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Abstract: In the case of marine accidents, monitoring marine oil spills can provide an important
basis for identifying liabilities and assessing the damage. Shipborne radar can ensure large-scale,
real-time monitoring, in all weather, with high-resolution. It therefore has the potential for broad
applications in oil spill monitoring. Considering the original gray-scale image from the shipborne
radar acquired in the case of the Dalian 7.16 oil spill accident, a complete oil spill detection method is
proposed. Firstly, the co-frequency interferences and speckles in the original image are eliminated by
preprocessing. Secondly, the wave information is classified using a support vector machine (SVM),
and the effective wave monitoring area is generated according to the gray distribution matrix. Finally,
oil spills are detected by a local adaptive threshold and displayed on an electronic chart based on
geographic information system (GIS). The results show that the SVM can extract the effective wave
information from the original shipborne radar image, and the local adaptive threshold method has
strong applicability for oil film segmentation. This method can provide a technical basis for real-time
cleaning and liability determination in oil spill accidents.

Keywords: oil spill; SVM; real-time monitoring; shipborne radar; remote sensing; image
processing; GIS

1. Introduction

Oil, including crude, gasoline, bulk oil, and fuel, spills into marine environments during off-shore
well production, oil refining, oil tanker transportation, and pipeline ruptures. According to the
European Space Agency (ESA), the amount of oil spilled annually worldwide is estimated to be more
than 4.5 million tons, and 80% of this is due to operative discharges [1]. This has become a major
man-made threat to marine and coastal environments, with adverse long-term impacts on economics
and biological health [2]. For example, a recent oil spill disaster has continued to pollute many of
Brazil’s coastlines for months, with the catastrophe exhausting the resources of the government and
communities [3,4]. Marine oil spills can diffuse extensively the sea surface within several hours, leading
to very serious consequences [5]. Billions of dollars are spent preventing pollution, but risk cannot
be completely eliminated [6]. Technologies that can detect and monitor oil spills are, therefore, very
important for rapid emergency response and contamination control.

With the ability to rapidly determine the scope and location of oil spills, remote sensing plays
an increasingly important role in the emergency response of marine oil spills [7]. Among the remote
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sensing sensors, ultraviolet instruments, infrared detectors, microwave radiometers, and radar have
been used to in an attempt to monitor oil spills [8]. Ultraviolet sensors can measure oil film thickness
below 10 microns, but the correlation between thin oil slick and oil spill cleaning is very low, so the
use of ultraviolet sensors for oil spills is minimal [9–11]. Infrared detectors are less expensive than
other remote sensing sensors, but because the thermal radiation of seaweed is similar to that of an oil
spill, the result can be falsely, requiring verification by other means [12,13]. Infrared sensors can work
perfectly in the absence of clouds, rain, and fog [14]. Microwave radiometer sensors are relatively
costly and complex for monitoring an oil spill and measuring oil thickness. A microwave radiometer
can only work accurately with adequate environmental and oil property data. Furthermore, the results
may be biased, with few interferences, and in practice, microwave radiometer sensors have not been
used for monitoring oil spills [9,14]. Radar has been widely used in the research and application of
monitoring oil spills, because it provides a long detection distance and is not limited by time and
weather conditions [15–17].

Radar is the most widely used sensor on spaceborne, airborne, and shipborne platforms. More
spaceborne synthetic aperture radar (SAR) oil spill monitoring research has been published because its
fine spatial-resolution data are publicly accessible [18]. SAR oil spill detection can be summarized
as (a) dark area detection, (b) feature extraction, and (c) discrimination between oil slicks and
lookalikes [19,20]. The results are mostly used for liability and damage assessment because of the
revisit time, which is not adequately frequent for ensuring good oil spill sampling [21]. Although
this time interval is a key drawback, the application of spaceborne radar has played a major role
in promoting the development of remote sensing for monitoring oil spills [22]. The application of
airborne radar can compensate for the time interval shortcoming in the data acquisition of spaceborne
radar, and research concerning remote sensing for the marine oil spill monitoring of airborne radar is
increasing [23]. Initially, helicopter-borne radar was used to obtain the distribution range of oil films
above the sea surface, but the emergence of the unmanned aerial vehicle (UAV) has greatly reduced the
cost of airborne radar application [24]. The key disadvantage of airborne radar is that it cannot operate
in severe weather [9]. Shipborne radar can overcome certain severe weather and can monitor oil spill in
real-time with the cruise of the decontamination ship, and this has the potential for broad applicability.

