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Ocean oil spills cause serious damage to the marine environment, especially around
coastal waters. Synthetic aperture radar (SAR) has been proven to be a useful tool for oil
spill detection under low to moderate wind conditions. SAR operates in the microwave
band and the data is not affected by the cloud cover and day/night conditions. However,
the operational application of SAR for oil spill detection in the ocean is limited by false
alarm targets or lookalike phenomena such as low wind speed, natural films, etc. In this
study, we develop analysis of variance (ANOVA) to extract the features based on their
characteristic geometry, grey level and texture features in the SAR images. We further
analysed a fuzzy logic algorithm to separate oil spills features from lookalikes. We
trained this algorithm using 38 SAR images (11 ENVISAT-Advanced Synthetic
Aperture Radar (ASAR) and 27 European Remote Sensing (ERS)-2 SAR images)
with 120 known oil spills and 80 lookalikes to generate an oil spill probability of a dark
pixel in a SAR image. An independent set of 26 SAR images were used to validate the
algorithm and it was found that 80.9% of the oil spills were correctly classified, and
20.0% of the lookalikes were wrongly classified as oil spills. The complete algorithmic
procedure was coded in Matlab7.0 using its Fuzzy Logic Toolbox.

1. Introduction

The marine environment is an important subject of public concern as marine transport
trade increases and marine petroleum resources have been developed at the present time.
Oil spills frequently occur in the ocean environment. It is important to detect oil spillsin a
timely manner and to take effective measures to protect the marine environment. In
recent years, remote sensing instruments have become one of the main methods in marine
oil spill detection. Among which, synthetic aperture radar (SAR) can provide high
resolution images with wide area coverage, day and night, and all-weather capabilities.
Generally, the radar’s return comes from the interaction between the radar beam
and capillary and short ocean gravity waves, i.e. sea surface roughness of about the
same wavelength as that of the radar wave. Oil on the sea surface is observed on SAR
images as dark areas because the viscoelastic property of oil slicks dampens the short-
wave field due to both suppression of wave growth and increase of wave dissipation
(Alpers and Huhnerfuss 1988) which reduces the radar backscattering from the sea
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surface. However, not all dark features on the ocean surface are oil spills. They could
be lookalikes such as low wind areas, natural films, wind front areas, wind shadows
near an island, rain cells, current shear zones, internal waves and upwelling zones. To
effectively use SAR imagery for ocean oil spill detection, one must develop a set of
rules to separate lookalikes from the actual oil spills.

In the literature, the two main methods of statistical-based and neural network based
classification have been proposed for distinguishing oil spills from lookalikes. Solberg
et al. (1999, 2003, 2007) detected oil slicks from SAR images by combining a statistical
model with a rule-based approach. Prior knowledge such as the distance between the oil
slicks and ships was incorporated into their model. Using European Remote Sensing
Satellite (ERS) images, Del Frate et al. (2000) detected oil spills based on a multilayer
perceptron (MLP) neural network. Topouzelis et al. (2008) presented an oil spill
detection method with a radial basis function (RBF) neural network. Karantzalos
and Argialas (2008) used a geometric level set segmentation to detect possible oil spills
and a classification was performed for the separation of lookalikes. All the above
studies use either “YES’ or ‘NO’ to represent the oil slick or the lookalike. Generally,
improving the accuracy of detection will increase the false alarm rate (FAR), and vice
versa.

Apart from the above-mentioned two methods, Keramitsoglou et al. (2006)
recently set up a fuzzy logic system to give the probability of oil spills by using nine
images for training and 26 images for testing. In their system, the selected input
variables consisted of five geometry parameters including the total number of dark
objects identified in the image, the area of the candidate dark object, the eccentricity
of the object’s shape, the proximity of the object to land, and the number of dark
objects in the vicinity of a candidate dark object. The system analysed the five
parameters of the samples and assigned the probability of a dark pattern to be an
oil spill. It shows a higher detection accuracy and a lower FAR over other methods.

