capillary and short gravity waves whose wavelengths are of the
order centimeters to decimeters with periods less than 1 s [35].
The tilt of the facet is caused by larger scale gravity waves
on the ocean surface that change the local orientation, or tilt,
of the short waves [36]. The orientation of the facet of the
sea surface is defined by two angles: ψ, which is the angle
between local up and the projection of the facet normal onto
the radar scattering plane (in-plane tilt), and ξ , which is
the angle between local up and the projection of the facet
normal onto the vertically oriented plane perpendicular to the
scattering plane (out-of-plane tilt) (see [37, Fig. 1]).
The co-polarized reflectivity pp is a function of the local
geometry and the electrical properties of the scattering surface (e.g., seawater and films) such that
2




 sin(θ + ψ) cos ξ 2
sin ξ 2


 pp = 
α pp +
αqq  (4)


sin θi
sin θi
where subscript q( p = q) denotes either H or V polarization.
The co-polarized Bragg scattering coefficients, introduced
in (4), are defined [12] as

cos θi − εr − sin2 θi

αHH =
(5)
cos θi + εr − sin2 θi
(εr − 1)(sin2 θi − εr (1 + sin2 θi ))

αVV =
.
(6)
(εr cos θi + εr − sin2 θi )2
They depend only on the local incidence angle of the EM
wave θi and the complex-valued relative dielectric constant of
the imaged surface εr .

The relative dielectric constant εr defined as the ratio
between the material dielectric constant and the electric constant in a vacuum is a complex number. Its value is material
dependent and varies with the radar frequency. The imaginary
part characterizes how far an EM wave can penetrate into a
conducting medium. The penetration depth δ p is defined as
the depth where the power of the propagating EM wave is
attenuated by a factor of 1/e such that
δp =

1
√
2kEM Im( εr )

(7)

where Im(.) selects the imaginary part of a complex number.
Typical values of dielectric constant of seawater [38] and
mineral oil [39], [40] are given in Table I. Note that the value
of the dielectric constant for mineral oil is nearly constant in
the range 1–10 GHz, with a loss factor (imaginary component)
close to 0, suggesting a nonnegligible penetration of the EM
wave through this medium.
Assuming a linear mixing model, the effective dielectric
constant of a water-in-oil emulsion (εem ) is given by
εem = υεw + (1 − υ)εoil

(8)

where υ, ranging from 0 to 1, is the water content by volume
of the oil–water mixture, and εw and εoil are the relative
dielectric constants of seawater and oil, respectively. It follows
from (8) that the effective dielectric constant of a mixture of
oil and seawater is lower than that of seawater alone [41].
From values given in Table I and from (7) and (8), it is seen
that the penetration depth decreases with increasing frequency
and water content, with typical penetration depth of the order
of millimeters for water content greater than 50% (Fig. 1).
When hydrocarbons are spilled into a marine environment,
the oil can be mixed with seawater within the upper few centimeters of the water column or can behave like a viscoelastic
film floating on the surface. In the first case, mixing of oil
with seawater will lead to a reduction of the relative dielectric
constant of the contaminated sea surface compared to the
surrounding slick-free area. This will contribute to a decrease
in the total radar backscattered power, along with suppression
of the Bragg-wavelength gravity–capillary waves that are
present due to the difference in surface tension and density.
In the second case (thin film), radar-backscattered power is
mainly diminished through mechanical damping of Braggwavelength gravity–capillary waves. The capability of radar
imagery to distinguish between varying substances that manifest as a thin film on the sea surface or that mix with seawater
near the surface has already been demonstrated in the case of
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mineral oil [42] and chemicals [43]. If the thickness of the film
on the top of the sea surface is thin compared to the penetration
depth δ p , the EM wave is not altered and will penetrate the film
to scatter from the seawater below the film, so the effective
dielectric constant will remain that of seawater, and not be
changed by different, generally lower, dielectric constants of
that product which forms the film. When the film becomes
thicker (relative to the penetration depth), the dielectric properties of the film/seawater mixture will be reduced compared
to seawater itself, with the mixture acting as a separate layer
on the ocean surface with intermediate dielectric values that
will also impact the power of the backscattered signal.
Mineral oil films can form multilayers, whose thickness can
vary considerably within oil patches, from less than 1 μm to
more than 1 mm [44]–[46]. When released at sea, mineral
oil mixes quickly with seawater under the action of wind and
waves and will result in water-in-oil mixture (emulsion) with
water content generally between 50% and 75% [47].
Results shown in Fig. 1 suggest that the backscattered signal
from ocean surface covered by a mineral oil film will only
be impacted by the dielectric properties of the medium in
the case of very thick slick, with greater effect on highfrequency imaging radar. Otherwise, damping of the sea surface roughness will be the primary mechanisms for decreasing
radar-backscattered power. Because the dielectric constants
of biogenic films and mineral oil are similar [48], [49] and
because biogenic films can be observed on the ocean surface
only in the form of monolayers [15], [18], i.e., they are only
one molecular layer thick (typical thickness of 2.4–2.7 nm),
the same phenomena will be observed as in the case of mineral
oil film, namely, reduced backscattered power caused by
mechanical damping of the Bragg-wavelength surface waves
with little dependence on the effective dielectric constant.
III. S TATE - OF - THE -A RT POLSAR PARAMETERS
Radar remote sensing techniques are of great interest for
monitoring slick-covered ocean surface for two primary reasons. First, EM waves are sensitive to the modification of
the sea surface induced by oil. Second, SAR sensors can
be used any time of day or year and in almost any weather
conditions [50]. The physical interaction between an EM wave
and a slick-covered area has been established by analyzing
airborne and spaceborne data acquired over ocean surfaces
covered by mineral oil and biogenic film [18], [51], [52].
Many studies [19]–[26] have analyzed the added value of
polarimetric SAR data for slick monitoring. A review of
SAR parameters used for this purpose is given in [14],
where most of the methods published in the literature for
oil slick detection are presented. Since this publication in
2012, many researchers have attempted to assess the utility
of POLSAR parameters for slick detection. These works
exploit either accidental events [53] or controlled releases
of pollutant at sea, the latter of which includes experiments managed by the Norwegian Clean Seas Association
for Operating Companies (NOFO) in the North Sea [17],
[25], [26], [54]–[57] or the POLLUPROOF experiment whose
objective is to establish a procedure for collecting evidence of

