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Characterization of Low Backscatter Ocean Features
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Abstract—The potential of using log-cumulants for discrimination between mineral oil spills and other low backscatter ocean
features in Synthetic Aperture Radar (SAR) data is investigated
here. Radarsat-2 fine quad-polarization data containing experimental oil spills as well as simulated biogenic slicks and a natural
phenomenon are analyzed. For this data set, the combined
information of matrix log-cumulants of first and second order is
found to clearly discriminate the majority of the mineral oil spills
from the simulated biogenic slicks and the natural phenomenon.
These preliminary findings suggest that the proposed method has
a potential application in classification of low backscatter ocean
features of unknown origin.
Index Terms—synthetic aperture radar, oil spills, look-alikes,
characterization, statistical analysis, log-cumulants

I. I NTRODUCTION
Oil is released into the marine environment during accidents
related to oil production and transportation, and from operational discharges during tanker operation. Synthetic Aperture
Radar (SAR) is a valuable tool for detection and monitoring
of these oil spills. A recent review on oil spill observation by
SAR is presented in [1].
Oil slicks are seen in a SAR image as areas of reduced
backscatter, as the oil dampens the small-scale waves. If the
oil slick is thick enough or if oil is mixed with water in high
enough concentrations in a layer below the surface, a reduction
in the effective dielectric constant can also lead to a decrease
in the backscattered energy [2].
One problem for oil spill detection is the number of
other phenomena that produce similar SAR signatures as oil
spills, including natural films produced by marine organisms,
low wind areas, grease ice, rain cells, shear zones, internal
waves and ship wakes [3]. The discrimination between oil
spills and other low backscatter features is one of the main
focuses in the oil spill remote sensing literature. Currently,
single-polarization parameters related to geometry and shape,
physical characteristics of the backscatter level of the region
and its surroundings, contextual features and spatial texture,
are used to describe and classify low backscatter regions
[3]. Over the last decade, many promising studies on the
use of multipolarization data, i.e., the combination of two
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or more polarization channels, for oil spill detection and
characterization have been performed, see review in, e.g., [1]
and [4].
Statistical properties of slicks were evaluated in [5], where
the generalized K-distribution was used to model singlepolarization SAR measurements. A larger deviation from
Gaussian statistics was observed in low backscatter features,
but discrimination among oil spills and other dark regions
were not possible. Larger deviation from Gaussian statistics
within oil slicks was also found in [6], where log-cumulants
were investigated. The log-cumulant diagram was identified
as a useful tool for discrimination between mineral oil spills
and look-alikes for Radarsat-2 and TerraSAR-X single-look
intensity (SLI) data. In the current study, this method is further
explored.
The analysis presented in [6] is here expanded from singlelook intensity to the multilook covariance matrix. The objective is to investigate the potential of log-cumulants to discriminate mineral oil slicks from simulated biogenic slicks and other
natural phenomena. In [6], the second order log-cumulant was
identified as a powerful feature, whereas the third order logcumulant exhibited a less discriminative behavior. Here, a
combination of the first and second order log-cumulants is
explored.
Radarsat-2 quad-polarization data collected during oil-onwater exercises in the North Sea are investigated. Controlled
releases of mineral oil, as well as simulated look-alikes and
a natural phenomenon are captured by SAR and compared in
terms of log-cumulants.
It is found that the combination of the first and second order
log-cumulants clearly discriminate the majority of the mineral
oil spills from the simulated biogenic slicks and the natural
phenomenon for the data set investigated here. A future use
of these features for classification of low backscatter ocean
features is suggested. Further investigations are needed to
assess the effects of sensor properties, wind conditions and
slick types.
The paper is organized as follows. Section II provides a
theoretical background, and Section III describes the data
set. The experimental results are presented in Section IV and
Section V concludes the paper.