Using shipborne radar to monitor an oil spill is physically possible because an oil slick on the sea
surface has a different viscosity to that of water, and therefore attenuates the short gravity and capillary
waves [25]. The roughness of the sea surface becomes less than that of water in an oil spill, and therefore,
a lower radar backscattering of oil slicks is formed [26,27]. This results in oil slicks being displayed as
relatively dark targets in the wave area on shipborne radar images. This differs from spaceborne and
airborne radar, whereby the gray distribution of the wave in the original shipborne radar image is
very uneven, and with increasing monitoring distance, the gray level continuously decreases because
they are relatively dark targets. In short distance waves, the gray value of the oil spill may, therefore,
be higher than that of the long distance waves. This creates significant difficulty for shipborne oil
spill monitoring. Many research methods for spaceborne and airborne radar can be applied in the
oil spill detection of shipborne radar images, including manual single threshold segmentation [28],
the adaptive threshold segmentation method [29], the double threshold segmentation method [30],
the active contour model (ACM) [31], neural networks, and machine learning algorithms [32,33]. The
oil spill monitoring technology of shipborne radar remains in its infancy, and some related research
findings have been published. Zhu et al. suggested that, after adjusting the entire gray level of
a shipborne radar image, the manual single threshold segmentation should be used to extract oil
spill [34], hence making exploratory progress. Based on manual single threshold segmentation, Xu et al.
proposed a manual dual-threshold segmentation method for shipborne radar image oil spill monitoring
after determining the range of effective wave information [35]. With the continuous development of
oil spill detection technology in shipborne radar images, Xu et al. suggested an adaptive threshold
method to automatically identify oil films [36]. In recent years, deep learning methods have been
successfully applied in the pattern recognition of images. Liu et al. proposed the extraction of oil films
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by a local adaptive threshold after determining the surrounding oil spill areas using a deep learning
method with textural features of a Gray Level Co-occurrence Matrix (GLCM) [37]. In view of the
successful application of deep learning on shipborne radar oil spill monitoring, we propose extracting
effective wave information from radar images based on a support vector machine (SVM), and then
extracting oil films based on a local adaptive threshold.

In this study, a complete oil spill detection method of shipborne radar images is advocated. A
large number of co-frequency interferences seriously affect the gray distribution of the original image,
and we therefore offer a fast noise reduction method in a Cartesian coordinate system, with the SVM
used to classify the waves and backgrounds. According to the gray distribution matrix, the effective
wave monitoring zone is then chosen to segment oil films by a local adaptive threshold. The final
result is mapped to the electronic chart through coordinate transformation. The successful application
of this scheme will be an effective technical means for the real-time monitoring of oil spills.

The remainder of this paper is organized as follows: Section 2 focuses on the preparation process
of the materials and methods, including the description, preprocessing, and major methods. Section 3
presents the results of our experiments and the validity of our method. The advantages of shipborne
radar oil spill monitoring in comparison with other local adaptive thresholds as well as in comparison
with other oil film classifications of shipborne radar are also provided. Section 4 provides a summary
of the study.

2. Materials and Methods

2.1. Materials

The shipborne radar images (Figure 1) were acquired during a clean-up mission (Figure 2) on 21
July 2010, of the teaching-training ship Yukun (Figure 3) of Dalian Maritime University. The monitoring
radius in the image is 0.75 of a nautical mile (NM). The image resolution is 1024×1024 pixels. The
image processing and analysis platform is MATLAB 2014a. The parameters of the shipborne radar are
shown in Table 1.
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23:21:09, respectively.
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Figure 3. Hardware architecture showing (a) the installation position of the radar antenna and the
(b) radar data acquisition system.

Table 1. Parameters of the shipborne radar.