illegal maritime pollution by chemicals using remote sensing
sensors [43]. In the following, we focus on polarizationdependent parameters that have been found to be efficient
for slick detection in the offshore domain [13], [14] and we
organize them by input data type. These are separated into
categories that use backscattered amplitudes only (incoherent
systems) and those that use both amplitude and phase of the
backscattered signals (coherent systems, i.e., POLSAR modes
of operation), and into systems that acquire dual-polarization
data (HH/HV, VV/VH, or HH/VV acquisitions) and those
that acquire quad-polarization data (HH/VV/HV/VH). Here we
consider only linearly polarized systems, which are currently
the most common in remote sensing.
A. Dual-Polarized Synthetic Aperture Radar
1) Incoherent Dual-Co-Polarized Radar Imaging System:
For slick-detection methods using a dual-co-polarized (HH
and VV) radar remote sensing system, the two relevant parameters that use amplitude data only [33] are the Polarization
Ratio (PR) and the Polarization Difference (PD), respectively,
defined within the Bragg model (in linear units) as
PR =

0
σHH
αHH
≈
0 ≤ PR ≤ 1
0
αVV
σVV

0
0
− σHH
PD ≥ 0.
PD = σVV

(9)
(10)

As backscattered power over the sea surface in the Bragg
regime is stronger in VV polarization than that in HH [12],
it follows that PR varies between 0 and 1 and PD takes
positive values. As reflectivities at VV and HH are always
different when the SNR is greater than 0 dB, there is
no realistic scenario in which backscattered power is
nonzero and PD is equal to 0. It follows from (9) that PR,
commonly referred to as the Bragg ratio when written in this
simplified form, is independent of sea surface roughness (W )
and depends only on the local incidence angle and the
relative dielectric constant [41], [42]. Because the relative
dielectric constant is lower for slick-covered areas than for
uncontaminated seawater [41], the Polarization Ratio (PR)
can detect sea surface slicks through the decrease in the
relative dielectric constant. It is also considered an effective
parameter to distinguish between slick-covered sea surface
and oceanographic phenomena [17].
When the ocean surface is covered by a thin film (like
biogenic or thin mineral oil film), the surface layer is
transparent to the EM waves, and thus the radar will sense the
dielectric constant of the seawater under the film, which will
have no effect on the Polarization Ratio [58]. However, for
thick oil film (relative to the radar wavelength) or emulsions,
the dielectric constant of the imaged product will affect the
radar backscattering and its effect will manifest itself on the
Polarization Ratio. Thus, Polarization Ratio could be used
to discriminate between thin film and emulsion/thick film.
However, at least one major issue occurs when using the
Polarization Ratio for slick characterization at sea. The contrast, which is defined as the ratio of the values obtained over
contaminated and uncontaminated areas, is low. This limitation
is evident in Fig. 2 where, for example, there is little difference
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in PR between pure seawater (line labeled 100%) and
a 50–50 or a 25–75 mixture of seawater and oil.
The PD parameter is of interest for slick detection at
sea [17], [33], [43] because it is proportional to the spectral
density of the ocean surface roughness [59], which is altered
even by thin films [9], [10]. As discussed in [33], the nonpolarized part of the backscattered signal (see Section II)
is removed using PD. Therefore, the Polarization Difference
mostly contains contributions due to the presence of short
wind-driven waves around the Bragg wavenumber (2), making
PD an attractive parameter for slick detection at sea [33], [43].
2) Coherent Dual-Co-Polarized Radar Imaging System:
The Polarization Difference (PD) and the Polarization
Ratio (PR), introduced above, use only the backscattered
power of the complex dual-polarized signals. With a
remote sensing system collecting coherent acquisitions,
the phase between the two co-polarized channels is
measured. In this case, the following parameters are generally
recommended in the literature for slick detection over the
ocean surface: the modulus of the co-polarized complex
coherence (ρHHVV ) [22], [25] and the Bragg likelihood
ratio (BLR) [25], [26]


∗
SHH SVV
ρ = 
= ρHHVV e j φ
|SHH |2 · |SVV |2
0 ≤ ρHHVV ≤ 1
(11)

are both orders of magnitude smaller than the surface decorrelation time and assure no temporal decorrelation between
HH and VV (ρTemp close to 1). Thus, the only remaining
decorrelation term is that induced by the noise defined as
1
ρSNR =
.
(14)
1 + SNR−1
Equation (14) exhibits the strong dependence of the modulus
of the co-polarized complex coherence (ρHHVV), as well as the
BLR, on the SNR. Following (14), an SNR equal to 10 or 5 dB
induces a decorrelation between the two co-polarized channels
of 10% and 25%, respectively.
In addition to their strong dependence on the SNR, being
normalized by the amplitude of the co-polarized backscattering
coefficient, both ρHHVV and BLR are more strongly affected
by the noise (low SNR) than the intensities alone. To overcome
this limitation while exploiting the potential of these parameters, we propose in this paper to use the Hermitian product (HP) between the two co-polarized channels, defined as


∗
HP = SHH SVV
.
(15)

BLR = max{ 0, Re(ρ)} 0 ≤ BLR ≤ 1.