In this study, we fine-tuned a fuzzy logic system based on the special features of oil
spills in the China Seas with a training set of 38 SAR images. A one-way analysis of
variance (ANOVA) was used to select the effective feature variables. These variables
were then combined with geometry features, the backscatter level and texture features
as input variables to fuzzy logic system (Topouzelis et al. 2008) to generate a better oil
spill detection approach.

The paper is organized in four sections. Section 2 describes the dataset and meth-
odology. Results and conclusions follow in §3 and §4, respectively.

2. Dataset description and methodology
2.1 Dataset description

In this study, full-resolution ERS-2 SAR and ENVISAT-Advanced Synthetic Aperture
Radar (ASAR) images were obtained from the European Space Agency (ESA) under
the framework of the Dragon project. ERS-2 SAR images of the precision image (PRI)
product have a pixel size of 12.5 m x 12.5 m with a swath width of 100 km. ENVISAT-
ASAR images include the Image Mode (IM) and Wide Swath Mode (WSM) products.
The IM product is similar to the PRI product of the ERS-2 SAR, while the WSM
product has a spatial resolution of 150 m with a swath width of 450 km.

All SAR images were acquired in the China seas (Bohai Sea, Yellow Sea, East
China Sea and South China Sea) between 1995 and 2007. Each selected SAR image
contains a certain number of dark spots corresponding to oil spills or lookalikes on
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(a) oil slick from a boat (b) natural surface film

(c) low wind speed area (d) ship wake
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Figure 1. Four examples of SAR images that contain dark features.

the sea surface. These SAR images were used to establish the fuzzy logic system, in
which 38 SAR images (11 ENVISAT-ASAR and 27 ERS-2 SAR images) were used
for training and a set of independent 26 test images were used to validate the algo-
rithm. Figure 1 shows the examples of oil spills and lookalikes such as natural surface
film, low wind speed area and ship wakes, respectively.

Information for confirmed oil spills comes from three data sources: (1) the ‘tropical
and subtropical ocean viewed by ERS SAR’ project, which provides the known oil
spills in SAR images (http://www.ifm.zmaw.de/fileadmin/files/ers-sar/index.html); (2)
the published papers, which provide well known oil spill accidents in SAR images (Yu
et al. 2007, Shi et al. 2008); (3) the results from the experts’ intuition and experience
(Brekke and Solberg 2005).
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In general, oil slicks can be classified in four main categories based on character-
istics of the shape of dark patches: (1) thin, line-type slick which might be caused by a
ship or a stationary object, such as an oil platform with a small amount of oil released;
(2) wide, regular slicks caused by a stationary object with a larger amount of oil
released; (3) wide, irregular slicks caused by wind and/or current influence; (4) thin,
piecewise line-type slicks caused by a moving ship changing directions, or a thin slick
altered by wind or current (Brekke and Solberg 2005).

2.2 Methodology

All SAR images are calibrated including compensation of the attenuation due to the
incidence angle variation, geo-referenced, and mapped. A 3 x 3 Lee filter is applied to
original image, followed bya 5 x 5 Leefilterand a 7 x 7 Median filter. This combination has
been previously used with success for speckle removal for SAR (Karathanassi et al. 2006).

Automatic oil spill detection in SAR images was implemented by a series of
computational procedures including calibration and filtering, segmentation, feature
extraction and classification.

2.2.1 Image segmentation. After image filtering, the next processing step was
image segmentation. To this end, a combination of OTSU (Otsu 1979) and Max-
entropy method was used to determine the appropriate threshold that would con-
strain the segmentation. OTSU is an implementation of the OTSU threshold techni-
que. The histogram is divided into two classes. The threshold is determined by
minimizing the inter-class variance and maximizing the outer-class variance of the
image. Suppose the grey value of the image is varied from 0 to 7, the grey value 7, is
recorded as the threshold for image segmentation when the variance of the inter-class
reaches its minimum and the variance of the outer-class reaches its maximum. Max-
entropy is another threshold technique. The maximum value of entropy occurs at the
junction of the object and the sea background. When the sum of local entropy of the
object area and background reaches the maximum, the grey value 7, is recorded for
the threshold of image segmentation. In this study, we set the threshold to #; if 7; was
less than the average grey value of the whole image; otherwise, we set the threshold to
t,. Finally the segmented image was processed by a 7 x 7 median filter because there
were still many small black noise spots after the segmentation.