Parameter Value

Product type Sperry Marine B.V.
Band X-band

Detection distance 0.5/0.75/1.5.3.6.12 NM
Image size 1024 × 1024

Antenna type Waveguide split antenna
Polarization mode Horizontal

Horizontal detection angle 360◦

Rotation speed 28–45 revolutions/min
Length of antenna 8 ft

Pulse repetition frequency 3000 Hz/1800 Hz/785 Hz
Pulse width 50 ns/250 ns/750 ns

Data acquisition period 2 s
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2.2. Data Preprocessing

A shipborne radar image was collected in the Cartesian coordinate system and then transformed
into the polar coordinate system. The morphological features of targets are easier to recognize in
the Cartesian coordinates system. For example, the co-frequency interferences caused by the radars
of other ships show high-bright linear noise in a vertical direction (Figure 4), and therefore, we first
transformed the image back to the Cartesian coordinate system with the azimuth as the horizontal
axis and the detection distance as the longitudinal axis. The flow of data preprocessing is shown
in Figure 5. Firstly, the Laplace operator of Equation (1) was used to enhance the gray value of the
highlighted pixels (Figure 6a). The image was then segmented according to the mean value (Figure 6b).
The corresponding highlighted pixels in the original image were smoothed by a linear mean filter
(Figure 6c). The isolated targets were extracted by the Otsu [38] threshold and the area threshold Tarea

(Figure 6d), and then removed with a median filter (Figure 6e). The window of the median filter must
be larger than Tarea.

FLaplace =


0 −1 0
−1 4 −1
0 −1 0

 (1)
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Figure 6. Result of data preprocessing showing (a) convolution of the Laplace operator, (b) threshold
segmentation, T = 128, (c) in the 1 × 7 window centered on the highlighted pixels of the original image,
with two nearest non-highlighted points selected to replace the highlighted pixel with the mean value,
(d) segmentation of isolated targets, Tarea = 200, and (e) the window of median filtering, which is 21×21.

2.3. Methods

The flow of oil film classification is shown in Figure 7. The effective echo pixels were extracted
from the preprocessed image using the SVM [39] classification method. Mean filtering was then applied
to the effective wave echo image to generate the gray gradient matrix, and the mask of the effective
wave area was generated accordingly. Next, the local adaptive threshold was used to preliminarily
extract the oil films in the mask. Finally, the final oil film results were obtained by the pixel area
threshold method.
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2.3.1. SVM

Support vector machine (SVM) is a type of generalized linear classifier for binary classification by
supervised learning, and has been widely used for remote sensing [37,40] and computer graphics [41,42].
It can find an optimal hyperplane in the feature space and divide the data into two categories (Figure 8).
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Matkan et al. confirmed the oil spill detection potential of Full Polar L-band SAR images based
on SVM [43]. Zhang et al. successfully used the SVM method to carry out oil spill classification
in Fully Polarimetric SAR images, and achieved a better performance than with an artificial neural
network (ANN) and maximum likelihood classification (ML) [44]. Liu et al. attempted to use the SVM
method to screen the approximate position of oil films in the wave area of shipborne radar images, and
achieved good results [37]. In view of their work, we used the SVM method to classify the waves of
shipborne radar, and placed SVM in the first step of oil film recognition.

Sixty-eight images with oil films, in the same cruise and sea conditions, were selected as training
samples to distinguish the effective wave echo pixels from those that were invalid. Four wave pixels
and background pixels with a 5×5 window were selected as the training samples. The mean gray value
of each window was taken as the sample value to classify the pre-processed images as (Figure 9).
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2.3.2. Gray Distribution Matrix

The effective monitoring range of ocean waves is limited in radar images, and so, the echo signals
of ocean waves in farther regions are few or even none. It is therefore necessary to first determine the
effective monitoring range of waves. The image was filtered by means of a window of 20×160, and a
gray distribution matrix was generated (Figure 10a). According to the threshold of gray intensity, the
mask of the effective range of the ocean wave was established in Figure 10b. The final pre-analyzed
image area is shown in Figure 10c.
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2.3.3. Local Adaptive Thresholding

Niblack [45] proposed a local thresholding method for digital image segmentation, as follows:

T = m + k× s (2)

where m is the local mean, s is the local standard deviation, and k is a user-defined parameter, which
takes negative values. Sauvola and Pietikäinen [46] modified the method to realize adaptive document
image binarization, as follows:

T = m×
[
1 + k

( s
R
− 1

)]
(3)

where R is the dynamic range of standard deviation, and parameter k attains positive values.
In their experiments, Sauvola and Pietikäinen used R = 128 and k = 0.5 to obtain good results

with eight-bit gray level images. Xu et al. [36] improved their method to segment the thin oil films,
as follows:

T = m×
[
1 + k

( v
R2 − 1

)]
(4)
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where v is the local standard deviation. In their experiments, R = 128 and k = 0.25 are ideal values.
Using this setting, we set the local window to 64×16 to analyze the wave area in Figure 11a. The
speckles and wake disturbances were then removed in Figure 11b.
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3. Results and Discussion

3.1. Results

The final result was synthesized with the processed image and transformed into a polar coordinate
system, shown in Figure 12. Oil film areas were calculated according to the image resolution and
detection range in Table 2.
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Table 2. Statistics of the oil film area.