3) Coherent Dual-Polarized Radar Imaging System: A way
to represent polarimetric information collected by a coherent
dual-polarized (HH and HV or VV and VH) remote sensing
system is the Stokes formalism [63]–[65]. The Stokes parameters are a set of four values (S0 , S1 , S2 , and S3 ) describing
the polarization state of an EM wave

(12)

S0 = |E H |2 + |E V |2

∗

In (11) and (12), superscript denotes the complex conjugate, . denotes spatial averaging, Re(.) denotes the real part
of a complex number, and Spp represents the complex scattering coefficient. In the case of an EM signal backscattered
by rough surface, the co-polarized channels (HH and VV)
are correlated and in phase [12], [60]. It follows that the
complex correlation of the co-polarized channels is a real
number (imaginary part close to 0) and the modulus (ρHHVV )
takes values close to 1. Thus, these two parameters have the
same behavior, namely, the value is high (close to 1) when
the Bragg scattering mechanism is dominant and the value is
low (close to 0) otherwise. However, when the backscattered
signal is corrupted by noise, the phase between the co-polar
channels becomes uniformly distributed between 0 and π and
the modulus of the co-polarized coherence reaches 0. The
polarimetric coherence between the co-polarized channels can
be written as the product of three terms
ρHHVV = ρScattering ρTemp ρSNR

(13)

where ρScattering denotes the correlation between HH and VV
due to scattering mechanism (close to 1 over ocean surface)
and ρTemp and ρSNR denote temporal decorrelation and decorrelation due to noise, respectively. The decorrelation time
of a moving sea surface is of the order of 1 × 10−2 s at
X-band [61] and 1 × 10−1 s at L-band [62]. For sensors
operating at low pulse repetition interval (PRI), the decorrelation due to time lag between transmitted pulses (alternatively
polarized H and V) can be neglected. For the two sensors
investigated in Sections IV-A and IV-B, the PRIs are equal to
1 × 10−7 s for SETHI and 2.3 × 10−6 s for UAVSAR, which

2

S1 = |E H | − |E V |


S2 = 2Re E H E V∗


S3 = 2Im E H E V∗

2

(16)
(17)
(18)
(19)

where Re(.) and Im(.) select the real and the imaginary values,
respectively, of a complex number. E is the measured complex
scattering coefficient in the subscripted polarization and is
independent of the polarization state of the transmitted wave.
Using this formalism, Touzi et al. [19], Shirvany et al. [23],
and Nunziata et al. [24] have proposed to use the degree of
polarization (DoP) for ship or marine pollution detection
DoP =

S12 + S22 + S32

0 ≤ DoP ≤ 1.
(20)
S0
Over ocean surface, the EM wave is well polarized [60] and
the DoP is close to 1 [23]. When the received signal is dominated by the noise, as in the case for slicked surfaces imaged
by most of spaceborne SARs available today, the measured
signals appear depolarized and the DoP reaches values close
to 0.
These last four parameters (ρHHVV, BLR, HP, and DoP),
derived from co-polarized coherent acquisitions, are recommended in the literature for oil slick detection and the proposed
justification comes from their ability to distinguish Bragg
scattering (over clean sea surface) to another scattering mechanism that may occur over slick-covered area [19], [22]–[25].
However, the impact of the noise on these parameters is often
omitted even though, as we have just seen, it can have a
predominant effect. An analysis of the impact of the noise
is presented in Section V-D.
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Fig. 2. PR (Bragg theory) as a function of incidence angle (a) at L-band for a water content of 0% (black dashed line), 25% (green line), 50% (red line),
and 100% (blue line) and (b) at X-band (red line) and L-band (blue line) for a water content of 50%. A linear mixing is assumed between mineral oil and
seawater. Values of dielectric constants are from Table I.

Fig. 3.

Map of the POLLUPROOF’2015 and NOFO’2015 experimental sites.

B. Coherent Quad-Polarized Synthetic Aperture Radar
Many methods using quad-polarized remote sensing data
are proposed in the literature to detect ocean surface covered
by a slick. For a review, the reader is referred to [13]
and [14]. Here we consider a few parameters dependent on
all polarizations, namely, the Conformity Coefficient (μ) [66],
originally proposed in [67] for remote sensing application
over land surfaces, the first eigenvalue (λ1 ) [41], and the
Entropy (H ) [25], [66] based on the eigenvalue decomposition
of the covariance matrix C [68], [69]
 
∗
2 Re SHH SVV
− |SHV |2
μ≈
−1≤μ≤1
(21)
2
2
|SHH | + 2|SHV | + |SVV |2

√ 
 

⎤
∗
∗
2
|S
SHHSVV
√ HH

 | ∗ 2 SHH SHV 2 √
∗
⎦.
C = ⎣ 2 SHV SHH√ 2|SHV |

 2 SHV2 SVV


∗
∗
2 SVV SHV |SVV |
SVV SHH
⎡

(22)

Over the ocean, because the cross-polarized signal is very low,
the Conformity Coefficient can be interpreted in the same way
as the co-polarized coherence (11) or the BLR (12). A simple
algorithm with a threshold equal to 0 is proposed in [66]
for oil slick detection. The Entropy has similar interpretation
to that of the Degree of Polarization (DoP), but with values
near 0 corresponding to one dominant scattering mechanism
and values close to 1 when multiscattering occurs or when the
signal is corrupted by noise [68], [69].
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TABLE II
E NVIRONMENTAL C ONDITIONS AND P ROPERTIES OF R ELEASED S UBSTANCES

TABLE III
P ROPERTIES OF SAR S CENES I NVESTIGATED IN T HIS PAPER . I NCIDENCE A NGLE AND NESZ VALUES A RE
THE M INIMUM AND M AXIMUM A CROSS THE I MAGING S WATH

Fig. 4.
SETHI—POLLUPROOF’2015 and NOFO’2015 experiments—
instrument noise floor (NESZ) plotted by increasing incidence angle.