Figure 2 shows the oil pollution accident that occurred in Bohai Bay in March 2006.
The No. 2 oil spill object shown in figure 2 was estimated to be about 103.3 km? by the
combination of OTSU and Max-entropy methods, which is similar to the actual value
of 119.95 km? given by Yu et al. (2007).

2.2.2 Feature extraction. From the threshold dark spot image, feature extraction
was carried out for each slick. Table 1 summarizes 18 features of the slick used in the
literature (Del Frate 2000, Assilzadeh and Mansor 2001):

(a) Geometry and shape of the segmented region: the complexity (COM), a ratio
between the square of the perimeter and the area of an object and form factor
(FF), a ratio between the width and length of an object (Gasull ez al. 2002) was
used in this paper.

(b) Physical characteristics of the backscatter level of the spot and its surroundings:
we used two parameters: (1) a ratio between average backscattering and its
standard deviation outside the area (RBSDO) (Nirchio et al. 2005); (2) a mean
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Figure 2. The oil pollution accident that occurred in March 2006 in Bohai Bay.

Table 1. The ANOVA result for feature variable selection (five features shown in bold face with

p-value less than 0.005).

No. Feature p-value No. Feature p-value No.  Feature  p-value
1 COM E-6 7 Mean contrast (3/4) 0.07 13 Second- 0.23
order
moment
2 FF E-8 8 SD ratio of object 0.29 14 Third-order  0.35
and background moment
3 Object area 0.23 9 Ratio 3-5 0.84 15 Fourth- 0.40
average order
moment
4  Background 045 10 RBSDO 0.04 16 Entropy 0.51
average
5 Object 0.19 11 Ratio9-10 0.15 17 ASM 0.03
standard
deviation
6  Gradient 0.68 12 Bounding box 0.06 18 ESO E4

average

contrast (between object and background), which is easily affected by wind
speed and is generally high for oil spills (Del Frate et al. 2000).
(¢) Texture features: texture features provide information on the structural
arrangement of pixels and their spatial correlation among surrounding pixels.
Assilzadeh and Mansor (2001) described an early warning system for oil spills
with texture features based on a grey level co-occurrence matrix (GLCM). The
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texture features provide information about the relative position of various grey
levels within the image. The GLCM estimated the number of pairs of adjacent
pixels p(i, j, d, 0) (here i, j are the location of pixel; and d, 6 are the distance and
direction for one pair of pixels). In this study, we calculated the image entropy
in different directions corresponding to direction 6 of 0°, 45°, 90° and 135°.
The value of entropy for each pixel was calculated in a 7° x 7° window based on
the GLCM with a displacement of d (d°=°"1). The final entropy was an average
of all the four directions. Generally, p(i, j, d, #) was written as p(i, j) in brief.
Based on the GLCM, Haralick et al. (1973) suggested 14 statistical parameters
(shown in table 1) to describe texture features. Two significant parameters,
angular second moment (ASM) and entropy second order (ESO) were used in
our system, where ASM was calculated as:

M
> plij (1)

j=0

Ma

ASM =

Il
o

i

ESO was calculated as:

M M

ESO = - ) p(i.j) xlg pli.)) )

i=0 i=0

ASM is the measure of the smoothness of the image. The smoother the region, the less
uniformly p(i, j) is distributed and the higher is ASM. ESO is a measure of disorder of
the image in a local window along a certain orientation with a certain displacement.
ESO represents the measure of randomness and takes low value for smooth images.

2.2.3 Features classification. Actually many features have been used to distinguish
the oil spill and the lookalikes (Topouzelis et al. 2008). In order to establish the fuzzy
logic system, the features should be selected based on the complexity of fuzzy rule-
based systems and our datasets for oil spill and the lookalikes. If the number of
features increase and the fuzzy values are not at ordinal scales, the complexity of rule-
based generation will increase manyfold. Therefore, the selected feature should
exhibit a strong relationship between the value of the selected feature and the prob-
ability of it being an oil spill. In this case, the fuzzy rule base could be established
according to the statistical analysis of each selected feature.

