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Abstract: Oil spill accidents in marine environments have a massive impact on ecosystems. Various
methods have been developed to detect oil spills using high-resolution optical imagery. However,
ocean waves caused by heavy winds occurring in the accident area cause sun glint in the image, and
this severely impedes the ability to detect the oil spill area. The objective of this study was to detect
oil spill areas from high-resolution optic images using the artificial neural network (ANN) through
effective suppression of severe sun glint effects. To enable this, a directional median filter (DMF)
was adapted, and its use was compared with that of a traditional low-pass filter. A performance test
was conducted using a KOMPSAT-2 image acquired during oil spill accidents that occurred in the
Gulf of Mexico in 2010. The proposed method involved two main steps: (i) The sun glint effects
caused by the ocean waves were corrected using the DMF; and (ii) the ANN approach was used to
detect the oil spill area. The results show the following: (i) The designed DMF, which considers the
size and angle of ocean waves, was proficient in correcting the sun glint effect in a high-resolution
optical image; and (ii) oil spill areas were efficiently detected using the ANN approach with the
proposed filtering method. The oil spill area was classified with accuracies of approximately 98.12%
and 89.56% using the receiver operating characteristic (ROC) curve and probability of detection
(POD) measurements, respectively. These results show that the accuracy of the proposed method is
improved by about 9% compared to the traditional detecting algorithm.
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1. Introduction

Oil spill accidents caused by oil tanker accidents, drilling processes on the seabed, or natural oil
leaks have a destructive effect on ocean ecosystems [1-5]. To minimize oil spill damage, it is very
important to track the location and movement characteristics of the spilled oil [6], and to enable this,
techniques used to detect oil spill areas from satellite images (which are repeatedly acquired in most
parts of the Earth) are being continuously developed [7-10].

Most of the oil spill detection algorithms are applied to synthetic aperture radar (SAR) imagery
because such images provide information about the sea surface, even at nighttime and in bad weather
conditions [11-13]. In addition, the difference between the scattering characteristics of the oil and sea
surfaces are very suitable for detecting oil spill areas from SAR images [14-18]. However, there are
disadvantages in using SAR images in that “look-alikes” can be wrongly interpreted as oil spill areas
[47]. In this respect, biogenic films are all look-alikes, because they have similar scattering
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characteristics to the surface of oil, which makes it difficult to detect oil spill areas using SAR images
[19,20]. Therefore, one of the major problems in detecting oil spills from SAR images is that it is
difficult to distinguish the oil spill area from look-alikes, both visually and algorithmically.

However, it is possible to classify oil spills and look-alikes and obtain oil thickness using spectral
information when high-resolution optical images, which have a spatial resolution of 10 m or higher,
are used [4,8,9,21-28]. The high-resolution optical satellite imagery has a disadvantage that the
detection performance of oil spills is severely reduced by ocean waves. If ocean waves are present in
an optical satellite image, a rapid gradient change causes a sun glint effect [29-33], where the
reflectance on the sunlit slope is much higher than that on the shaded slope. Thus, it is well-known
that the mis-detection rate of the oil spill increases when wind speeds are less than 3 m/s or more
than 7 m/s, and this is known to increase false-positive results [34].

Studies have been conducted to reduce the wave effects in high-resolution images. For example,
the methods proposed by Hochberg et al. [35], Hedley et al. [36] and Lyzenga et al. [37] corrected the
sun glint effect due to ocean waves in different IKONOS images using the relation between near-
infrared (NIR) and red-green-blue (RGB) images. This method involves three main assumptions: (i)
The NIR reflectance value in the ocean converges to zero due to absorption; (ii) RGB and NIR images
have a high correlation in oceans; and (iii) precise atmospheric correction needs to be performed
during image pre-processing [32,35]. However, it is difficult to perform precise atmospheric
correction in a marine environment where atmospheric water vapor is not uniform; therefore, there
is virtually “residual” radiance in a NIR image after atmospheric correction. NIR can be significantly
non-zero over areas with high NIR reflectance, such as shallow water, carbonate sand, and
photosynthetic organisms, and calculations of glint intensity in such cases will overestimate the glint
contribution and result in incomplete wave effects corrections [35].