The main issue when working with quad-polarized SAR
data is the low power of the backscattered signal in the crosspolarization channels (HV and VH). For most of spaceborne
SAR sensors available today, the backscattered signal measured in cross-polarization over slick-covered area is close
to or below the instrument noise floor [17]. This low SNR
values strongly impact the values of the polarimetric parameters measured over oil slicks.
IV. E XPERIMENTAL DATA
Two experimental campaigns of measurements are used in
this paper: NOFO’2015 and POLLUPROOF’2015 (see Fig. 3).
POLLUPROOF’2015 was conducted in May 2015 over the

Mediterranean Sea (off the French coast, near 42°45 N,
5°45 E) and focused on the release and subsequent observation of several hazardous and noxious substances (HNS)
that are meant to represent the majority of chemicals commonly transported by sea. The primary goal of this experiment is to establish a procedure for collecting evidence
of illegal marine pollution by HNS using airborne sensors [43]. SAR images of controlled releases of fatty acid
methyl esters (FAME) and rapeseed oil, conducted during
the POLLUPROOF’2015 experiment, are investigated in this
paper (Table II). Vegetable oils (like plant oil or rapeseed oil)
have already been imaged by SAR sensors as they are often
used to simulate a natural monomolecular biogenic slick [15],
[18], [25]. NOFO’2015 was conducted from June 8, 2015 to
June 14, 2015, during NOFO’s oil-on-water exercise. This
experiment aims at testing recovering systems of pollution
at sea by hydrocarbons. During the exercise, airborne and
spaceborne acquisitions were collected over the offshore spill
areas (North Sea, near 59°59 N, 2°27 E—see Fig. 3 and [56,
Fig. 2]). In the following, we use SAR images collected
by the French and American airborne sensors on June 9,
2015. For the investigated experiment, the released product
is an emulsion of mineral oil in water, with a water content
of 60% (Table II). It consists of a mixture of seawater,
Oseberg crude oil, and a small addition of intermediate fuel
oil (IFO) 380 (IFO or marine diesel oil, with a viscosity
of 380 mm2 ·s−1 ). For the trial, 45 m3 of mineral oil emulsion
was discharged at sea. Large swath remote sensing data collected by UAVSAR (see Section IV-B) imaged the full extent
of the hydrocarbon-covered area, namely, 5.4 km2 . Assuming
all the 45 m3 of mineral oil emulsion released at sea was on
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TABLE IV
S IGNAL - TO -N OISE R ATIO —SETHI, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 10:01 UTC

Fig. 6. Overview of histogram thresholding for ROC curve computation
based upon separation of two classes.

as well as experimental data acquired by UAVSAR [28],
the airborne sensor of JPL/NASA. Sections IV-A and IV-B
briefly present the two SAR systems used here. Table III
summarizes all SAR scenes investigated in this paper.
A. SETHI: Airborne Quad-Polarized SAR Sensor

Fig. 5. UAVSAR—NOFO’2015 experiment, June 09, 2015, 09:56 UTC.
(a) VV image and (b) instrument noise floor (NESZ) plotted by increasing
incidence angle for the corresponding acquisition. The oil slick is located
across the range of incidence angles from ∼56° to 67° in the image.

the surface, the upper limit of the average slick thickness is
greater than 1 μm. The actual thickness is likely to be lower,
shown through modeling of slicks released in the same area
on June 10 during another spill experiment and under higher
wind conditions that indicate only ∼50% of the released oil
was on the surface a few hours after the release [70].
Wind and waves information was obtained from
Météo-France, the French national meteorological service
(POLLUPROOF’2015 campaign), and from the Norwegian
Meteorological Institute (NOFO’2015 campaign) and is given
in Table II.
The methodologies and the results presented in the following are based on SAR data collected by SETHI [27],
the remote sensing imaging system developed by ONERA,

SETHI is the ONERA airborne remote sensing laboratory designed to explore the science applications of remote
sensing [27]. It is a pod-based system operating onboard a
Falcon 20 Dassault aircraft flying at an altitude of 9000 ft.
For both POLLUPROOF’2015 and NOFO’2015 campaigns,
POLSAR data were acquired by SETHI at L-band, with a
range resolution of 1 m (bandwidth from 1.25 to 1.4 GHz).
Images are processed with an azimuth (along track) resolution
equal to the range resolution. Imaged area is 9.5 km in azimuth
and 1.5 km in range, with incidence angles from 34° to 52°.
The instrument noise floor has been estimated using the
method proposed in [71], and the results are shown in Fig. 4.
The estimated noise equivalent sigma zero (NESZ) is very
low, ranging from around −51 to −53 dBm2 /m2 , allowing
a sufficiently high SNR over slick-covered areas for valid
analysis of surface characteristics. Examples of high-resolution
polarization-dependent images acquired by SETHI at L-band
are shown in Section V.
B. UAVSAR: Airborne Quad-Polarized SAR Sensor
During the NOFO’2015 experiment, UAVSAR (developed
by NASA [28]) acquired POLSAR data at L-band over controlled releases of mineral oil at sea, flying at an altitude
of 35 100 ft. The data used in this analysis were acquired
on June 9, 2015, within 5 min of SETHI and over the same
area. They are processed with a resolution of 5 m in range
and 7.2 m in azimuth (multilook format). The incidence angle
ranges from 19.5° to 67.5° across the swath. The instrument
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Fig. 7. SETHI NOFO’2015—L-band SAR data acquired over mineral oil released at sea—June 09, 2015, 10:01 UTC. (a) HH, (b) VV, (c) PD, and (d) PR
quantities. Multilook 7 m × 7 m.