II. BACKGROUND
This section provides background information and definitions of the log-cumulants.
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A. Radar Measurements

B. Product Model

In quad-polarimetric SAR sensors, the full scattering matrix
S is measured:

 

SHH SV H
|SHH |ejφHH |SV H |ejφV H
S=
=
(1)
SHV SV V
|SHV |ejφHV |SV V |ejφV V

The randomness in a radar measurement is commonly
attributed to two separate processes, i.e., the fully developed
speckle, and the variation in the underlying radar cross section,
referred to as texture. The Gaussian model described in the
previous section only accounts for the speckle. To describe
non-Gaussian statistics, the scalar product model is commonly
used. Under this model, the SAR measurement can be given
as the product of the two factors, and the covariance matrix
is expressed as:
f
C = T W.
(7)

where |Sxx | and φxx denote the amplitudes and the phases
of the measured complex scattering coefficients. The first
and second subindices refer to the transmitted and received
polarizations, respectively. The complex scattering coefficients
can be represented by the lexicographic scattering vector l,
which takes the form:
iT
h
√
2SV H SV V
(2)
l = SHH
when reciprocity (SHV = SV H ) is assumed. The subscript T
denotes the vector transpose [7].
Since noise analyses have previously shown that the signal
in cross-polarization channels lies mainly below the noise
floor [4], we here use only the copolarization SHH and SV V
measurements, herein referred to as dual-copolarization. In
this case, the scattering vector is reduced to
l = [SHH SV V ]T .

(3)

Based on l, the covariance matrix is extracted as
C=

L
1 X ∗T
ln l .
L n=1 n

(4)

where ln is the nth single-look complex measurement, L is
the number of samples included in the averaging and the
superscript ∗T is the complex conjugate transpose [7]. The
C will be a d × d matrix when d is the dimension of the
measurement. The covariance matrix in the dual-copolarization
case (d = 2) takes the form


|SHH |2
hSHH SV∗ V i
.
(5)
C=
∗
i
|SV V |2
hSV V SHH
SAR images have a grainy ”salt and pepper” appearance
referred to as speckle. Speckle occurs due to constructive and
destructive interference between the scattered signal from a
number of scatterers within a resolution cell. For a rough
homogeneous surface with a large number of scatterers present
within each cell, the sum of the reflected waves can be
assumed to have a phase uniformly distributed between −π
and π. This is referred to as fully developed speckle. From the
central limit theorem, the real and imaginary parts of the sum
are independently and identically Gaussian distributed with
zero mean [7]. In this case, and if L ≥ d, the sample covariance matrix will follow a scaled complex Wishart distribution:

fC (C; L, Σ) =

LLd |C|L−d
exp[tr(−LΣ−1 C)]
K(L, d) |Σ|L

(6)

where | · | and tr(·) are the determinant and trace operators,
respectively, K(L, d) is the multi-variate gamma function of
the complex kind and Σ = E{C} [7].

T is the scalar texture random variable with a positive
f represents
only probability density function (pdf) and W
the speckle with a scaled complex Wishart distribution
f ∼ sW C (L, Σ) [8]. The pdf of C depends on the distribuW
d
tion of the texture variable. Examples of possible distributions
of T and the resulting pdf of C are given in [8].
C. Mellin Kind Statistics
The deviation from Gaussian statistics due to the presence
of texture is here evaluated by means of log-cumulants. Mellin
kind statistics (or second kind statistics) in the univariate case
were described in [9, translated in [10]], with the derivation
of moments and cumulants in the log-domain, called logmoments and log-cumulants. The Mellin kind statistics were
expanded to the matrix-variate case in [8]. The sample matrix
log-moment (MLM) of order ν is computed from a collection
of N covariance matrices C = {Ci }N
i=1 as
µν {C} =

N
1 X
(ln|Ci |)ν
N i=1

(8)

The sample matrix log-cumulants (MLC) can be obtained from
the MLMs. The first three MLCs represent the mean, variance
and skewness in the log-domain, respectively, and are given
by [8]
κ1 {C} = µ1 {C},
(9)
κ2 {C} = µ2 {C} − µ1 {C}2 ,

(10)
3

κ3 {C} = µ3 {C} − 3µ1 {C}µ2 {C} + 2µ1 {C} .