Other studies have also been conducted to analyze ocean wave effect patterns using two-
dimensional (2-D) wave spatial spectra [30,33,38]. The direction and intensity of ocean waves are
similar to that of the 2-D wave spatial spectra. Notably, it was confirmed that the spectra pattern was
changed according to the wind speed [30,33]. Use of a 2-D spectral analysis method had the
advantage of effectively estimating the direction and intensity of ocean waves without requiring
accurate atmospheric correction. However, the ability to analyze the physical mechanisms of ocean
waves appearing within the remotely sensed image is limited. In other words, no studies have yet
attempted to correct ocean wave effects using 2-D spectrum analysis, and studies are therefore
required to achieve this to enable the ultimate aim of detecting oil spills after correcting for wave
effects.

Recently, various deep learning models have been studied to detect objects or mapping specific
regions [39-41]. However, the deep learning-based approaches to detect the oil spill area were also
mainly used for SAR images [20,25,34,42—-45]. The oil and sea areas of the SAR image are more clearly
distinguished than the optical image, so utilizing the SAR image can further ensure deep learning
performance. In the case of an optical image, the spectral information of the oil areas may vary
depending on the oil thickness [24]. And if the sun glint effect caused by the above-mentioned ocean
waves is present in the image, the affected areas have spectral information similar to noise, which
may reduce the deep learning performance. Thus, deep learning-based oil spill area detection for
optical image needs to be studied, and in particular, a study on the improvement of performance by
reducing the sun glint effect is necessary.

This study proposes an efficient method for detecting oil spill areas from high-resolution optical
satellite images using the ANN, where sun glint effects relating to severe ocean waves are effectively
suppressed. In this respect, (i) the intensity and direction of the sun glint effect were estimated from
the power spectrum in the wavenumber domain, and (ii) a directional median filter (DMF) was
designed using the estimated intensity and direction. Following the suppression of the sun glint effect
by the DMF, oil spill detection was performed using the ANN approach, and four channel images,
including Blue to NIR, were used to generate an oil spill probability map. A Korea Multi-Purpose
Satellite-2 (KOMPSAT-2) image acquired during the 2010 oil spill accident in the Gulf of Mexico was
then used to test the performance of the method. The receiver operating characteristic (ROC) curve



Remote Sens. 2020, 12, 253 30f18

and the true oil spill map produced by the manual were subsequently employed to quantitatively
validate the proposed method, and the performance of the method was compared with that of a
traditional low-pass filter.

2. Study Area and Dataset

The KOMPSAT-2 satellite was launched in July 2006 and is currently in operation [46,47]. It
provides four channel images, including blue, green, red, and NIR wavelength bands and has a
spatial resolution of 4 m. The KOMPSAT-2 image used for this test was acquired on 2 May 2010 in
the Northern part of the Gulf of Mexico at a latitude and longitude of 28°45'N to 28°50'N and 88°19'W
to 88°25'W, respectively (Figure 1). The oil spill shown in the satellite image relates to an accident
that occurred in the Gulf of Mexico from 20 April-15 July 2010, which was caused by an explosion on
the Deepwater Horizon drilling rig and resulted in the subsequent loss of the drilling rig in the Gulf
of Mexico [21,48].

Figure 1 shows the KOMPSAT-2 test image used in this study. Figure 1a is the true color
composite image with 99% min-max histogram stretching. The image is evidently cloud-free and
shows only oil and sea water. Oil covers the right half of the image, and the oil belt is visible at the
midpoint. Oil has a lighter silver color than sea water (Figure 1c,d), and silver-emitting oil has a
theoretical thickness of 0.05-0.20 pm [8,24]. Figure 1b shows a map of the oil area produced manually
based on spectral information obtained from the RGB image. Figure 1b was used to verify the final
forecasted oil map. It was provided by a specialist who has a certificate of craftsmanship for drawing
technical illustration not related to this study.

The average and maximum wind speeds were approximately 9.1 m/s and 17.0 m/s, respectively,
according to the World Climate Data Center (http://en.tutiempo.net). Therefore, strong winds were
blowing during the time of the oil spill accident. We can see that the sun glint effects due ocean
currents are severe in the area of oil and sea water, and these sun glint effects occur irrespective of
the presence of oil and sea water (Figure 1c,d).
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Figure 1. KOMPSAT-2 image of Gulf of Mexico oil spill area: (a) Test area used in this study; (b) oil
spill map produced manually; (c¢) zoomed-in area of box A showing characteristics of oil spill area;
and (d) zoomed-in area of box B showing characteristics of sea area.

