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Large oil spill classification using SAR images based on spatial histogram
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ABSTRACT:
Among the different types of marine pollution, oil spill is a major threat to the sea ecosystems. Remote sensing is used in oil spill
response. Synthetic Aperture Radar (SAR) is an active microwave sensor that operates under all weather conditions and provides
information about the surface roughness and covers large areas at a high spatial resolution. SAR is widely used to identify and track
pollutants in the sea, which may be due to a secondary effect of a large natural disaster or by a man-made one . The detection of oil
spill in SAR imagery relies on the decrease of the backscattering from the sea surface, due to the increased viscosity, resulting in a
dark formation that contrasts with the brightness of the surrounding area.
Most of the use of SAR images for oil spill detection is done by visual interpretation. Trained interpreters scan the image, and mark
areas of low backscatter and where shape is a-symmetrical. It is very difficult to apply this method for a wide area. In contrast to
visual interpretation, automatic detection algorithms were suggested and are mainly based on scanning dark formations, extracting
features, and applying big data analysis.
We propose a new algorithm that applies a nonlinear spatial filter that detects dark formations and is not susceptible to noises, such
as internal or speckle. The advantages of this algorithm are both in run time and the results retrieved. The algorithm was tested in
genesimulations as well as on COSMO-SkyMed images, detecting the Deep Horizon oil spill in the Gulf of Mexico (occurred on
20/4/2010). The simulation results show that even in a noisy environment, oil spill is detected. Applying the algorithm to the Deep
Horizon oil spill, the algorithm classified the oil spill better than focusing on dark formation algorithm. Furthermore, the results were
validated by the National Oceanic and Atmospheric Administration (NOAA) data.

1. INTRODUCTION
Among the different types of marine environment pollution,
large spills of oil and related petroleum products can lead to
serious biological and economic impacts (Fingas & Brown,
1997). There is an increasing need for monitoring large oil
spills, estimating the location and extent of the spill (Fingas &
Brown, 1997; Fingas & Brown, 2014). Remote sensing is an
important part of oil spill response, as oil spills can be
monitored on the open sea or ocean on a 24h basis (Fingas &
Brown, 2014).
Synesthetic Aperture Radar (SAR) is an active system
transmitting electromagnetic waves, and measuring the
backscatter, thus, different objects can be determined. The SAR
uses resonant Bragg scattering mechanism (Wright, 1978),
operating under all weather conditions, independent of external
illumination, providing information about the surface roughness
and covers large areas at high resolution. SAR is widely used to
identify and track pollutants in the sea, which may be due to
secondary effect of a large natural disaster or by a manmade one (e.g., a ship wreck).
The detection of oil spill by SAR imagery relies on the
decreased backscattering from the sea surface, due to the
increased viscosity, resulting in a dark formation that contrasts
with the brightness of the surrounding area (Wismann, 1998).
A common way of observing an oil spill event is by visual
inspection, by skilled observers seeking for changes between
past images and current images, or looking for spatial patterns
(Jones, 2001). Unfortunately, dark formation can be produced
by plants, animals and man-made objects in the ocean
sometimes creating false alarms.
Automatic classification algorithms are used for oil spill
mapping. According to Topouzelis (2008), oil spill
classification is composed of two main steps: (1) dark formation