A one-way ANOVA was used to evaluate the importance of the various features in
distinguishing oil spills from the lookalikes (Topouzelis ez al. 2008). ANOVA was used
to test the differences among two or more independent groups. The smaller the prob-
ability of the F distribution, the more important the variable is. Table 1 shows the
results of ANOVA variables for all 18 features. It is common to declare a variable
significant if the probability value (p-value) is less than 0.05 (Hogg and Ledolter 1987).

As the probability of a dark spot on the SAR image to be an oil spill is a function of
many factors, it is very important to select the key parameters from different features
listed in table 1. The selection of the input variables should be considered with respect
to two aspects: the first is that the most important features should be included; and the
second one is that the fuzzy logic system remains a reasonable size. Based on the above
criteria and ANOVA test, we found five important parameters including: COM, FF,
RBSDO, ASM and ESO, shown in table 1 in boldface.
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2.2.4 Identification of oil spills based on fuzzy logic system

(1) Introduction of the fuzzy logic algorithm

Fuzzy logic theory, introduced by Zadeh in 1965, simulates the way that people make
inferences and decisions (Zadeh 1965). Information flowing in the fuzzy model
requires that the input variables go through three major processes known as fuzzifica-
tion, fuzzy inference, and defuzzification (Zhao and Li 2007). These three processes
are shown in figure 3 and briefly summarized here:

1. Fuzzification: in this process, input variables of the system are decomposed into
one or more fuzzy sets; therefore, a number of fuzzy perceptions of the input are
produced.

2. Fuzzy inference: after the inputs have been decomposed into fuzzy sets, a set of
fuzzy if-then-else rules are used to process the inputs and produce a fuzzy
output. Each rule consists of one condition and one action, and the condition
is interpreted from the input fuzzy set.

3. Defuzzification: in this process, the output is estimated from the output fuzzy
set. The output is the result of the weighted mean from all the individual fuzzy
rules in the fuzzy logic model

In this study, we used the most popular fuzzy model, the Mamdani fuzzy model.

(2) Development of the training set
Fuzzy sets are defined for all input variables. The range of input variables is chosen
based on the histogram of the test dataset. Here, we use variable RBSDO (definition
refers to the feature extraction in §2.2.2) as an example. Figure 4 shows the histogram
of variable RBSDO. The fuzzy set defined for the input variable RBSDO is given in
figure 5. There are three RBSDO peaks between intervals [2.0, 4.0], [4.0, 6.4] and [6.4,
10.3]. Corresponding probabilities of oil spill are about 30%, 53% and 75%, respec-
tively. Therefore, three fuzzy sets namely ‘Small’, ‘Medium’, and ‘Big’ are defined on
the input space for RBSDO. The bigger the RBSDO value, the more likely the object
is an oil spill. The statistical relationship between RBSDO and the probability of dark
objects to be oil spills in figure 6 shows that the fuzzy memberships could be converted
into three ordinal classes during the development of rule base.

Similarly, we can define ‘Small’, ‘Medium’, and ‘Big’ fuzzy sets for variables COM,
FF, ASM and ESO (definition refers to the feature extraction in §2.2.2), respectively.
Based on the training dataset, we find that the ranges of these variables are COM €

Fuzzy rule
base

Fuzzy
butput

Fuzzy
input

Fuzzification |:> . Fuzzy‘ |:> Fuzzy :>Defuzzificati0n
inference

synthesization

f_\ /_\

Figure 3. The main framework of fuzzy logic.
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25

20 1

Frequency

2 3 4 5 6 7 8 9 10 11
Input variable RBSDO

Figure 4. The histogram of RBSDO. RBSDO is a ratio between average backscattering and
its standard deviation outside the area (Nirchio et al. 2005). Its unit is null.