3. Method

Figure 2 shows the detailed workflow used in developing the proposed method for detecting oil
spill areas from high-resolution optical images in consideration of sun glint effects. The method can
be divided into two parts: (1) Mitigation of sun glint effects in the optical image using a DMF, and (2)
detection of oil spill areas from the filtered image using an ANN approach. As shown in Figure 2, the
image was converted into a frequency domain using 2-D fast Fourier transform (FFT). The zero-mean
normalization and hamming window processing are applied to the test image prior to 2-D FFT
processing. Following 2-D FFT, the log function is applied to convert the power spectrum image into
decibel (dB) units, and the direction and intensity of the sun glint effect were then estimated. A DMF
was designed by using the estimated direction and intensity and was then applied to all bands of the
image. The directional median filtered image was used for the input neurons of the ANN method to
detect oil spill areas.

The training samples for the learning steps of the neural network were selected from the sea
water and oil area based on Figure 1b, and the numbers of training sample pixels were randomly
selected for the oil region and sea region, respectively. The pixels were used in a training set to fit the
initial model, and were used in a validation set to re-adjust the model’s hyperparameters repeatedly.
The test set employed to evaluate the final model used all training sample pixels. An oil probability
map was generated by the ANN method with the training samples, and it was expected to have a
bimodal distribution (as it included both modes from the oil spill and sea water). Oil spill areas were
then be detected by determining the threshold values from the bimodal distribution. A detailed
description of the proposed method is provided in the following sections.
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Figure 2. Detailed flowchart of the method used to detect oil spill areas in this study. The flowchart
is divided into two parts: (i) Sun glint effect removal using DMF; and (ii) oil spill area detection using
the Artificial Neural Network (ANN).

3.1. Sun Glint Effect Mitigation

To accurately detect oil spill areas, it is necessary to mitigate sun glint effects due to ocean waves
(because these effects degrade the detection efficiency). Previous studies have analyzed the sun glint
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effect due to ocean wave patterns in optical images [30,31,38]. As sun glint effects are regular in size
and direction, they can usually be reduced using the regularity of the wave pattern. To enable this in
this study, a DMF is designed by estimating the following: (i) The direction and wavelength of the
ocean waves; and (ii) the effective width of the wave propagation direction from the 2-D wave pattern
in the frequency domain.

Figure 3a shows the 2-D power spectrum of an optical image in the frequency domain and Figure
3b shows how we can determine the window kernel of the DMF from the 2-D power spectrum. If an
optical image has a dominant ocean wave, we can estimate (i) the dominant direction (a) and
wavelength (Asw) of the ocean waves from the area of high power value in the 2-D power spectrum
and (ii) the effective width (d.) of the wave propagation direction from the dominant wavelength of
the ocean waves and the maximum difference angle () among effective ocean wave propagation
directions, as seen in Figure 3a. The wavelength and the effective width can be defined as:

Asw = Ufsw de = gy - tan (6/2) (1)

where fw is the dominant frequency of the ocean waves.

The sun glint effects are then dramatically mitigated from optical images using the DMF. As the
angle of the direction median filter is the same as that of the wave propagation direction, the kernel
size of the filter is determined from the estimated wavelength and effective width. Once the angle
and kernel size of the DMF are determined, the filter can be used to reduce the effect of ocean waves.
If the kernel size of Wx and Wy are determined in the pixel and line directions from the estimated
wavelength and effective width, the kernel size can then be changed to W’x and W’y after the window
kernel has been rotated by the angle of the wave propagation direction (), as given by [49]:

Wy = W, - |sina| + W, - |cosa| Wy = W, - [cosa| + W, - |sina| (2)

where Wr and Wy are defined as given by W, = d, and W, = A,,. The median value in the DMF is
calculated by using pixels inside the kernel of the directional filter W’> and W’y all the kernel elements
are defined as 0 or 1. Only pixels inside the box with the width and height of W: and W, with the
value 1 do contribute in the calculation of median; all the other elements outside the new kernel are
set to 0.
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Figure 3. (a) Two-dimensional power spectrum in the frequency domain and (b) window kernel of
directional filter determined from the power spectrum. f,, and Ay, are respectively the dominant
frequency and wavelength of ocean wave, a is the angle of ocean wave propagation direction, ¢ is the
maximum difference angle among effective ocean wave propagation directions, (Wx, Wy) and (Wx’,
W) are, respectively, the kernel sizes in the x and y directions before and after the window kernel is
rotated.



