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Abstract: Marine oil spills have a significant adverse impact on the economy, ecology, and human
health. Rapid and effective oil spill monitoring action is extraordinarily important for controlling
marine pollution. A marine oil spill detection scheme based on X-band shipborne radar image with
machine learning is proposed here. First, the original shipborne radar image collected on Dalian
7.16 oil spill accident was transformed into a Cartesian coordinate system and noise suppressed.
Then, texture features and SVM were used to indicate the effective monitoring location of ocean
waves. Third, FCM was applied to classify the oil films and ocean waves. Finally, the oil spill
detection result was transformed back to a polar coordinate system. Compared with an improved
active contour model and another oil spill detection method with SVM, our method performed more
intelligently. It can provide data support for marine oil spill emergency response.

Keywords: shipborne radar; oil spill; GLCM; SVM; FCM

1. Introduction

Oil spill accidents have become more frequent with the rapid development of coastal
port cities [1]. An oil spill has a great adverse impact on the environment, ecology, economy,
and human health [2,3]. On 27 April 2021, for example, the general cargo ship Sea justice of
Panama collided with the anchored oil tanker Symphony of Libya off the coast of Qingdao
Port, China, causing a major oil spill accident in the Yellow Sea [4]. Marine oil spill pollution
spreads speedily and widely [5,6]. Rapid and effective oil spill monitoring and early
warning are of great significance for the prevention and control of marine disasters [7,8].

At present, remote sensing sensors used in the field of oil spill monitoring can be
installed on satellites, aircraft, and ships. Spaceborne remote sensing sensors can detect
large-scale marine oil films. This deployment scheme can be conducive to large-scale
oil spill monitoring. Chen et al. [9] established an oil spill segmentation framework by
using the synchronization of SAR images. By re-studying the SAR imaging mechanism,
they obtained the image probability distribution representation for oil spill segmentation.
Rousso et al. [10] suggested an oil spill detection method based on image filtering technique
and convolutional neural network (CNN), which proved accurate in satellite SAR images.
Wang et al. [11] used ResNet-18 as the backbone of DeepLabv3+ encoder to improve a
Deep Learning model of oil leak detection in the RADARSAT-2 SAR image, which showed
fine performance. Almulihi et al. [12] proposed a novel online nonparametric Bayesian
analysis method for SAR image oil spill detection based on the infinite Gamma mixture
model. The determination of cluster number is bypassed via an infinite number of mixed
components. Rajendran et al. [13] used Sentinel-1 and Sentinel-2 data obtained before,
during, and after the accident to assess the Wakashio oil spill accident impact in the Indian
Ocean near Mauritius on 6 August 2020, to understand the spread of the oil spill on the
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coastal environment. Rao et al. [14] used the Sentinel-1 SAR imagery to track and delineate
the oil spills and the affected coastal areas of Mauritius.

Airborne sensor oil spill monitoring technology is developing rapidly because of its
convenient application. Liu et al. [15] used spectral indices-based band selection (SIS) and
convolutional neural networks to auto-classify oil films in airborne visible infrared imaging
spectrometer (AVIRIS) high spectral remote sensing images. Chen and Lu [16] combined
subcategory perceptual feature selection and SVM classifier to recognize oil films in remote
sensing images of optical cameras on unmanned aerial vehicles or aircraft.

The rapid development of spaceborne and airborne oil spill monitoring technology
provides valuable experience for the promotion of shipborne oil spill monitoring technology.
The highlight target detection range of shipborne radar can reach 24 nautical miles. The
oil spill shows relatively dark characteristics in the wave echo area. When the effective
ocean wave echo image of the sea surface is fine, the oil spill detection distance can reach
more than 1 nautical mile. The shipborne radar has an important application prospect in oil
spill detection, because of its convenience and low cost. However, due to less research, this
technology is still in the early stage [17]. Based on shipborne radar images collected from
Dalian 7.16 oil spill accident, scholars from Dalian Maritime University have continuously
published oil spill detection technology research since 2015 [18–27]. Zhu et al. [18] put
forward a manual marine oil spill extraction method with a shipborne image gray correction
technique. Liu et al. [19] applied an iterative adaptive threshold method to determine oil
spill targets in the shipborne radar image. Xu et al. [20] proposed the dual-threshold
method to survey the oil spill information in the shipborne radar image after screening the
effective ocean wave monitoring regions. Xu et al. [28] improved an active contour model
(ACM) to detect oil film targets from shipborne radar images after gray correction.