noise floor has been estimated using the same methodology as
that used for the SETHI one [71], and it is shown in Fig. 5. The
NESZ is very low, ranging from around −35 to −51 dBm2 /m2 ,
allowing a sufficient SNR over sea surface covered by slicks
for valid analysis of surface properties.
V. M ETHODOLOGY AND P ERFORMANCE A SSESSMENT
We use receiver operating characteristic (ROC) [72]
curves to characterize the detection capabilities of the

parameters discussed in Section III. This is an extension of
the methodology published in [26] using a much larger data
set and a more comprehensive set of parameters. ROC curves
are obtained by plotting the probability of detection (Pd)
against the probability of false alarm (Pfa), which quantifies
the performance of a detector as its discrimination threshold is
varied. In other words, ROC graphs depict the tradeoff between
hit rates and false alarm rates of detectors [72]. The procedure,
shown in Fig. 6, is as follows: we manually select areas of
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clean sea surface (i.e., the background) and slick (i.e., the
area of interest) and compute for each investigated parameter
the histograms of values within the two regions. Then, for all
possible values of the detection threshold, we calculate Pd
as the fraction of samples within the area of interest that are
below the threshold and Pfa as the fraction of samples in the
background that are below the threshold. We will use these
results to develop an instrument-independent ranking of the
detection capabilities of each investigated parameter.
A. Sea Surface Slick Observation
We begin by evaluating the quad-pol SAR data acquired
by SETHI (Fig. 7) over a controlled release of mineral
oil (NOFO’2015 experiment). In Fig. 7, images of HH and
VV channels are given as well as the PD and the PR maps.
Visually, there is no significant difference between the crosspolarized and the co-polarized images, so the HV channel
is not shown here. For these images, the wind direction is
from the top right (see green arrow in Fig. 7(a); black arrow
indicates the north direction). Wind information was obtained
from the Norwegian Meteorological Institute and is given
in Table II. The oil slick is observable as a dark area, with a
ship’s wake running through the slick. Within the lower part
of the slick, the passage of a mechanical recovery boom (MOS
sweeper [73]) appears to have left a relatively clean sea
surface. Images show a feathered structure along the top of
the slick (upwind) and a smooth edge on the downwind side
of the slick, the expected appearance of the slick based on the
wind direction.
Interestingly, while the upper limit of the slick thickness (greater than 1 μm) has been estimated to be at least
one-hundredth of the penetration depth at L-band (typically
of the order of millimeters for water content greater than
50%—see Fig. 1), the mineral oil slick is observable in the
PR images [Fig. 7(d)]. An explanation could be that there is
a dielectric change due to the presence of oil in the water
column that will impact the Polarization Ratio.
Low backscattering values from slick-covered areas can lead
to low SNR values. Therefore, it is critical that we ensure
sufficiently high SNR values before undertaking any analysis.
SNR values along a transect through data obtained by SETHI
during the NOFO’2015 experiment are shown in Fig. 8. The
curves have been computed across a range transect at azimuth
2.1 km. The slick is between 3.85 km (incidence angle 44.2°)
and 4.2 km (incidence angle 49.4°). The SNR values are
high (even in cross-polarization), which enables polarimetric
analysis of the surface properties.
B. Evaluation of Polarimetric Parameters for Slick
Detection: Mineral Oil
We first focus on SAR data collected by SETHI over
mineral oil spill (NOFO’2015 experiments). Fig. 9 shows
areas selected for ROC curves computation where the
uncontaminated sea surface (background) is outlined by the
blue box and the contaminated area of interest is outlined
by the red box. Note that the average SNR computed
over the two regions (Table IV) is greater than 10 dB.

Fig. 8. SETHI signal-to-noise ratio (SNR) in polarization HH (red), HV
(green), VV (blue)—range transect for azimuth 2.1 km (see Fig. 7)—June 09,
2015, 10:01 UTC.

ROC curves (Fig. 10) show that the Polarization Difference
and VV are the most efficient parameters for mineral oil slick
detection (i.e., for a given value of Pfa, they exhibit the greater
value of Pd). The first eigenvalue (λ1 ) is also very efficient
for detecting slick-covered area, as it gives a performance
of detection similar (slightly lower for low values of Pfa)
to that obtained with VV and PD. They are then followed
by the Hermitian Product between HH and VV (HP) and
HH and HV. HV has good performance of detection and is
even better than that of HH for low values of Pfa. This result
for HV, which is consistent with the results obtained with
UAVSAR data in stronger wind conditions obtained one day
later (June 10) [57], is possible because of high SNR over
the entire image. Then, we found that the Polarization Ratio
and the studied quad-polarimetric parameters have low Pd
values for all Pfa values. So, the co-pol coherence, the Bragg
Likelihood Ratio, the Degree of Polarization, the Entropy,
and the Conformity Coefficient are the parameters that give
the worst performances of detection. These results seem to
indicate that the same main scattering mechanism occurs over
both contaminated and uncontaminated sea surface, namely,
surface reflection and Bragg scattering [41]. To confirm
this, we note that the polarimetric entropy, computed with a
high SNR even over the polluted area, is low over both the
clean sea surface and the slick; the mean entropy values are,
respectively, equal to 0.18 and 0.17. This indicates that only
one dominant scattering mechanism occurs, which confirms
previous observations [56], [57] for the NOFO’2015 exercise
and the original observation based on UAVSAR L-band data
acquired over the Deepwater Horizon oil spill accident [41].
We now investigate SAR data collected with UAVSAR
during the same NOFO’2015 experiment (mineral oil). As for
SETHI, the UAVSAR instrument is characterized by a very
low noise floor, which suggests a good complementarity
of the results obtained with the two airborne sensors.
The imaged ocean surface is the same as for the previous
SETHI analysis (Fig. 9), and the time lag between the two
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Fig. 9. Areas selected for ROC curve computation—blue box: clean sea surface and red box: slick area. SETHI, NOFO’2015 experiment, June 09, 2015,
10:01 UTC; VV channel; multilook 7 m × 7 m.