Remote Sens. 2020, 12, 253 6 of 18

3.2. Oil Spill Area Detection

The ANN approach is one of the most popular available machine learning methods, and it has
already been applied by many researchers to detect oil spill areas in SAR and optical images [25,42—
45]. In this study, the multi-layer perceptron (MLP) algorithm was used for learning. The MLP
algorithm consists of three layers: Input layer, hidden layer, and output layer. The hidden layer of
the MLP algorithm solves the limitations of the linear classification of the conventional perceptron.
The MLP algorithm performs prediction and estimation by adjusting the connectivity between layers
using an error backpropagation algorithm, which means repeating the way the signal is transmitted
to the hidden layer to output the result. In other words, the error is evaluated by comparing the
output value with the true value, and the weight obtained in the direction of reducing the error by
backpropagation algorithm is corrected.

In this study, four directional median filtered channel images from Blue to NIR were used as
input neurons. The sigmoid function was chosen as an activation function to adjust the predicted
value to a value between 0-1, so the result can be expressed with a probability from 0-1. The neural
network was iterated for 1000 cycles per one epoch, and a total of 1000 epochs were processed with
a learning rate of 0.01. The hidden layer consisted of eight neurons, and one linear output layer was
created. The neural network training was performed using randomly 70% as training and validation
sample data from the true oil map shown in Figure 1b.

The MLP-ANN result is considered an oil probability map and has pixel values between 0 and
1. A value closer to 1 means a higher probability of oil, and a value closer to 0 means the opposite.
Since the study image can be divided into oil and sea areas, the probability map must have a bimodal
histogram if the ANN approach is properly performed. Once we determine an appropriate threshold
value using the bimodal histogram, oil spill areas can be easily detected. The method of determining
the threshold value is similar to the methods used by References [50-54]. This method involves
finding the intersection of two probability density functions (PDF) of the oil and sea objects. The
vertex of the fitted second-order function is considered as the threshold value.

3.3. Performance Validation

To validate the classification result, the test dataset was selected from the whole true oil regions
shown in Figure 1b. Four indices were used to validate the performance of the proposed method: The
probability of detection (POD), probability of false detection (POFD), false alarm ratio (FAR), and
proportion correct (PC) indices. The POD (also called sensitivity, the true positive rate, or recall)
assessed whether the true oil could be forecasted correctly as the oil. The POFD (also called 1-
specificity) evaluates whether the true sea area was mistakenly forecasted as oil. The FAR is a similar
concept to the POFD, the proportion of false forecasted oil among predicted oil area. The PC is total
accuracy; it means the degree to which oil and sea surfaces can be detected accurately [44,45]. The
value distribution of all indices ranges from 0-1. When the POD and PC are closer to 1, then FAR and
POEFD are closer to 0, which means that the forecasted oil spill area is similar to the actual oil spill
area. These indices are the most commonly used methods to quantitatively compare processed results
with validation data. The POD, POFD, FAR, and FAR indices are defined in [44,45] as:

POD = sensitivity = Npp/(Nyp + Ney)POFD = 1 — specificity
=1— Ngp/(Nry + Npp)FAR = Ngp/(Nrp + Npp)PC 3)
= (Nrp + Nry)/(Npp + Ny + Npp + Npy)

where Nyp is the number of true positive pixels, Ngp is the number of false-positive pixels, Ny is the
number of false-negative pixels, and Ny is the number of true negative pixels. The true positive
means the oil area is well detected as oil (hit), false-positive means falsely detecting the true sea area
as oil (false), the true negative means that the sea area is classified as a sea area, and false-negative
means that the true oil area classified as sea (miss).