In this paper, an offshore oil film detection method is proposed with Gray-Level Co-
occurrence Matrix (GLCM), Support Vector Machine (SVM), and Fuzzy C-Means (FCM).
After data preprocessing, GLCM and SVM are used to select the effective regions of wave
monitoring. FCM is used to classify marine oil films. The organization of this paper is
composed as follows: The experimental shipborne radar image and related theoretical
methods are given in Section 2. Section 3 presents the experimental results. Section 4 shows
the analysis, discussion, and comparisons. Finally, the conclusions are summarized in
Section 5.

2. Materials and Methods
2.1. Dataset

The experimental data (Figure 1) used here was acquired from the teaching-practice
ship Yukun (Figure 2) of Dalian Maritime University in the Dalian 7.16 oil spill accident
on 21 July 2010. The 7.16 accident caused a large amount of crude oil pollution near the
sea. The radar image size was 1024 × 1024 pixels. The actual image detection range was
0.75 nautical miles. The shipborne radar-specific parameters are shown in Table 1.

Table 1. The shipborne radar-specific parameters.

Parameter Name Parameter Value

Product manufacturer and model Sperry Marine B.V.
Electromagnetic spectrum X-band
Pulse repetition frequency 3000 Hz/1800 Hz/785 Hz

Pulse width 50 ns/250 ns/750 ns
Video image range 0.5/0.75/1.5/3/6/12 NM

Antenna type Waveguide split antenna
Antenna length 8 ft

Polarization mode Horizontal
Horizontal detection angle 360◦

Rotation speed 28–45 revolutions/min
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Figure 2. The experimental data acquisition platform. (a) The shipborne radar installation position.

2.2. Data Preprocessing

The data preprocessing scheme proposed by Xu et al. [21] was adopted here, as shown
in Figure 3. The preprocessed image was shown in Figure 4.
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2.3. Methods
2.3.1. GLCM

GLCM is a second-order statistical method used to calculate the frequency of pixel
pairs with the same gray scales and study spatial correlation characteristics for image
texture [29]. It expresses the comprehensive information in sub-image, direction, and
gradient. It is also defined as a two-dimensional matrix of joint probabilities between pairs
of pixels, separated by a given distance d in a preset direction θ [30–32].
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Haralick defined 14 statistical features from the GLCM for texture classification. The
feature “Contrast” was selected here for our research. Contrast measures the intensity
linking contrast between a pixel and its neighbor. It is defined as:

fCON =
N−1

∑
i=0

N−1

∑
j=0

(i− j)2 p(i, j) (1)

where N = 256 denotes the number of gray levels for 8-bit image, while (i, j) indicates cell
location of the GLCM, and p(i, j) is the cell value at (i, j). In our study, the textural features
were generated from 64 × 64 sub-images.

2.3.2. SVM

SVM [33] is a generalized linear classifier for binary classification by supervised
learning. The decision boundary is the maximum-margin hyperplane for learning samples,
as shown in Figure 5. In the shipborne radar image, the effective wave echo pixels are
distributed around the hull. As the detection distance increases, the effective pixels of the
wave echo gradually decrease due to the distance attenuation or scattering characteristics.
SVM is used here to classify effective ocean wave monitoring regions and background.
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2.3.3. FCM

FCM is a classical unsupervised fuzzy clustering algorithm [34,35], which divides the
data into c number categories according to the membership degrees of the clustered data
for solving optimization problems. Given a dataset X = {x1, x2, . . . , xn} with the c number
of different clusters, FCM has the following objective function:

Jm =
n

∑
k=1

c

∑
i=1

um
ikd2

ik (2)

With

c
∑

i=1
uik = 1, ∀k = 1, ..., n

0 ≤ uik ≤ 1, ∀k = 1, ..., n
(3)

where 1 ≤ k ≤ n and 1 ≤ i ≤ c. m denotes a fuzzy degree with m > 1. uik represents a
membership degree of xk generated from the ith cluster. dik is the distance between xk and
vi as:

dik = ‖xk − vi‖2 (4)

The alternating iterative method and the Lagrangian multiplier are employed to solve
the constrained optimization problem. Then, uik and vi can be given as:

uik =
1

∑c
j=1 (

dik
djk

)
2

m−1
, ∀i = 1, ..., c, k = 1, ..., n (5)

vi =
∑n

k=1 um
ik xk

∑n
k=1 um

ik
, ∀i = 1, ..., c (6)

When the iteration process converges by computing uik and vi, the optimal solution of
Jm can be obtained. FCM was used here to segment rough results of oil films.

