STATISTICAL SIMILARITY MEASURE FOR OIL SLICK DETECTION IN SAR IMAGE
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ABSTRACT

Spaceborne Synthetic Aperture Radar (SAR) is well adapted
to detect ocean pollution independently from daily or weather
condition. As it is sensitive to surface roughness, the pres-
ence of oil film on the sea surface decreases the backscatter-
ing of the sea surface resulting in a dark feature patches in
SAR images. 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 corre-
spond 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, then it modifies the sea surface roughness observed
by the sensor. Thus, local detection of wave spectra modifi-
cation may be achieved by a appropriated texture analysis of
the original SAR image.

In this paper, the texture analysis is based on measure of
similarity between a local probability density function (pdf)
of clean water and the local pdf of the zone to be inspected.
The local distribution is estimated in the neighbourhood of
each pixel, through a sliding window, and compared to the
reference one by using the Kullback-Leibler (KL) distance
between distributions. An efficient strategy has been adopted
in order to perform pdf estimation through a non-parametric
approach. The reference area, given by an expert, allows the
texture analysis to better discriminate oil slick areas from low-
wind or low-wave areas of clean water.

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

1. INTRODUCTION

Oil spills cause substantial damage to the marine environ-
ment and demands consequently for necessary prevention
policy. In this field, Synthetic Aperture Radar (SAR) images
are widely used to detect and monitor oil pollution on the
sea surface since they provide regularly images both day and
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night and are insensitive to meteorological effects. As it is
sensitive to surface roughness, the presence of oil film on the
sea surface decreases the backscattering of the sea surface
resulting in a dark feature patches in SAR images [1].

Automatic analysis of SAR images is not applied rou-
tinely yet. After the SAR data acquisition, a quick inspec-
tion of the imaged areas is performed. Only images with fea-
tures suspected to be oil slicks are processed in full resolution
mode: Precision Image format (PRI) for ERS and ENVISAT
data and PathImage for Radarsat data. Then, the detection and
identification procedure is started. The procedure is operated
in either manual or automatic mode. For manual operation, an
operator inspects the scene, selects portions of the image that
might contain slicks, and applies segmentation algorithms in
order to extract oil signatures. In automatic mode, the sys-
tem selects the areas of low backscatter and then segments
the image. At the end of both processes a detection report is
generated in order to aid clean up operations, provide damage
assessment and help polluters identification [1].

In this paper, a new method in a semi-supervised mode
is presented which consists in SAR image inspection in order
to highlight the spots suspected to be oil slicks (mostly dark
spot but also affecting by sea-surface wave spectrum damping
that induces a shade of texture). The method is based on mea-
sure of similarity between a local probability density function
(pdf) of clean water and the local pdf of the zone to be in-
spected. The local distribution is estimated in the neighbour-
hood of each pixel, through a sliding window, and compared
to the reference one by using the Kullback-Leibler (KL) dis-
tance between distributions [2].

The KL distance is computed in a local window of in-
creasing size. Smaller window size is appropriated to small
slick detection but with the drawback of mixing up with many
false alarms. On the contrary, larger window size ensure the
detection but with the drawback to miss-detect smaller slicks
and smooth the border of the slicks. Furthermore, it is pro-
posed to adjust the form of analysis window in order to select
a local homogeneous area when a transition occurs.
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In this context, edges are detected through a multiscale
gradient operator that prevent from noisy gradient direction
estimation since sea-surface remains highly textured on SAR
images. This multiscale gradient operator takes also the ad-
vantage of the multiscale analysis of sea-surface wave spectra
which is able to characterize the modifications of the wave
direction and amplitude induced by the presence of a film on
the sea surface [3].

2. SIMILARITY MEASURE

Slick detection is perform by a comparison of the pdf, esti-
mated within a sliding window, and a pdf defined by an ex-
pert over a region of interest (ROI) characterizing a normal
sea state.