Fig. 10. SETHI, NOFO’2015 experiment, June 09, 2015, 10:01 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the vertical
axis on the top figure.
TABLE V
S IGNAL - TO -N OISE R ATIO —UAVSAR, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 09:56 UTC

acquisitions is 5 min. For UAVSAR ROC graph analysis,
the contaminated sea surface is close to that selected for
SETHI (Figs. 9 and 11). Clean sea regions are selected to be at

the same range as the selected oil-covered areas, but they are in
different places for SETHI and UAVSAR due to different flight
directions. For the chosen regions of interest, the NESZ is
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TABLE VI
S IGNAL - TO -N OISE R ATIO —SETHI, POLLUPROOF’2015 E XPERIMENT, M AY 22, 2015, 16:07 UTC

Fig. 11. Areas selected for ROC curve computation. Blue box: clean sea
surface and red box: slick area. UAVSAR, NOFO’2015 experiment, June 09,
2015, 09:56 UTC—VV channel.

around −45 dBm2 /m2 (incidence angle around 57°). The SNR
in the selected regions are given in Table V. As for SETHI,
the levels are high (>5 dB), which ensures a reliable analysis
of surface backscatter over both slick-free and oil-covered
sea surfaces. ROC graphs shown in Fig. 12 demonstrate
that the best performance of detection is given by the crosspolarized channel (HV), followed by VV, the Polarization
Difference, and the first eigenvalue (λ1 ), then HH and the
Hermitian Product between HH and VV (HP), and finally
the conventional quad-polarimetric parameters of Entropy,
Polarization Ratio, Degree of Polarization, dual-pol coherence,
Bragg Likelihood Ratio and Conformity Coefficient. These
results are very close to those obtained by SETHI.
C. Evaluation of Polarimetric Parameters for Slick
Detection: Vegetable Oil
We now investigate Fatty Acid Methyl Esters (FAME)
and rapeseed oil releases imaged by SETHI during the
POLLUPROOF’2015 experiment (Fig. 13). Because of their
physicochemical properties, these two substances have different behaviors once released into the ocean. FAME forms a
cloud in the water column composed of microdroplets, and
rapeseed oil forms a film on the surface [43]. These two
behaviors have been highlighted in [43], using the oil–water
mixing index introduced in [42].
The slick contains both substances. FAME appears on the
left part of the spill and covers a surface of 0.29 km2 [see
red box in Fig. 13(a)]. Rapeseed oil corresponds to the
right part of the spill [green box in Fig. 13(a)] and covers
a surface of 1.26 km2 . In between, there is a mixture of
the two products [blue box in Fig. 13(a)]. From the amount

released product (1 m3 ) and the area covered by the spill,
the average thickness of the rapeseed oil spill is estimated
to be equal to 0.8 μm. This is approximately three orders of
magnitude thinner than the penetration depth at L-band. Thus,
the relative dielectric constant measured by the radar should
be unaffected by the oil slick, and no signature of the rapeseed
oil is observed in the Polarization Ratio image [Fig. 13(d)].
FAME, which mixes in the seawater column [43], slightly
appears on the Polarization Ratio image, probably due to a
decrease of the effective dielectric constant of this mixture
compared to that of the surrounding clean sea area.
Clean sea surface and surface covered by rapeseed oil have
been chosen and ROC curves computed for the selected areas.
As for mineral oil analysis, the SNR is high (see Table VI),
at least 14 dB, over both covered and free sea surfaces.
Similar to the results from mineral oil slicks,
we observe (see Fig. 14) that for the rapeseed oil release,
most of quad-polarimetric parameters (BLR, Entropy, and copolarized coherence) give very poor performance of detection
while amplitude channels are very powerful: HV gives the
best performance of detection, followed closely by VV,
the first eigenvalue (λ1 ), HH, the Hermitian Product between
HH and VV (HP), and the Polarization Difference (PD).
As obtained above for mineral oil, we find here again that
the Polarization Ratio (PR) and the conventional quadpolarimetric parameters (co-pol coherence, Bragg Likelihood
Ratio, Degree of Polarization, Entropy and Conformity
Coefficient) give the worst detection performance. We note
finally that an identical ordering of the investigated parameters
is obtained when selected sea surface contaminated by FAME
instead of rapeseed oil (ROC curves not shown here).
This analysis, based on ROC graphs obtained with SAR data
acquired by two airborne remote sensing sensors, both characterized by a very low instrument noise floor, demonstrate that,
in the three cases shown, the VV and HV amplitude channels
provide the best overall performance of detection. Sometimes,
a slight improvement could be obtained with polarizationdependent parameters like the Polarization Difference.
Speckle affects the performances of detection, and multilooking is the most common method to reduce its effect. In this
paper, we study the performances of detection offered by
several polarization-dependent parameters, all calculated with
the same window size, namely, multilooking by 7 × 7 in range
and azimuth directions. The size of the window influences the
detection performance of each of the parameters, but since the
same window size is always used, the result obtained herein
can be generalized to other window sizes.
When SAR data are collected with a very low NESZ,
the backscattered signal is not corrupted by noise, the EM
wave is well polarized, and only one scattering mechanism
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Fig. 12. UAVSAR, NOFO’2015 experiment, June 09, 2015, 09:56 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the vertical
axis on both figures.