The oil spill probability map was also validated using a ROC curve, which consists of an x-axis,
y-axis, and the area under the curve (AUC) and is used to indicate the accuracy of the classification.
The x- and y-axes represent the false positive rate and true positive rate, respectively, which means
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that true sea area is forecasted to be sea area, and the true oil was forecasted as being oil spill area
[42,53]. The AUC is calculated from the area under the ROC curve and has a value between 50%—
100%. In this study, the AUC was calculated from three MLP-ANN derived oil spill maps based on
the no-filtered, low-pass filtered, and directional median filtered images. The highest AUC among
the three oil spill maps produced in this study means that the result is most similar to the true oil
map.

4. Results and Discussion

4.1. Sunglint Effect Mitigation

Figure 4 shows the pattern of the sun glint effects appearing in the 2-D power spectrum image
of the KOMPSAT-2 test image and the direction and size of the DMF designed from the 2-D power
spectrum. Three regions in the 2-D power spectrum have relatively large decibel intensity values, as
is evident from Figure 4a. The red pixels (large decibel values) at the image center represent the
overall image characteristics, while the red pixels in the upper left and lower right of the 2-D power
spectrum image are the sun glint effects. The distance from the image center to the upper left or lower
right large decibel areas represents the wavelength of oceans waves, and the angle represents their
direction.

This 2-D power spectrum of the study image in the frequency domain has been used for
constructing the DMF from the size and direction of ocean waves, according to Equation (1). Figure
4b shows only the pixels with large decibels in Figure 4a. As shown in Figure 4b, the estimated
direction and wavelength of the ocean waves are approximately 43° and 65 pixels, respectively. The
maximum difference angle among effective ocean wave propagation directions was approximately
40°, and hence the effective width was determined by approximately 23 pixels, respectively. The new
kernel size was recalculated by using Equation (2). The new kernel with 63 x 61 pixels in x and y
directions, includes inside exactly the initial kernel rotated by the angle of the wave direction 43°, but
all the kernel elements in the new kernel are defined as 0 or 1. Only the elements with the value 1 are
used for the calculation of median. So, in fact, the median value in the DMF is still calculated by using
pixels inside the tilted box with a width of 23 and a height of 65 pixels.

g T T
-550 -50

Figure 4. The two-dimensional power spectrum and estimated directional median filter (DMF) size
from the test image: (a) 2-D power spectrum image; (b) size and angle of DMF in this study.

Figure 5 shows a comparison between the traditional low-pass filtered image and the proposed
directional median filtered image. The low-pass filter is a Gaussian averaging filter designed with a
kernel size of 37 x 37 with the standard deviation of 1.0. The kernel size was determined by
considering the number of pixels used for the median calculation in the directional filter. Figure 5a,b
respectively show the images filtered by the Gaussian and DMF. The Gaussian filtered image was
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smoothed well, but the difference in the brightness value between sunlit and sunshade sides of the
ocean waves still remained. However, the DMF was smoothed as well, as the difference in the
brightness value between sunlit and sunshade sides of the ocean waves was well mitigated. This
means that the sun glint effect was not successfully mitigated using the Gaussian filter, but well
reduced by using the proposed DMEF.

Figure 5¢,d are magnifications of box A in Figure 5a,b. As evident from Figure 5, it is much easier
to visually identify the oil spill area than from the original image in Figure 1, and the oil belt at the
image center is particularly more visible. However, the results obtained from the low-pass filter and
DMF differ. Figure 5a shows that the ocean wave effects appear to have been reduced in the whole
region of the image, whereas the zoomed-in area shows that ocean wave effects remain (like noise)
remain (see yellow arrows in Figure 5c). This is because the original image was acquired on a very
windy day and the sun glint effects due to ocean waves were very strong. This characteristic greatly
affects the digital number (DN) values of the image and makes DN values either very large or very
small. Therefore, the distribution of the DN values do not follow the generally assumed Gaussian
distribution, and the low-pass filter thus has a limited performance. However, the image corrected
by the proposed direction median filter shows that sun glint effects are remarkably mitigated. This
result confirms that the proposed DMF efficiently reduces the sun glint effects.