Figure ID Number of Oil Film Pixels Oil Film Area (m2)

a 3579 26,340.82
b 3889 21,100.92
c 3155 23,220.25
d 2142 5811.03

3.2. Warning with GIS

In the case of a practical application, it is necessary to publish the data monitored by radar
combined with an electronic chart. Using the ArcGIS Engine, the steps of merging the data of shipborne
radar and electronic chart include the following:

a. The Global Positioning System (GPS) geographic coordinates of the clean-up ship are transformed
into plane Cartesian coordinates.

b. Using the range of radar, image size, and ship projection coordinates obtained in step a, the image
coordinates of the oil spill boundary points are transformed into the Beijing_1954 projection
coordinate system.

c. The projection coordinates of the oil spill boundary points are transformed into the WGS_1984
coordinate system.

d. The target polygon is generated in an electronic chart.

The result identified in Figure 12b is fused into the electronic chart in Figure 13.
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3.3. Verification

During the daytime, airborne visible light sensors captured many oil films at sea (Figure 14), but
the cruise time of radar image data acquisition was during the nighttime. We validated the feasibility
of our method by using images captured by shipborne infrared sensors in Figure 14. In the nighttime,
thermal infrared images oil films have somewhat lower grey values than water in thermal infrared
images [9,14]. In Figure 15, the position of the oil film in the infrared image is the same as the position
in the radar image, and therefore, our method is feasible.
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3.4. Advantages of Shipborne Radar Oil Spill Monitoring

Shipborne radar oil spill monitoring is based on the characteristics of sea clutter. Figure 16 shows
that shipborne radar transmits electromagnetic waves onto the sea surface with Bragg scattering.
However, the oil film covers the surface and reduces the gap between peaks and wave troughs. A
smooth oil film surface can reduce backscattering wave beams (Figure 17), weakening the signal in the
oil film region more than in other regions.
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Figure 17. Oil spill imaging mechanism of the shipborne radar images. Oil film reduces the backscatter
of the shipborne radar image.

Spaceborne radar data will always be affected by cloud, and there is a certain period of data
acquisition. Shipborne radar can overcome these limitations and monitor in real-time, all day. Airborne
radar often fails to work at night or in snowy and rainy weather. The shipborne radar can overcome
bad weather for on-site monitoring. Compared with other sensors, a shipborne visible sensor can
provide the most intuitive synthetic image, but it cannot detect an oil film at night. Shipborne infrared
and laser fluorescence devices can work at night, but the monitoring range is too small. The shipborne
radar can not only work at night, but also conduct omni-directional large-area monitoring. In summary,
shipborne radar can play not only a role in ship navigation and collision avoidance, but also have
significant application and promotion prospects in monitoring marine oil spill.

3.5. Comparison with Other Local Adaptive Thresholds

Sauvola’s method [46], Bernsen’s method [47], and Otsu method [38] were compared with our
method in local threshold selection in Figure 18. Less oil films were identified in Sauvola’s method,
and false excessive oil film were detected in Bernsen’s method. The Otsu algorithm is not suitable
for our experimental process, yielding a poor result. Xu’s [36] adaptive threshold improved upon
Sauvela’s method, and was adopted for an excellent performance in our experiment. Compared with
the above three methods, our approach is more congruent with the results of visual interpretation.Algorithms 2020, 13, x FOR PEER REVIEW 13 of 16 

(a) 

 

(b) 

 

(c) 

 

Figure 18. Comparison with other local adaptive thresholds of Figure 1b showing (a) Sauvola’s 
method, (b) Bernsen’s method, and (c) the Otsu method. 