2.1. Local pdf estimation

Let consider a set of n samples {1, z2, ..., z,} taken from
a sliding window or a ROL. It characterizes the sampling of a
random variable (RV) X. The pdf of X is estimated through a
non parametric approach by using a cumulant-based approxi-
mation. The cumulants themselves do not provide such a pdf
estimation directly but are necessary to describe its shape:
for example, third order (x3) is linked to the symmetry (i.e.
skewness), while the fourth (x4) to the flatness (i.e. kurtosis).
The density is then estimated through a series expansion. Ac-
tually, the cumulant generating function is used for such an
estimation. By definition, the cumulant generating function
Kx (+) of arandom variable X is defined by:

wn
Kx(w)=InMx(w) = Z KXt
with M x (-) being the moment generating function:

M) = [ e fx(o)is
:/(1+wx+%2x2+“')fx($)dx-

For the case of the four first order cumulants, the following
expressions hold [4, p.8]:

RXx:1 = MX:1
2
RX;2 = BXx;2 — Hxa (H

RXx:3 = UXx;3 — 3,U'X;2MX;1 + 2“%{;1

Kxa = pxa — 4pxspx; — 3#%{;2 + 12#}(;2#%{;1 - 6/‘%{;1'

Let us assume that the density to be approximated is not too
far from a Gaussian pdf (denoted as Gy to underline the fact
that it has the same mean and variance as X). The difference
between Kx(-) and Kg, (-), gives a link between Kx (w)
and Kg, () through the difference of the cumulants xx., —
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Fig. 1. Estimation of an histogram from a cumulant-based
expansion.

KGy:n. By inversion, the density may be expressed by a for-
mal Taylor-like series:

d*Gx
dx?

dGx
dx

fx(@)=0x(z)+a + e NI

Since a Gaussian density is used, it comes

fx(@) =" e, Hp(2)Gx (),
r=0

with H,.(xz) known as the Chebyshev-Hermite polynomial of
order r [5]. When choosing a Gaussian law so that its first
and second cumulants agree with those of X, the number of
terms of the series expansion is greatly reduced. This is the
so-called Edgeworth series expansion. Its expression, when
truncated to order 6, is the following:

' KX’ KX
fx(@) = (1+ ZE2 Hy(a) + T2 Hyw) + S50 Hy(a)

Kxr6 + 106%,.

T“H(s(x))gx(x)- (2)

It can be thought of as a model of the form X = X¢g + X’
where Xg is a random variable with Gaussian density with
same mean and variance as X, and X’ (a standardized version
of X with X' = (X — kx,1)kx4- [6]). Fig 1 shows an
example of such an approximation of a histogram taken from
an Envisat ASAR image, in a heterogeneous area where an
oil slick is mixed up to clean water.

2.2. Efficient comparison

The Edgeworth series expansion of the two pdfs fx and fy
may be introduced into the Kullback-Leibler divergence, de-
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fined as:

fx(z)
fy(z)

It yields an approximation of the Kullback-Leibler divergence
by Edgeworth series, truncated at a given order. In [7], such
an approximation has been given up to order 4 by using the
eguality % = %%%’ where g x (resp. Gy) is a Gaus-
sian density of same mean and variance as fx (resp. fy). It
comes a similarity measure between two pdfs, depending on
cumulants of X and Y for which the full description is given
in eq. (11) of [2]. It has been turned to be symmetrical by

using:

K(Y|X) = / og fx (@) XD fe e, @)

KEdgeworth(X|Y) + KEdgeworth(Y|X)~ (4)

2.3. Sample selection

As show on fig. 1, pdf estimation in mixture oil-no oil area
may not be representative to local characteristic of the sea sur-
face. Hence, it is necessary to select the appropriated neigh-
bourhood of the central pixel in a sliding window. Sample
selection may be investigated in two ways. Each of them re-
quires the use of external data.

1. The first strategy consists in using structural informa-
tion issued from a gradient measure. In fact, normal
gradient remains too sensitive to the noise induced by
surface roughness and the presence of the waves. Gra-
dient measure comes from a multiscale differential op-
erator issued from a wavelet-based multiscale opera-
tor [3].

The decomposition of an image I (where the pixel
value at position (z,y) is denoted I(x,y)) is achieved
by a convolution with a smoothing function 0(x,y) =
O(x)0(y) that yields the smoothed image denoted by
I, Two convolutions with the wavelets 1% (z) and
Y (y) are also applied on images [ to yield gradient
images at scale { = 1, denoted by W{I(z,y) =
I+ ¢%(z) = L (I+70(z)) and W/I(z,y) =
I *Y Y(y) = d% (I+¥0(y)). «* (resp. *Y) stands
for the convolution on z (resp. y) only. At coarser
level, the decomposition is applied on the smoothed
image Iéow so that the overall decomposition up to a
scale L may be denote as the set of 2L + 1 images:

Il[S)W = I*e(ﬁaﬁ)
[— (WL = gL (I 6(5)) ©)
Wil = L(1sve(d))

with 0 < ¢ < L.