(11)

Log-cumulants can be applied to evaluating the statistical
distribution and properties of radar measurements and estimating the distribution parameters. In this paper, MLCs are used
to evaluate the statistical properties of various low backscatter
ocean features.
III. DATA S ET
The analysis presented in this paper is performed on SAR
data collected during large scale oil-on-water exercises carried
out in the North Sea by the Norwegian Clean Seas Association
for Operating Companies (NOFO). During these exercises, oil
is released onto the sea surface, with the objective of testing
procedures and equipment for oil spill response operations.
The exercises offer unique opportunities to collect remote
sensing data of marine oil spills, and data from different
sensors were collected during the exercises in 2011-2013. In
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Fig. 1: Intensity image (VV) [dB] of scene #3. RADARSAT-2
Data and Products c MDA LTD. (2012) - All Rights Reserved.

this paper, we investigate Radarsat-2 data acquired in the fine
quad-polarization mode. An overview of the SAR scenes is
given in Table I. Scene #3 is shown in Fig. 1, with the present
slick types indicated.
TABLE I: Properties of the SAR scenes. ROI denotes region
of interest, and indicates which low backscatter features are
present in the scene. P, E, C and N denote plant oil, emulsion, crude oil and natural phenomenon, respectively. Wind
measurements (’Meas.’) in parentheses are from the nearest
platform, the rest are from ships participating in the exercises.

#1
#2
#3
#4
#5

Date
Time

Incidence
angle [◦ ]
46.1-47.3

Pixel size
(Rg×Az)
[m]
4.73×4.71

Meas.
wind
[m/s]
1.6-3.3

SAR wind
HH/VV
[m/s]
3.4 / 6.2

Present
ROIs
(∼age [h])
P(2), E(18)

08.06.11
05.59
08.06.11
17.27
15.06.12
06.20
15.06.12
17.48
11.06.13
17.19

34.5-36.1

4.73×4.82

1.6-3.3

5.9 / 7.9

30.3-32.0

4.73×5.60

4

2.5 / 3.4

48.3-49.5

4.73×5.12

(3)

6.9 / 7.9

P(13), E(29),
C(9), N
P(14), E(a:14,
b:17, c:22)
E(25)

28.1-29.8

4.73×4.83

5

4.6 / 5.6

P(3), E(1)

As seen from Table I, various regions of interest are present
in the scenes. Emulsion and crude oil releases (mineral oil
slicks) are present in all five scenes. Four of the scenes also
contain discharges of plant oil. This substance is expected to
produce a monomolecular (one molecule thick) film similar
to biogenic films produced by marine organisms [4], and is
here treated as a substitute for natural biogenic slicks. A
naturally occurring low backscatter feature, possibly related
to a low wind field, is also captured in scene #2. More
information about the properties of the released substances
and the environmental conditions can be found in [4], [6].
The wind measurements in Table I are mainly recorded

by ships participating in the exercise. Observations from the
closest platform are used to supplement where information
from ships were not available (indicated by parentheses). In
the cases where a range is given for the wind speed, the
measurements were logged by the source on the Beaufort
scale, and translated to m/s by us. Some uncertainty applies to
the wind measurements due to temporal and spatial distances
between satellite passes and weather observations.
For comparison, SAR wind retrieval was performed by
scientists at the Northern Research Institute (Norut). Some
differences are seen between in-situ measured wind and SAR
wind. Large incidence angles and low wind speeds will reduce
the accuracy of the SAR wind retrieval. The in-situ measured
wind direction (not shown) is used as input for extracting
SAR wind, also inducing some uncertainty. In the cases where
wind measurements are from ships, we regard this as the most
reliable measure, and assume that in these cases (scene #1, #2,
#3 and #5), the actual wind speeds are ≤5 m/s. Higher wind
may be present in scene #4, but still within low-medium wind
conditions.
IV. R ESULTS AND D ISCUSSION
In the initial study presented in [6], second and third order
log-cumulants (κ2 and κ3 ) were obtained from SLI data. A
potential for discrimination between mineral oils and other
phenomena was found, particularly in κ2 , for both Radarsat-2
and TerraSAR-X data. In the current paper, these findings are
further explored. Log-cumulants are here retrieved from the
multilooked (9 × 9 sliding window) covariance matrix in (5),
both from the full dual-copolarization matrix and the singlepolarization VV intensity (C22 ). As κ3 was not found very
useful for separation between regions in [6], this parameter
is not included in the current study. κ1 is related to the
backscatter intensity, which is known to vary between clean
sea and oil-covered regions, and is therefore included instead.
For each scene described in Table I, the low backscatter
regions of interest (ROI) are extracted, and for each ROI,
MLCs are subsequently computed from a random sample of
size 4000. For each region, the calculation is repeated 200
times. The resulting log-cumulant scatter plots are shown in
Fig. 2. The number next to each cluster indicates which scene
the region belongs to. For scene #3, the letters a-c identify
the different emulsion slicks in this scene and correspond to
the notation in Table I. E, C, P, N and W denote emulsion,
crude oil, plant oil, natural phenomenon and clean sea water,
respectively. κ1 is expected to vary with incidence angle and
sea state. To account for the variation between scenes, the
log-cumulants have been normalized with respect to the water
(denoted κ̃1 and κ̃2 ), hence the water regions in Fig. 2 are
found in the point (0, 0). This step is important as it produces
more consistent values that can be interpreted as the relative
damping of the intensity. In clean sea, only small variations
were observed in κ2 between the scenes, but this dimension
is also normalized for the sake of comparison.
The results for single-polarization VV intensity and the
dual-copolarization covariance matrix are shown in Fig. 2(a)
and 2(b), respectively. In both cases, a clear separation is seen
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of κ̃1 and κ̃2 values. The number next to each cluster indicates which scene the region belongs to. E, C,
emulsion, crude oil, plant oil, natural phenomenon and clean sea water, respectively. (a) Log-cumulants
multilook intensity. (b) Log-cumulants computed from the 2 × 2 C matrix. (c) Examples of preliminary
between mineral oils and other low backscatter features for the 2 × 2 C matrix case.

