
1. Introduction

To clean up an oil spill, it is important to determine
where oil was spread on the sea surface. Oil spilled data
and meteorological data, such as wave or wind data,
are used to determine how the oil will diffuse as time
goes on. Remote sensing data have been used to
monitor the earth surface in variety of fields (Park et
al., 2012, Kim et al., 2014 and Lee and Jung, 2016). In
the part of oil spill monitoring and tracking, aerial
photography is one of the best measurements since it
could capture images immediately at the time of the
accident; it also has fine spatial resolution. However,
these images are costly and are limited in that they may
not be taken in bad weather or during the night. To

overcome these limitations, radar satellite images are
mainly used because radar satellite images can cover
larger areas than can aerial photography. Further, radar
satellite is not affected by weather or time of day, due
to its active micro sensor (Fan et al., 2010). When oil
is present on the sea surface, the reflectivity of sea
surface is decreased; the signal returning to the sensor
is, then, significantly reduced because the reflectance
is lower than that of the sea surface without oil (Fingas
and Brown, 2014). That is, if oil is present on sea
surface, that part appears black in the image. Most
studies detect oil spill based on these characteristics.
Kubat et al. (1998) classified oil spill areas from

images by applying a neural network with training set
information, such as the size of the dark object and the

Oil Spill Detection from RADARSAT-2 SAR 
Image Using Non-Local Means Filter

Daeseong Kim and Hyung-Sup Jung†
Department of Geoinformatics, University of Seoul

Abstract : The detection of oil spills using radar image has been studied extensively. However, most of

the proposed techniques have been focused on improving detection accuracy through the advancement of

algorithms. In this study, research has been conducted to improve the accuracy of oil spill detection by

improving the quality of radar images, which are used as input data to detect oil spills. Thresholding algorithms

were used to measure the image improvement both before and after processing. The overall accuracy increased

by approximately 16%, the producer accuracy increased by 40%, and the user accuracy increased by 1.5%.

The kappa coefficient also increased significantly, from 0.48 to 0.92.

Key Words : Oil spill, Non-local means filter, Speckle noise

Korean Journal of Remote Sensing, Vol.33, No.1, 2017, pp.61~67
http://dx.doi.org/10.7780/kjrs.2017.33.1.6

–61–

Received February 7, 2017; Revised February 13, 2017; Accepted February 18, 2017.
† Corresponding Author: Hyung-Sup Jung (hsjung@uos.ac.kr)
This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons. org/licenses/by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in
any medium, provided the original work is properly cited

ISSN 1225-6161 ( Print )
ISSN 2287-9307 (Online)

Article



average brightness value in the radar image. Topouzelis
et al. (2007) and Ozkan et al. (2011) also applied a
neural network to radar images to detect oil spills.
Zhang et al. (2012) detected the boundary between the
sea and oil through mathematical algorithms to
determine the area of an oil spill. Xu et al. (2015)
applied a global minimum technique on the histogram
of radar image to set the thresholds and classify the area
of oil using these values. Nirchio et al. (2005) and
Chang et al. (2008) also used thresholding algorithm
to detect oil spill.
Although many algorithms have been developed to

detect oil spills, a problem remains false-detection due
to speckle noise of SAR images (Shu et al., 2010). In
order to solve the problem, thresholding algorithm
which is computationally efficient compared to other
algorithm including Neural Network is used in this
study (Shu et al., 2010). As a result, additional step is
added to process the image to be suitable for oil spill
detection by reducing the speckle noise before applying
the thresholding algorithm. After then, the threshold of
the filtered image was automatically set to extract the
oil spill area from the radar image. Finally, the accuracy
of the oil spill detection using images both before and
after speckle noise reduction was compared.

2. Study area and Data

For this study, we selected the Gulf of Mexico,
where the largest oil leakage accident in US history
occurred due to the 2010 Deepwater Horizon
explosion. On April 20, 2010, an oil rig explosion
caused a massive amount of oil spillage, which
continued for five months. The oil spill covered 6500
km2 of sea surface, spreading to an area greater than
that of the Korean peninsula by the end of May. The
spilled oil spread to four of the five states in the Gulf of
Mexico, namely, Mississippi, Alabama, Louisiana and
Florida. It caused enormous damage to the marine

environment and the tourism and fishing industries
(Marghany, 2016). In addition, neighboring South
American countries continue to suffer from the direct
and indirect damages of oil pollution. Fig. 1 shows the
study area in the Gulf of Mexico.
Two months after the accident, on June 10, 2010, an

image was taken using Radarsat-2. It was captured
using VV polarization and has a resolution of
approximately 25 m. Table 1 shows the characteristics
of the image used in the study.