The modulus of (W7_,I, W{_,1)" is used in our study.
It reaches the best compromise between noise reduction
and edge characterization.

@ (b)

Fig. 2. (a) Envisat ASAR image to be processed. the rect-
angular area characterizes the ROI that defines normal sea
state. (b) Similarity measure between local pdf (taken from
a 15 x 15 sliding window) and pdf of normal sea surface.

2. The other strategy consists in using previous detection,
yielded by eq. (4). This iterative pdf estimation rein-
force the homogeneity in the neighbour of the central
pixel.

In that case, the sliding window may be of increasing
size or not.

Then, the initial set of pixels {x1,xa,...,2z,}, issued from
the sliding window of central pixel Zcenyal, 1S associated to a
set {y1,y2, ..., yn} of co-located criteria samples (the criteria
at the central location is denoted Yeentrar). For pdf estimation,
each sample x;,7 = 1,2,...,n is taken into consideration if

bop < Yeentral — Yi < (6)

X tsup
Ycentral

where i, and g, are thresholds that adjust the selection
level. y stands for a graident measure when structural infor-
mations have to be taken into consideration. y stands for KL
measure when an iterative process in used.

3. APPLICATION

When applied to Envisat ASAR image of Prestige tanker, 5
decompositions of the original image allows to smooth the
texture and highlight the spills’ borders. Fig. 2-(a) shows the
ASAR image acquired on Nov. 17t 2002, with the selected
area considered as normal sea state. Fig. 2-(b) shows the pre-
liminary result by considering local distribution contrast from
the distribution of the normal sea area. This firts result is a
measure of similarity and no decision is taken at this level.
It proves the consistency of this approach of slick detection
purpose, with a better accuracy than direct thresholding tech-
nique.

In fact, this first result (by using a 15 x 15 sliding win-
dow) is a balance between good detection and false alarms
reduction. Fig. 3 shows the benefits in using a gradient crite-
ria in the characterization of the neighbourhood of the current
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Fig. 3. Similarity measure for slick detection by considering
criteria of eq. (6) in the selection of the samples in the neigh-
bour of the current pixel. (a) Gradient magnitude image from
eq. (5) with L = 5; (b) detection image.

pixel. It induces a significant reduction of the false alarms as
it stands. Moreover, the detection of thin slicks remains accu-
rate. Then, the result of fig. 3-(b) may be used as a criteria in
eq. (6). Fig. 4 shows the detection results when the similar-
ity measure is applied by considering the conditional results
of previous detection. In that case, eq. (6) has been applied
on the results of fig. 3-(b) with increasing window size. Re-
sults of fig. 3-(b) were obtained with a 9 x 9 sliding window
whereas fig. 4 is based on a 15 x 15 window. Hence, the com-
parison from fig. 2-(b) proves the effectiveness of the overall
strategy that keeps an accurate slick detection, even for small
slick, while reducing false alarms.

When this strategy is applied to a range of window size,
the final decision making can follow the use of similarity pro-
files as described in [2]. Fig. 5 shows typical examples of sim-
ilarity profiles acquired on 4 areas corresponding to real slicks
(thin or large but mixed up with clean water) and normal sea
surface but of low radiometry. The similarity measures are
of low level that may induce false alarms when a threshold

Fig. 4. Conditional detection by iteration of detection results.

Multiscale similarity measure
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Fig. 5. Similarity profiles estimated with sliding windows of
increasing size: from 9 x 9 to 35 x 35. Profile (a) corresponds
to measure in a fine slick, (b) to measure on a large degraded
slick, (c) and (d) to measures in ambiguous areas.

is applied at each scale. Nevertheless, the shape of the pro-
files, over the size of estimation, induces specific signature
than can be used for reducing false alarms. Signatures of am-
biguous area tend to be of flat shape, whatever the level of the
similarity value, while the signature involving real slicks is
decreasing with the size of the window. This last observation
will be used for our further developments.
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