detection (2) validating the pixels that were marked as dark
formation are indeed oil spills and are not oil look-alike.
Usually, step 1 is done by some type of thresholding (before or
after a low pass filter) and step 2 is performed by a statistical
tool (such as pattern recognition or machine learning).
While most of the algorithms for oil spill detection in SAR
require multiple polarization modes, and sometimes multi-look
systems, this paper contains a novel method of large oil spill
classification using a single polarization. The method makes use
of bi-dimensional order statistics filtering, and therefore obtains
the goal of the step 1 and step 2 at once. The proposed method
is tested on simulations as well as on COSMO-SkyMed images,
detecting the Deep Horizon oil spill in the Gulf of Mexico.
2. RESEARCH AREA AND MATERIALS
The Deepwater Horizon oil spill is the largest offshore
discharge disaster in history (Garcia-Pineda, 2013). It was
caused on April 20th 2010, by an explosion in the Gulf of
Mexico, located at 28.74˚N/88.39˚W (figure 1). The extent of
the surface oil spill varied widely from day to day because of
changes in wind patterns and ocean currents (Cleveland et al.,
2010). The estimated amount of oil spilled was 4.1 million
barrels of oil that contains around 2.1 × 1010 𝑔 of polycyclic
aromatic hydrocarbons, which is a toxic material arming
wildlife and humans (Allan, 2012). Smith et al. (2011)
estimated the economic impact of the event to be 36.9$ billion.
The described damage caused, stresses the need for oil spill
automatic detection that can provide a more accurate and rapid
assessment of such disaster.
COSMO-skymed, X-band SAR images of different locations
and dates were used. Both data sets are from the Gulf of Mexico
at the year 2010. The images are 5m/pixel, georeferenced, and
cover areas where the water was contaminated with Oil. One
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image was taken two weeks after the incident occurred, at VV
polarization. The other around the time the spill ended at HH
polarization.

standard deviation of 35. Multiplicative noise (speckle noise)
was also added to the simulation as uniform noise in the range
0-3. The simulation without the noise is given at figure 3, and
with the noise at figure 4. The results of the algorithm appear at
figure 5.

Figure 1. Gulf of Mexico research area. The red indicates the
location of the source of the oil spill.
3. METHOD
The spatial histogram of areas with oil spill is significantly
different than areas without oil spill. Due to speckle noise and
oil spill look-alike, the histogram may not differ by its mean,
min value or max value. In some cases we even found similar
spatial median between areas with oil spill and without. We
found the high values of the spatial histogram to be a more
accurate estimator. Figure 2 describes a typical spatial
histogram of areas with and without oil.

Figure 3. The simulation without noise, turquoise is water, blue
is oil slick, and yellow is oil look-alike.

Figure 4. The simulation with the noise.

Figure 2. Spatial histograms of areas with and without oil spill
(a) without oil spill (b) without oil spill (c) with oil spill.
The algorithm includes a bi-dimensional spatial order filter
(Haralick et al., 1992), which acts both as dark formation
detection and feature extraction. Since we are dealing with large
oil spills, this filter also omits look-alikes, than a threshold is
applied according to the user's preferences.

4. RESULTS
Figure 5. Product of applying the filter.
4.1 Simulations
Simulations of oil spill and look-alikes were generated. The oil
spill and the look a likes possess Gaussian noise, with mean 90,
while the water was Gaussian noise with mean 120. Both had a

Figure 6 describes Receiver Operating Characteristic (ROC)
curve created in a method described by Caefer et al., (2007). It
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contains the ROC curve created with different additive (denoted
by 𝜎) and multiplicative (denoted by speckle) noise.

Figure 8. ROC curves for different validation data.
Figure 6. ROC curves for different noise levels.
4.2 Deepwater Horizon Event
The results are shown in figure 7 and figure 8. Figure 7
describes ROC curves estimated for different validation data.
The original SAR image was acquired on May 4th 2010. Since
there is no reliable map of the oil spill for that day, we used
estimation. Fortunately, there was a reliable map on May 8 th.
Other oil spill maps are also compared. Figure 8 describes ROC
Curve estimated for different validation data. The original SAR
image was acquired on July 16th 2010. In this case a reliable oil
spill map was provided, from the same date as the image,
therefore the algorithm had detected the oil spill with low false
alarm rate.

5. CONCLUSIONS
This work shows that single polarized SAR image can be used
to detect large oil spill. Unlike other works that had to train a
classifier (machine learning etc.), our algorithm is easier to
implement, and there is no need for training sets. As opposed to
Solberg (2007) claim that VV polarization is favourable for this
purpose, our results with HH polarization, were found more
accurate.
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