2.3.4. ACM

Chan and Vese [36] proposed an active contour for image segmentation. A gray image
I(x): Ω→R is divided into the target Rin and background Rout, starting with a preset contour
C with the energy:

εCV(C, Cin, Cout) = fRin(C) + fRout(C) =
∫

Rin

|I(x)− Cin|
2
dx +

∫
Rout

|I(x)− Cout|
2
dx (7)

where Cin and Cout are gray intensity constants of Rin and Rout, respectively.
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Li et al. [37] proposed an improved region-based ACM with the energy as:

εLBF(C, f1(x), f2(x)) = λ1

∫
Rin

K(x− y)|I(x)− Cin|
2
dx + λ2

∫
Rout

K(x− y)|I(x)− Cout|
2
dx (8)

where λ1 and λ2 are as previously defined. f 1(x) and f 2(x) are spatially varying fitting
functions. Furthermore, K is a kernel function with the localization property of K(u)
decreases and approaches zero as |u| increases. A Gaussian kernel was chosen as K(x)
with a standard deviation of σ into the ACM:

Kσ(x) =
1

(2π)n/2σn
e−|x|

2/2σ2
(9)

Xu et al. [28] proposed an area threshold parameter D(x) to improve LBF model:

D(x) =
{

A(Rout) < Tout
A(Rin) < Tin

(10)

where A is the area of continuous pixels, Tin and Tout are the area thresholds of Rin and
Rout, respectively.

3. Results
3.1. Local Window Feature Extraction

The preprocessed image was cut with 64 × 64 pixels local window size. Each local
window was assigned the feature value according to the Contrast of GLCM, as shown in
Figure 6.
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3.2. Effective Sea Wave Monitoring Regions Extraction

Effective sea wave monitoring regions were extracted by the SVM classifier, as shown
in Figure 7. Then, the preprocessed image (Figure 4) and classified image (Figure 7) were
multiplied as Figure 8.
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3.3. Oil films Identificaiton

FCM was used to divide Figure 8 into 3 classes after 15 iterations as Figure 9a. The
class with the lowest value was multiplied by Figure 7 as the rough oil films segmentation,
as shown in Figure 9b. After that, the speckles and false positive targets caused by the
ship’s wake were deleted to obtain the oil film identification result as Figure 10. This
process takes 26.71 s on average. Finally, the identification result is transformed into the
polar coordinate system as Figure 11.
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4. Discussion
4.1. Selection of Local Window Size

Effective ocean wave monitoring regions calculated by different local window sizes of
32 × 32 pixels and 128 × 128 pixels were shown in Figure 12. Different time consumption
was shown in Table 2. The small local window size mode consumes more calculation
time. The computational efficiency improved as the local window size increased. So, a
larger local window size should be recommended first for the application of emergency
treatment sites. However, our method with the local window sizes of 32 × 32 pixels and
128 × 128 pixels contained invalid wave monitoring regions, which may lead to detecting
false oil spill targets as in Figure 12a,b. Compared with these two local window sizes, it
was suggested that the combined application of 64 × 64 pixels local window size, GLCM,
and SVM was more suitable for extracting the effective areas of ocean wave monitoring.

Table 2. Time consumed for extracting effective monitoring regions of ocean waves with different
local window sizes.

Local
Window Size

Tiles
Generation (s)

Feature Map
Generation (s)

SVM
Classification (s)

Summary
(s)

32 × 32 2.08 19.62 1.11 22.81
64 × 64 0.53 4.75 0.98 6.26

128 × 128 0.20 1.53 0.96 2.69
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4.2. Selection of GLCM Features

The applicability of wave area screening was compared by using the Correlation,
Energy, Homogeneity and Contrast of GLCM features, as shown in Figure 13. The off-set
distance d was set to 1 pixel, the direction θ was set to horizontal. In order to improve the
computational efficiency, the gray level of the shipborne radar image is compressed to a
smaller range without affecting the texture features. So, the number of gray levels was set
to eight. As the gray level changes from 256 to 8, the image appears dim. However, it has
little effect on texture features information extraction. Local windows containing ocean
waves show a low Contrast value in Figure 6, a high Correlation value in Figure 13a, and a
high Homogeneity value in Figure 13b. By using features of Correlation and Homogeneity,
similar results were obtained with the Contrast feature, as shown in Figure 14. However,
a small oil film region was missed in Figure 14b. So, the Homogeneity feature had some
defects for wave area screening. Because of the uneven distribution of feature values in
Figure 13c, the Energy feature is not suitable for oil film extraction of our preprocessed
image. Therefore, Contrast and Correlation features were suggested here for screening
effective ocean wave regions.