3. Method

Multi-look techniques are commonly used to reduce
speckle noise in SAR images (Moreira, 1991).
However, this technique decreases the resolution of the
image and results in poor quality. To solve this
problem, NL (Non Local) -means filter was applied to
original SAR intensity image instead of multi-look
technique. It could remove the speckle noise
maintaining the resolution of the image compared with
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Fig. 1.  Study area.

Table 1.  Characteristics of Radarsat-2 image in this study
Date June 10, 2010
Mode ScanSAR Narrow

Spatial resolution 25m
Polarization VV

Incidence angle 31.72 deg.



other filters such as Lee and Frost filter which is
frequently used to SAR images (Kim et al., 2016). The
filtered image quality makes it easier to determine the
boundary intensity value between oil and sea. A KI
(Kittler Illingworth) thresholding algorithm can then be
applied to the filtered image to determine the threshold
value automatically. The oil spill area can be extracted
from the radar image using this value.
NL-means filtering considers not only those pixels

around the target pixel but also the values of all the
pixels in the image. When determining the value of one
pixel, all the pixels in the image are considered,
particularly those with similar spatial characteristics to
the pixels to which the filter is applied (Buades and
Coll, 2005). Weights between 0 and 1 are assigned
according to the degree of similarity. As a result, a
weighted image that is the same size as the original
image is generated. The value of a filtered pixel is
determined by the total sum of values acquired by
multiplying the weighted image and the original image.
The equation for NL-means filtering is expressed
below:
                       υ(x, y) =  w(i, j) υ(i, j)                         (1)

Where (x, y) denotes a pixel to which the NL-means
filter is applied and w(i, j) denotes the weight of a pixel

υ(i, j) when the NL-means filter is applied to the (x, y)
pixel.
KI thresholding technique is optimized for images

with a Gaussian distribution and sets thresholds that
minimize the error of classification using statistical
decision theory (Kittler and Illingworth, 1986). Since
the intensity image used in this study is converted in
dB units, it follows the Gaussian distribution.
Therefore, the optimal threshold value could be set by
minimizing the criterion function expressed by the
following equation (2) in the intensity image.

                          j(τ) =  h(υ) c(υ, τ)                            (2)

Where i is the number of pixels of the image, υ is the
value of each pixel, h(υ) means histogram and c(υ,
τ) is cost function.

4. Results

Fig. 2(a) illustrates the intensity image of the study
area and Fig. 2(b) shows the speckle noise reduction
after applying the NL-means filter to the intensity
image. As shown in Fig. 2(a), the quality of the original
intensity image is not good due to the effect of the
speckle noise. As shown in Fig. 2(b), the quality of the

∑
i, j

i

∑ 
υ = 1 
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Fig. 2.  Original and NL-means-filtered images of the test site (red boxes). (a) Original intensity image (b) NL-means-filtered
intensity image.



NL-means-filtered image is good because the speckle
noise was effectively reduced while the resolution was
maintained. Three sites (A, B and C) were selected to
compare the oil spill detection accuracy of the images
both before and after the NL-means filter was applied.
Fig. 3 shows the result of detecting the oil spill in

sites A, B, and C using both the original and the filtered
images. In site A, the oil spill in the lower left corner
was not detected at all, and the oil spill in the center
was not completely detected due to speckle noise (Fig.
3(b)). However, the oil spill was completely detected

by the filtered image (Fig. 3(c)). Similarly, in sites B
and C, the part that was not properly detected in the
original intensity image was more reliably detected in
the filtered image. However, there was a slight increase
in the number of pixels classified as oil on the coast of
site A, where could not be sure of oil.
The cause of these results can be explained by the

histogram in Fig. 4. Fig. 4(a) shows a histogram of the
original intensity image of site A, and Fig. 4(b) shows
a histogram of the intensity when the NL-means filter
is applied. The boundaries between oil and sea, which
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Fig. 3.  Detected oil spill areas are marked with yellow. (a) filtered intensity image of site A (b) detected oil spill area of site A by using
original intensity image (c) detected oil spill area of site A by using NL-means filtered intensity image (d) filtered intensity image
of site B (e) detected oil spill area of site B by using original intensity image (f) detected oil spill area of site B by using NL-
means filtered intensity image (g) filtered intensity image of site C (h) detected oil spill area of site C by using original intensity
image (i) detected oil spill area of site C by using NL-means filtered intensity image.