between the mineral oils, other low backscatter features and
the clean sea. κ̃1 directly measures the relative damping of the
signal in the low backscatter features compared to the clean
sea. In the slick regions, the backscatter level decreases (lower
κ1 ) due to wave damping by the surface film, and possibly by
a reduction in the dielectric constant in the case of mineral oil.
A relatively lower reduction (less negative κ̃1 ) in backscatter
is observed in the simulated biogenic slicks and the natural
phenomenon compared to the mineral oils. Mineral oils have
higher viscosity than natural slicks and hence tend to be more
concentrated and provide larger damping of surface waves [1].
In κ̃2 , higher values are found in the mineral oils compared
to the other regions, which indicate a higher internal variation
(more texture) in the former. Inhomogeneous distribution of
oil, and therefore variations in thickness and/or dielectric
properties, is expected in the mineral oil slicks. It has been
found that more than 90% of the oil is contained in less than
10% of the slick area [11]. For the scenes investigated here,
internal variations within the mineral oil slicks can be observed
in the radar images [4], and also from aerial imagery acquired
during the exercise (example provided in [4]). The biogenic
slicks on the other hand, should form a more homogeneous
monomolecular film, and lower κ̃2 values are expected, as
observed in Fig. 2.
Similar results are obtained with the 2 × 2 C matrix and the
VV intensity, with a somewhat better visual separation in the
matrix case. Note, a clear improvement in the discriminability
was observed when moving from the SLI used in [6] to the
multilook intensity, hence multilooked data should be used.
Even though Fig. 2 shows clear clusters of mineral oils and
other low backscatter features, some mixing occurs, as one
emulsion region (scene #4) is found located with the biogenic
slicks. Several reasons may explain why this region varies
from the rest of the mineral oils. It is a small slick that has
been on the surface for a long time, and the scene is acquired at
large incidence angles. In addition, as discussed in Section III,
higher wind may be in place in this scene compared to the
others. One of these factors, or a combination, may cause the
deviation between this slick and the others of similar origin.