88°22" W88°20"

N28°47°30"
N28°47°30"

Figure 5. A comparison between the low-pass filtered image and directional median filtered image:
(a) Low-pass filtered image; (b) directional median filtered image; (c) zoomed-in area of box A
showing low-pass filtered oil spill area; and (d) zoomed-in area of box B showing directional median
filtered oil spill area. Yellow arrows indicate wave effects remaining after applying low-pass filter.

Table 1 lists the standard deviations calculated from oil pixels in the no-filtered, low-pass
filtered, and directional median filtered images, where it is evident that the proposed filter had the
lowest standard deviation, which thus shows that the proposed filter effectively reduces the sun glint
effect due to ocean waves.

Most research conducted to correct sun glint effects has used images without oil spill areas, and
the associated methods can therefore not be used effectively with images where oil spills and sea
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water area exist simultaneously. In particular, as the assumption of a correlation between NIR and
the RGB images is based on sea water characteristics [32], it is thus further necessary to determine
whether this assumption can be applied to oil spill areas that have different spectral characteristics.
In this study, we used a different approach to those of previous NIR-based studies to successfully
mitigate the sun glint effects in the test image where oil and sea water areas appear simultaneously.
The proposed method can clearly be used to detect oil spill areas, even in images where it is
impossible to detect the oil spill area due to severe sun glint effects.

Table 1. Standard deviations from oil spill areas.

Band Original Std. Low-Pass Filtered Std. Directional-Filtered Std.
Blue 36 15 10

Green 40 17 11
Red 28 14 11
NIR 22 11 8

Values in parentheses indicate the percentage decrease in the standard deviation.

4.2. Oil Spill Area Detection

Three oil probability maps were generated using the MLP-ANN approach based on the no-
filtered, low-pass filtered, and directional median filtered images, and Figure 6 shows an associated
comparison between these maps. The oil probability maps were given values between 0 and 1, where
a value closer to 1 indicates the presence of the oil spill area, while 0 denotes sea water. The range of
probabilities expressed in Figure 6a,b is between 0.2 and 1.0, and the probability value of the expected
oil spill area in Figure 6a appear to have a visually lower value than what the other oil spill areas
detected using the filtering methods (Figure 6c,e). In particular, the probability of oil area at zoomed
in area (Figure 6b) varies widely and can be seen to be affected by the sun glint effect shown in Figure
1c. Thus, it is impossible to estimate the oil spill area using a particular threshold, even though the
oil spill area can be visually identified. This shows how difficult it is to conduct image classification
on images with severe ocean wave effects.

The oil spill area is clearly distinguished in Figure 6c—e. The probability of the oil region existing
is 0.8 or more, and the probability of the sea water region existing has a low value of 0.2 or less. When
comparing the results of applying the two filters, respectively, it can be confirmed that the MLP-ANN
approach with the DMF is more useful to detect oil spill area visually (Figure 6e). In the MLP-ANN
approach with low-pass filter (Figure 6¢,d), it can be seen that the sun glint effects continue to appear
in the probability map, even though there is a high overall probability of the oil spill area existing.
The sun glint effects are also found (like noise) in the sea water area. However, it is still difficult to
notice traces of sun glint effects after directional median filtering (see Figure 6d,e). The oil spill area
has a higher probability value, and the sea area has a value that is lower than in Figure 6c. Some
regions have an intermediate probability value of about 0.5, which are considered to be regions of
mixed oil and sea water.
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Figure 6. A comparison between oil spill area detection methods: (a,b) No filter with multi-layer
perceptron (MLP)-ANN and zoomed-in area of box A; (c,d) low-pass filter with MLP-ANN and
zoomed-in area of box B; (e,f) DMF with MLP-ANN and zoomed-in area of box C.