occurs over both clean and contaminated sea surface (low
entropy values over both surfaces). When the SNR over slickcovered area is not as high as with the airborne acquisitions
analyzed here, as for the spaceborne SARs available today, the
instrument noise must be considered when evaluating the performance of detection of polarimetric parameters. Section V-D
focuses on the influence of instrument noise.
D. Instrument Noise Effect
To study how the NESZ impacts the ROC curves obtained
for the investigated features, we added increasing levels of
Gaussian white noise, from 5 to 30 dB, to the raw SAR
data collected by SETHI during the NOFO’2015 experiment. We then processed the noisier data using the standard processing software (Fig. 15). We note that when the
noise is increased by 15 dB [Fig. 15(d)], its detrimental effect in the VV image is apparent. When 30 dB of
noise is added, the slick is no longer observable in the
VV image [Fig. 15(f)].
We now assess the detection performance for all simulated instrument noise levels. ROC curves are computed over
the areas shown in Fig. 9. The results for some selected

radar quantities are given in Fig. 16, and conclusions are as
follows.
1) For a given Pfa, Pd for HH, VV, and HV decreases
as SNR decreases. When the additive noise is less
than or equal to 10 dB, the ROC curves are largely
unchanged.
2) For a given Pfa, Pd increases for the polarimetric parameters for additive noise values less than 20 dB. Then,
performance of detection decreases with greater levels
of additive noise.
Thus, in contrast to the amplitude values, the Pd for the polarimetric parameters increases with the instrument noise so long
as the SNR is sufficiently high over clean sea surface (∼15 dB
added noise) and then decreases for decreasing SNR. As the
SNR decreases, the received signal is increasingly corrupted
by noise and the combined noise plus scattered EM signal
becomes randomly randomly polarized (DoP goes to 0 and
Entropy goes to 1 as the total signal approaches noise only).
With sufficiently high noise levels, both contaminated and
uncontaminated sea surfaces will appear randomly polarized
and no further separation between the two regions is possible.
SNR values as well as mean values of DoP and Entropy over
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Fig. 13.
SETHI POLLUPROOF’2015—L-band SAR data—May 22, 2015, 16:07 UTC. (a) HH, (b) VV, (c) PD, and (d) PR quantities—multilook
7 m × 7 m. FAME is indicated by the red box and rapeseed oil by the green box, and the blue box corresponds to a mixture between the two products.

clean sea and the oil slick are given in Tables VII and VIII.
Despite the increase in Pd with increasing noise component
for the polarimetric parameters, the Pd remains highest for the
single-polarization HH and VV parameters at any given level
of added noise. For a noise level increased by less than 20 dB,
HV has higher Pd than all polarimetric parameters.
VI. D ISCUSSION
Our analysis of L-band SAR data collected by SETHI
and UAVSAR, two airborne sensors that have low instrument
noise floor, allows us to formulate the following ordering

of polarization-dependent parameters for region-based slick
detection, whether vegetable films or mineral oil slicks.
1) Group 1: VV, HV, the Polarization Difference (PD), and
the first eigenvalue (λ1 ).
2) Group 2: HH and the Hermitian Product between HH
and VV (HP).
3) Group 3: The Entropy (H ), the Polarization Ratio (PR),
the Degree of Polarization (DoP), the co-polarized
coherence (ρHHVV ), the Bragg Likelihood Ratio (BLR),
and the Conformity Coefficient (μ).
The parameters in the first group all provide high performance
of detection based on the ROC curve results. The presence
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Fig. 14. SETHI, POLLUPROOF’2015 experiment, May 22, 2015, 16:07 UTC—Pd versus Pfa computed for all investigated parameters. Note the cut of the
vertical axis on the top figure.
TABLE VII
S IGNAL - TO -N OISE R ATIO —SETHI, NOFO’2015 E XPERIMENT, J UNE 09, 2015, 10:01 UTC

of each parameter in group 1 can be understood through
the Bragg scattering model. In this framework, VV always
has the highest amplitude and HH and VV have different
reflectivities, ensuring that PD takes positive values. In the

tilted-Bragg-scattering model, HV can have a nonzero
amplitude that is always less than both HH and VV. As a
result, the first eigenvalue of the covariance matrix is
dominated by VV and, to a lesser extent, HH. The control
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Fig. 15. Noise effect—SETHI polarization VV. (a) Original data and instrument noise increased by (b) 5 dB, (c) 10 dB, (d) 15 dB, (e) 20 dB, and
(f) 30 dB—NOFO’2015 experiment, June 09, 2015, 10:01 UTC.
TABLE VIII
D O P AND E NTROPY—SETHI, NOFO’2015 E XPERIMENT,
J UNE 09, 2015, 10:01 UTC

of VV on the value of the first eigenvalue explains why the
first eigenvalue is a high-performing parameter. As previously
reported in [57], HV performs well where the instrument
noise floor is low because, to a good approximation in the
tilted-Bragg model, the HV amplitude is proportional to PD.
The second group of parameters, composed of HH and the
Hermitian Product between HH and VV channels, gives good
performance of detection, although slightly lower than the performance of group 1. We show that HH channel is slightly less
effective than VV for slick detection. However, we emphasize