were not seen in the histograms of the original images,
became clear after applying the NL-means filter.
Likewise, before applying the NL-means filters in sites
B and C, the boundaries are uncertain or not visible,
but after applying the filter, it is easy to see the
boundary between the two surface types. Therefore, it
was possible to distinguish the oil more accurately from
the NL-means-filtered image.
For the purposes of further validation, this study used

the oil spill off the coast of Site (Fig. 5). Fig. 5(a) shows
the intensity image of the SAR image, while Fig. 5(b)
shows the validated oil spill data extracted through
visual inspection. Fig. 5(c) and Fig. 5(d) correspond to
the oil spill areas estimated using the images before and
after the filter processing, respectively. The visual

comparison shows that the NL-means-filtered image is
much more similar to the validation data.
To quantify the results, the number of pixels was

summarized using an error matrix, as shown in Table
2. The actual number of oil spill pixels in the validation
image is 171,003 but only 72,011 pixels were correctly
detected and 98,992 pixels were not detected in result
of using original image. On the other hand, when using
the NL-means-filtered image, 157,772 pixels were
detected correctly. In other words, the case of using the
original image, it is found that the oil spill was classified
into the sea much more than the case using the NL-
means filter. The number of pixels classified into the
ocean as an oil spill occurred largely when using the
NL-means-filtered image.
Table 3 shows the image accuracy and kappa

coefficients. The overall accuracy of the original image
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Fig. 5.  (a) intensity image (b) validation data (c) detected oil spill
area by using original intensity image (d) detected oil spill
area by using NL-means filtered image.

Fig. 4.  Histogram of each image. Red dotted line means
threshold which classify oil from image. (a) histogram of
original intensity image of site A (b) histogram of NL-
means filtered intensity image of site A (c) histogram of
original intensity image of site B (d) histogram of NL-
means filtered intensity image of site B (e) histogram of
original intensity image of site C (f) histogram of NL-
means filtered intensity image of site C.

Table 2.  The error matrix of two results
validation image

oil spill sea

original
image

oil spill 72011 3037
sea 98992 353713

filtered
image

oil spill 157772 3919
sea 13231 352831



was 80.67%, while the accuracy of detection when
using the NL-means-filtered image was 96.75%, or
16% higher than that of the original case. The producer
accuracy of the original showed a very low value of
just 42%, while the NL-means-filtered image showed
more than 90%. The user accuracy was higher than
95% for both images, and the kappa coefficients were
0.48 and 0.92, respectively. The Kappa coefficient
means the probability that represents the degree of
coincidence among validation data and the result. It is
a statistical value that removes the probability when it
matches by coincidence; it has the value between 0 to
1. Therefore, the probability of detecting actual oil is
48% in the case of using the original intensity image,
and 92% using NL-means-filtered image.

5. conclusion

In this study, we applied the NL-means filter to
images in order to enhance accuracy when detecting oil
spills via thresholding techniques. The accuracy of this
technique was confirmed to be better than that of the
original, through both visual and statistical validation.
The accuracy of the case using the filtered image
improved in terms of overall accuracy, producer
accuracy and user accuracy, which exceeded 90%.
Further, the kappa coefficient was equal to 0.92, which
means the results of processing were well matched with
the true data values. Significant increases in producer
accuracy imply that the probability of detecting actual
oil spills has increased significantly. The user accuracy
indicates that the probability of misclassification among

the classified pixels has increased. This means that
using NL-means-filtered images for oil spill detection
is a method of high accuracy. Although the number of
misclassified pixels increased a little, this is likely due
to the error that occurs at the boundary between oil and
sea, where thin drainage occurs. In addition, there are
some factors that cause dark spots on the sea surface,
including upwelling, internal waves and rain(Brekke
and Solberg, 2005). Overestimation of the coast in site
A also cannot be ruled out as oil slit. Therefore,
additional verification needs to be performed.
This study confirmed that detection accuracy can be

improved via simple filter processing, without requiring
complex algorithms. It is noteworthy that oil spill is
classified with a higher accuracy using the previous
existing thresholding algorithm on the NL-means-
filtered image without developing complex algorithms.
NL-means-filtered imaging can be used along with
other algorithms in addition to the thresholding
algorithms used here. Moreover, if additional input
data, such as polarization and texture information are
used together, it is expected that the number of
misclassified pixels can be reduced.
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