Unsupervised Oil Slick Detection by SAR Imagery
using Kernel Expansion
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Abstract— Spaceborne Synthetic Aperture Radar is well
adapted to detect ocean pollution independently from daily or
weather condition. In fact, oil slicks have specific impact on
ocean wave spectra. Initial wave spectra may be characterized by
three kinds of waves, big, medium and small, which correspond
physically to gravity and gravity-capillary waves. The increase
of viscosity due to the presence of oil damps gravity-capillary
waves. This induces a damping of the backscattering to the
sensor, but also a damping of the energy of the wave spectra.
Thus, local segmentation of wave spectra may be achieved by the
segmentation of a multiscale decomposition of the original SAR
image.

In this work, an unsupervised oil slick detection is proposed
by using kernel-based novelty detection into the wavelet decom-
position of a SAR image. It performs accurate detection with no
consideration to signal stationarity nor to the presence of strong
backscatters (such as ship).

The algorithm has been applied on ENVISAT ASAR images.
It yields accurate segmentation results, even for small slicks, with
a very limited number of false alarms.

I. INTRODUCTION

The oceanic sea surface is complex and often governed by
non-linear dynamic systems. Surface waves, that are found in
the ocean, range from the millimeter scale to hundreds of me-
ters. By considering an infinite sea surface, the wind induces
capillary waves by friction. Capillary waves cannot propagate
and they vanish with the wind. But they transfer their energy to
waves with a longer wavelength until they reach an equilibrium
that depends on the wind. In addition, gravity waves transfer
their energy to gravity-capillary waves. Several models have
been proposed to characterize the sea surface spectrum with
an accuracy that depends on the wavelength bandwidth. Those
models integrate the wind, but also the current, atmospheric
pressure and so on. An interesting comparison of some models
may be found in [1] in the context of SAR imagery. On
the one hand, capillary waves are generated by friction, and
more specifically by friction velocity, related by wind speed
and surface properties, which die down when the friction
decreases. On the other, gravity waves are generated indirectly
by sea spectrum energy spreading and propagating over long
distances far from their origins.
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In fact, backscattering phenomena are directed by gravity-
capillary waves (due to the wavelength of electromagnetic
waves) while typical SAR systems are sensitive to gravity
waves (due to their resolution).

A. Sea surface observation with SAR data

Radar electromagnetic waves are backscattered by the sea
surface. The simplest model that describes this backscattering
process is the Bragg resonance effect that links the sea surface
and electromagnetic wavelengths. According to this model,
the sea surface waves of wavenumber kg, = 2KksaR Sin 6 con-
tribute to the scattering process (ksar being the wavenumber
of the electromagnetic wave and 6 the incidence angle).

More precisely, most SAR sensors that are used on civil
satellites use the C band (i.e. a wavelength of about 5.6 cm).
By considering incidence angles from 15 to 45° according
to the sensors and their acquisition modes, gravity-capillary
waves of wavelengths from 4 to 14 cm intervene in the
scattering process.

Nevertheless, SAR image resolution is much larger than
the wavelength and the sensor is sensitive to large scale
oceanographic phenomena. In fact, the Bragg mechanism con-
siders waves of one wavelength only [2] while it is necessary
to consider a bandwidth or, even better, the overall wave
spectrum. Moreover, wave motion induces specific modulation
on the wave spectrum acquired by the SAR sensor. Hence,
surface roughness induced by short waves is modulated by
longer waves allowing SAR imagery to characterize “indi-
rectly” oceanophysical phenomena such as swell, internal
waves, coastal bathymetry or oil slicks.

B. Usual strategy for oil spill detection

A viscous area is seen smoother than a clean sea surface
since small wave generation and propagation is stopped by
the viscosity of a slick. From the SAR sensor point of view,
a slick is characterized by a lack of backscattered energy
and then restituted through a dark area [3]. According to the
Bragg phenomenon, the backscattering process is mostly due
to surface roughness.
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That is why many slick detection algorithms are based on a
thresholding technique [4—6]. Nevertheless, this process is not
efficient when:

« the wind is increasing (basically over 10-14 m/s);
« the sea state is different (more precisely its wave spectrum
shape);
« viscoelastic oil properties are different (different kinds of
oil but also their degradation);
« possible bad-detection with look-alikes (e.g. weak wind
area, upwelling, phytoplankton, algae, etc.).
Moreover, a radiometric point of view shows some limitations
since wave slopes that are not oriented to the sensor are
restituted with a lower radiometry that may be confused
with small slicks. That is why most slick detection strategies
include a post-processing stage to remove small slicks through
geometrical, morphological or contextual criteria [7-9].