Membership function plots
T T T T T
small medium big

o5k N /

input variable ‘RBSDO’

Figure 5. The fuzzy set of variable RBSDO.

[3.6, 2460], FF € [0.02, 0.86], ASM € [2.2 x 107, 380 x 107, and ESO € [6.0, 13.0].
The bigger the COM, FF and ASM, the less likely the observed object is an oil spill.
The bigger the ESO, the more likely the observed object is an oil spill.

For the output variable ‘probability of an object to be an oil spill’, we defined two
fuzzy sets covering [0,1] domain (corresponding to 0—100%). For this output variable,
two triangular fuzzy sets were defined in output space.

(3) Development of the rule base
A number of fuzzy rules were developed and trained based on the 38 SAR images in
the China Seas. Each image contains up to 10 potential oil slicks. The total training
and validation dataset has about 120 known oil spills and 80 lookalikes.

In our fuzzy logic system, 243 rules were created by the permutation and combina-
tion of three fuzzy sets from five variables, RBSDO, COM, FF, ASM and ESO. Each
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fuzzy rule was a combination of the input variables. All the rules were used by the
logical AND operation. An example of these fuzzy rules is shown as:

‘If the variable COM is small AND the variable FF is small AND the variable
RBSDO of the dark object is big AND the variable ASM is small AND the variable
ESO is big THEN the probability of the candidate dark spot to be an oil spill is
HIGH.

In order to generate the probability estimation of the candidate dark object to be an
oil spill, figure 3 shows the flow chart of the fuzzification—inference—defuzzification
processes:

e Fuzzification: this process is used to determine the degree of truth for each rule,
where the triangular functions are defined for each input variable.

e Inference: during the inference process, we define the assignment of the output
fuzzy set for each rule. In this study, the min—max inference technique was used.
The combined fuzzy output function was constructed by combining the results
of all the fuzzy rules. If an output fuzzy set was activated by more than one rule,
the maximum of all activations was chosen in the output function.

e Defuzzification: the final output of the fuzzy system is the probability of the
object to be an oil spill. Therefore the fuzzy output needs to be defuzzified. The
centroid defuzzification method is used to estimate the crisp value of the output
variable by finding the centre of area below the combined membership function.

The implementation of the fuzzification, rule-inference, and defuzzification of the
algorithm was based on numerical analysis approximation of the problem. More
specifically, the area covered within the participation functions as calculated by
rules was computed as a definite integral using a Simpson’s rule (Atkinson 1989).

3. Results

The fuzzy logic system was developed and trained with 38 SAR images. An indepen-
dent 26 test SAR images were used to validate the results. Among them, 21 images
contain confirmed oil spills and five contain confirmed lookalikes. Analysis shows
that 17 oil-spill images and four lookalikes images were classified correctly.

Two additional case studies are carried out in the China seas.

3.1 Casel

An oil accident occurred off the west coast of Sabah (Borneo) in the South China.
Figure 7 shows an ERS-2 SAR image acquired over the South China Sea at 02:27
(UTC) on 13 July 1997. The image presents a large number of dark spots. The dark
areas, marked as objects 1 and 2 in the left part of the image, were caused by oil
discharged from the ship. The ship (white spot) is visible at the front of the oil trail
(object 2) and the dark streaky features (object 3 and 4) visible in the right part of the
image originate from natural oil seeps (http://www.ifm.zmaw.de/fileadmin/files/ers-
sar/Sdata/oceanic/oilpol/singa/116523483ERS2.html). Table 2 shows the fuzzy logic
result of the probability to be an oil spill (P) for each dark spot. The algorithm
depicted correctly the verified oil-spill objects 1 and 2, and assigned to each of them
a high probability of 81.2%. The algorithm also depicted the verified lookalike objects
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Figure 7. ERS-2 SAR image acquired on 13 July 1997 at 02:27 UTC (image centre at 6° 07’ N,
115° 12/ E). Objects 1 and 2 were oil spills caused by oil discharged from ships, and objects 3 and
4 were lookalikes.

3 and 4, and assigned each of them a low probability of 21.8% and 24.9%, respectively.
One can see that the lookalikes can be easily rejected using a threshold.