4.3. Comparation with An Improved ACM

Xu et al. [28] proposed an improved ACM (Method 2) to identify oil film targets in
shipborne radar images after gray correction. ACM method needs to preset an initial
contour to achieve the purpose of target segmentation. Their shipborne radar image data
preprocessing included noise reduction and gray adjustment. So, in order to compare with
Method 2 in the same image, Figure 4f was transformed here into a polar coordinate system
as Figure 15. Through their experimental comparison of Method 2, the oil film extraction
effect was better when λ1 = 1, λ2 = 2, σ = 3. The above parameter values of Method 2 were
used for experiments. When the number of iterations exceeded 10, the results tended to be
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stable. Therefore, we set i (iteration) = 20. As the image was sampled locally, Method 2 can
obtain similar results as our method (Figure 15a). It showed high efficiency for iterating
20 times only in 1.49 s. However, the result was not ideal when extracting oil films from the
whole image, as shown in Figure 15b. Moreover, with the calculation of the whole image, it
took 7.78 s to iterate 20 times. Due to the iterative computation of the FCM classification
process, our method took 32.89 s. Compared with our method, Method 2 showed higher
efficiency, especially in local windows. However, our method can be applied to the whole
graph without manual operation.
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4.4. Comparation with Another Oil Film Detection Method with SVM and Adaptive Threshold

Xu et al. [23] put forward an oil film detection scheme (Method 3) in shipborne radar
images using SVM and an improved adaptive threshold. Method 3 is first to screen out the
effective monitoring areas containing wave pixels around the hull by using SVM and gray
distribution matrix and then accurately extract the offshore oil films combined with the
local adaptive threshold. Method 3 was used to compare our method with the same noise
reduction image (Figure 4d). At the beginning, the SVM of Method 3 was used to classify
the ocean wave pixels and background of the preprocessed image as Figure 16a. Then, the
gray distribution matrix (Figure 16b) of Method 3 and a manual threshold were applied
to divide effective ocean wave monitoring regions as in Figure 16c. At last, an improved
adaptive threshold method of Method 3 was used to detect oil spills as in Figure 17. The
threshold in Figure 16b needed to be manually selected in the gray distribution matrix
through expert experience for wave effective regions screening. Different thresholds may
result in distinct oil film detection results. If the threshold was manually selected as 145
in the experiment (Figure 16b), the result of Method 3 was shown in Figure 17a. If the
threshold was manually selected as 100, the result was shown in Figure 17b. This process
of manually selecting thresholds of Method 3 in Figure 16b leads to unstable detection
results. Nevertheless, our method used texture features and SVM to determine the effective
monitoring of ocean wave range without manual intervention, which performed more
intelligently. Moreover, the oil spill classification result was more stable.
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Figure 16. The threshold in the gray distribution matrix was manually selected to determine the effec-
tive monitoring range of ocean wave. (a) SVM classification results of ocean wave; (b) Segmentation
threshold was manually selected; (c) The ocean wave monitoring range was divided according to the
threshold ‘145’.
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5. Conclusions

A marine oil spill detection method was proposed in this paper. After data prepro-
cessing, GLCM and SVM were used to screen the effective ocean sea monitoring regions.
Then, FCM was applied to classify the oil films. In the process of oil spill extraction and
result generation, our method adopts twice image coordinate system transformations. The
detection of oil spills on the sea surface by shipborne radar depends on the effect of oil
film restraining wave pixels (relatively dark image feature) and striped morphology. So,
intelligent screening of effective ocean wave monitoring regions plays an important role
in our method. False positive detection of oil film targets will be caused by the incorrect
division of effective ocean wave monitoring regions.

At present, our method is suitable for detecting thick and non-volatile oil films. In
future work, we will carry out classification experiments for different kinds of oil films
with different thicknesses. This automatic segmentation method can be performed on-
board a response ship operationally to provide effective data support for offshore oil spill
emergency disposal.
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to the published version of the manuscript.
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