C. Multiscale strategy

A priori, the proposed multiscale strategy that is imple-
mented to detect oil slicks may be justified by several concepts
mentioned above:

« the SAR sensor is only sensitive to surface roughness (at
a centimeter scale) which is modulated by larger scale
phenomena that induce shades of texture;

o the increase of viscosity, due to the presence of an oil
slick on the sea surface, affects the sea surface wave
spectrum shape;

o 0il slicks induce dark areas on the SAR images under
certain conditions, such as a limited wind (i.e. under 10-
14 m/s).

The multiscale strategy has been already proposed in pre-
vious studies [10, 11]. In [10], the methodology has been
developped by using Markov chain that is sensitive to the scene
stationarity. But a slick is rarely statistically representative.
In [11], oil slick detection is perform by using Support
Vector Machines into a Supervised classification process. It
is understood from supervised technique that end user has
found a Region of Interest (ROI) that defines non polluted
sea and a ROI dedicated to oil slick. It is some time difficult
to define those ROIs in an operational context. Also, ROIs may
not be representative to the slicks that may be found into the
scene (large or thin slicks, heavy, volatil or degraded oil). The
way unsupervised technique is developped here is to recognise
the sea surface from a training set. Every thing else will be
considered as oil. In order to minimize the false alarms, the
feature space is defined carefully by considering the multiscale
representation and also the textural information deduced from
the wavelet coefficients.

Since the multiscale representation is the same as the one
presented in [10], we just remind that the initial SAR image
is represented with its details at different scales [12] by:

v = I(z,y) =0 (2_(L_1)3:, 27 (E=1y)
Igori _ I(l‘, y) * ,l/}hori (27ZZC, 27fy) (1)
et I(x,y) * ¥t (2’%, 2’Ey) )

I —

In section II, abnormal detection is defined through Support
Vectors. Section III focuses on kernel definition to perform an
abnormal detection in the way of slick detection. Section IV
shows two typical examples from ENVISAT SAR data. Sec-
tion V concludes.

II. SUPPORT VECTORS FOR ABNORMAL DETECTION

Lets consider an observation z issued from a SAR acquisi-
tion and transformed into a vector x according to eq. (1). For
oil slick detection, we propose to solve the following problem:

Hsea T ~ Dsea

H-sea T % Psea

that is to say: if x is distributed according to the probability
density function (pdf) that characterizes the sea surface, it may
be considered as representative to the sea surface (hypothesis
Hgea)- On the contrary, if  is not distributed according to pge,
it cannot be considered as representative to the sea surface
(hypothesis H_geq).

A general solution of this problem consist in building a
decision function f(-) where Hse, is decided if f(-) > 0:

Hsea

f(z) =z 0. 2)

H—sea

In that problem, the pdf ps, is not known and has to be
estimated with a training set. Kernel expansion has been
chosen since this technique does not require the knowledge of
the statistical model pg., and provides computationally efficient
decision function. This technique is known as Support Vector
Novelty Detection [13].

In the linear case (as shown on Fig. 1-a), the decision
function is to be built with

flm) =<z, w>—p 3)

m
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where {x1,Xs2,..., 2} is the m-sample training set. If the
training set is separable, then there exists a unique supporting
hyperplane with the properties that:

1) it separates all the data from the origin,

Y
Y
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Fig. 1. A separable data set, (a) with the unique supporting hyperplane
separating data from the origin with maximum margin, (b) with a non-linear
characterization.



2) its distance to the origin is maximal among all such
hyperplanes.

The supporting hyperplane is given by:
1
minimize §||w||2 subject to  <w, x;> = p,
vie{1,2,...,m}.

III. KERNEL-BASED ABNORMAL DETECTION

Let ® be the feature map that transforms initial SAR
observation into a feature space () where oil slick signatures
are becoming highly contrasted. The initial dot product is
transformed into a kernel evaluation:

K (z,z') = <®(z), P(z')>.

Then, w = ), o;®(x;). The decision function becomes

flz) = iaiK(fﬂivw) —p )
i=1
that is given by the dual problem:
mirtlggi{ze E Z o0 K (x4, x5) ®)
i,j€{1,...,m}
1 m
subject to 0 < a; < Py and Zai =

i=1
Here, v € ]0,1] is introduced in close analogy to the v-SV
classification algorithm. If v tends to 0, the upper bounds on

the Lagrange multipliers tend to infinity and the constraint of
eq. (5) vanishes and we are facing a hard margin problem.