3.2 Case?2

Figure 8 shows an ERS-1 SAR image acquired over the Yellow Sea taken at 02:31
(Coordinated Universal Time, UTC) on 19 June 1995. The image presents a larger
number of dark regions compared with the first case study. Only object 9 is a lookalike
phenomenon caused by natural oil seeps; the others are oil spills caused by leaking
from nearby oil platforms (http://www.ifm.zmaw.de/fileadmin/files/ers-sar/Sdata/
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Table 2. Results of the probability to be oil spills of the dark spots in figure 7. (P stands for the
probability to be an oil spill.).

Object no. Dark spot COM FF RBSDO ASM (x 10 EOS P (%)

1 77.00  0.10 5.78 3.33 12.26 81.2

87.53 0.13 5.74 2.73 12.41 81.2

1284.90  0.26 4.71 13.2 10.00  21.8

:,q
4 //i 479.82  0.29 3.06 27.6 11.34 24.9
Ny
F 7
i

oceanic/oilpol/yellowsea/2053 22889ERS1.html). Table 3 shows the fuzzy logic results
for the objects 1-9. One can see that the dark object 9 has low probability to be an oil
spill but the others have high probability. The algorithm depicted both the verified oil
spills (objects 1-8) and the lookalike (object 9) correctly.

4. Conclusion

A system for the identification of possible oil spills has been developed based on a
fuzzy logic algorithm. In this system, SAR images were calibrated, geo-referenced,
mapped, filtered and processed so that the appropriate dark spots were extracted to
estimate the necessary feature variables. Eighteen feature characteristics, which
include geometry, grey level and texture features, were calculated and evaluated by
ANOVA to determine whether the dark features were oil spills or lookalikes. We find
that only five features including RBSDO, COM, FF, ASM and ESO were needed to
separate oil spills from lookalikes as the input variables for the fuzzy logic system. In
our fuzzy logic system, 243 rules were created by the permutation and combination of
the five features’ three fuzzy sets. The fuzzy logic system was trained with 38 SAR
images and then validated using an independent 26 images in the China Seas.
Candidate oil spill objects were fuzzy classified to determine the probability of each
individual object to be an oil spill. The resulting images and tables were provided with
the probability of oil spill and other relevant information for supporting decision
making. Analysis of 26 SAR images show that 80.9% of the oil spills were correctly
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Figure 8. ERS-1 SAR image acquired on 19 June 1995 at 02:31 UTC (image centre at
35°37' N, 122°35' E). Object 9 was the lookalike phenomenon; the others were oil spills caused
by oil platforms.

classified, and 20.0% of the lookalikes were wrongly classified as oil spills. The system
can be adopted to use in other geographical areas as well. The time required for the
whole process (from preprocessing to fuzzy classification) is on the order of 5-6 min
per dark spot on a regular personal computer.

Our study shows that the five selected features, including geometry, grey level and
texture features, are important to separate oil spills from lookalikes. There are still
other features that could be considered. For example, geographical information such
as the distance from the centre of a dark spot to a boat, environmental information
such as the wind speed of the scene (Espedal and Wahl 1999), or polarization features
such as entropy, mean scatter angle and anisotropy (Migliaccio and Gambardella
2007) could all be considered to enhance the oil spill detection capability of the fuzzy
logic system.
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Table 3. Results of the probability to be oil spills of the dark spots in figure 8. (P stands for the
probability to be an oil spill.).

Objectno. Darkspot COM  FF RBSDO ASM(x 10% EOS P (%)

1 ’ 3742 009 657 470 1195 711
2 ’ 4943 012 563 6.25 1198 745
3 / 920 007 607 7.66 1187 636
4 % 2467 010 589 3.70 1229 812
5 g 121.76  0.08 525 436 1182 577
6 E Y 2114 0.10 5.06 4.39 1213 812
7 - 1373 010 642 3.74 1218 821
8 &
- 3582 0.08 475 4.40 1189  63.9
21841 04 6.73 428 1187 250
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