3.6. Comparison with Other Oil Film Classifications of Shipborne Radar 

Zhu et al. [34] proposed a global threshold method for the identification of oil films in 
shipborne radar images. Based on the gray distribution matrix, Xu et al. [35] proposed a 
dual-threshold method (gray and area) to detect oil spills. Liu et al. [48] used an iterative method 
and an adaptive threshold to obtain the oil spills. These methods were used for comparisons with 
our method (Figure 19). The classification of oil films is based on the relative dark area, and the 
gray values of oil films are different in diversified wave areas. To reduce the misjudgments of oil 
films, Zhu’s and Xu’s methods therefore needed to adopt a lower global threshold value, but they 
still misinterpreted the long-distance weak waves as oil spills. In Liu’s method, the adaptive 
threshold was applied and better results were achieved, but some oil films were missed. In addition, 
their iterative method forgoes efficiency. Our result (Figure 12b) is closer to the expert visual 
interpretation than the three aforementioned methods. The results show that the local adaptive 
threshold is more suitable for the extraction of oil spills in shipborne radar images. 

 
(a) 

 

b 

 

c 

 
Figure 19. Comparison with other oil film classifications of Figure 1b showing (a) Liu’s method, (b) 
Zhu’s method (Tgray = 55), and (c) Xu’s method (Tgray = 100, Tarea = 30). 

4. Conclusions 

In this study, we proposed an oil spill classification method for shipborne radar gray images, 
including image preprocessing, wave classification, effective monitoring area selection, and oil spill 
extraction. The images collected during the cruise of the 7.16 oil spill in Dalian Port were used to 
illustrate the detailed process of the methodology. The feasibility of oil spill monitoring by 
shipborne radar was validated by real-time night shipborne infrared images. Compared with the 
global threshold method, the local adaptive threshold method is more suitable for the oil film 
segmentation of shipborne radar gray images because of the very uneven gray distribution of 
waves. The selection of the local adaptive threshold method is also very important. In comparison, 
the improved Sauvela's method yielded optimal results. The successful application of this method 

Figure 18. Comparison with other local adaptive thresholds of Figure 1b showing (a) Sauvola’s method,
(b) Bernsen’s method, and (c) the Otsu method.

3.6. Comparison with Other Oil Film Classifications of Shipborne Radar

Zhu et al. [34] proposed a global threshold method for the identification of oil films in shipborne
radar images. Based on the gray distribution matrix, Xu et al. [35] proposed a dual-threshold method
(gray and area) to detect oil spills. Liu et al. [48] used an iterative method and an adaptive threshold
to obtain the oil spills. These methods were used for comparisons with our method (Figure 19). The
classification of oil films is based on the relative dark area, and the gray values of oil films are different
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in diversified wave areas. To reduce the misjudgments of oil films, Zhu’s and Xu’s methods therefore
needed to adopt a lower global threshold value, but they still misinterpreted the long-distance weak
waves as oil spills. In Liu’s method, the adaptive threshold was applied and better results were
achieved, but some oil films were missed. In addition, their iterative method forgoes efficiency. Our
result (Figure 12b) is closer to the expert visual interpretation than the three aforementioned methods.
The results show that the local adaptive threshold is more suitable for the extraction of oil spills in
shipborne radar images.
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4. Conclusions

In this study, we proposed an oil spill classification method for shipborne radar gray images,
including image preprocessing, wave classification, effective monitoring area selection, and oil spill
extraction. The images collected during the cruise of the 7.16 oil spill in Dalian Port were used to
illustrate the detailed process of the methodology. The feasibility of oil spill monitoring by shipborne
radar was validated by real-time night shipborne infrared images. Compared with the global threshold
method, the local adaptive threshold method is more suitable for the oil film segmentation of shipborne
radar gray images because of the very uneven gray distribution of waves. The selection of the local
adaptive threshold method is also very important. In comparison, the improved Sauvela’s method
yielded optimal results. The successful application of this method will provide a safety guarantee for
offshore oil production and transportation, as well as technical support for cleaning an oil spill after
an accident.

The images used in our experiment were obtained on the same cruise and sea conditions. In
future work, we will continue to collect shipborne radar images with oil films under different sea
conditions on ship laneways, oil terminals, and oil platforms, thus perfecting the sample library of
wave artificial intelligence classification. In addition, we will continue to investigate improving other
local adaptive methods to enhance the effectiveness of oil film identification.
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