that HH is effective for distinguishing slicks from relatively
clean sea surfaces. HP suffers from the decrease in detection
performance of HH compared to that of VV.
We place all remaining parameters in group 3, which
has the worst capabilities of detection. The parameters in
group 3 are the Polarization Ratio (PR), the co-polarized
coherence (ρHHVV), the Bragg Likelihood Ratio (BLR), the
Entropy (H ), the Degree of Polarization (DoP) and the
Conformity Coefficient (μ). For these parameters, detection
performance seems to be very strongly correlated with the
instrument noise and their applicability in a sea pollution
detection scheme is instrument dependent. For a sufficiently
high SNR, the EM wave backscattered by the slick-free sea
surface remains well polarized (DoP close to 1 and Entropy
close to 0). It becomes less polarized over the contaminated
area (DoP decreases and Entropy increases) and the performances of detection increase. When the instrument noise
becomes a significant fraction of the measured signal (low
SNR), the apparent backscattered signal becomes randomly
polarized for contaminated and uncontaminated sea surfaces,
and no further separation between the two regions is possible.
The instrument noise issue for oil spill detection using quadpolarimetric SAR data has been recently addressed in [15].
In this paper, the authors hypothesize that the often-stated
claims that non-Bragg scattering occurs over slick-covered
areas is due to a misinterpretation of SAR images collected
with too low an SNR. Our study presented in this paper is in
agreement with this hypothesis and goes even further since,
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Fig. 16. Noise effect on ROC curves—SETHI (a) HH, (b) HV, (c) VV, (d) dual-pol coherence, (e) DoP, and (f) Entropy—NOFO’2015 experiment, June 09,
2015, 10:01 UTC.

for the first time, we quantify in a systematic way the effect of
instrument noise on polarization-dependent SAR parameters
when applied to oil spill detection. As previously reported
in [15] and [41], we demonstrate that there is no deviation
from Bragg scattering for radar scattering from ocean surface
covered by mineral and vegetable oil.
The hierarchy that we propose here is obtained from L-band
airborne SAR data collected over vegetable and mineral oil
slick released during moderate wind conditions. A similar
study is proposed in [56] and [57], with [57] evaluating the
parameters during transport and evolution of mineral and plant
slicks. The major differences between all these studies are the
proposed method of measuring the capabilities of detection

of different quantities investigated and the fact that the slicks
studied in [56] and [57] were thinner, formed from the release
of 0.2–0.5 m3 of material rather than 45 m3 as the slick in our
study. In [56], SAR data acquired by UAVSAR, TerraSAR-X,
and RADARSAT-2 at nearly the same time over mineral oil
spills under high-wind conditions are investigated using many
of the same parameters as herein. They found likewise that
VV intensity is the most efficient parameter for the detection of
oil slick on sea surface. The HV channel was not investigated
in [56] because of the low SNR of the satellite data. The
UAVSAR image investigated in [56] is also studied in [57],
combined with 17 other images covering the evolving slicks
over an 8-h period. In the latter, the proposed methodology
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to order the polarimetric parameters is slightly different than
in [56], and the authors also found that VV intensity is very
efficient for slick–sea discrimination. The HV channel was
studied in [57] and, similar to our results, those authors found
that the cross-polarized channel is attractive for slick detection
over ocean surface when employed SAR data are acquired
with a very low instrument noise floor. Comparing [56], [57],
and the results that we report here, there is a clear consensus
on the use of VV or HV channels for slick detection at sea.
The main difference between results obtained in this paper and
those reported in [56] and [57] concerns the performances
of detection given by the Polarization Difference. Indeed,
we found here, and as already reported in [17], [33], [43],
and [54], that the Polarization Difference is one of the
most efficient parameters for slick–sea discrimination. This
difference could be due to different wind conditions, sea
state, or slick thicknesses, and highlights the complexity of
slick detection across a range of variables under which they
can occur.
VII. C ONCLUSION
To guide the selection of the most appropriate SAR imaging
mode for marine pollution detection, a methodology based
on the analysis of ROC curves has been reported in this
paper. The ROC analysis accounts for the non-Gaussian tails
of the probability distribution of parameter values, which are
particularly important for the slick-covered areas. We compare
the probabilities of detecting a slick with the probabilities
of a false alarm for a range of detection thresholds to rank
various polarization-dependent parameters in the order of
slick-detection performance, from best to worst. A key aspect
of the results reported in this paper lies in the analysis of the
instrument noise effect on the performance of detection offered
by the studied parameters. This is done by progressively
adding Gaussian white noise directly to the raw SAR data and
then processing the noisier data using the standard processing
software. The other important aspects of this paper derive
from three factors: the quantitative evaluation of a dozen
common parameters used for detecting marine slicks; the
uniqueness of the studied data set collected by two airborne
sensors operating at L-band, both of which are characterized
by an instrument noise floor that is much lower than the one
that is currently available from spaceborne SARs; and the
evaluation of detectability of both vegetable and mineral oil
slicks with the same low-noise instrument. Low noise makes
the parameters more sensitive to the surface properties and
less influenced by the sensor.
We find that HV amplitude can outperform all other investigated amplitudes and polarimetric settings whenever the
instrument noise is sufficiently low (at least 5 dB in this
paper). However, as instrument noise increases, HV amplitude
and all polarimetric parameters that rely on HV become
corrupted by the noise and their slick-detection performance
diminishes. HV is closely followed by the investigated copolarized settings (ordered as follows: VV, the Polarization
Difference, HH, and the Hermitian Product between HH and
VV), while being more robust to a lower SNR than the crosspolarized channel.

We note that this relative ordering is determined from a
single combined set of sea state, meteorological conditions,
and slick properties, and further work is needed to expand to
other conditions, in particular lower wind speeds and different
slick thicknesses.
For detecting slicks on the sea surface, we propose that
VV parameter offers the best tradeoff between the benefit
of detection performance and the instrument and data
requirements.
We find that the co-pol amplitudes (HH and VV) and two
polarimetric parameters, the Polarization Difference and the
first eigenvalue of the quad-pol covariance matrix, are more
robust in the presence of instrument noise than the crosspol (HV) amplitude and quad-polarimetric parameters. This
disparity in robustness is due to higher co-pol amplitudes
relative to the cross-pol amplitude and the strong impact of
instrument noise on POLSAR parameters. This implies that
polarimetric quantities which combine the four polarimetric
channels have performances of detection mainly driven by the
instrument noise level (NESZ).
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