Several factors can affect the SAR signatures and logcumulants of the various low backscatter ocean features. Slick
properties and damping ability can vary between different
substances for both mineral oils and natural slicks, and also
with the degree of weathering. In addition, sensor parameters
and environmental conditions may affect the results. The data
available at this point are limited, and the analysis should
be extended as more data are collected, and the effect of
various parameters can be evaluated. Untouched oil spills and
naturally occurring look-alikes should also be evaluated in
addition to experimental slicks where human interference is
a factor. However, the results presented here demonstrate that
this method has a potential for discrimination between mineral
oil spills and other low backscatter ocean features.
As more data become available, the κ̃1 − κ̃2 space may be
used to classify a low backscatter region of unknown origin.
Based on the training data, a decision boundary can be drawn
between regions where different ocean features are expected to
occur. To illustrate this idea, two different decision boundaries
are here shown as a preliminary test. One linear and one
quadratic decision boundary between mineral oils (emulsion
and crude oil) and other features (plant oil and the natural phenomenon) have been obtained from the current data set and the
results are plotted in Fig. 2(c). The linear decision boundary is
obtained using the sum of error squares [12, p. 84]. The line is
somewhat steeper than the intuitive boundary between the two
classes, due to the emulsion outlier. Two regions end up on
the wrong side of the line. A better separation is obtained
with a quadratic solution, using discriminant functions of
multivariate normal distributions (assuming equal priors) [12,
p. 20]. In this case, the decision boundary is a hyperbola.
Two regions are defined for the other features class, but these
measurements are expected to fall into the rightmost region
only, with relatively lower signal damping and lower variance
compared to mineral oils. Note that the outlier emulsion slick
lies on the boundary between mineral oils and other features
in this case. Fig. 2(c) shows how one outlier can have a large
effect on the resulting decision boundary when the data set is
small. As described above, a larger data set is needed to draw
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a more general decision boundary. The normalization applied
to the log-cumulants accounts for some variation between
scenes that may be due to varying incidence angle and wind
conditions. However, for a larger data set, a variable decision
boundary or backscatter corrections, taking into consideration
these factors, may be advised.
A. Effects of Input Data Selections
The performance of the method may be affected by several factors, including the degree of multilooking, the slick
segmentation and the sample size. These effects have been
investigated for the 2 × 2 C matrix as discussed next.
1) Degree of Multilooking: The analysis presented above
has been repeated for varying degrees of multilooking. Results
using sliding windows of size 3×3, 5×5, 7×7 and 9×9 pixels
were compared. It was found that with the exception of 3 × 3,
all cases gave a clear separation between the clusters in the
κ̃1 − κ̃2 space. The discrimination improves with the number
of looks. In previous studies, investigating subsets of these
scenes, multilooking with 9 × 9 pixels window was applied.
This window size was found to give a good compromise
between speckle reduction and preservation of details [4], and
hence we here chose to show this degree of multilooking for
consistency.
2) Segmentation: The proposed method requires a segmented low backscatter region as input. An extensive comparison of segmentation methods is outside the scope of the
current paper. However, we here discuss the importance of
the accuracy of the segmentation, as it can affect the resulting
MLCs and the region discriminability. A wide segmentation
may include clean sea areas along the boundary of the ROI,
and hence, a mixing between classes (i.e., clean sea and ocean
features) which could increase the κ̃1 and κ̃2 values. Hence,
any textural or backscatter intensity differences between dark
ocean features may become undetectable.
For the results presented here, the segmentations of low
backscatter regions are obtained by a feature-based classification applied on a two-dimensional feature vector composed of
the geometric intensity and the real part of the copolarization
cross product (further discussed in [4]).
In addition, we repeated the analysis on regions segmented
by operators at Kongsberg Satellite Services (KSAT). KSAT
does semi-manual segmentation as part of their operational
oil spill detection service, and hence, these segmentations are
realistic from an operational viewpoint. The MLCs obtained
by their segmentation gave generally larger values, particularly
in κ̃2 . Comparison between KSATs and our segmentations revealed that areas along the border of what is possibly clean sea
is included to a larger extent in their segmentation, increasing
the texture, and hence a less clear separation between mineral
oils and biogenic slicks/natural phenomenon is obtained. The
results are still useful, but a new decision boundary would
be needed. This indicates that an accurate and consistent
segmentation should be applied to train a MLC based classifier.
3) Sample size: The log-cumulants have been computed
with varying number of samples, and the sample size of
4000 was selected based on these empirical results. Separation
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between region types was also observed for smaller sample
sizes, but with a larger spread within each slick. In [6], 4000
samples were used, and this size is here kept for consistency.
V. C ONCLUSION
We here demonstrate the potential of using matrix logcumulants for discriminating mineral oil spills from other
low backscatter ocean features. The covariance matrix from
dual-copolarization SAR measurements is used to retrieve logcumulants of first and second order, representing the mean and
variance (texture) in the log-domain. When normalized to sea
values, a clear separation between the main part of the mineral
oil spills and simulated biogenic slicks/natural phenomenon is
observed in the κ̃1 - κ̃2 space for this data set. Good results
are also obtained from single-polarization intensity, suggesting
this data type may be sufficient for discrimination. However,
this is a topic for further research.
For future studies, more training data will be collected to
assess the effect of sensor properties, wind conditions and
slick characteristics, in order to further test the method. Subsequently, a classification scheme for low backscatter features
of unknown origin may be obtained.
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