The characteristics of these probability maps can be confirmed in more detail in Figure 7, which
shows histogram distributions for each probability map. Figure 7a shows the result of applying the
ANN approach directly to the original image without any filter processing. As mentioned above, the
severe sun glint effects affect the whole region of the original image. However, when ANN is applied
to the image to which the filter is applied, the histograms show a bimodal distribution. We can see in
Figure 7b,c, shown together with reducing sun glint effects, the distribution of oil and/or seawater
values is more and more concentrated into two separate peaks. In general, the performance of image
classification improves when the distance between two peaks is longer and the distribution of the
values is more concentrated on the peaks [25,42,43,50]. Thus, Figure 7c is more appropriate than
Figure 7b in this study.
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The threshold values for detecting the oil spill area were determined by the probability
distribution of Figure 7b,c, respectively. Second-order functions were fitted from the histograms, as
seen in Figure 7b,c, and the inflection points of the fitted functions were then used to determine the
threshold values. The red lines in Figure 7b,c show the fitted functions. The threshold values
determined from the inflection points are approximately 0.57 and 0.58 in the probability maps based
on the low-pass filter and DMF, respectively. The areas above the threshold value were then
estimated as oil spill areas.
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Figure 7. Between the histograms after oil spill detection processing: (a) No filter with ANN; (b) low-
pass filter with ANN; and (c) DMF with ANN. Red lines represent the histogram section used to
determine the threshold value.

Figure 8 shows the ROC curves and AUC results that are generated by matching each probability
map with the true oil spill map. The ROC curve can be used as an indicator of the most optimal
model, and the AUC can be used as a quantitative measure [44,50]. The AUC values of the three
probability maps are 77.70%, 95.41%, and 98.12%, respectively, as shown in Figure 8, which reflects
the fact that most of the oil spill areas were detected in the two results (Figure 6c,e), and the number
of pixels incorrectly detected was relatively low. In particular, the AUC of the proposed method was
higher than that of the other methods, which means that sea water area is the least likely to be
classified as an oil spill area.
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Figure 8. Between ROC curves generated by ANN approaches: (a) no filter with ANN; (b) low-pass
filter with ANN; and (c) DMF with ANN.

Figure 9a shows the final oil spill area detected through the process presented in this study. As
shown in Figure 9a, it can be seen that the result using directional median filtering detects an oil spill
area that is more similar to the true map than when using the traditional low-pass filter. With the
method, using the low-pass filter, areas were undetected due to the remaining sun glint effect, and
these were severe at the boundary regions between oil and sea water areas. However, some regions,
including the black box in Figure 9a, could not be detected using either method. Figure 9b shows
profiles shown in Figure 9a for analyzing characteristics of the undetected oil spill area. The profiles
are divided into sea, undetected oil, and detected oil parts according to distance, and show the
variation of DN value after applying directional median filtering in each VNIR channel image. The
detected oil spill area has higher DN values in all channels than the undetected oil, and it can be seen
that the difference from the sea water is larger than the undetected oil spill area. The DN values of
the undetected oil spill area are slightly higher than that of sea water and, consequently, they fail to
have a high probability. Figure 9c shows the probability variations produced by the proposed method
in the same profile as Figure 9b. The probability value of the detected area is very high, above 0.8,
while the probability value of the undetected area is distributed between 0.1 and 0.3. It is lower than
the determined threshold (0.58), so it is classified as sea water, even though visual analysis showed
that it was an oil spill.
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Figure 9. The final oil spill area detected through the process presented in this study: (a) Comparison
between detected the oil spill area from the proposed method (directional filter with MLP-ANN),
traditional method (low-pass filter with MLP-ANN). The profile AB is a line for knowing the change
of DN values and probability values; (b) DN values of median filtered image in the profile AB; and
(c) probability values from MLP-ANN with directional median filter in the profile AB.

Table 2 shows the error matrix expressed by the number of pixels calculated from the
comparison between the oil spill area produced and the reference oil spill map, and Table 3 shows
the quantitative indicators calculated from the error matrix. We can see that the result for all indices
is higher when the proposed DMF is applied than the low-pass filtered result. It is also of note that
the negative indices (POFD and FAR) have grown by within 0.2%, but the positive indices (POD and
PC) have increased by more than 6%. Therefore, the ocean wave correction method proposed in this
study is both quantitatively and visually proven to be useful for detecting oil spill area within an
image that has very high sun glint effects.

Table 2. The error matrix of each oil spill area detection method.

Oil Spill Reference Map
1 Spil .
Oil Spill Detection Map oil Non-Oil
. . Oil 2,132,243 13,836
ANN approach with low-pass filter NON-Oil 507,329 1,540,896
Oil 2,363,974 17,958

ANN approach with directional median filter Non-oil 275,598 1,536,774
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Table 3. Detection accuracy of each oil spill area detection method.