A. Usual kernels

For oil slick segmentation, we observed that polynomial,
eq. (6), or sigmoid kernels, eq. (7), were the more satisfactory
since there minimize the number of false alarms:

KPolynomial(wv Si) = (<Il7, 8;> + 1)p ) (6)
Ksigmoia(x, 8;) = tanh (<z, 5>+ 1). @)

Those kernels are based on the classical dot product and x
tends to O (i.e. a lower radiometry and surface roughness) into
the slicks.

B. Texture kernels

It is of interest to consider not only pointwise observations
through vector-to-vector comparisons but also local neighbour-
hoods to perform the local characterization of the sea surface
wave spectra. A texture-based kernel has been developped in
order to act as a contrast measurement of local texture on each
component of the vectors.

Let’s consider the neighbourhood of each component of
vectors « and y. In this study, each component of vectors
for the SVM approach are wavelet coefficients. Furthermore
the neighbourhood concept is to be understood as a spatial
neighbourhood on the image (on the sea surface) and not as
a Voronoi cell in the ™ or the H space.

For accuracy of local parameter estimation, local prob-
ability density functions (pdf) have been chosen to follow
the Gaussian law that is supposed to independent from a
component to an other. Distributions are compared through
the Bhattacharyya distance.

Thus, the texture kernel may be defined, as a RBF kernel,
as:

K(x,y) = e (17BFary) (8)
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Since B (pz, py) € [0,1], kernel of eq. (8) satisfy the Mercer’s
conditions.

C. Mixture of kernels

It is of interest to consider the backscattering process but
also its local shape. Then, linear mixture of kernels can fit
the dual point of view: similarity according to the dot product
and also similarity according to the texture. Mixture of kernels
may be defined as [14]:

K($7xl) = ,UKQ(CC,xi) + (1 - M)Kb(wawi)a (9)

where K, (-,-) and Kp(-,-) are two kernels. Since K,(-,-) and
Ky (-, -) satisfy Mercer’s conditions, all linear combinations are
eligibles for kernels.

IV. APPLICATIONS

Let’s summarize the procedure for oil slick detection:

1) SAR image I is composed into a multiscale represen-
tation that yields a vector with 2L 4+ 1 components:

(o, rhori pyert 1o fvet)according to eq. (1).

2) A ROI is defined from a non-polluted sea area to the
the SVM design as eq. (5).

3) The overall classification is performed by the kernel

expansion of eq. (4).

A. Oil Slick

A typical example has been chosen during the Prestige’s
wreck on November 2002, near the Spanish coasts. The
Envisat ASAR image has been acquired on November 17
(10h45 UTC, orbit 3741, pol VV, Wide Swath mode, pixel size
75 x 75m) that is 4 days after the accident and 2 days before
it sunk. Wreckage can be seen as strong backscatters on the
bottom left of image (a) on Fig. 2. The slick by itself is easy to
detect (since meteorological conditions, shown by QuickScat
observations, proved there is enough wind — 7 to 10 ms—! —
to exclude a detection of a natural film). Nevertheless some
dark areas (due to an atmospheric perturbation) often induce
false alarms.

Kernel expansion has been trained in a small area delimited
by the white square on Fig. 2-a. Decision of eq. (2) has been
appied and yield the results shown on Fig. 2-b.
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Fig. 2. Detection results on ENVISAT ASAR image, November 17, 2002. (a)
initial image with the ROI used to define the decision function (3550 pixels).
(b) detection results.

B. 0il spill

An other example has been selected from an Envisat acqui-
sition of the same area (South of Galicia) but not connected
to the Prestige’s wreck. This image of Fig. 3-a acquired on
January 6™, 2003 (22h30 UTC, orbit 4464, pol VV, Wide
Swath mode, pixel size 75 x 75 m) shows a 30 km long thin
linear oil spill that is difficult to detect due to the swell (hg
estimated to 5 m) but the wind (5 to 12 ms~! according wind
estimation from the SAR image itself and QuickScat data)
is strong enough to ensure a spill detection. The 6308 pixel
ROI include dark area induced by atmospheric conditions.
The spill detection still shows false alarms but the detection
itself remains accurate. Also, Distance map to the hyperplane
(values of eq. (4) shown on Fig. 3-c) can be used to connect
the linear spill. Moreover, the distance map shows that ships
(that appear in dark on Fig. 3-c) are located to the opposite
side of the feature space H from the spill. It confirms the good
choice of the kernel.

V. CONCLUSION

An unsupervised oil slick detection technique is proposed by
using Support Vector Machines into a wavelet decomposition
of a SAR image. A specific kernel is developped to perform
accurate segmentation of local sea surface wave spectrum by
using both radiometric and texture information.

Instead of previous studies, such as [10, 11], this technique
is efficient in an operational context and proved to be a relevant
strategy to detect oil slicks as abnormal situations of the sea
surface roughness and radiometry.
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