ANN Approach with ANN Approach with
Low-Pass Filter Directional Median Filter
Probability of detection (POD) 81% 90%
Probability of false detection (POFD) 1% 1%
False alarm ratio (FAR) 1% 1%
Proportion correct (PC) 88% 93%

Although the proposed method enables better detection of oil spill areas, we need to discuss (i)
the limitations of this study and (ii) suggest further areas that need to be researched to perfect the use
of the proposed method.

First, the oil spill area was detected from an image of only oil and sea water. However, when oil
spill accidents occur, a large number of ships within the area will be dispatched to help clean up the
contaminated area. It is thus necessary to consider the wave characteristics generated by the
movement of these ships. These waves can produce other sun glint effects that do not have a constant
direction or size [55].

Second, further studies are required for waves with different intensities, sizes, and angles. In
general, the oil spill detection has a low accuracy on days with heavy winds [34], and it is thus
necessary to study how capable the method is of detecting oil spill areas on such days.

Third, the oil spill area was detected by using the MLP-ANN approach. Recently, various
algorithms, including the support vector machine (SVM) and convolutional neural network (CNN),
have been successfully applied for oil spill detection. A further study for performance comparison
among MLP-ANN, SVM and CNN is required.

Fourth, the reference oil map used for verification in this study was produced through visual
analysis in an RGB image, and the reliability of the accuracy of the evaluation is therefore possibly
limited. Since the area and distribution shape of oil spills differ depending on the time, SAR images
or in-situ data obtained at a similar time should also be used for verification.

In summary, the results derived from this study are not yet sufficient to prove the robustness of
the proposed method, and further studies and validation processes are required using various cases,
images, and wind conditions.

5. Conclusions

Oil spill accidents damage the marine environment, and continuous monitoring of such
occurrences is required using various methods based on the use of optical images. Although a
number of methods have been developed to detect oil spill areas using high-resolution optical
images, if severe ocean waves are generated from strong wind speeds in an accident area, the effect
of the sun glint appears in the image. Such an effect makes it impossible to detect the oil spill area,
and the image thus requires correction.

In this study, directional median filtering is applied to mitigate sun glint effects, and an object-
based ANN approach is then applied to detect the oil spill area. The median filter is appropriate
because pixel values do not follow a Gaussian distribution with respect to the severe sun glint effects,
and the filter size is determined by considering the size and direction of ocean waves. We use a 2-D
spectrum image to estimate the size and direction of the ocean waves and to design the size and angle
of the filter. The method of designing the size and angle of the filter in consideration of ocean wave
effects is one of the most important aspects of this study. By applying the designed DMF to each RGB
and NIR channel image, we create four input neurons for use in the ANN approach. The results of
the generated oil probability map are improved compared to other methods, and accuracy of
approximately 98.12% is verified using the ROC curve. The threshold value used to classify the oil
spill area is calculated by the histogram distribution, and the estimated oil spill area is then verified
from the reference oil spill map. The POD, POFD, FAR, and PC indices are calculated as 90%, 1%,
1%, and 9%, respectively. The negative indices (POFD and FAR) show very small changes (within
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0.2%), but the positive indices (POD and PC) are increased by over 6% compared to the traditional
method.

In conclusion, the results of this study included three main points: (i) The high-frequency
components of the 2-D power spectrum image show the size and pattern of the sun glint effects
generated from ocean waves. (ii) As the sun glint effects distort the pixel values, they can be
effectively applied to the DMF. (iii) The proposed correction method enables better detection of oil
spill areas.

The DMF is useful when using images with severe wave effects, and it has the effect of increasing
the true positive rate while maintaining the false-positive rate.

Although the test image used in this study is appropriate for validation of the proposed method,
further studies are required to improve the proposed algorithm: (i) Both the ocean wave effect
generated by heavy winds and ship movement need to be corrected; (ii) the algorithm needs to be
applied to various cases with differing ocean wave sizes and oil spill distributions; (iii) the method
should be verified using SAR images or in-situ data taken at similar a time similar to the optical
imaging time; and (iv) the method should be improved so that image denoising and detection can be
performed simultaneously by applying the ANN approach.
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